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Abstract

This paper examines the impact of the COVID-19 pandemic on the volatility of the
EUR/MRU and USD/MRU exchange rates using GARCH-type models. Symmetric
GARCH(1,1) and asymmetric specifications—EGARCH and GJR-GARCH—are applied to
capture potential leverage effects over two periods: pre-COVID (January 2017-December
2019) and COVID (January 2017-December 2021). The results indicate that the pandemic
increased short-run volatility for EUR/MRU, while its impact on USD/MRU was com-
paratively weaker. Asymmetric models reveal that COVID-19 altered the response of
volatility to shocks, with EUR/MRU exhibiting heightened sensitivity and USD/MRU
showing contrasting asymmetries. In addition, an out-of-sample backtesting exercise con-
firms the superior predictive performance of asymmetric models, particularly EGARCH for
EUR/MRU and GJR-GARCH for USD/MRU. These findings underscore distinct volatility
dynamics and the transmission of external shocks in a small open economy during periods
of global uncertainty.

Keywords: exchange rate volatility; COVID-19 pandemic; GARCH(1,1) model; EGARCH;
GJR-GARCH; speculative bubbles; leverage effect

1. Introduction

The outbreak of COVID-19 was first detected in December 2019, following reports
of an unidentified pneumonia in Wuhan, China. By early January 2020, Chinese officials
confirmed that a novel coronavirus—subsequently named SARS-CoV-2—was responsible
for the illness. Toward the end of January, the World Health Organization (WHO) declared a
public health emergency, and by March, it had formally recognized the outbreak as a global
pandemic (WHO, 2020). Over the following months, countries worldwide implemented
strict lockdowns and travel restrictions to contain the virus, while healthcare systems faced
unprecedented challenges (McKibbin & Fernando, 2020).

The outbreak of COVID-19 caused substantial disruptions in global financial markets
and exchange rate dynamics, leading to heightened volatility worldwide (Ghosh, 2020). In
the early stages of the crisis, investors flocked to safe-haven assets like the US dollar (USD),
Japanese yen (JPY), and Swiss franc (CHF), leading to sharp fluctuations in currency values
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(Ghosh, 2020). Central banks worldwide, including the Federal Reserve, the European
Central Bank (ECB), and the Bank of England (BoE), lowered interest rates to historically
low levels to stimulate economic activity, which, in turn, had a depreciating effect on
their respective currencies (Cook et al., 2021). According to the October 2021 edition
of the World Economic Outlook by the International Monetary Fund (IMF), the global
economy contracted by approximately 3.2% in 2020 (CRS, 2021). Between 14 February and
23 March 2020, the Dow Jones Industrial Average (DJIA), along with other major indices,
lost approximately one-third of its value (CRS, 2021). However, starting in March, the index
began a steady recovery, gaining momentum through the fall. On 9 November 2020, the
DJIA surged by nearly 3% following reports that a COVID-19 vaccine had been developed
(CRS, 2021).

The currency of Mauritania is the Ouguiya (MRU), and its official exchange rate regime
is floating (IMF, 2020). The Central Bank of Mauritania (BCM) intervenes to stabilize the
exchange rate and maintain its official reserves, publishing daily on its website the total
market bids and asks, the amounts settled at the fixing rate, and a summary of market
turnover. Since May 2020, the MRU has appreciated within a 2% band against the US dollar,
making the de facto exchange rate regime a “crawl”-type system (IMF, 2020).

In 2021, Mauritania returned to growth (+2.4%), supported by consumption, invest-
ment, and the recovery of the services sector, despite a decline in gold production at
Taziast (World Bank, 2020). Inflation rose to 3.5%, mainly due to food prices, while the
exchange rate remained stable and government measures helped reduce extreme poverty.
The pandemic had a significantly lower impact than in 2020 (World Bank, 2020).

In the context of the Mauritanian economy, the COVID-19 pandemic has negatively
affected economic activity worldwide, both in terms of global supply and global demand
(Ministry of Commerce and Tourism, 2022). Mauritania, like other countries, was also
impacted by COVID-19, causing a contraction in economic activity, which spread to all
sectors (Ministry of Commerce and Tourism, 2022). At the level of the primary sector,
growth stood at —5.4% (Ministry of Commerce and Tourism, 2022).

The fishing sub-sector which experienced a decline in fishing effort which resulted in
a drop in exports of around 39.4% (Ministry of Commerce and Tourism, 2022).

At the level of the tertiary sector, which represents more than 42% of overall GDP,
the preventive measures taken by the authorities to stem the pandemic have contributed
greatly to the underperformance of the sector (Ministry of Commerce and Tourism, 2022).

Services which constitute the most important sub-sector in terms of weight (nearly
20% of GDP). It experienced a decline compared to 2019 to stand at 0.7% (Ministry of
Commerce and Tourism, 2022).

Inspired by this context, we investigate the impact of the COVID-19 pandemic on
currency markets, with a particular focus on the Mauritanian Ouguiya. This study analyzes
the effects of COVID-19 on the exchange rate volatility of the euro and the US dollar against
the Ouguiya.

The reported findings are based on a comparison between two distinct periods: one be-
fore the onset of COVID-19 and another after its emergence. We analyze these two periods
to identify the key changes in volatility parameters. The first period spans from January
2017 to December 2019, a time unaffected by the COVID-19 pandemic, while the second
period, covering the COVID-19 era, extends from January 2017 to December 2021. Both sym-
metric and asymmetric models are employed in this study to conduct the analysis. First,
we will outline the theoretical basis of each model. Then, we will assess essential model
characteristics, including stationarity, ARCH effects, and autocorrelation. Following this,
we will estimate the parameters of the standard GARCH model and subsequently those
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of the asymmetric models, emphasizing a comparison between the pre-COVID and post-
COVID-19 periods. Lastly, we will examine the stylized facts and interpret the findings.

Numerous studies have addressed this topic, producing rich findings that have signif-
icantly advanced our understanding of the challenges encountered in empirical analyses of
exchange rate dynamics.

The modeling of exchange rate volatility has been a central topic in empirical fi-
nance, with ARCH and GARCH-type models providing robust frameworks to capture the
persistence and clustering of volatility.

One of the earliest uses of the ARCH model in the context of exchange rates was by
Hsieh (1989), in his paper Modeling Heteroscedasticity in Daily Foreign-Exchange Rates. He
analyzed daily exchange rate data over a ten-year period for five major currencies to cap-
ture time-varying volatility. Dritsaki (2019) investigated monthly returns of the EUR/USD
exchange rate from August 1953 to January 2017, using 763 observations. By applying
ARCH, GARCH, and EGARCH models, she found that the ARIMA(0,0,1)-EGARCH(1,1)
specification provided the best fit for modeling both return behavior and leverage effects.
The study also noted that this model’s static forecasting method yielded better results
than its dynamic form. In Vietnam, Thuy and Thuy (2019) conducted an empirical anal-
ysis on exchange rate volatility using 330 monthly observations from January 1990 to
June 2017. Their findings indicated that the ARMA(1,0)-GARCH(1,2) model effectively
captured the average behavior and volatility of USD/VND and GBP/VND exchange rates,
while the ARMA(1,0)-GARCH(1,1) model was more suitable for JPY/VND and CAD/VND.
Epaphra (2017) studied exchange rate fluctuations in Tanzania using daily TZS/USD rates
from 4 January 2009, to 27 July 2015. By employing ARCH, GARCH(1,1), and EGARCH
models, the study concluded that the GARCH(1,1) model most effectively captured volatil-
ity dynamics and exhibited strong forecasting performance. Yunusa (2020) investigated
the impact of exchange rate volatility on Nigeria’s crude oil exports to several trading
partners—including the UK, USA, Italy, France, Spain, Canada, and Brazil—using monthly
data from January 2006 to December 2019. The findings confirmed that exchange rate
volatility had a significant impact on oil export volumes across all partners, albeit with
varying intensities. Ciftci and Durusu-Ciftci (2021) analyzed the impact of exchange rate
volatility on Turkey’s exports to key partners such as Belgium, France, Germany, Italy,
Netherlands, Russia, Spain, the UK, and the USA over the 2002-2019 period. The results
suggested an inverse effect of volatility depending on the timeframe: while low volatility
supported short-term export growth, high volatility was linked to a long-term decline in
exports. Benzid (2020) used a GARCH(1,1) model to assess the impact of COVID-19 cases
and deaths on exchange rate volatility in the United States. Her findings revealed a posi-
tive relationship between rising pandemic indicators and the volatility of the USD/EUR,
USD/CNY, and USD/GBP exchange rates. Finally, Enumah and Adewinbi (2022) used sym-
metric GARCH and asymmetric GJR-GARCH(1,1) and EGARCH(1,1) models to analyze
PLN/EUR and PLN/USD exchange rate volatility in Poland between January 2015 and July
2022. The study concluded that USD exchange rates were more sensitive to market events
than the EUR, and that volatility effects tended to persist longer after crises, especially for
the euro.

These studies on exchange rate volatility provide a foundation for understanding time-
varying risk, and similar GARCH-type methodologies have also been applied extensively
in the context of stock markets to assess market reactions and volatility patterns. Endri et al.
(2021) evaluated the behavior of stock prices on the Indonesia Stock Exchange during the
COVID-19 pandemic using an event study approach combined with a GARCH model.
By analyzing the Composite Stock Price Index (JCI) and LQ-45 component stocks from
6 January to 16 March 2020, the study showed that returns reacted negatively to the COVID-
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19 outbreak, and market volatility spiked dramatically. Chen (2023) explored the volatility
of S&P 500 returns by applying several GARCH-type models to compare the effects of the
2008 Global Financial Crisis and the COVID-19 crisis. The results highlighted that the GJR-
GARCH model performed more effectively during the 2008 period, whereas the EGARCH
model performed better amid the COVID-19 crisis. Wang et al. (2021) focused on the
Chinese stock market’s volatility by analyzing returns from the Shanghai Composite Index
and Shenzhen Component Index. Their findings showed that the ARMA(4,4)-GARCH(1,1)
model with a Student’s t-distribution gave the most accurate forecasts for Shanghai, while
ARMA(1,1)-TGARCH(1,1) was best suited for Shenzhen’s volatility patterns.

