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Abstract

This paper investigates the dynamics of volatility spillovers in the South African foreign
exchange market across calm and crisis periods, with particular attention paid to the pre-
and post-COVID-19 eras. Employing daily exchange rate returns from 2015 to 2025, we
apply a Quantile Vector Autoregression (QVAR) model to uncover asymmetries in spillover
transmission across the distribution of returns. We evaluate the implications of these
spillovers for portfolio performance under three canonical strategies: risk parity, tangency,
and naïve equal-weighting. Our findings indicate that the COVID-19 shock intensified
volatility spillovers and exacerbated their asymmetry, especially in the lower tail, while the
pre-COVID period portrayed higher volatility compared to the post-COVID period under
calm market conditions. While risk-based strategies dominate in tranquil markets, equal-
weighted portfolios exhibit superior downside resilience under stress, although they ignore
risk exposure. These results underscore the importance of accounting for tail-risk-driven
interconnectedness in portfolio construction and risk management. This study contributes
to the growing literature on volatility spillovers and offers practical insights for managing
currency exposure in emerging markets under nonlinear dependence structures.

Keywords: volatility spillover; portfolio performance; risk parity portfolio; tangency
portfolio; foreign exchange market

1. Introduction
The South African foreign exchange market has been characterized by persistent

volatility and prolonged depreciation of the rand for over two decades, a trend that has
significantly disrupted key economic fundamentals such as production, trade flows, capital
mobility, and investment patterns (Chikwira & Jahed, 2024; Maveé et al., 2016). These
exchange rate fluctuations are often amplified during periods of global or regional crises,
with heightened volatility impeding diversification opportunities and exacerbating down-
side risk exposures (Diebold & Yilmaz, 2015). In addition, the dynamics of exchange rate
volatility in South Africa have gained renewed importance in the post-COVID-19 era due to
intensified disruptions both domestic and international that include load-shedding, global
risk aversion, and monetary policy changes (SARB, 2023). According to the International
Monetary Fund (IMF, 2020a), these dynamics have also adversely impacted foreign di-
rect investment (FDI) inflows into South Africa, raising concerns about macroeconomic
resilience and investor confidence. Against this backdrop of heightened uncertainty and
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increased integration into global capital markets, the South African Reserve Bank (SARB,
2020) shows that understanding the transmission mechanisms of exchange rate volatility
is critical particularly during turbulent periods when policy space narrows and financial
contagion risks intensify. Moreover, for an emerging market such as South Africa, whose
external sector remains sensitive to exogenous shocks, insights into how foreign exchange
volatility spills across currency pairs and over time is essential for investors, policymakers,
and international stakeholders.

A growing body of research has attempted to quantify exchange rate volatility and
its transmission dynamics using standard models. These include Vector Autoregressive
(VAR) models (Boakye et al., 2023), Autoregressive Distributed Lag (ARDL) models (Mpofu,
2021; Ngondo & Khobai, 2018), and the family of Generalized Autoregressive Conditional
Heteroskedasticity (GARCH) models (Buthelezi, 2023). While such models have proven
useful in capturing linear interdependencies and short-run dynamics, their assumptions of
normality and symmetry often fall short during periods of financial stress, where heavy
tails, regime shifts, and nonlinear dependencies prevail. As Diebold and Yilmaz (2015)
emphasize, accurately identifying volatility spillovers is imperative for informing portfo-
lio allocation and macroprudential risk management strategies. Despite methodological
advances, there remains a critical gap in the literature regarding the quantile-specific frame-
work of volatility transmissions, particularly in the South African foreign exchange context.
Most existing models implicitly assume homogeneous effects across the distribution of
returns, thereby neglecting the asymmetric impact of volatility under extreme conditions1.
This limitation is particularly more significant during periods of increased volatility in the
global economy, where tail risks have become more pronounced.

The COVID-19 pandemic introduced a distinct set of financial and real economy
shocks that differ meaningfully from those experienced in the pre-COVID period. Whereas
the pre-COVID era was characterized by moderate disruptions (Goldstein et al., 2021),
the post-2020 environment has been shaped by compounded crises, including a global
health crisis, escalating geopolitical tensions in Europe, and military conflicts in the Middle
East. These developments, especially through their impact on trade and capital flows, have
further weakened South Africa’s current account balance and amplified exchange rate
instability. Notably, these events have highlighted the limitations of conventional models
that do not account for market asymmetries or extreme-state dependencies. Moreover, prior
studies often fail to distinguish between different market states. This omission is non-trivial
especially in stable and distressed markets. Under bullish conditions, investor optimism
tends to suppress perceived risks and dampen exchange rate volatility, thereby reducing
the urgency of spillover monitoring for policy or portfolio rebalancing (Škrinjarić et al.,
2020). Conversely, under stable and distressed conditions, volatility spillovers become
materially significant as they influence import/export pricing, currency mismatch risk, and
sovereign debt exposure, particularly in emerging markets (Bernoth & Herwartz, 2021).
Thus, this study focuses on the volatility spillover dynamics and portfolio performance
under stable and bearish market conditions.

To address these gaps, this paper applies the Quantile Vector Autoregressive (QVAR)
model to examine exchange rate return spillovers across different quantiles of the condi-
tional return distribution. The QVAR model is particularly well-suited to capture distribu-
tional heterogeneity, non-normality, skewness, and kurtosis, which are often observed in
financial return series during stress periods. By contrasting QVAR outcomes with those
from traditional VAR models, the study delivers a more nuanced analysis of asymmetric
volatility transmission in the South African rand (ZAR) vis-à-vis its major trading part-
ner currencies, including the US dollar (USD), Chinese yuan (CNY), Brazilian real (BRL),
Japanese yen (JPY), Botswana pula (BWP), and the euro (EUR). Furthermore, this study
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distinguishes volatility transmission patterns across pre- and post-COVID periods, shed-
ding light on how crisis heterogeneity affects currency market interdependence. Particular
attention is devoted to the dynamics of volatility spillovers under stable and distressed
regimes, where the implications for hedging, reserve adequacy, and policy signalling are
most pronounced.

The principal objective of this study is to investigate the quantile-dependent volatility
spillover dynamics in the South African foreign exchange market using the Quantile Vector
Autoregressive (QVAR) framework. By adopting this method, this paper aims to capture
the heterogeneity in spillover intensities that manifest under different market conditions,
particularly in the lower tails of the return distribution. This objective responds directly
to the empirical and policy imperative of identifying non-linear and asymmetric risk
transmission channels in times of financial distress. The study also seeks to evaluate the
comparative effectiveness of QVAR vis-à-vis traditional VAR models in capturing inter-
currency dependencies, thereby offering more robust tools for portfolio diversification,
policy calibration, and financial stability assessments in highly volatile emerging markets
such as South Africa.

Considering the observed shortcomings in the conventional modelling of exchange
rate dynamics, especially under non-normal and asymmetric conditions, this paper seeks
to answer several critical research questions. First, how does the transmission of exchange
rate volatility in South Africa vary across different segments of the return distribution,
particularly in the lower tail where market distress is most severe? Second, do volatility
spillovers differ across periods of market calm and stress, and how are these period-
specific effects distributed across South Africa’s key bilateral currency pairs? Third, to what
extent do quantile-specific measures of connectedness enhance our understanding of cross-
currency risk interdependence beyond what is captured by traditional mean-based models
such as VAR? Finally, how do these quantile-based spillovers inform the design of portfolio
strategies and macroprudential interventions aimed at risk mitigation in emerging markets?

Key findings reveal important quantile-specific differences. While both dynamic VAR
and QVAR produce similar connectedness indices under stable market conditions, QVAR
uncovers significant asymmetries under extreme conditions. In tranquil and stressed
markets, the ZAR.CNY and ZAR.USD pairs emerge as net volatility transmitters during
both, pre-COVID and post-COVID periods, and ZAR.BWP and ZAR.BRL as net volatility
receivers. However, compared to the pre-COVID period, volatility spillovers are higher
during market downturns of the post-COVID period. Among all pairwise interactions,
ZAR.CNY consistently exhibited the strongest spillover magnitude. Impulse response
functions further confirm that ZAR.CNY shocks are persistent, often extending beyond two
trading days. Portfolio optimisation results highlight the superior diversification benefits
of risk parity strategies during crisis years such as 2016 and 2022. However, negative
Sharpe ratios across both periods underscore the inadequacy of returns in compensating
for elevated risk exposure.

2. Literature Review
Exchange rates are pivotal to the macroeconomic performance of emerging economies,

particularly through their influence on trade competitiveness, capital flows, and financial
stability. In the South African context, Ngondo and Khobai (2018) employed an Autoregres-
sive Distributed Lag (ARDL) model to show that exchange rate fluctuations significantly
impacted key macroeconomic variables, including exports, imports, capital flows, and
industrial production. The appreciation of the South African rand (ZAR) following in-
creased export demand further illustrates the exchange rate’s sensitivity to trade balances
(McCloud et al., 2024). Meanwhile, Yeboah and Takacs (2019), using a random effects
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model, documented how exchange rate volatility adversely affected firm-level profitability
among South Africa’s listed companies. Crucially, the transmission of global shocks to the
ZAR has material consequences for South Africa’s economic stability. Boakye et al. (2023),
using a Vector Autoregressive (VAR) framework, observed a 20% depreciation in the ZAR
during the 2013–2016 global crises, with regional repercussions given South Africa’s role as
a leading investor on the continent. This underscores the broader implications of currency
shocks beyond national borders.

Volatility in the South African foreign exchange market has been a persistent concern.
Mpofu (2021), applying both ARDL and GARCH methodologies, demonstrated how ad-
verse exchange rate shocks perpetuate volatility over multiple periods. Similarly, Buthelezi
(2023) used a combination of GARCH and Vector Error Correction (VEC) models to reveal
that the South African currency market remains highly susceptible to exogenous shocks.
Volatility spillovers between asset classes have also been documented. Rai and Garg (2022),
using DCC-GARCH and BEKK-GARCH models, found long-run dynamic correlations
between exchange rates and stock markets in several BRICS countries, including South
Africa. These correlations are especially relevant during episodes of financial distress when
volatility transmission is amplified.

Many recent studies have examined the post-COVID landscape of foreign exchange
markets in emerging economies. The African Development Bank (ADB, 2021) reported
substantial currency depreciations due to reduced foreign direct investment, remittances,
and portfolio flows. South Africa endured the most of the pandemic’s economic fallout,
accounting for 38% of Africa’s COVID-19 cases in 2021 (Anyanwu & Salami, 2021). The
impact of the COVID-19 pandemic on financial markets is also seen to persist in other
emerging economies for example, in Indonesia, an emerging economy like South Africa
(Hartono et al., 2024). Structural vulnerabilities, such as persistent current account deficits
(Fowkes et al., 2018; SARB, 2024; Bureau for Economic Research, 2025), and post-pandemic
trade imbalances further exposed the ZAR to external pressures (Monamodi, 2024). High
correlations in FX markets during crisis periods have exacerbated financial policy uncer-
tainty (Aftab et al., 2024) and raised the risk of contagion. This is consistent with findings
by Diebold and Yilmaz (2015), who argue that elevated connectedness is associated with
systemic fragility. For example, Chang et al. (2024) found that exchange rate volatility
Granger-caused equity market fluctuations in Taiwan, while Rakshit and Neog (2022)
reported a dampening effect on stock returns in other emerging markets.

While GARCH and ARDL models remain widely used, they are fundamentally mean-
based and hence limited in their ability to account for skewness, heavy tails, or asymmetric
transmission mechanisms. ARDL models, although effective for long-run co-integration
analysis (Begum et al., 2022), are ill-suited to capture extremal co-movements or tail depen-
dencies that typify financial distress periods. GARCH-type models, focused on conditional
variance, often rely on strong distributional assumptions and can underperform in the
presence of non-Gaussian distribution (Engle, 1982). VAR models, similarly, operate under
linearity and symmetry assumptions (Lütkepohl, 2005), and do not accommodate structural
changes or distributional shifts that are common during market crises. These limitations
motivate the application of more flexible, distribution-sensitive frameworks, particularly for
understanding the complex dynamics of exchange rate volatility in crisis-prone economies
such as South Africa.

The Quantile Vector Autoregressive (QVAR) model, introduced by White et al. (2015),
represents a significant methodological advancement by estimating the conditional quan-
tiles of the joint distribution of macro-financial variables. Unlike mean-based approaches,
QVAR models capture the entire conditional distribution, thus enabling the analysis of
heterogeneous effects across the distribution especially in the lower and upper tails. This
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feature makes QVAR particularly effective for analysing downside risks, tail dependence,
and asymmetric volatility transmission during periods of market stress (Adrian et al.,
2019). Koenker and Xiao (2006) further argue that the related Quantile Autoregressive
(QAR) models are robust in the presence of asymmetric returns distributions, a feature
common in financial data. Gong et al. (2023) and Huang and Zhang (2024) demonstrate
that QVAR models can effectively capture asymmetric shock propagation, especially under
crisis conditions. In this regard, QVAR facilitates a more accurate representation of tail risk
dynamics and inter-market spillovers compared to traditional methods. A recent similar
study that applied the QVAR model on exchange rates of emerging economies involved the
utilisation of Latin American currencies against major international currencies. This study
revealed that during crises, the direct influence of major international currencies on Latin
American exchange rates diminishes, albeit with mixed impact on different economies with
the Argentinian and Uruguayan pesos receiving shocks, while the Brazilian real and the
Peruvian sol were predominantly transmitters of volatility (Kyriazis & Corbet, 2024).

As shown above, much of the literature on exchange rate dynamics in South Africa has
relied on ARDL, VAR, and GARCH models, often with a focus on mean of the distribution
or long-run equilibrium conditions. However, this approach fails to capture the asymmetric
and non-linear responses observed in high-volatility episodes such as the COVID-19
crisis. Given the increased investor interest in emerging market FX markets (Rehman
et al., 2022), a country-specific quantile-based analysis is both warranted and timely. This
study contributes by implementing both mean-based VAR and QVAR models to examine
volatility spillovers in the ZAR during the pre- and post-COVID periods. This dual
modelling strategy allows us to compare volatility dynamics at the mean, median, and
lower tail of the distribution, capturing extreme downside risks more effectively. We further
extend the analysis through portfolio construction and backtesting of ZAR exchange rates
with South Africa’s major trading partners, aligning with Basel III recommendations on
capital adequacy and risk evaluation (Taskinsoy, 2022).

Understanding the dynamics of exchange rate volatility is imperative for policymak-
ers and investors. As Özdemir (2024) highlights, spillover analysis reveals the origin of
financial risk and provides a basis for targeted policy responses. Our QVAR-based ap-
proach enables a more accurate stress-testing framework, allowing regulators to assess
how exchange rate shocks propagate under adverse conditions. For portfolio managers,
this provides actionable insight into downside risk and informs asset allocation strategies
under crisis scenarios.