Overall, the literature provides strong evidence that exchange rate and stock market
volatilities exhibit persistence, asymmetry, and sensitivity to external shocks. While stock
market studies highlight the broader implications of crises on financial stability, the ex-
change rate literature offers a direct perspective on currency dynamics, making the latter
particularly relevant to the Mauritanian context. The present study contributes to this line
of research by analyzing the volatility of the Mauritanian Ouguiya exchange rates against
the euro and the US dollar before, during, and after the COVID-19 pandemic.

2. Materials and Methods

In 1986, Tim Bollerslev introduced the GARCH model, as an extension of the ARCH
model. This model allows the variance dynamics to depend on its own past values and
past squared errors. A process €; satisfies the GARCH(p, q) representation if

€ = Zt\/l’Tt (1)

where the conditional variance #; is defined as
4 ) q
he=wo+ Y aief_;+ Y il 2)
i=1 =1

Here, z; denotes weak white noise such that E(z;) = 0 and E(z?) = ¢?. The term
h; represents the conditional variance, with the following conditions: «y > 0, «; > 0 for
i=12,...,ppj=0forj=12... qand T} & +¥] B <1

Econometric Interpretation

e The coefficients #; > 0 fori = 1,2,..., p must be positive to ensure a positive variance.

e If an upward or downward shock occurs at time ¢ — 1, it is highly likely that the value
of €; will be affected in the same direction, either upwards or downwards.

e Ifa;=0fori=1,2,...,p, this indicates that the series does not exhibit time-varying
variance.

*  This model incorporates lags of the variance as autoregressive terms.

¢ The conditional variance i; depends on past shocks, represented by the squared errors

€? ,, as well as on its own past values at time ¢ — ;.

2.1. Exponential GARCH Model

Asymmetric GARCH models incorporate asymmetry in the response to price varia-
tions. These models are designed to capture the asymmetric responses of changing variance
to shocks while ensuring that the variance remains positive. This specification adapts the
GARCH model by allowing for negative parameters, thereby lifting the non-negativity
constraints typically imposed on the coefficients.
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,
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= Ot Ot—i j=1 k=1 Ttk
Unlike the classic GARCH model, which directly models (TtZ, the EGARCH model uses
the logarithm of the conditional variance. This ensures positivity of 07 without requiring
explicit constraints on the parameters.
Parameters:

e  w: Constant representing the baseline level of volatility.

e u;: Coefficients capturing he effect of past past shocks (ARCH terms), measuring the
magnitude of past innovations.

*  Bj: Coefficients reflecting the persistence or memory effect of volatility through lagged
log-variances log (07 j) (GARCH terms).

* 7 Asymmetry parameters important for modeling the leverage effect.
*  p: Number of ARCH terms (lags of past shocks).

*  g: Number of GARCH terms (lags of past conditional variances).

e r: Number of asymmetric terms.

The term 7"% captures the asymmetry in how shocks affect volatility. When v, < 0,
it means that negative shocks (bad news) cause volatility to rise more than positive shocks

of the same magnitude.

2.2. Glosten-Jagannathan-Runkle Model (GJR-GARCH)

The GJR-GARCH model is designed to capture the asymmetric behavior of financial
market returns. This model posits that investors respond more strongly to losses than to
gains, highlighting the concept of leverage.

A process €; satisfies the GJR-GARCH(p, q) representation if and only if

€ = Zt\/l’Tt (4)

where the conditional variance #; is defined as

q 4
hy = ag + 2 (Déiet—i +il(er—i < O)G%—z) + Z Bih—j ®)
i=1 j=1

In this expression, the normalized residual z; is weak white noise, and I(e;_; < 0)
denotes the indicator function so that

1 if € < 0
I(e;—i < 0) =
0 otherwise

The constant 7y represents the coefficient of leverage.

In this study, the GARCH models are estimated using the logarithmic returns of the
EUR/MRU and USD/MRU exchange rates rather than the raw levels. This approach
ensures the stationarity of the series, which is essential for correctly applying conditional
volatility models.

We define the logarithmic returns of the exchange rate series as

Ty = ln(Pt) - ln(Pt,l), (6)
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where:

* 1 is the logarithmic return at time ¢,
* Py is the exchange rate (EUR/MRU or USD/MRU) at time ¢,
®  P;_jisthe exchange rate at time f — 1.

These returns are used as the dependent variable in all GARCH-type models
(GARCH(1,1), EGARCH, GJR-GARCH) to ensure stationarity and proper modeling of
conditional volatility. This transformation is standard in financial econometrics and al-
lows the interpretation of shocks in relative terms, facilitating the comparison of volatility
dynamics across periods, including pre-COVID and COVID-19.

In this study, the model parameters were estimated using **maximum likelihood
estimation (MLE)**, assuming a **conditional normal distribution** for the residuals. Ro-
bust standard errors (Bollerslev—Wooldridge) were computed for all model parameters to
provide reliable inference in the presence of heteroskedasticity, although only the results
with conventional standard errors are presented in the table.

2.3. Data

The analysis in this study is based on daily exchange rates of the euro and the US
dollar relative to the Mauritanian Ouguiya (EUR/MRU and USD/MRU), sourced from the
Central Bank of Mauritania, which provides open-access data. The dataset was inspected
for missing entries and irregularities, and any gaps were filled using linear interpolation to
ensure the continuity of the time series.

For volatility analysis, the exchange rate series were converted into logarithms, and
returns were calculated using successive log differences.

To assess the effects of the COVID-19 pandemic, the dataset is split into two distinct
periods:

e Pre-COVID period: January 2017-December 2019, representing a period unaffected
by the pandemic.

*  COVID period: January 2017-December 2021, encompassing the period before, dur-
ing, and after the COVID-19 crisis.

This segmentation facilitates a comparative examination of exchange rate behavior
across the two periods, with particular attention to the stability of the Mauritanian Ouguiya
against both the euro and the US dollar.

Use of R Software

All empirical analyses in this study were performed using the R statistical software
(version 4.x). R was chosen for its flexibility, reproducibility, and the availability of advanced
econometric and visualization tools. The main package employed for volatility modeling
was rugarch, which provides a comprehensive framework for specifying and estimating
GARCH-type models through functions such as ugarchspec, ugarchfit, ugarchforecast,
and ugarchroll. The forecast package was used for forecasting diagnostics.

All codes and estimations were executed within R, ensuring full transparency and
reproducibility of the empirical results. The exchange rate of the EURO and the USD,
respectively, against Ouguiya are presented in the following graphics (Figures 1-6):
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Figure 1. EURO/MRU first period exchange rate.
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Figure 2. EURO/MRU COVID-19 period exchange rate.
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Figure 3. USD/MRU first period exchange rate.
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Figure 4. USD/MRU COVID-19 period exchange rate.
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Figure 5. EURO/MRU return COVID-19 period.
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Figure 6. USD/MRU return COVID-19 period.
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3. Results
3.1. Descriptive Statistics

In the section bellow, we present some statistics of the EURO/MRU and the USD/MRU
Ouguiya daily Return and squared return.

During the pre-COVID period, the EUR/MRU exchange rate exhibited an average
daily return of 0.0001429 (see Table 1). a standard deviation of 0.00518, a slight negative
skewness of —0.2289, and a kurtosis of 2.61, indicating relatively stable and symmetric
behavior. In contrast, during the COVID-19 period (see Table 2), the mean return declined
to 0.00007, while volatility increased to 0.00556. The skewness became more negative
(—0.6059) and kurtosis rose sharply to 5.87, reflecting stronger downside risk and more
frequent extreme fluctuations. These results confirm that the COVID-19 crisis substantially
intensified volatility clustering and market instability in the EUR/MRU exchange rate.

Table 1. Descriptive statistics EURO/MRU—first period.

Return Squared Return

Mean 0.0001429 0.0000260
Variance 0.0000268 0.0000000
Std. Dev. 0.0051833 0.0000575
Skewness —0.2288834 6.6819970
Kurtosis 2.6145330 67.8760000

Table 2. Descriptive statistics EURO/MRU—COVID-19 period.

Return Squared Return

Mean 0.000070 0.000030
Variance 0.0000309 0.000000
Std. Dev. 0.005558 0.000086
Skewness —0.605939 13.534200
Kurtosis 5.874297 288.134400

During the pre-COVID period (see Table 3), the USD/MRU exchange rate showed an
average daily return of 0.0000470, a negative skewness of —0.76, and a high kurtosis of 16.91,
indicating frequent extreme negative returns and pronounced leptokurtosis. In contrast,
during the COVID-19 period (see Table 4), the mean return declined to 0.000019, while
volatility increased (SD = 0.00347). The return distribution became more negatively skewed
(—1.73) and highly leptokurtic (kurtosis = 29.43), confirming that the pandemic amplified
volatility, downside risks, and extreme price fluctuations in the USD/MRU market.

Table 3. Descriptive statistics USD/MRU—first period.

Return Squared Return

Mean 0.0000470 0.0000082
Variance 0.0000082 0.0000000
Std. Dev. 0.0028000 0.0000350
Skewness —0.7600000 10.2000000

Kurtosis 16.9100000 141.9800000
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Table 4. Descriptive statistics USD/MRU—COVID-19 period.

Return Squared Return

Mean 0.000019 0.0000120
Variance 0.000012 0.0000000
Std. Dev. 0.003472 0.0000675
Skewness —1.730062 18.8585700
Kurtosis 29.431840 498.5784000

3.2. Stationarity and ARCH Effect

Both the EUR/MRU exchange rate in the first and second period (COVID-19) pass the
ADF test for stationarity, as indicated by their highly negative Dickey-Fuller statistics and
p-values of 0.01 (see Tables 5 and 6).