The remainder of the paper is structured as follows: Sections 3 and 4 describe the
methodology, data used, and empirical findings, while in Sections 5 and 6, we present the
discussion, and the conclusion, respectively.

3. Methodology
We employ the Dynamic Time Warping (DTW) distance metric to reduce the dimen-

sionality of the dataset by identifying exchange rates that are dissimilar in their temporal
dynamics. Exchange rates with lower similarity, interpreted as being less correlated, are
retained for further analysis, in line with portfolio diversification theory, which favours
low-correlation assets to mitigate overall portfolio volatility without sacrificing expected
returns (Reinholtz et al., 2021). For the empirical investigation of volatility spillovers and
portfolio dynamics, we estimate both the Vector Autoregressive (VAR) and Quantile Vector
Autoregressive (QVAR) models. The QVAR framework, which models the conditional
quantiles of the return distribution, is particularly advantageous in the presence of non-
Gaussian features such as skewness and fat tails. Unlike the VAR model, which relies on
the conditional mean and is thus more sensitive to outliers and distributional asymmetries,
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the QVAR provides a robust characterization of dependent structures by focusing on the
median, thereby offering a more representative central tendency under such conditions
(Prasad, 2023).

3.1. Dynamic Time Warping Distance

Dynamic Time Warping (DTW) is widely employed as a distance-based algorithm
to quantify the similarity between time series by aligning their shapes and measuring the
optimal warping path between them (Liu et al., 2024; Suris et al., 2022). In the context
of portfolio selection, investors often seek assets with lower co-movement to enhance
diversification benefits, particularly during periods of market stress when asset correlations
increase significantly and prices fall simultaneously, phenomena prominently observed
in the aftermath of the COVID-19 crisis (Li et al., 2022). Such episodes of heightened
synchronicity have also characterized exchange rate markets, primarily due to elevated
economic and policy uncertainty (Aftab et al., 2024). Moreover, elevated cross-asset cor-
relation is frequently associated with spikes in volatility (Diebold & Yilmaz, 2015), and
in the case of exchange rates, such volatility has been shown to exert a dampening effect
on other aspects of the emerging market economies such as the equity market (Rakshit &
Neog, 2022). Against this backdrop, DTW provides a robust methodological framework
to identify exchange rate pairs with dissimilar dynamics, facilitating the selection of less-
correlated currencies and thereby improving portfolio resilience during turbulent periods.
DTW method is given in Suris et al. (2022) as follows:

Given any two time series, U and V with lengths n and m in (1) and (2), respectively,

U = u1, u2, . . . , ui, . . . , un (1)

V = v1, v2, . . . , vj, . . . , vm (2)

an n×m distance matrix can be obtained where the elements comprise of D(i, j) = d
(
ui, vj

)
as the distance between two points. Dynamic programming is then is used to compute the
cumulative distance matrix by applying the reiteration in (3).

γ(i, j) = d
(
ui, vj

)
+ min{γ(i − 1, j), γ(i, j − 1), γ(i − 1, j − 1)} (3)

where γ(i, j) is cumulative distance, d
(
ui, vj

)
is the distance of the current cell and the rest

of the formula is the minimum value of the adjacent elements of the respective cumulative
distance. For a path W = {w1, w2, . . . , wk, . . . , wc} that minimises the total cumulative
distance between the two sequences and that results into the best alignment, to be achieved,
three conditions of boundary, continuity, and monotonicity shown below must be satisfied
to obtain the warping path.

(i) w1 = D(1, 1) and wk = D(n, m);
(ii) wk = D(ik, jk) and wk+1 = D(ik+1, jk+1), ik+1 − ik ≤ 1 and jk+1 − jk ≤ 1;
(iii) ik+1 − ik ≥ 0 and jk+1 − jk ≥ 0.

Hence, the DTW distance in (4) is the path that minimizes the warping cost:

DTW(u, v) = min
c

∑
k=1

wk (4)

In this paper, we applied the DTW distance and hierarchical clustering type for asset
similarity analysis. Clustering has often been used to find patterns in datasets consisting of
many time series and simplifying them (Aghabozorgi et al., 2015; Guijo-Rubio et al., 2018).
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3.2. Generalized Spillover and Measurement in a VAR Model

Diebold and Yilmaz (2012) extend their 2009 spillover index, derived from the variance
decomposition associated with an N-variable vector autoregression and whose focus was
on total spillovers in a simple Vector Autoregressive (VAR) framework to the one which
measures the directional spillovers in a generalized VAR framework that eliminates the
possible dependence of the results on ordering. This model, whose detailed discussion is
given in Diebold and Yilmaz (2012), is as follows:

Based on the famous work of Sims (1980), the covariance stationary N-variable VAR(p)
in Diebold and Yilmaz (2012) is given in (5) as:

xt =
p

∑
i=1

Φixt−i + εt (5)

where ε ∼ (0, Σ) are independently and identically distributed (iid) innovations, the moving
average representation is xt = ∑∞

i=0 Aiεt−i, where the N × N coefficient matrices Ai obey
the recursion Ai = Φ1 Ai−1 + Φ2 Ai−2 + · · ·+ Φp Ai−p, with A0 being an N × N identity
matrix and with Ai = 0 for i < 0. The moving average coefficients (or transformations
such as impulse response functions or variance decompositions) are used to dissolve the
forecast error variances of each variable into parts responsible for various system shocks
through the assessment of the fraction of the H -step-ahead error variance in forecasting xi

that is due to shocks to xj, ∀j ̸= i, for each i.
Computing variance decompositions requires orthogonal innovations which are

achieved by employing the generalized VAR framework of Koop et al. (1996) and Pesaran
and Shin (1998), hereafter KPPS, which produces order-invariant variance decompositions.
Instead of orthogonalizing shocks, this approach allows correlated shocks but accounts for
them using the historically observed error distributions. As the shocks to each variable are
not orthogonalized, the sum of the contributions to the variance of the forecast error may
not be equal to one.

3.2.1. Variance Shares

Diebold and Yilmaz (2012) define variance shares as the fractions of the H-step-ahead
error variances in forecasting xi attributed to shocks to xi, for i = 1, 2, . . . , N, and cross
variance (spillovers) as the fractions of the H-step-ahead error variances in forecasting xi

that are due to shocks to xj, for i, j = 1, 2, . . . , N, ∀ i ̸= j.
Denoting the KPPS H-step-ahead forecast error variance decompositions by θ

g
ij(H) in

(6) for H = 1, 2, . . .,

θ
g
ij(H) =

σ−1
ij ∑H−1

h=0

(
e′i AhΣej

)2

∑H−1
h=0

(
e′i AhΣA′

hei
) (6)

where Σ is the variance matrix for the error vector ε, σjj is the standard deviation of the
error term for the jth equation, and ei is the selection vector with ith element 1 and zeros
otherwise. Because the sum of the elements in each row of the variance decomposition
table, ∑N

j=1 θ
g
ij(H) ̸= 1, to use the information available in the variance decomposition

matrix in the calculation of the spillover index, each entry of the variance decomposition
matrix is normalized by the row sum as:

θ̃
g
ij(H) =

θ
g
ij(H)

∑N
j=1 θ

g
ij(H)

(7)

By construction, ∑N
j=1 θ̃

g
ij(H) = 1 and ∑N

i,j=1 θ̃
g
ij(H) = N.
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3.2.2. Total Spillovers

Using the volatility contributions from the KPPS variance decomposition of the
Cholesky factor-based measure, total volatility spillover index is calculated in (8) as:

Sg(H) =

∑N
i,j=1
i ̸=j

θ̃
g
ij(H)

∑N
i,j=1 θ̃

g
ij(H)

· 100 =

∑N
i,j=1
i ̸=j

θ̃
g
ij(H)

N
· 100 (8)

The total spillover index measures the contribution of spillovers of volatility shocks
across all assets to the total forecast error variance.

3.2.3. Directional Spillovers

Whereas the total volatility spillover index shows the number of shocks to the volatility
spillover across all assets, the generalized VAR approach facilitates the understanding of
the direction of volatility spillovers across all assets. As the generalized impulse responses
and variance decompositions are order-invariant, directional spillovers received by asset
i from all other assets j, are calculated using the normalized elements of the generalized
variance decomposition matrix, as shown in (9).

Sg
i.(H) =

∑N
j=1
j ̸=i

θ̃
g
ij(H)

∑N
i,j=1 θ̃

g
ij(H)

· 100 =

∑N
j=1
j ̸=i

θ̃
g
ij(H)

N
· 100 (9)

Similarly, the directional volatility spillovers transmitted by asset i to all other assets j
are calculated as:

Sg
·i(H) =

∑N
j=1
j ̸=i

θ̃
g
ji(H)

∑N
i,j=1 θ̃

g
ji(H)

· 100 =

∑N
j=1
j ̸=i

θ̃
g
ji(H)

N
· 100 (10)

3.2.4. Net Spillovers

Net volatility spillover from asset i to all other assets j, measured by the difference
between the gross volatility shocks transmitted to and those received from all other assets,
is calculated in (11) as:

Sg
i (H) = Sg

.i(H)− Sg
i.(H) (11)

3.2.5. Net Pairwise Spillovers

Unlike the net volatility spillover in (11), which provides information about how much
each asset contributes to the volatility in other assets in net terms, the net pairwise volatility
spillovers in (12) provide the difference between the gross volatility shocks transmitted
from asset i to asset j and those transmitted from j to i.

Sg
ij(H) =

(
θ̃

g
ji(H)

∑N
i,k=1 θ̃

g
ik(H)

−
θ̃

g
ij(H)

∑N
j,k=1 θ̃

g
jk(H)

)
· 100 (12)

3.3. Quantile Vector Autoregressive Model and Spillovers

Quantile vector Autoregressive (QVAR) model and spillover model, whose detailed
discussion is provided in Khalfaoui et al. (2023) and Ando et al. (2022), are used to measure
the spillover connectedness of variable Ut(dependent ) on variable Vt (independent) at the
τth quantile, where τ ∈ (0, 1) of the conditional distribution Ut | Vt. The QVAR model of
order p and dimension n can be written as follows:
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Ut = ω0(τ) +
p

∑
j=1

Θj(τ)Vt−j + vt(τ) (13)

where Ut is n × n vector of dependent variables, p denotes the lag length, ω0(τ) is the mean
vector of order n × 1 at the quantile τ, Θj(τ) is the matrix of quantile VAR coefficients of
order n × n, and vt(τ) are the residual terms at quantile τ. Based on Wold theorem, the
quantile moving average in (13) can be expressed as:

Ut = ω0(τ) +
p

∑
j=1

Θj(τ)Vt−j + vt(τ) = ω0(τ) +
∞

∑
m=0

Ψm(τ) + vt−1 (14)

Ando et al. (2022) extend the mean-based quantities of Diebold and Yilmaz (2012)
to more flexible estimates of return connections among quantiles, τ. This connectedness
is further extended by Jena et al. (2022) to incorporate an infinite order vector-moving
average shown in (15).

Ut = ω0(τ) +
∞

∑
l=0

Λl(τ)δt−l (15)

where
ω0(τ) =

(
In + Φ1(τ) + · · ·+ Φp(τ)

)−1
γ(τ) (16)

and

Λl(τ) =


0, l < 0
In, l = 0

Φ1(τ)Λl−1 + . . . + Φp(τ)Λp−1,l > 0 .
(17)

In (15), variable Ut can be expressed as the sum of the error terms δt−l . Then, to
determine the impact of spread in asset i on asset j, the H-variates ahead Generalized
Forecast Error-Variance Decomposition (GFEVD) are calculated in (18) by Chatziantoniou
et al. (2021) as:

κ
g
ij(H) =

σ(τ)−1
jj ∑H−1

h=0

(
e′ihh∑ ej

)2

∑H−1
h=0

(
e′ihh∑ ej

) (18)

where κ
g
ij(H) refers to the jth asset’s contribution to the variance of the forecasting error of

the ith asset at horizon H, matrix, Σ denotes the variance matrix for the residual vector and
σjj(τ) is the jth diagonal component of the matrix, Σ. Vector ii assigns a vector with value 1
at the ith component and 0 otherwise.

The normalized variance decomposition matrix is calculated in (19) as:

∼
κ

g
ij(H) =

κ
g
ij(H)

∑k
j=1 κ

g
ijg(H)

(19)

GFEVD is then used to quantify the degree of connectedness at each quantile. In
Diebold and Yilmaz (2012), to assess the overall spillover impact in the entire system, the
total spillover connectedness index (TCI) at quantile τ is calculated in (20) as:

TCI(τ) =
∑k

i=1 ∑k
j=1,i ̸=j K̃

g
ij(τ)

∑k
i=1 ∑k

j=1 κ̃
g
ij(τ)

× 100 (20)

To measure the spillover effect of asset i from all other assets at each quantile τ, the
“FROM” and “TO” measures are used, with the τth directional spillover index “FROM”
given in (21) as:
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FROM =
∑k

j=1,i ̸=j
∼
κ

g
ij(τ)

∑k
j=1

∼
κ

g
ij(τ)

× 100 (21)

And the τth directional spillover index “TO” is expressed in (22) as:

TO =
∑k

j=1,i ̸=j K̃
g
ji(τ)

∑k
j=1 K̃

g
ji(τ)

× 100 (22)

From the directional spillover index measures “FROM” and “TO”, the τth net spillover
index (NET) is calculated in (23) as the difference between “TO” and “FROM” measures.

NET(τ) = TO − FROM (23)

Lastly, the τth net pairwise directional connectedness (NPDC) spillover index in (24)
is defined as:

NPDC = Sij =
∼
κ

g
ji(τ)−

∼
κ

g
ij(τ) (24)

3.4. Model Stability Test

According to (Pfaff & Stigler, 2024), a VAR(p)-process in its companion form is stable
if its reverse characteristic polynomial in (25),

det
(

IK − A1z − · · · − Apzp) ̸= 0 for |z| ≤ 1, (25)

has no roots in or on the complex circle. This satisfies the condition that all eigenvalues of
the companion matrix A have modulus less than 1. The function roots in the vars R package
is used to compute the eigenvalues of the companion matrix A and return their moduli.

3.5. Portfolio Optimization

In this study, we conduct portfolio optimization following the estimation of both the
VAR and QVAR models across the pre- and post-COVID-19 periods. To ensure robust-
ness, we implement three well-established portfolio allocation strategies: the risk parity
portfolio, the tangency portfolio, and the naïve equally weighted portfolio (EWP). The
risk parity approach, while analytically intricate due to its non-linear structure, offers
a theoretically sound framework for risk-based asset allocation (Roncalli, 2013). Recent
advances in computational methods have significantly reduced the practical barriers to
implementing this technique. The tangency portfolio, grounded in mean-variance opti-
mization and maximizing the Sharpe ratio, remains a benchmark model widely adopted in
the investment community for its theoretical elegance and empirical performance (Surtee
& Alagidede, 2023). Meanwhile, the equally weighted portfolio, despite its simplicity,
continues to garner empirical support for its out-of-sample performance and diversification
benefits, particularly in the face of model estimation risk (Shabani et al., 2024). Leveraging
these methodologies, we evaluate and compare the performance of each portfolio strategy
through the analysis of Sharpe ratios and portfolio backtesting.