Table 5. ADF test results for EUR/MRU during the first period and COVID-19 period.

ADF Test EURO/MRU
First Period COVID-19 Period
Dickey-Fuller = —9.48 Dickey-Fuller = —12.127
Lag order =9 Lag order = 10
p-value = 0.01 p-value = 0.01

The EUR/MRU exchange rate exhibits the phenomenon of volatility clustering, indi-
cating the potential presence of an ARCH effect in the return series. For a better assessed
heteroscedasticity, we examined this return series for ARCH effects.

The result of the ARCH LM test for the euro against the Ouguiya exchange rate during
the first period and the COVID-19 period are given as follows:

ARCH LM-test; Null hypothesis: no ARCH effects

data: EURO/MRU First period
x? = 65.559, df = 12, p-value < 2.14 x 10~°
ARCH LM-test; Null hypothesis: no ARCH effects
data: EURO/MRU COVID-19 Period
X = 28.224, df = 12, p-value = 0.005129

Given the very small p-value, we reject the null hypothesis and conclude that there is
strong evidence of ARCH effects in the EUR/MRU exchange rate during the first period
and the COVID-19 period. Given the presence of ARCH effects, it is recommended to model
the heteroscedasticity in the data using models like GARCH (Generalized Autoregressive
Conditional Heteroskedasticity) to better capture the time-varying volatility.

Table 6. ADF test results for USD/MRU during the first period and COVID-19 period.

ADF Test USD/MRU
First Period COVID-19 Period
Dickey-Fuller = —11.13 Dickey-Fuller = —12.27
Lag order =9 Lag order =10

p-value = 0.01 p-value = 0.01
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We observe also that the USD/MRU exchange rate in the first and second period pass
the ADF test for stationarity, as indicated by their highly negative Dickey—Fuller statistics
with their small p-values. The test of ARCH effect with a small p-value rejects the null
hypothesis of no ARCH effect for the two periods.

ARCH LM-test; Null hypothesis: no ARCH effects

data: USD/MRU First period
x> =109.8, df = 12, p-value < 2.2 x 101°
ARCH LM-test; Null hypothesis: no ARCH effects
data: USD/MRU COVID-19 Period
x* = 37.077, df = 12, p-value = 0.0002171

3.3. Autocorrelation

Autocorrelation is the correlation of a time series with its own previous values. When
autocorrelation is present in the residuals of a time series, it implies that there is some
predictable structure that has not been captured yet by a simple mean (i.e., the data is
not white noise). A statistical test such as the Ljung—Box test can be used to test whether
autocorrelation exists in the residuals. If this test shows significant autocorrelation at certain
lags, it indicates the need for a more complex model (i.e., incorporating ARMA terms) to
better capture the data’s underlying structure.

The result of the Box-Ljung test for the Euro/MRU exchange rate in the first and
second period are given respectiveley as follows (see Table 7):

Table 7. Autocorrelation test results for EURO/MRU.

Autocorrelation Test EURO/MRU

First Period COVID-19 Period
X-squared = 58.273 X-squared = 70.399
df =20 df =20
p-value = 1.313 x 107> p-value = 1.567 x 1077

Since the p-value is very small (well below 0.05), we reject the null hypothesis. This
indicates significant autocorrelation in the residuals up to the 20th lag. This motivates the
inclusion of an ARMA model in the mean equation.

The result for the USD/MRU exchange rate in both periods also indicates significant
autocorrelation in the residuals up to the 20th lag (see Table 8).

Table 8. Autocorrelation test results.

Autocorrelation Test

First Period COVID-19 Period
X-squared = 172.42 X-squared = 222.83
df =20 df =20
p-value < 2.2 x 10716 p-value < 2.2 x 10716

3.4. Estimation of GARCH Models
3.4.1. Standard GARCH Models

Before estimating the GARCH models, we first specified the conditional mean equation
by fitting ARMA(p,q) models to the EUR/MRU and USD/MRU return series. Model
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selection was guided by the Akaike Information Criterion (AIC). The results are reported
in Table 9.

Table 9. Comparison of ARMA models for EUR/MRU and USD/MRU returns.

Model EUR/MRU (AIC) USD/MRU (AIC)
ARMA(1,0) —6012.697 —9017.753
ARMA(0,1) —6017.997 —9069.294
ARMA(1,1) —6017.997 —9069.294
ARMA(1,2) —6019.070 —9069.294
ARMA(2,1) —6021.034 —9069.294
ARMA(2,2) —6021.034 —9069.294

Exchange Rate Return for EUR/MRU

For EUR/MRU Returns, several ARMA(p, q) specifications were tested. Although
ARMA(2,1) and ARMA(2,2) achieve slightly lower AIC values (—6021.034) compared to
ARMA(1,1) (—6017.997), the difference is relatively small. The ARMA(1,1) model was
ultimately retained for reasons of parsimony and estimation stability. This choice ensures
that the mean equation remains appropriately specified without over-parameterization,
which is particularly important when embedding it within GARCH-type models. The
ARMA(1,1) specification adequately captures the dynamics of the series, with residuals
showing no significant autocorrelation.

Exchange Rate Return for USD/MRU

For USD/MRU returns, the ARMA(1,1) model clearly outperforms the alternatives,
with an AIC of —9069.294, compared to —9017.753 for ARMA(1,0). This substantial im-
provement in model fit confirms the robustness of the ARMA(1,1) specification, which was
therefore retained as the mean equation across all GARCH models (sGARCH, EGARCH,
GJR-GARCH).

Summary Justification

Across both EUR/MRU and USD/MRU returns during the COVID period, the AIC
values are nearly identical for the majority of ARMA(p, q) specifications. This indicates that
the essential dynamics of the return series are captured by all tested models. By analogy, se-
lecting the ARMA(1,1) specification is justified due to its parsimony, stability, and adequacy
in representing the series dynamics. This approach ensures consistency and avoids unnec-
essary complexity when embedding the mean equation within the GARCH framework.

Based on the AIC comparison across both EUR/MRU and USD/MRU return se-
ries, the ARMAC(1,1) specification was selected as the mean equation for all subsequent
GARCH modeling.

The results of the standard GARCH models are presented in the following table
(Tables 10-13):

Table 10. ARMA-GARCH(1,1) estimation results for EURO/MRU—first period.

Parameter Estimate Std. Error t-Statistic p-Value
U 0.000134 0.000133 1.009 0.313
AR(1) 0.179393 0.145033 1.237 0.216
MA(1) —0.393253 0.134311 —2.928 0.003
w 0.000000 0.000000 0.126 0.900
oy 0.009412 0.001256 7.491 0.000
B1 0.988164 0.001197 825.455 0.000

GARCH Model: sGARCH(1,1); Mean Model: ARFIMA(1,0,1); Distribution: Normal.
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Table 11. ARMA-GARCH(1,1) estimation results for EURO/MRU—COVID-19 period.
Parameter Estimate Std. Error t-Statistic p-Value
U 0.000073 0.000118 0.622 0.534
AR(1) —0.018855 0.152368 —0.124 0.902
MA(1) —0.170997 0.149756 —1.142 0.254
w 0.000002 0.000000 21.341 0.000
nq 0.056120 0.004209 13.334 0.000
B1 0.865215 0.009343 92.611 0.000
GARCH Model: sGARCH(1,1); Mean Model: ARFIMA(1,0,1); Distribution: Normal.
Table 12. ARMA-GARCH(1,1) estimation results for USD/MRU—first period.
Parameter Estimate Std. Error t-Statistic p-Value
U —0.000236 0.000031 —7.616 0.000
AR(1) 0.023357 0.076711 0.304 0.761
MA(1) —0.570633 0.065121 —8.763 0.000
w 0.000000 0.000000 0.015 0.988
% 0.061525 0.001828 33.655 0.000
B1 0.912022 0.000807 1129.877 0.000
GARCH Model: sGARCH(1,1); Mean Model: ARFIMA(1,0,1); Distribution: Normal.
Table 13. ARMA-GARCH(1,1) estimation results for USD/MRU—COVID-19 period.
Parameter Estimate Std. Error t-Statistic p-Value
u —0.000060 0.000114 —0.528 0.598
AR(1) —0.044638 0.011502 —3.881 0.0001
MA(1) —0.479805 0.011594 —41.385 0.000
w 0.000000 0.000000 0.042 0.966
% 0.054651 0.000091 601.352 0.000
B1 0.919328 0.000949 969.164 0.000

GARCH Model: sGARCH(1,1); Mean Model: ARFIMA(1,0,1); Distribution: Normal.

For the EUR/MRU exchange rate, the GARCH(1,1) model estimates during the first
period are w = 0.000000, a; = 0.009412, and B; = 0.988164, indicating high volatility
persistence with past shocks strongly influencing current volatility. During the COVID-19
period, the coefficients are w = 0.000002, a; = 0.056120, and B; = 0.865215, suggesting
slightly higher sensitivity to new shocks while maintaining strong persistence. For the
USD/MRU exchange rate, the first-period GARCH(1,1) coefficients are w = 0.000000,
a1 = 0.061525, and B = 0.912022, reflecting persistent volatility with moderate responsive-
ness to new shocks. In the COVID-19 period, the estimates are w = 0.000000, a7 = 0.054651,
and 1 = 0.919328, showing that volatility remained highly persistent with a stable reaction
to previous shocks even during the crisis.

Residual Diagnostics

For the standard GARCH(1,1) models, residual diagnostics were performed to assess
model adequacy for the EUR/MRU and USD/MRU exchange rates across both pre-COVID
and COVID-19 periods. The Ljung-Box tests on standardized residuals generally indicate
no significant autocorrelation, with p-values mostly above conventional thresholds, except
for the USD/MRU COVID-19 period, where evidence of serial correlation is observed at lags
land 5 (p =0.0469 and p =3.213 x 10~°). Similarly, the Ljung-Box tests on squared residuals
show no significant patterns for all series, indicating that the conditional variance dynamics
are stable and well captured by the model. The Jarque—Bera tests consistently reject the
null hypothesis of normality for all series. It should be noted that such non-normality is
common in financial time series and does not invalidate the use of GARCH-type models,
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which are designed primarily to capture conditional heteroskedasticity rather than enforce
residual normality. Overall, these diagnostic results suggest that the GARCH(1,1) models
provide a reasonable fit for the exchange rate returns while transparently acknowledging
the limitations regarding residual distribution. Further discussion on the properties of
residuals and potential alternative specifications could be addressed in future work. The
detailed test results can be found in the Appendix A.

To analyze the differences and percentage differences between the two periods we
define the Difference and the Percentage Difference, given by the following formulas:

Difference = Coeff 2nd Period — Coeff 1st Period
This difference shows how much the coefficients change when the financial crisis is

included in the model.

Difference

Coefficient in the First Period x 100

Difference in % =

The percentage difference expresses how significant the change is relative to the
value of the coefficient during the first period, providing a clearer understanding of the
magnitude of the impact of the financial crisis.

For the EURO/MRU exchange rate (see Table 14), the #; parameter (ACRH term)
increased significantly by 496% after the COVID-19 crisis. This suggests that volatility
increased more sharply in response to past shocks during the COVID-19 crisis compared to
the first period. For the 81 parameter (GARCH term), there is a 12% decline in the symmetric
GARCH model, indicating a decrease in volatility persistence during the COVID-19 crisis
which suggests that volatility is slightly less dependent on past volatility after the crisis,
though persistence remains relatively strong in both periods.

Table 14. Differences in GARCH parameters between the first period and COVID-19 period for
EURO/MRU.

Differences Between the Two Periods—EURO/MRU

Parameter Difference in Value Difference in Percentage
U 0.00 —46%
AR(1) —0.20 —111%
MA(1) 0.22 —57%
w 0.00 -
oy 0.05 496%
B1 —0.12 —12%

As for the USD/MRU exchange rate (see Table 15), we note that both of the a1 parame-
ter values are significant and indicate the presence of conditional volatility in both periods.
However, the value of a; decrease by 11% throughout the COVID-19 period, which may
imply that the effect of past shocks on volatility is a bit weaker during the pandemic com-
pared to the pre-COVID period. This could imply that during the pandemic, the financial
markets became less sensitive to past market shocks, possibly due to the exceptional and
unique nature of the COVID-19 crisis. However, the value remains significant in both
periods, indicating that volatility clustering still exists, but the intensity of the response to
past shocks has decreased in the post-COVID period. The B parameter, which refers to the
GARCH term, remained high registering a value of 0.919 and was statistically significant,
indicating the persistence of volatility even after the COVID-19 crisis.
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Table 15. Differences in GARCH parameters between the first period and COVID-19 period for

USD/MRU.
Differences Between the Two Periods—USD/MRU
Parameter Difference in Value Difference in Percentage

U 0.0002 —75%

AR(1) —0.0680 —291%

MA(1) 0.0908 —16%
w 0.00 -
oy —0.0069 —11%
B1 0.0073 0.8%

Thus, we can conclude that for the symmetric GARCH model, the COVID-19 crisis
impacted the volatility of both the EUR/MRU and USD/MRU exchange rates. However,
the effects diverge. For the EUR/MRU exchange rate, we observe that the impact of past
shocks on volatility is stronger during the pandemic compared to the pre-COVID period;
however, for the USD/MRU, the opposite is true.

3.4.2. Asymmetric GARCH Models

Euro against Ouguiya Exchange rate

In this section, we use the asymmetric EGARCH (1,1) and the GJR-GARCH(1,1) models
and compare the result between the first period before COVID-19 for the EURO/MRU
exchange rate. The results are given as follow (Tables 16-21):

Table 16. ARMA-eGARCH(1,1) estimation results for EURO/MRU—first period.

Parameter Estimate Std. Error t-Statistic p-Value
U 0.000119 0.000090 1.312 0.189
AR(1) 0.174406 0.090699 1.923 0.054
MA(1) —0.355603 0.084394 —4.214 0.000
w —0.571726 0.013680 —41.793 0.000
o —0.014040 0.022524 —0.623 0.533
B1 0.945658 0.001527 619.332 0.000
7 0.098687 0.012609 7.827 0.000

GARCH Model: eGARCH(1,1); Mean Model: ARFIMA(1,0,1); Distribution: Normal.

Table 17. ARMA-eGARCH(1,1) estimation results for EURO/MRU—COVID-19 period.

Parameter Estimate Std. Error t-Statistic p-Value
U 0.000110 0.000078 1.414 0.157
AR(1) —0.010743 0.008991 —1.195 0.232
MA(1) —0.178068 0.021441 —8.305 0.000
w —0.570519 0.009694 —58.854 0.000
oy 0.038491 0.017809 2.161 0.031
B1 0.944695 0.001259 750.558 0.000
7 0.132233 0.011887 11.124 0.000

GARCH Model: eGARCH(1,1); Mean Model: ARFIMA(1,0,1); Distribution: Normal.
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Table 18. ARMA-GJR-GARCH(1,1) estimation results for EURO/MRU—first period.
Parameter Estimate Std. Error t-Statistic p-Value
U 0.000140 0.000133 1.053 0.292
AR(1) 0.171147 0.141389 1.210 0.226
MA(1) —0.389776 0.131776 —2.958 0.003
w 0.000000 0.000000 0.196 0.845
aq 0.009952 0.004290 2.320 0.020
B1 0.989629 0.000897 1103.753 0.000
Y1 —0.005253 0.007354 —0.714 0.475
GARCH Model: GJR-GARCH(1,1); Mean Model: ARFIMA(1,0,1); Distribution: Normal.
Table 19. ARMA-GJR-GARCH(1,1) estimation results for EURO/MRU—COVID-19 period.
Parameter Estimate Std. Error t-Statistic p-Value
U 0.000126 0.000118 1.06439 0.287150
AR(1) 0.016666 0.166075 0.10035 0.920066
MA(1) —0.204469 0.162333 —1.25956 0.207828
w 0.000002 0.000000 12.72341 0.958
a1 0.092627 0.017033 5.43816 0.000
B1 0.885250 0.008591 103.04138 0.000
Y1 —0.075878 0.023498 —3.22912 0.001242

GARCH Model: GJR-GARCH(1,1); Mean Model: ARFIMA(1,0,1); Distribution: Normal.

Table 20. Differences in E-GARCH parameters between the first period and COVID-19 period.

Differences Between the Two Periods—E-GARCH

Parameter Difference in Value Difference in Percentage

1 0.00 —8%

AR(1) —0.19 —106%

MA(1) 0.18 —50%
w 0.00 0%
oy 0.05 374%
B1 0.00 —0.10%
7 0.03 34%

Table 21. Differences in GJR-GARCH parameters between the first period and COVID-19 period.

Differences Between the Two Periods—GJR-GARCH

Parameter Difference in Value Difference in Percentage

U 0.00 —10%

AR(1) —0.154 —90%

MA(1) 0.185 —48%
w 0.000 0%
aq 0.083 831%
B1 —0.104 —11%
7 —0.071 1344%

For the mean coefficient i, we observe a decrease of —8% for the E-GARCH and —10%
for the GJR-GARCH in the priod after COVID-19, though both estimates are close to zero
and not statistically significant. This suggests that the mean return of the market remained
approximately the same in both periods.

For the autoregressive term (arl), we observe a significant shift, with a decrease of
—106% for the E-GARCH and —90% for the GJR-GARCH. This suggests that the COVID-19
crisis disrupted typical autoregressive patterns in market behavior. For the moving average
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coefficient (mal), there is a decrease of —50% for the E-GARCH and —48% for the GJR-
GARCH, though both values are negative. The negative moving average terms in both
periods show that past shocks still have an impact, but their effect has reduced significantly
after the COVID-19 crisis indicating that the persistence of negative shocks is lower in the
post-COVID period.

As for the ARCH coefficient (alphal), we observe a significant increase of 374% for the
E-GARCH and 831% for the GJR-GARCH. The positive alphal coefficient after COVID-19
indicates that volatility is now more responsive to past squared returns, suggesting that the
market is more sensitive to recent volatility shocks in the post-COVID-19 period, indicating
a heightened sensitivity to volatility.

Regarding the GARCH coefficient, we noticed a decrease of —0.10% for the E-=GARCH
and —11% for the GJR-GARCH, indicating a decrease in volatility persistence during the
COVID-19. Finally, there is a significant increase in the gamma coefficient of 34% for the
E-GARCH (which is positive) and 1344% for the GJR-GARCH (which is negative). This
indicates that positive shocks cause a larger increase in volatility than negative shocks.

This contrasts with the typical leverage effect seen in many financial markets, where
negative shocks typically result in larger increases in volatility has become more pro-
nounced after COVID-19, which may reflect situations where overconfidence or speculative
bubbles are present, leading to more volatility during periods of positive news. It could
also be indicative of markets where positive sentiment leads to greater price swings and
increased market uncertainty.

Dollar against Ouguiya Exchange rate

In this section, we use the asymmetric EGARCH (1,1) and the GJR-GARCH(1,1) models
and compare the result between the first period before COVID-19 for the USD/MRU
exchange rate. The results are given in the follwing table (Tables 22-27):

Table 22. ARMA-eGARCH(1,1) estimation results for USD/MRU—first period.

Parameter Estimate Std. Error t-Statistic p-Value
U 0.000079 0.000024 3.376 0.001
AR(1) 0.112876 0.039501 2.858 0.004
MA(1) —0.640306 0.029439 —21.750 0.000
w —5.755287 1.100955 —5.228 0.000
oy —0.067524 0.042492 —1.589 0.112
B1 0.514400 0.092204 5.579 0.000
7 0.383408 0.062958 6.090 0.000

GARCH Model: eGARCH(1,1); Mean Model: ARFIMA(1,0,1); Distribution: Normal.