3.5.1. Risk Parity Portfolio Optimization

Risk parity portfolios (RPP) are equally weighted risk contribution (ERC) portfolios
that imitate the diversification contributions of equally weighted portfolios while consid-
ering single and joint risk contributions of the assets (Maillard et al., 2010). Maillard et al.
(2010) define risk parity portfolios in n assets, x = (x1, x2, . . . , xn) as follows:
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Let σ2
i be the variance of asset i, σij be the covariance between assets i and j and Σ be

the covariance matrix. Let σ(x) =
√

x⊤Σx = ∑i x2
i σ2

i + ∑i ∑j ̸=i xixjσij be the risk of the
portfolio. Thus, marginal risk contributions, ∂xi σ(x), are defined as follows:

∂xi σ(x) =
∂σ(x)

∂xi
=

xiσ
2
i + ∑j ̸=i xjσij

σ(x)
(26)

where marginal are the quantities that give the change in volatility of the portfolio caused
by a small increase in the weight of one component. If total risk contribution of the ith asset
is given as σi(x) = xi × ∂xi σ(x), then we obtain the following decomposition:

σ(x) =
n

∑
i=1

σi(x) (27)

Thus, the risk of the portfolio is deducted as the sum of the total risk contributions.
A RPP portfolio is optimal if we assume a constant correlation matrix and all assets have
the same Sharpe ratio. If the constant correlation coefficient assumption holds, the total
risk contribution of asset i is equal to (Σx)i/σ(x) and it will be the same for all assets. It is
further required that each asset has the same individual Sharpe ratio given as, si =

µi−r
σi

.
However, when the correlations or Sharpe ratios differ, the RPP portfolio will differ from
the maximum Sharpe ratio (MSR) portfolio.

3.5.2. Tangency Portfolio Optimization

Tangency portfolio or maximum Sharpe ratio (MSR) portfolio is defined in Maillard
et al. (2010) as the portfolio where the ratio of the marginal excess return to the marginal
risk is equal for all assets in the portfolio and is the same as the Sharpe ratio of the portfolio
as shown in (28):

µ(x)− r
σ(x)

=
∂xµ(x)− r

∂xσ(x)
(28)

Therefore, portfolio x is MSR if it satisfies the following relationship:

µ − r =
(

µ(x)− r
σ(x)

)
Σx

σ(x)
(29)

Practically, the tangency portfolio lies on the efficient frontier and with the maximum
Sharpe ratio (see Bechis et al., 2020).

3.5.3. Equally Weighted Portfolio

The equally weighted portfolio (EWP) is defined as the portfolio of N assets where
each asset i has the same weight so that all assets in the portfolio have weight given as:

wi =
1
N

, ∀i = 1, . . . , N (30)

Consequently, from the definition of EWP, each asset i has the same weight as other
assets in the portfolio. This is a naïve portfolio construction method that does not require
any optimization.

3.6. Portfolio Performance Measurement

After constructing portfolios, the Sharpe ratio (SR) is used to measure portfolio perfor-
mance, where the optimal diversified portfolio is the one that maximizes the Sharpe ratio
(Pav, 2021) and the annualized Sharpe ratio is given in Equation (31) as:
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SRp =
Rp − R f

σp
(31)

where Rp is the mean of portfolio returns, R f is the risk-free rate of return and σp is the
standard deviation of Rp and a measure of portfolio risk. Thus, the Sharpe ratio captures a
tradeoff between objectives of maximizing expected returns and minimizing risk and asset
weights (wi) are selected by the optimizer to achieve these objectives.

3.7. Portfolio Backtest

According to the Basel III framework of the Basel Committee on Banking Supervision
(BCBS), portfolios should be backtested to assess the accuracy of risk models and ensure
capital adequacy (Taskinsoy, 2022). Backtesting can be analysed using portfolioBacktest R
package (version 0.4.1) where statistical results of the executed backtest that include the
cumulative return and the maximum drawdowns, are provided (Sarasa-Cabezuelo, 2023).

4. Empirical Findings
This study employs both standard Vector Autoregressive (VAR) and Quantile Vec-

tor Autoregressive (QVAR) frameworks to investigate the dynamic relationships among
selected exchange rates under stable and bear market conditions. Preliminary analyses
are presented prior to the main empirical results, which encompass volatility spillover
dynamics, asset-specific and portfolio-level performance assessments, and portfolio back-
testing. The analysis compares the pre-COVID and post-COVID periods using log-returns
data from eight bilateral exchange rates, each expressed as the South African Rand (ZAR)
vis-à-vis the currencies of key trading partners and some BRICS counterparts. Specifically,
the currency pairs include ZAR/BRL2, ZAR/RUB, ZAR/INR, ZAR/CNY, ZAR/EUR,
ZAR/JPY, ZAR/USD, and ZAR/BWP, wherein the foreign currency serves as the base
and ZAR as the quote currency. This construction facilitates an assessment of asymmetric
spillover transmission and performance heterogeneity across different economic regimes
and market conditions. To achieve more diversified portfolios, the similarity of exchange
rates is analysed, and less similar exchange rates are retained.

Exchange rate data was obtained from the investing.com website and consists of
daily closing prices of exchange rates from 5 January 2015 to 5 March 2025 with 1302 and
1351 observations for the pre- and post-COVID periods, respectively. We calculate the
log-returns of daily closing prices using rt = log

(
Pi,t

Pi,t−1

)
where Pi,t is the price of the

financial asset, i at time, t.
Exchange rate prices in Figure 1 show trends in the data, an indication of non-

stationary series and therefore we extract the non-trending asset returns data for the
analysis. Line plots of exchange rate prices and returns show co-movement in both pre-
and post-COVID periods, and except for 2016, are characterized by higher volatility in the
post-COVID period. The highest volatility in the post-COVID period is recorded during
the first six months of 2020 when the COVID-19 crisis was at its peak.

Preliminary descriptive statistics of the daily log-returns of exchange rates, as reported
in Table 1, reveal significant departures from normality, specifically, pronounced skewness
and excess kurtosis, highlighting the presence of heavy tails and asymmetries in the
distribution of returns. Considering these distributional features, we employ the Quantile
Vector Autoregression (QVAR) model, which is robust to deviations from normality and
less sensitive to skewness and kurtosis in the data-generating process. The results derived
from the QVAR specification are juxtaposed with those from the conventional Vector
Autoregression (VAR) framework, which is more susceptible to such statistical irregularities.
Furthermore, the standard deviation statistics indicate that exchange rate volatility was
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higher during the pre-COVID period relative to the post-COVID period. However, it is
important to note that the summary statistics in Table 1 reflect average volatility over the
sample windows and may obscure episodic surges in volatility that occurred in sub-periods
of the post-COVID era, which at times surpassed those observed in the pre-COVID phase.

Figure 1. Exchange rate prices (red) and returns (gray) for the pre- and post-COVID periods where
the left y-axis represents exchange rate returns and the right y-axis represents exchange rate prices.

Table 1. Summary statistics.