Table 23. ARMA-eGARCH(1,1) estimation results for USD/MRU—COVID-19 period.

Parameter Estimate Std. Error t-Statistic p-Value
U 0.000057 0.000010 5.894 0.000
AR(1) —0.030964 0.022751 —1.361 0.174
MA(1) —0.624368 0.021336 —29.264 0.000
w —3.981737 0.340445 —11.696 0.000
nq —0.228107 0.032879 —6.938 0.000
B1 0.646989 0.029429 21.985 0.000
7 0.612776 0.048240 12.703 0.000

GARCH Model: eGARCH(1,1); Mean Model: ARFIMA(1,0,1); Distribution: Normal.
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Table 24. ARMA-GJR-GARCH(1,1) estimation results for USD/MRU—first period.
Parameter Estimate Std. Error t-Statistic p-Value
U 0.000263 0.000000 3448.5 0.000
AR(1) 0.074521 0.000021 3477.8 0.000
MA(1) —0.552712 0.000161 —3428.0 0.000
w 0.000000 0.000000 0.030 0.976
o 0.050136 0.000014 3466.9 0.000
B1 0.901258 0.000277 3255.1 0.000
Y1 0.047354 0.000014 3470.1 0.000
GARCH Model: GJR-GARCH(1,1); Mean Model: ARFIMA(1,0,1); Distribution: Normal.
Table 25. ARMA-GJR-GARCH(1,1) estimation results for USD/MRU—COVID-19 period.
Parameter Estimate Std. Error t-Statistic p-Value
U 0.000233 0.000000 34744 0.000
AR(1) —0.06526 0.000019 —3498.2 0.000
MA(1) —0.480404 0.000139 —3465.6 0.000
w 0.000000 0.000000 0.05129 0.9583
a1 0.049159 0.000014 3487.8 0.000
B1 0.898834 0.000275 3267.4 0.000
Y1 0.058001 0.000017 3489.0 0.000

GARCH Model: GJR-GARCH(1,1); Mean Model: ARFIMA(1,0,1); Distribution: Normal.

Table 26. Difference between the two periods for e-GARCH.

Difference Between the Two Periods (E-GARCH)

Parameter Difference in Value Difference in %
U —0.00002 —29%
AR(1) —0.14384 —127%
MA(1) 0.015938 —2%
w 1.77 —31%
o —0.160583 238%
B1 0.132589 26%
Y1 0.229368 60%

Table 27. Difference between the two periods for GJR-GARCH.

Difference Between the Two Periods (GJR-GARCH)

Parameter Difference in Value Difference in %
U —0.000027 —10%
AR(1) —0.140 —188%
MA(1) 0.072 13%
w 0.000 -
o —0.001 —2%
B1 —0.002 0%
02! 0.011 22%

Based on the results from the asymmetric EGARCH(1,1) and GJR-GARCH(1,1) models,
we can analyze the impact of the COVID-19 crisis on the USD/MRU exchange rate. Here is
a comparative breakdown between the first period (pre-COVID-19) and the second period
(COVID-19 period).

The mean (y) coefficient For the EGARCH(1,1) decreases by 29% but remains statisti-
cally significant (p-value = 0.001099). The AR1 coefficient (—0.030964, p-value = 0.17352)
becomes smaller and loses significance, suggesting that the exchange rate exhibits less
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persistence in this period. The MA1 coefficient (—0.624368, p-value = 0.000000) remains
negative and the w (the constant term (—3.981737, p-value = 0.000000)) is less negative than
in the pre-COVID period, indicating reduced volatility after COVID-19. The ARCH term a;
(—0.228107, p-value = 0.030668), which increase in absolute value by 238%, is statistically
significant and more negative than before, suggesting that shocks to volatility have a larger
and negative impact on future volatility. This may indicate a stronger market reaction
to past negative returns during the COVID period, which can be typical during times of
heightened uncertainty.

The GARCH parameter 81 increases by 26% in the COVID period, indicating that
volatility is more persistent post-COVID. This implies that shocks to volatility in the COVID
period take longer to dissipate, reflecting the higher level of uncertainty and prolonged
effects on market behavior. The 7; parameter (which is positive for our Exponential
GARCH) increase by 60% indicates that positive shocks exert a more pronounced effect on
volatility during the COVID period.

As for the GJR-GARCH model, we notice a small decrease by —2% in the ARCH
term, though it remains statistically significant, showing less sensitivity to recent shocks
compared to before the crisis. The garch term B remains very high, indicating similar
persistence in volatility post-COVID. Finally, we observe an increase in the asymmetry
term by 22%, suggesting that negative shocks have a stronger effect on volatility in the
post-COVID period (because our 7 is positive in the GJR-GARCH Model).

Residual Diagnostics

Residual diagnostics were performed to assess the adequacy of the ARMA-eGARCH(1,1)
and ARMA-GJR-GARCH(1,1) models for the EUR/MRU and USD/MRU exchange rates
across both pre-COVID and COVID-19 periods. For standardized residuals, the Ljung-Box
tests generally indicate no significant autocorrelation for most series, except for USD/MRU
during the COVID-19 period, where minor serial correlation is observed at several lags.
Similarly, the Ljung—Box tests on squared residuals show no significant patterns for all
series, indicating that the conditional variance dynamics are well captured by both models.
The Jarque-Bera tests consistently reject the null hypothesis of normality for all series; it
should be noted that such non-normality is common in financial time series and does not
invalidate the use of asymmetric GARCH-type models, which are designed primarily to
model conditional heteroskedasticity rather than enforce residual normality. Overall, these
diagnostic results suggest that the eGARCH(1,1) and GJR-GARCH(1,1) models provide a
reasonable and reliable fit for the exchange rate returns while transparently acknowledging
limitations. The detailed test results can be found in the Appendix A.

Comparison of the Results of USD/MRU EGARCH and GJR-GARCH Models

To ensure the robustness of asymmetry modeling, both ARMA(1,1)-EGARCH(1,1) and
ARMA(1,1)-GJR-GARCH(1,1) specifications were estimated for the USD/MRU exchange
rate. Although both models are designed to capture asymmetric responses of volatility
to shocks, they differ in formulation and interpretation. In the EGARCH model, the vy
parameter directly measures the differential reaction of volatility to positive and negative
shocks: a positive and significant -y indicates that positive shocks (good news) have a
stronger impact on volatility than negative ones (bad news), implying positive asymmetry.
In contrast, the GJR-GARCH model captures asymmetry through an indicator function
that distinguishes negative from positive shocks, where a positive 7y suggests that negative
shocks amplify volatility more strongly—reflecting negative asymmetry.

Empirically, in the COVID-19 period, 7gcarcH = 0.6128 and ygjr = 0.0580 are both
positive and statistically significant, confirming the presence of asymmetry in the volatility
dynamics of the USD/MRU exchange rate. The apparent difference in interpretation
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arises from the structural distinction between the models rather than from inconsistency in
the data. Both specifications consistently indicate that volatility reacts asymmetrically to
market shocks, validating the inclusion of an asymmetric term in modeling exchange rate
dynamics during turbulent periods such as the COVID-19 crisis. This demonstrates the
robustness of the asymmetry effect, regardless of the model’s functional form.

3.5. Backtesting GARCH Volatility Forecasts During the COVID-19 Crisis Period

In order to assess the predictive ability of our GARCH models, we conduct a backtest-
ing exercise over the COVID-19 crisis period. This approach follows Patton (2011), who
emphasizes the use of robust loss functions, such as MSE and QLIKE, when comparing
volatility forecasts under imperfect proxies. For this purpose, the dataset is divided into
two sub-periods: an in-sample estimation period (January 2017-December 2020) used for
model calibration, and an out-of-sample forecast period (January-December 2021). In the
latter, the predicted volatilities are compared with squared returns, which serve as a proxy
for realized volatility.

The evaluation of volatility forecasts relies on the choice of appropriate loss functions,
which provide a quantitative measure of the discrepancy between predicted conditional
variances and realized volatility. In practice, realized volatility is not directly observable,
and following Patton (2011), squared returns 17, ; are commonly used as an imperfect proxy.
The standard benchmark criterion is the Mean Squared Error (MSE), which captures the
average deviation between the proxy and the model forecast:

MSE = (7%+1 - ‘fﬂ)z

While MSE is widely used in econometrics, it treats overestimation and underestima-
tion errors symmetrically. As emphasized by Christoffersen (2012) in Elements of Finan-
cial Risk Management, this symmetry may be unrealistic for practical applications, since
underestimating volatility can have much more severe consequences for risk managers—
particularly during periods of market stress such as the COVID-19 crisis.

To address this limitation, Patton (2011) recommends the Quasi-Likelihood (QLIKE)
loss function, which is based on relative forecast errors rather than absolute ones and
systematically penalizes underestimation more heavily than overestimation:

g Tt

2 2

r r

QLIKE = £ —1n<f2+1> ~1
t+1

This makes QLIKE particularly attractive for evaluating volatility forecasts in crisis
periods, where accurate risk assessment is critical.

In addition to these benchmark measures, we also incorporate log-transformed loss
functions as robustness checks. Logarithmic transformations mitigate the influence of
outliers and provide a more balanced evaluation of forecast accuracy when volatility
exhibits large spikes. In this context, the logarithmic Mean Absolute Error (MAE-LOG)
compares the logarithms of predicted and realized variances, thereby emphasizing relative
rather than absolute differences. It is defined as

MAE-LOG = |In(67,;) — In(r?,;)

This metric complements MSE and QLIKE by offering a scale-invariant assessment of
forecast performance, particularly useful when the level of volatility varies substantially over
time. Together, MSE, QLIKE, and MAE-LOG provide a comprehensive and robust frame-
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work for evaluating competing GARCH-type volatility models under crisis conditions,
consistent with the approaches recommended by Patton (2011) and Christoffersen (2012).

3.5.1. The Diebold-Mariano (DM) Test

The Diebold-Mariano (DM) test (Diebold & Mariano, 1995) is used to formally com-
pare the predictive accuracy of two competing models. Let dy = g(ey;) — g(ez) denote
the loss differential between the forecast errors e;; = §J;; — y;, where g(-) represents a loss
function (for example, the squared or absolute error). The null hypothesis states that both
models have equal predictive accuracy:

HO : E(dt) =0.
The test statistic is defined as
d
DM = T ~ N(Orl)r
Var(d)

where d is the sample mean of d;. A non-significant value of the test implies that the
two models have similar predictive performance, while a significant value suggests that
one model provides superior forecasts compared to the other.

The empirical analysis was implemented in R using the rugarch package for GARCH
model estimation and the forecast package for predictive evaluation. Daily exchange rate
series were first transformed into logarithmic returns and tested for stationarity and white
noise properties. Subsequently, ARMA(1,1)-GARCH(1,1), ARMA(1,1)-EGARCH(1,1), and
ARMA(1,1)-GJR-GARCH(1,1) models were estimated under a normal distribution. Rolling
one-step-ahead forecasts of conditional variance were then generated over a 250-day
out-of-sample window, allowing dynamic re-estimation every 25 days. The forecasted
variances were compared to realized volatility (squared returns) using loss functions (MSE,
QLIKE, and MAE-LOG), and model predictive accuracy was statistically assessed via the
Diebold-Mariano test.

3.5.2. Forecast Evaluation (EUR/MRU—COVID-19 Period)

The out-of-sample backtesting results in Table 28 indicate that the ARMAC(1,1)-
EGARCH(1,1) model provides the most accurate volatility forecasts for the EUR/MRU
exchange rate during the COVID-19 period. Specifically, EGARCH achieves the lowest
Mean Squared Error (MSE) at 2.1979 x 1078, compared to 2.2508 x 10~8 for GARCH and
2.2458 x 1078 for GJR-GARCH. Under the QLIKE criterion, widely regarded as a robust
measure of forecast accuracy, EGARCH again delivers the smallest value (1.7706), out-
performing GARCH (1.8292) and GJR-GARCH (1.8152). The logarithmic Mean Absolute
Error MAE-LOG) also favors EGARCH (1.7706) over GARCH (1.7883) and GJR-GARCH
(1.7917). Collectively, these results show that EGARCH consistently produces more accurate
volatility forecasts across multiple loss functions.

Importantly, this out-of-sample evidence is consistent with the in-sample estimation
results (Table 29), where AIC and BIC also selected ARMA(1,1)-EGARCH(1,1) as the pre-
ferred specification during the COVID-19 period. This convergence between in-sample and
out-of-sample performance highlights the value of accounting for asymmetry in volatility
dynamics during periods of crisis. The Diebold-Mariano test results presented in Table 29
show that none of the pairwise comparisons are statistically significant at conventional
levels (all p-values > 0.10). This indicates that the predictive accuracies of the ARMA(1,1)-
EGARCH(1,1), ARMA(1,1)-GJR-GARCH(1,1), and standard ARMA(1,1)-GARCH(1,1) mod-
els are statistically indistinguishable during the COVID-19 period. Although the EGARCH
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model exhibits slightly lower forecast loss metrics (MSE, QLIKE, and MAE-LOG), the DM
test confirms that these improvements are not significant in a statistical sense, suggesting

that all three models provide broadly comparable out-of-sample volatility forecasts for the
EUR/MRU exchange rate.

Table 28. Out-of-sample forecast evaluation results for EUR/MRU (COVID-19 period).

Loss Function

ARMA-GARCH(1,1) ARMA-GJR-GARCH(1,1) ARMA-EGARCH(1,1)

MSE
QLIKE
MAE-LOG

2.25x 1078 2.25 x 10~8 2.20 x10~8
1.829 1.815 1.771
1.788 1.792 1.771

Table 29. Diebold—-Mariano test results for EUR/MRU (COVID-19 period).

Model Comparison (A vs. B) DM Statistic p-Value
EGARCH vs. GARCH 0.666 0.506
GJR-GARCH vs. GARCH 1.085 0.279
EGARCH vs. GJR-GARCH 0.573 0.567

3.5.3. Forecast Evaluation (USD/MRU—COVID-19 Period)

The out-of-sample backtesting results presented in Table 30 indicate that the ARMA(1,1)-
GJR-GARCH(1,1) model provides the most accurate volatility forecasts for the USD/MRU
exchange rate during the COVID-19 period. Specifically, the GIR-GARCH model achieves the
lowest Mean Squared Error (MSE) at 5.2091 x 10717, slightly outperforming both the standard
GARCH model (5.5326 x 1071%) and the EGARCH model (5.2499 x 10~10). Under the Quasi-
Likelihood (QLIKE) loss function, which penalizes volatility underestimation more heavily
and is often considered a more robust criterion for forecast evaluation, the GJR-GARCH
model again performs best with a value of 3.1103, compared to 3.4875 for GARCH and 3.2355
for EGARCH. Similarly, the logarithmic Mean Absolute Error (MAE-LOG) measure confirms
the superior forecasting performance of GJR-GARCH (3.3737), which yields a smaller average
deviation than GARCH (3.4378) and EGARCH (3.5931). Collectively, these findings suggest
that the GJR-GARCH specification provides the most reliable volatility forecasts for the
USD/MRU series during the COVID-19 period.

Importantly, these out-of-sample results are broadly consistent with the in-sample
model selection criteria (AIC and BIC), which also favored asymmetric GARCH structures,
highlighting the role of leverage effects and nonlinear volatility responses during crisis
periods. The Diebold—Mariano test results presented in Table 31 show that none of the
pairwise comparisons are statistically significant at conventional levels (p > 0.10), except
for the EGARCH vs. GJR-GARCH comparison (p = 0.050), which approaches marginal
significance. This suggests that, while the GJR-GARCH model tends to outperform the
alternatives, the differences in predictive accuracy are not decisively significant in a sta-
tistical sense. Overall, all three models—GARCH, EGARCH, and GJR-GARCH—deliver
broadly comparable out-of-sample volatility forecasts for the USD/MRU exchange rate,
with a modest edge in favor of the GJR-GARCH specification.

Table 30. Out-of-sample forecast evaluation results for USD/MRU (COVID-19 period).

Loss Function

ARMA-GARCH(1,1) ARMA-GJR-GARCH(1,1) ARMA-EGARCH(1,1)

MSE
QLIKE
MAE-LOG

5.5326 x 1010 5.2091 x10~10 5.2499 x 10~10
3.4875 3.1103 3.2355
3.4378 3.3737 3.5931




J. Risk Financial Manag. 2025, 18, 589

23 of 32

Table 31. Diebold-Mariano test results for USD/MRU (COVID-19 period).

Model Comparison (A vs. B) DM Statistic p-Value
EGARCH vs. GARCH 1.208 0.228
GJR-GARCH vs. GARCH —0.663 0.508
EGARCH vs. GJR-GARCH 1.966 0.050

4. Discussion

In conclusion, the analysis using the asymmetric EGARCH(1,1) and GJR-GARCH(1,1)
models reveals significant shifts in the dynamics of the EUR/MRU exchange rate due to
the COVID-19 crisis. There was a substantial increase in the ARCH coefficient (alphal),
indicating heightened sensitivity to recent volatility. This is coupled with a decrease in the
GARCH coefficient, signaling a lower persistence of volatility in the post-COVID period.
Finally, the gamma coefficient exhibited a notable increase, highlighting that positive shocks
led to larger volatility increases, contrasting with the usual leverage effect where negative
shocks cause larger volatility increases. These findings suggest a shift in market behavior
during the post-COVID period, with greater volatility following positive news, possibly
due to factors such as speculative bubbles or overconfidence.

As for the USD/MRU exchange rate, the analysis of the USD/MRU exchange rate
using the asymmetric EGARCH(1,1) and GJR-GARCH(1,1) models highlights notable differ-
ences between the pre-COVID and COVID periods. the 1 coefficient revealed contrasting
asymmetries: in the EGARCH model, positive shocks had a greater impact on volatility,
while in the GJR-GARCH model, negative shocks were more influential. These findings
underscore the different ways each model captures asymmetry and volatility dynamics,
with the EGARCH model emphasizing positive asymmetry and the GJR-GARCH model
highlighting negative asymmetry. The results are not contradictory but rather reflect the
distinct formulations of the models, which should be understood to correctly interpret
market behavior during the COVID-19 period.

We observe that the differences in volatility dynamics between the EUR/MRU and
USD/MRU exchange rates may be influenced by various economic factors. While this
study primarily focuses on statistical modeling of volatility through ARMA-GARCH speci-
fications, other elements—such as the Mauritanian economy’s differential exposure to the
US dollar versus the euro, central bank interventions, and global market conditions—are
likely to contribute to these variations. A detailed macroeconomic analysis is beyond the
scope of this paper, but acknowledging these factors provides context for the statistical
patterns observed across the two exchange rates.

We also recognize that including a pandemic dummy variable in the GARCH vari-
ance equation could formally isolate COVID-19-specific shocks. Nevertheless, our results
indicate that a comparison between pre-COVID and COVID-19 sub-periods effectively
captures the pandemic’s impact on exchange rate volatility. For example, for the EUR/MRU
exchange rate, the a; parameter increased by nearly 496% after the COVID-19 outbreak,
indicating a stronger response to past shocks, while B slightly declined, reflecting a mod-
est reduction in volatility persistence. For the USD/MRU exchange rate, #; decreased
by 11% during the COVID-19 period but remained significant, and B; remained high,
reflecting strong volatility persistence. These results show that the models can effectively
detect changes in volatility dynamics without the inclusion of a dedicated dummy variable.
Introducing such a dummy could slightly modify parameter estimates and complicate
the identification of specific effects, yet the overall trends and conclusions remain robust.
Therefore, we rely on period-based analysis, while acknowledging that formally including
a pandemic dummy could be a valid extension for future research.
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Model Selection Results Based on AIC and BIC Criteria

Based on both the AIC and BIC criteria (see Tables 32-35), the E-GARCH(1,1) model is
the best choice for modeling the EURO/MRU exchange rate during the first period. It has
the lowest values for both AIC (—7.7305) and BIC (—7.6887).