Pre-COVID Period

Mean Variance Stdev Skewness Kurtosis JB ADF LB

ZAR.BRL −0.0002 0.0001 0.0107 0.2550 2.3507 316.01 *** −12.25 *** 3.14
ZAR.RUB 0.0001 0.0001 0.0110 −0.0952 2.9047 462.56 *** −11.08 *** 6.71 **
ZAR.INR 0.0000 0.0001 0.0095 0.1678 1.3869 111.50 *** −11.84 *** 0.67
ZAR.CNY 0.0000 0.0001 0.0099 0.1790 1.2221 88.86 *** −12.05 *** 1.29
ZAR.EUR 0.0001 0.0001 0.0099 0.2344 1.4165 121.85 *** −11.39 *** 2.84
ZAR.JPY 0.0002 0.0001 0.0111 0.4887 3.2923 643.43 *** −11.68 *** 0.37
ZAR.USD 0.0001 0.0001 0.0103 0.1907 1.2352 91.55 *** −11.79 *** 1.757
ZAR.BWP 0.0001 0.0001 0.0084 0.2683 2.1955 279.06 *** −11.70 *** 102.72 ***

Post-COVID Period
ZAR.BRL −0.0001 0.0001 0.0102 −0.0065 0.7265 30.17 *** −10.78 *** 6.28 **
ZAR.RUB 0.0001 0.0004 0.0191 −0.9900 21.6835 26,777 *** −10.97 *** 1.20
ZAR.INR 0.0001 0.0001 0.0085 0.3880 0.5812 53.34 *** −10.72 *** 1.54
ZAR.CNY 0.0002 0.0001 0.0086 0.3879 0.7491 66.02 *** −10.61 *** 4.06
ZAR.EUR 0.0002 0.0001 0.0082 0.6080 1.8775 283.38 *** −10.42 *** 5.29 *
ZAR.JPY 0.0000 0.0001 0.0098 0.4492 2.7003 458.56 *** −10.24 *** 13.06 ***
ZAR.USD 0.0002 0.0001 0.0091 0.2957 0.5955 40.06 *** −10.10 *** 1.23
ZAR.BWP 0.0000 0.0001 0.0074 0.2037 2.3254 315.83 *** −11.43 *** 105.78 ***

***, ** and * indicate statistically significant at 1%, 5% and 10%, respectively. JB is the Jarque-Bera χ2 statistic at
2 degrees of freedom, ADF is the augmented Dickey–Fuller (ADF) statistic with a lag order of 10 and 11 for the
pre- and post-COVID periods, respectively. LB is the Ljung–Box χ2 statistic.

In Table 1, all Jarque–Bera statistics in both periods have p-values < 0.001 and thus, at
degree of freedom (df = 2), the null hypothesis of normally distributed residuals is rejected.
For estimation purposes, the least squares estimators of the coefficients in a VAR model
will be consistent and asymptotically normal under very general conditions and thus not
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requiring normality of the residuals (Lütkepohl, 2013). The augmented Dickey–Fuller
(ADF) statistics for all exchange rate returns in both periods have p-values < 0.01 and with
a lag order of 10 and 11 for the pre- and post-COVID periods. Thus, the null hypothesis
of non-stationary returns for the ADF test is rejected. Modelling asset returns requires
stationarity to ensure valid statistical inference and risk measurement (Tsay, 2010). Ljung–
Box autocorrelation test results show that with a 5% confidence level and p < 0.05, the
null hypothesis of no autocorrelation is not rejected for most of the exchange rate returns,
especially in the pre-COVID period. Lütkepohl (2005) ascertains that in the presence of
autocorrelation or dynamic interdependence among the variables, VAR models are suitable
for analysing multivariate time series.

Given the non-normality of the exchange rate return distributions, Spearman’s rank
correlation coefficient is employed as a more robust measure of dependence than Pearson’s
correlation, which assumes linearity and normality in the underlying data (Bishara &
Hittner, 2017). As depicted in Figure 2, all correlation coefficients are statistically significant
at the 5% level. Notably, while the ZAR/BRL and ZAR/RUB exchange rate pairs exhibit
persistently low correlations across both the pre- and post-COVID periods, the remaining
bilateral exchange rates involving South Africa’s primary trading partners, namely the
USD, EUR, CNY, INR, JPY, and BWP demonstrate relatively high degrees of co-movement.
This pattern of cross-market co-movements suggests a potential concentration risk for
investors. Therefore, portfolio diversification strategies aiming to mitigate downside
exchange rate risk may benefit from incorporating lower-correlated currency pairs such
as ZAR/BRL or ZAR/RUB alongside more volatile or highly correlated currencies (such
as ZAR/USD or ZAR/EUR). The rationale is that the low pairwise correlations reduce
the likelihood of concurrent adverse currency movements, thereby improving hedging
effectiveness and enhancing the diversification benefits within multi-currency portfolios
(Zaimovic et al., 2021).

Figure 2. Correlations ordered based on hierarchical clustering and using Spearman’s rho (ρ) cor-
relation measure. (*) corresponds to p ≤ 0.05, where p are the p-values. The lower triangle shows
correlations as represented by the intensity of the colours where higher intensity signifies higher
correlation and the upper triangle shows Spearman’s rank correlation values.

In constructing diversified and cost-efficient portfolios, investors often face the chal-
lenge of selecting a parsimonious subset of assets from a broader set, that has low transac-
tion costs and achieves diversified and optimal portfolios (Gunjan & Bhattacharyya, 2023).
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To address this, we employ the Dynamic Time Warping (DTW) distance metric to evaluate
the temporal similarity of exchange rate return series, under the rationale that including
less synchronized exchange rates mitigates the risk of excessive co-movement within the
portfolio. As shown in Table 2, the DTW analysis reveals strong alignment between the
exchange rate pairs of ZAR/RUB and ZAR/INR, ZAR/JPY and ZAR/INR, as well as
ZAR/JPY and ZAR/RUB. To reduce dimensionality and enhance portfolio diversification,
we exclude ZAR/RUB and ZAR/INR from the spillover and portfolio analyses and retain
ZAR/JPY. This choice is further justified on the grounds that, relative to India and Russia,
Japan constitutes a more significant trading partner for South Africa (SARB, 2024).

Table 2. Similarities of exchange rates.

ZAR.BRL ZAR.BWP ZAR.CNY ZAR.EUR ZAR.INR ZAR.JPY ZAR.RUB ZAR.USD

ZAR.BRL 0 4123.901 1019.624 37,280.62 7211.677 7434.839 7201.23 32,204.98
ZAR.BWP 5865.323 0 2375.65 42,639.27 2935.374 3161.105 2882.671 37,323.13
ZAR.CNY 3645.424 1497.752 0 39,505.97 5452.497 5682.827 5452.394 34,244.55
ZAR.EUR 26,752.26 33,250.56 31,291.1 0 45,811.71 46,032.4 45,777.19 952.4681
ZAR.INR 8822.11 2701.881 4475.34 36,148.07 0 151.8675 16.8235 40,442.37
ZAR.JPY 9046.757 2902.233 4690.733 36,343.62 148.3122 0 102.4296 40,663.56
ZAR.RUB 8795.101 2654.06 4440.329 36,092.31 10.7515 159.6142 0 40,435.68
ZAR.USD 22,183.47 29,035.06 27,020.84 1058.964 31,955.52 32,154.39 31,903.32 0

Dynamic time warping (DTW) distances start from 0, where 0 indicates perfect similarity. The higher the distance
values, the higher the dissimilarity between the exchange rate returns. The lower triangle distances represent the
pre-COVID distances and the upper triangle distances represent the post-COVID distances.