Also based on both the AIC and BIC criteria, the E-GARCH(1,1) model is the best
choice for modeling the EURO/MRU exchange rate during the second period. It has the
lowest values for both AIC (—7.6163) and BIC (—7.5885).

In the first period for the USD/MRU exchange rate, the E-=GARCH(1,1) model again
emerges as the best choice, based on both AIC and BIC criteria. It has the lowest AIC value
(—9.2184) and BIC value (—9.1840). Thus, the E-GARCH(1,1) model is preferred for this period.

For the USD/MRU exchange rate in the second period, the E-GARCH(1,1) model is
also the most suitable based on the AIC and BIC values. It has the lowest AIC (—8.9426)
and BIC (—8.9179). Therefore, the E-GARCH(1,1) model is the recommended model for
this period as well.

Table 32. Comparison of selection criteria for different GARCH models of EURO/MRU—first period.

S-GARCH(1,1) E-GARCH(1,1) GJR-GARCH(1,1)
AIC —7.7204 —7.7305 —7.7191
BIC —7.6845 —7.6887 —7.6772

Table 33. Comparison of selection criteria for different GARCH models of EURO/MRU—second
period (COVID-19).

S-GARCH(1,1) E-GARCH(1,1) GJR-GARCH(1,1)
AlIC —7.6094 —7.6163 —7.6160
BIC —7.5855 —7.5885 —7.5882

Table 34. Comparison of selection criteria for different GARCH models of USD/MRU—first period.

Criterion S-GARCH(1,1) E-GARCH(1,1) GJR-GARCH(1,1)
AIC —8.8556 —9.2184 —8.8818
BIC —8.8262 —9.1840 —8.8474

Table 35. Comparison of selection criteria for different GARCH models of USD/MRU—second
period (COVID-19).

Criterion S-GARCH(1,1) E-GARCH(1,1) GJR-GARCH(1,1)
AlIC —8.7659 —8.9426 —8.3973
BIC —8.7447 —8.9179 —8.3726

5. Conclusions

The analysis of the stationarity and ARCH effects of the EUR/MRU and USD/MRU
exchange rates reveals that both exchange rates passed the ADF test for stationarity in both
the first and COVID-19 periods, indicating volatility clustering and potential ARCH effects.
The ARCH LM test confirmed the presence of ARCH effects for both exchange rates in both
periods, suggesting the need for GARCH models to capture time-varying volatility. Addition-
ally, autocorrelation tests revealed significant autocorrelation in the residuals, indicating the
necessity of incorporating ARMA models to better capture the data’s underlying structure.

The standard GARCH model shows that the COVID-19 crisis had an impact on both of
the EUR/MRU and USD/MRU exchange rates. For EUR/MRU, the &1 parameter increased
significantly by 496%, suggesting a sharper response to past shocks during the pandemic.
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In contrast, the f1 parameter showed a 12% decline, indicating a decrease in volatility per-
sistence post-COVID. For USD/MRU, «; decreased by 11%, suggesting a weaker response
to past shocks during the pandemic, while §; remained high, indicating persistent volatility
even after COVID-19. This suggests that while both exchange rates experienced increased
volatility during the COVID-19 crisis, the effects were more pronounced for EUR/MRU
compared to USD/MRU. This means that the impact of past shocks on volatility is stronger
during the pandemic compared to the pre-COVID period for EUR/MRU. However, for
USD/MRU, the opposite holds true.

The analysis using the asymmetric EGARCH(1,1) and GJR-GARCH(1,1) models re-
veals significant shifts in the dynamics of the EUR/MRU exchange rate due to the COVID-
19 crisis. The mean return remained relatively stable across both periods, with minor
reductions in both models. However, the COVID-19 crisis significantly impacted the autore-
gressive behavior of the market, as evidenced by the drastic decrease in the autoregressive
term (arl) of the mean equation, suggesting a disruption of typical market patterns. The
persistence of past shocks on the mean also decreased, with a reduction in the moving
average coefficient (mal). On the other hand, there was a substantial increase in the ARCH
coefficient (1), indicating heightened sensitivity to recent volatility. This is coupled with a
decrease in the GARCH coefficient, signaling a lower persistence of volatility in the post-
COVID period. Finally, the gamma coefficient exhibited a notable increase, highlighting
that positive shocks led to larger volatility increases, contrasting with the usual leverage
effect where negative shocks cause larger volatility increases. These findings suggest a
shift in market behavior during the post-COVID period, with greater volatility following
positive news, possibly due to factors such as speculative bubbles or overconfidence.

The analysis of the USD/MRU exchange rate using the asymmetric EGARCH(1,1)
and GJR-GARCH(1,1) models reveals significant differences between the pre-COVID and
COVID periods. The 1 coefficient showed contrasting asymmetries: in the EGARCH
model, positive shocks had a stronger effect on volatility, while in the GJR-GARCH model,
negative shocks were more impactful. These results highlight how each model differently
captures asymmetry and volatility dynamics, with the EGARCH model focusing on positive
asymmetry and the GJR-GARCH model emphasizing negative asymmetry. The findings
are not inconsistent but rather reflect the unique characteristics of each model, which are
essential for accurately interpreting market behavior during the COVID-19 period.

An out-of-sample backtesting analysis was performed to assess the predictive accuracy of
the GARCH, EGARCH, and GJR-GARCH models during the COVID-19 crisis. Using rolling
one-step-ahead forecasts evaluated with standard loss functions (MSE, QLIKE, MAE-LOG)
and the Diebold—Mariano test, results show that asymmetric models—particularly EGARCH
for EUR/MRU and GJR-GARCH for USD/MRU—provide slightly superior volatility forecasts.
This consistency between in-sample and out-of-sample results confirms the robustness and
practical relevance of asymmetric specifications for modeling exchange rate volatility in
times of crisis. These results indicate that the Central Bank of Mauritania could leverage
insights from the asymmetric EGARCH and GJR-GARCH models to better manage exchange
rate volatility. Positive shocks on the EUR/MRU and negative shocks on the USD/MRU
have disproportionate effects, emphasizing the need for targeted interventions and hedging
strategies. Incorporating these dynamics into risk management could help the central bank
anticipate market fluctuations and stabilize the foreign exchange market.
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Appendix A

Table A1. Model selection criteria for ARMA-GARCH(1,1).

Model/Period AIC BIC  Distribution Log-Likelihood
EURO/MRU—First Period —7.7204 —7.6845 Normal 3013.095
EURO/MRU—COVID-19 Period —7.6094 —7.5855 Normal 4955.890
USD/MRU—TFirst Period —8.8556 —8.8262 Normal 4438.227
USD/MRU—COVID-19 Period —8.7659 —8.7447 Normal 6628.611
ARMA-GARCH(1,1) models; Mean Model: ARMA(1,1); Distribution: Normal; Values of AIC, BIC, and Log-

Likelihood for model comparison.

Table A2. Model selection criteria for ARMA-EXP-GARCH(1,1).

Model/Period AIC BIC  Distribution Log-Likelihood
EURO/MRU—TFirst Period —7.7305 —7.6887 Normal 3018.035
EURO/MRU—COVID-19 Period —7.6163 —7.5885 Normal 4961.392
USD/MRU—First Period —9.2184 —9.1840 Normal 4620.791
USD/MRU—COVID-19 Period —8.9426 —8.9179 Normal 6763.127

ARMA-EXP-GARCH(1,1) models; Mean Model: ARMA(1,1); Distribution: Normal; Values of AIC, BIC, and
Log-Likelihood for model comparison.

Table A3. Model selection criteria for ARMA-GJR-GARCH(1,1).

Model/Period AIC BIC  Distribution Log-Likelihood
EURO/MRU—First Period —7.7191 —7.6772 Normal 3013.586
EURO/MRU—COVID-19 Period —7.6160 —7.5882 Normal 4961.200
USD/MRU—First Period —8.8818 —8.8474 Normal 4452.317
USD/MRU—COVID-19 Period  —8.3973 —8.3726 Normal 6351.139

ARMA-GJR-GARCH(1,1) models; Mean Model: ARMA(1,1); Distribution; Values of AIC, BIC, and Log-Likelihood

for comparison.

Table A4. Residual diagnostics—ARMA-GARCH(1,1) EURO/MRU first period.

Criterion/Test Value p-Value
Ljung-Box on residuals (¢¢, Lag 1) 0.1267 0.7218
Ljung-Box on residuals (¢;, Lag 5) 3.5748 0.1773
Ljung-Box on residuals (¢, Lag 9) 6.1004 0.2405
Ljung-Box on squared residuals (¢2, Lag 1) 5.804 0.01599
Ljung-Box on squared residuals (¢2, Lag 5) 6.414 0.07176
Ljung-Box on squared residuals (€2, Lag 9) 8.783 0.09002
Jarque-Bera (normality) 223.93 <22 x 10716

Residual diagnostics for ARMA-GARCH(1,1) model; standardized residuals and squared residuals tested with

Ljung-Box, normality with Jarque-Bera.
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Table A5. Residual diagnostics—ARMA-GARCH(1,1) EURO/MRU COVID-19 period.

Criterion/Test Value p-Value
Ljung-Box on residuals (¢, Lag 1) 0.02372 0.8776
Ljung-Box on residuals (¢¢, Lag 5) 0.86007 1.000
Ljung-Box on residuals (¢¢, Lag 9) 2.19526 0.9747
Ljung-Box on squared residuals (¢2, Lag 1) 0.09514 0.7577
Ljung-Box on squared residuals (¢2, Lag 5) 0.85757 0.891
Ljung-Box on squared residuals (€2, Lag 9) 2.21616 0.8777
Jarque—-Bera (normality) 2109.6 <2.2 x 10716

Residual diagnostics for ARMA-GARCH(1,1) model; standardized residuals and squared residuals tested with
Ljung-Box, normality with Jarque-Bera.