Extending the study of Iyke and Ho (2021), we analyse the relationships be-
tween exchange rates in pre- and post-COVID periods. First, we carry out the
Granger causality test after fitting the VAR model. Although this test does not imply
true causality, it shows that past values of one time series contain information that
helps predict the other time series (Granger, 1969). Granger causality test results in
Appendix A Table A1 and at 5% significance levels show that in the pre-COVID pe-
riod, only in 10 out of 30 exchange rate pairs the null hypothesis of non-causality is
rejected. Therefore, in these 10 pairs, where we denote with → the direction of causal-
ity, we find that ZAR.BWP→ZAR.BRL, ZAR.CNY→ZAR.BWP, ZAR.EUR→ZAR.BWP,
ZAR.JPY→ZAR.BWP, ZAR.USD→ZAR.BWP, ZAR.BRL→ZAR.EUR, ZAR.BRL→ZAR.JPY,
ZAR.USD→ZAR.BRL, ZAR.EUR→ZAR.JPY, ZAR.USD→ZAR.JPY. Thus, in the pre-
COVID period, other exchange rates can be used to predict the ZAR.BWP exchange rate, but
the ZAR.BWP exchange rate cannot be used to predict other exchange rates. ZAR.USD and
ZAR.BRL are good predictors for most exchange rates with three apiece, ZAR.EUR with
two and ZAR.JPY and ZAR.CNY with one each in this period. In the post-COVID period,
out of 30 exchange rate pairs, only in 6 pairs the null hypothesis is rejected. In this period,
there is reversal causality of ZAR.BRL→ZAR.BWP and ZAR.BWP→ZAR.EUR, a new
causality of ZAR.CNY→ZAR.JPY, and unchanged causalities of ZAR.BWP→ZAR.EUR,
ZAR.BWP→ZAR.JPY, ZAR.BWP→ZAR.USD. In both periods, ZAR.BWP can be used
to predict other exchange rates but other exchange rates cannot be used to predict the
ZAR.BWP exchange rate. ZAR.JPY, and ZAR.BRL are good predictors for other exchange
rates with three apiece. The bellwether impact of the ZAR.BWP exchange rate may emanate
from pegging the Pula to the Rand (Badimo & Yuhuan, 2025), and the prominent role
of South Africa and Botswana as top-tier producers of precious metals and diamonds
(Pinto, 2020), for which larger emerging and developed economies are the major consumers
(Merem et al., 2021), and thus are subjected to currency exposure due to changes in prices
of these commodities.
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We proceed the analysis with exchange rate volatility spillover effect where the results
of VAR model are compared to those of QVARτ= 0.5 and QVARτ= 0.05 at 50% and 5% quan-
tile levels where the former represents the median and the later represents the lower tail of
the exchange rate return distribution. Whereas in the presence of a normal distribution of
returns, VAR and QVARτ = 0.5 may produce similar spillover results (Zhang & Wei, 2024),
the results may differ when the data is not normally distributed. Figure 3 plots of network
spillover show that exchange rates of much bigger economies (ZAR.CNY and ZAR.USD)
are transmitters of volatility to ZAR.BWP, ZAR.BRL and ZAR.EUR for the VAR model in
both periods but amongst themselves, the roles reverse with ZAR.USD being a net receiver
in the post-COVID period. The results of VAR and QVARτ= 0.5 are similar, indicating
our exchange rates returns data do not deviate from a normal distribution and thus the
results of the mean (VAR) and median (QVARτ = 0.5) models are similar. However, under
stressed market conditions (QVARτ = 0.05), the two periods differ substantially, with higher
volatility spillovers during the pre-COVID period and with reversed roles for ZAR.JPY and
ZAR.EUR, ZAR.CNY and ZAR.USD. According to the IMF report (IMF, 2023), South Africa
is exposed to external shocks and capital flow volatility because of its high integration
in global financial markets, making the country highly susceptible to global disruptions
such as monetary policy tightening by the US that according to Gudmundsson et al. (2022)
triggered capital outflows from emerging economies as investors sought higher interest
rates. Also, the IMF report (IMF, 2023) shows that domestically, South Africa experienced
severe power outages in the years leading up to 2020. This led to lower production, lower
exports and lower domestic demand in the pre-COVID era. However, the IMF report adds
that the improvement in the country’s power supply in the post-COVID era for example in
2023 led to increased production, exports, and stabilization of the rand.

Figure 3. Network connectedness spillovers where thicker lines indicate higher spillover effects and
arrows indicate the direction of the spillover. The analysis of connectedness in this study is carried
out using the ConnectednessApproach package of Gabauer and Gabauer (2022).
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In addition, because all eigenvalues were less than 1, we confirm that the fitted VAR
models are stable.

In contrast to the pre-COVID period, which experienced unrelenting connectedness,
the dynamic total connectedness index (TCI) plots in Figure 4 show a decrease in overall
foreign exchange market connectedness. This happened between 2022 and 2023 and the last
half of 2024 in the post-COVID period under stable market states represented by VAR and
QVARτ=0.5 models. However, during this period, total connectedness increased between
2023 and 2024, and in the first quarter of 2025, there was an indication of increased volatility
risk. Compared to the stable market conditions, under bear market states captured by
the QVARτ=0.05 model, the overall market experienced the highest connectedness during
the pre- and post-COVID periods. Additionally, average TCI values in Table A2 are
over 70%, showing high interdependence among all exchange rates for all periods which
signals greater downside risk and high transmission of volatility shocks. This, however,
has remained at below 74% for all periods except during the post-COVID period under
turbulent market conditions. VAR and QVARτ= 0.5 models show that under stable market
conditions, the exchange rate volatility impact from one exchange rate to another for most
exchange rates is indistinguishable. Furthermore, we see that the volatility spillover in the
pre-COVID period remained higher and more consistent compared to the post-COVID
period under stable market conditions. This shows higher integration and higher possibility
of risk in the South African foreign exchange market in the pre-COVID period. On the
other hand, during bearish market states (QVARτ=0.05), TCI is high and consistently above
80% during both pre- and post-COVID periods. This indicates higher volatility spillovers
or higher systemic integration within the South African foreign exchange market under
distressed market conditions. Thus, during market downturns, the South African foreign
exchange market is riskier compared to a stable market state. As a result, the tendency for
the different exchange rates to co-move increases significantly under the distressed foreign
exchange market.

The pairwise connectedness index (PCI) plots in Figure 5 show significantly higher
varying levels of volatility spillovers compared to total connectedness between the pre-
and post-COVID periods for all models with volatility spillovers between ZAR.CNY and
ZAR.USD being much higher compared to other exchange rates. PCI index helps determine
the direct connectedness between two exchange rates in a system, isolating pairwise
relationships rather than aggregate system-wide connections of TCI. Thus, exchange rate
pairs are more connected during the pre-COVID period under stable market conditions.
However, under bearish market states, although the pre-COVID period is more volatile, the
post-COVID period shows higher interconnectedness among exchange rate pairs, especially
from larger emerging and developed economies. Thus, the post-COVID period poses a
higher risk to investors during market downturns than the pre-COVID period. Thus, the
risk of simultaneous losses emanating from exchange rate co-movement is higher when
investors are holding currencies of larger emerging and developed economies of China,
US, Japan, the Euro zone. But risk is reduced when investors hold a mixture of developing
countries’ currencies of Botswana and Brazil and those of larger emerging and developed
economies.