Table A6. Residual diagnostics—ARMA-GARCH(1,1) USD/MRU first period.

Criterion/Test Value p-Value
Ljung—-Box on residuals (¢¢, Lag 1) 1.910 0.1670
Ljung-Box on residuals (¢, Lag 5) 2.322 0.8629
Ljung-Box on residuals (¢, Lag 9) 3.147 0.8671
Ljung-Box on squared residuals (¢2, Lag 1) 0.0006081 0.9803
Ljung-Box on squared residuals (¢2, Lag 5) 0.0115312 1.0000
Ljung-Box on squared residuals (¢?, Lag 9) 0.0265921 1.0000
Jarque—Bera (normality) 13,261 <2.2 x 10716

Residual diagnostics for ARMA-GARCH(1,1) model; standardized residuals and squared residuals tested with
Ljung-Box, normality with Jarque-Bera.

Table A7. Residual diagnostics—ARMA-GARCH(1,1) USD/MRU COVID-19 period.

Criterion/Test Value p-Value
Ljung-Box on residuals (¢, Lag 1) 3.948 4.694 x 1072
Ljung-Box on residuals (¢¢, Lag 5) 6.216 3.213 x 107°
Ljung-Box on residuals (g¢, Lag 9) 7.384 0.09531
Ljung-Box on squared residuals (¢?, Lag 1) 1.954 x 107> 0.9965
Ljung-Box on squared residuals (¢2, Lag 5) 0.1084 0.9978
Ljung-Box on squared residuals (¢7, Lag 9) 0.1612 1.0000
Jarque—Bera (normality) 13,261 <2.2 x 10716

Residual diagnostics for ARMA-GARCH(1,1) model; standardized residuals and squared residuals tested with

Ljung—Box, normality with Jarque—Bera.

Table A8. Residual diagnostics—ARMA-EXP-GARCH(1,1) EURO/MRU first period.

Criterion/Test Value p-Value
Ljung-Box on residuals (¢¢, Lag 1) 0.1461 0.7023
Ljung-Box on residuals (¢¢, Lag 5) 3.6746 0.1435
Ljung-Box on residuals (¢¢, Lag 9) 6.3822 0.1993
Ljung-Box on squared residuals (¢?, Lag 1) 2.258 0.1329
Ljung-Box on squared residuals (¢?, Lag 5) 3.445 0.3317
Ljung-Box on squared residuals (¢2, Lag 9) 5175 0.4042
Jarque-Bera (normality) 225.98 <2.2 x 10716

Residual diagnostics for ARMA-EXP-GARCH(1,1) model; standardized residuals and squared residuals tested
with Ljung-Box, normality with Jarque-Bera.
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Table A9. Residual diagnostics—ARMA-EXP-GARCH(1,1) EURO/MRU COVID-19 period.
Criterion/Test Value p-Value
Ljung-Box on residuals (¢¢, Lag 1) 0.0001615 0.9899
Ljung-Box on residuals (g¢, Lag 5) 0.8823582 1.000
Ljung-Box on residuals (¢;, Lag 9) 2.3697296 0.9627
Ljung-Box on squared residuals (¢2, Lag 1) 0.3039 0.5815
Ljung-Box on squared residuals (¢2, Lag 5) 1.2118 0.8102
Ljung-Box on squared residuals (¢2, Lag 9) 3.3434 0.7012
Jarque-Bera (normality) 2110.8 <2.2 x 10716

Residual diagnostics for ARMA-EXP-GARCH(1,1) model; standardized residuals and squared residuals tested

with Ljung-Box, normality with Jarque-Bera.

Table A10. Residual diagnostics—ARMA-EXP-GARCH(1,1) USD/MRU first period.

Criterion/Test Value p-Value
Ljung-Box on residuals (g¢, Lag 1) 0.3264 0.5678
Ljung-Box on residuals (¢¢, Lag 5) 0.7309 1.000
Ljung-Box on residuals (¢, Lag 9) 5.3077 0.3863
Ljung-Box on squared residuals (¢2, Lag 1) 0.003871 0.9504
Ljung-Box on squared residuals (¢2, Lag 5) 0.038154 0.9997
Ljung-Box on squared residuals (¢2, Lag 9) 0.097338 1.000
Jarque-Bera (normality) 2110.8 <2.2 x 10716

Residual diagnostics for ARMA-EXP-GARCH(1,1) model; standardized residuals and squared residuals tested

with Ljung-Box, normality with Jarque-Bera.

Table A11. Residual diagnostics—ARMA-EXP-GARCH(1,1) USD/MRU COVID-19 period.

Criterion/Test Value p-Value
Ljung-Box on residuals (¢, Lag 1) 8.859 292 x 1073
Ljung-Box on residuals (¢, Lag 5) 9.567 3.26 x 10712
Ljung-Box on residuals (¢, Lag 9) 13.05 3.64 x 1074
Ljung-Box on squared residuals (¢2, Lag 1) 0.03084 0.8606
Ljung-Box on squared residuals (¢7, Lag 5) 0.14521 0.996
Ljung-Box on squared residuals (€2, Lag 9) 0.25807 0.9998
Jarque—Bera (normality) 79,804 <2.2 x 10716

Residual diagnostics for ARMA-EXP-GARCH(1,1) model; standardized residuals and squared residuals tested

with Ljung-Box, normality with Jarque-Bera.

Table A12. Residual diagnostics—ARMA-GJR-GARCH(1,1) EURO/MRU first period.

Criterion/Test Value p-Value
Ljung-Box on residuals (¢, Lag 1) 0.1204 0.7286
Ljung-Box on residuals (¢¢, Lag 5) 3.6853 0.1401
Ljung-Box on residuals (¢;, Lag 9) 6.2885 0.2124
Ljung-Box on squared residuals (¢2, Lag 1) 7.483 0.00623
Ljung-Box on squared residuals (¢?, Lag 5) 8.295 0.02489
Ljung-Box on squared residuals (¢2, Lag 9) 11.394 0.02485
Jarque-Bera (normality) 223.5 <22 x 10716

Residual diagnostics for ARMA-GJR-GARCH(1,1) model; standardized residuals and squared residuals tested

with Ljung-Box, normality with Jarque-Bera.
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Table A13. Residual diagnostics—ARMA-GJR-GARCH(1,1) EURO/MRU COVID-19 period.

Criterion/Test Value p-Value
Ljung-Box on residuals (¢¢, Lag 1) 0.007844 0.9294
Ljung-Box on residuals (g¢, Lag 5) 0.942406 1.0000
Ljung-Box on residuals (¢¢, Lag 9) 2.393635 0.9608
Ljung-Box on squared residuals (¢2, Lag 1) 0.3227 0.5700
Ljung-Box on squared residuals (¢2, Lag 5) 1.1289 0.8299
Ljung-Box on squared residuals (¢2, Lag 9) 3.2078 0.7242
Jarque-Bera (normality) 2114.3 <22 x 10716

Residual diagnostics for ARMA-GJR-GARCH(1,1) model; standardized residuals and squared residuals tested

with Ljung-Box, normality with Jarque-Bera.

Table A14. Residual diagnostics—ARMA-GJR-GARCH(1,1) USD/MRU first period.

Criterion/Test Value p-Value
Ljung-Box on residuals (g¢, Lag 1) 0.5064 0.4767
Ljung-Box on residuals (¢¢, Lag 5) 0.9268 1.0000
Ljung-Box on residuals (¢, Lag 9) 1.9726 0.9857
Ljung-Box on squared residuals (¢2, Lag 1) 2.811 x 107° 0.9958
Ljung-Box on squared residuals (¢2, Lag 5) 1.837 x 1072 0.9999
Ljung-Box on squared residuals (¢2, Lag 9) 4138 x 1072 1.0000
Jarque-Bera (normality) 13,330 <2.2 x 10716

Residual diagnostics for ARMA-GJR-GARCH(1,1) model; standardized residuals and squared residuals tested

with Ljung-Box, normality with Jarque-Bera.

Table A15. Residual diagnostics—ARMA-GJR-GARCH(1,1) USD/MRU COVID-19 period.

Criterion/Test Value p-Value
Ljung-Box on residuals (¢, Lag 1) 5.140 2338 x 1072
Ljung-Box on residuals (¢¢, Lag 5) 6.733 3.489 x 107
Ljung-Box on residuals (¢, Lag 9) 8.353 4.263 x 1072
Ljung-Box on squared residuals (€2, Lag 1) 0.0003991 0.9841
Ljung-Box on squared residuals (¢7, Lag 5) 0.0602076 0.9993
Ljung-Box on squared residuals (¢2, Lag 9) 0.1127120 1.0000
Jarque—Bera (normality) 86,266 <2.2 x 1016

Residual diagnostics for ARMA-GJR-GARCH(1,1) model; standardized residuals and squared residuals tested

with Ljung-Box, normality with Jarque-Bera.
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Figure A1l. News impact curves for ARMA-GARCH(1,1) EURO/MRU exchange rate (first period on

the (left), COVID-19 period on the (right)).
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Figure A2. News impact curves for ARMA-GARCH(1,1) USD/MRU exchange rate (first period on
the (left), COVID-19 period on the (right)).
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Figure A3. News Impact Curves for Exp-GARCH(1,1) EURO/MRU Exchange Rate (First Period on
the (left), COVID-19 Period on the (right)).
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Figure A4. News Impact Curves for Exp-GARCH(1,1) USD/MRU Exchange Rate (First Period on the
(left), COVID-19 Period on the (right)).
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Figure A5. News impact curves for GJR-GARCH(1,1) EURO/MRU exchange rate (first period on the
(left), COVID-19 period on the (right)).
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Figure A6. News impact curves for GJR-GARCH(1,1) USD/MRU exchange rate (first period on the
(left), COVID-19 period on the (right)).
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