Table A2 results provide an insight into average individual exchange volatility and PCI
spillovers. The diagonal elements indicate own influence of volatility, with BRL having the
highest for all models and in all periods. Thus, BRL is the currency that explains the highest
of its own variance of 45.49% and 53.26% in the pre- and post-COVID periods, respectively.
The results are identical under the stable market state for the VAR and QVARτ=0.5 models.
For the QVARτ=0.05 model, the results remain unchanged in the pre-COVID period with
45.49% for BRL. However, there is a drastic decline for the QVARτ=0.05 in the post-COVID
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period, and BRL only accounts for 22.45% of its own volatility. Off-diagonal elements
(spillovers) indicate that except for BRL, movements in the CNY and USD contribute the
highest fluctuations of between 15% and 17% to other currencies. In order of magnitude,
USD fluctuations are mainly attributed to fluctuations in CNY, JPY, EUR, BWP and BRL. For
the EUR, under both periods and with all models, the biggest spillovers emanate from JPN,
CNY, USD, BWP and BRL, and remain largely unchanged at between 15% and 18%. Lastly,
among the developed economies, fluctuations in the JPY during both pre-and post-COVID
periods, and for all models, the biggest fluctuations affecting JPY come from EUR, USD,
CNY, BWP and BRL. Among the emerging economies, fluctuations in CNY can be attributed
to fluctuations in USD, JPY, EUR, BWP and BRL. For BWP, pre-COVID fluctuations from
other currencies are higher than in the post-COVID period, whereas for BRL, post-COVID
fluctuations from other currencies are higher than those in the post-COVID period. Hence,
spillover results show that the level of integration among the emerging economies of the
global south is still low whereas a strong linkage exists among the developed economies.
Furthermore, the ‘FROM’ column or ‘from-others’ in Table A2 shows that under turbulent
and stable market conditions, as captured by the VAR and QVARτ=0.5 and QVARτ=0.05

models, BRL and BWP are the biggest receivers of volatility from other currencies of
CNY, USD, EUR and JPY. Whereas under stable market conditions BRL and BWP receive
comparable volatility with both VAR and QVAR models and both periods, under stressed
market conditions, BRL and BWP receive more volatility from larger economies in the
post-COVID period. The ‘TO’ column or ‘to-others’ on the other hand shows that, in order
of magnitude, the highest transmitters of volatility spillovers are CNY, USD, EUR, JPY,
BRZ and BWP for all models and all periods. However, the post-COVID period volatility
spillovers to others under the stressed market state has increased substantially compared
to that of the pre-COVID period.

 

Figure 4. Dynamic total connectedness plots from the standard VAR (mean), quantile VAR (QVAR)
results at 50% quantile (median) and 5% quantile (stressed markets). TCI values range between 0%
(no connectedness and thus each exchange rate is self-driven) and 100% (maximum connectedness
and thus all exchange rates are entirely driven by others).
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Figure 5. Dynamic pairwise connectedness plots for standard VAR (mean) plots and quantile VAR
(QVAR) results at 50% (median) and 5% (stressed markets).

Impulse response functions in Figure A1, based on the ZAR.CNY exchange rate as
the transmitter, since all impulse for ZAR.USD were statistically insignificant, show that
a shock emanating from ZAR.CNY affects all exchange rates except ZAR.BRL where the
shocks are not statistically significant. These shocks have an asymmetric impact, with the
impact towards ZAR.BWP lasting for about three days compared to two days on ZAR.CNY,
ZAR.EUR, ZAR.JPY and ZAR.USD exchange rates.
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A more robust analysis is captured by the FEVD plots in Figure 6. In both periods, the
origin of the shock to the ZAR.BRL exchange rate is mainly attributed to the ZAR.BRL itself
for the entire 10-day horizon period. For the rest of the exchange rates, they are impacted
by other exchange rates, with the impact having a lingering effect on that exchange rate.

Figure 6. Variance decomposition plots showing where the shock came from in percentage. FEVD
plots are based on the QVARτ= 0.5 model.

The dynamic net connectedness plots in Figure 7 show that during stable market
states as depicted by the VAR and QVARτ= 0.5 models in both periods, the highest net
transmitters of volatility are ZAR.CNY and ZAR.USD, and the highest net receivers of
volatility are ZAR.BWP and ZAR.BRL, with mixed results for ZAR.EUR and ZAR.JPY.
Under bear market conditions however, ZAR.BRL remains the highest receiver of volatility
and ZAR.CNY and ZAR.USD as the biggest transmitters during both pre- and post-COVID
periods. The results from the dynamic analysis are corroborated by those of the average
net spillovers in Table A2, which show similar net transmitters and receivers of shocks.

In addition to volatility spillover analysis, where we have utilized VAR and QVAR
models, we further analyse portfolio performance where we apply risk parity portfolio,
tangency portfolio and equally weighted portfolio. The results for individual exchange rate
allocations in Figure 8 show that the risk parity portfolio is a better diversified portfolio
with most weight being allocated to ZAR.BWP exchange rate and like the equally weighted
portfolio, asset weight and risk allocations have not changed much but the allocations
in the tangency portfolio have significantly changed with more allocations towards the
ZAR.JPY and ZAR.USD during the pre- and post-COVID periods, respectively.

Cumulative returns in Figure 9 show that 2016 was the most turbulent pre-COVID
period with both risk parity and tangency portfolios performing worse than the naïve
equally weighted portfolio. The post-COVID period, on the other hand, shows that the
worst tumultuous period was the first half of 2022 which corresponds to the beginning of the
European political crisis. However, the compounding impact of both the COVID-19 health
crisis and the Russian/Ukrainian war has resulted into portfolio underperformance in the
post-COVID period compared to the pre-COVID period. This aspect is better captured by
the risk parity and tangency portfolios. During both periods, on average the EWP and risk
parity portfolio have better diversified portfolios than the tangency portfolio. Maximum
drawdowns show that the losses attributed to the EWP portfolio in the post-COVID period
are higher than those of risk parity and tangency portfolios. Monthly returns plots show
that all portfolios have mainly registered negative returns in the post-COVID period.
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Figure 7. Dynamic net connectedness plots for standard VAR (mean) model compared to quantile
VAR (QVAR) results at 50% and 5%.
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Figure 8. In the tangency portfolio analysis, constraints of ∑ wi = 1, long_only portfolio and box
constraint of min = 0.1 and max = 0.9 are used and objectives of maximizing return and minimizing
risk are used.

The performance of all portfolios for each year is shown in Figure 10, where 2017 and
2021 are recorded as riskiest years for each portfolio but during those years, EWP portfolio
had underestimated portfolio risk. From 2018 till early 2025, the Sharpe ratio shows that
except in 2022 where the performance was marginally positive, other years have recorded
negative Sharpe ratios, indicating that investments in the foreign exchange market have
not yielded sufficient returns to compensate for the risk taken (see Irfani & Sudrajad, 2023).
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Figure 9. PortfolioAnalytics, PerformanceAnalytics, xts and portfolioBacktest R packages have been
used to analyse portfolio performance and backtesting of portfolios.
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Figure 10. In the computation of the Sharpe ratio, a zero risk-free rate is used.

5. Discussion
The empirical analysis of exchange rate volatility and portfolio performance across

pre- and post-COVID-19 periods reveals marked structural changes in the dynamics of
the South African foreign exchange market. Consistent with the theoretical motivation
of constructing optimally diversified portfolios with minimal transaction costs (Gunjan
& Bhattacharyya, 2023), this study employed dynamic time warping (DTW) to quantify
dissimilarity among six major ZAR exchange rates. This approach facilitates the identifica-
tion of currency pairs with reduced co-movement, enhancing diversification. Our findings
show heightened volatility and intensified co-movement among exchange rates in the
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post-COVID period, especially among BRICS and key South African trading partners. The
QVAR and VAR models both confirmed that ZAR/USD and ZAR/CNY function as persis-
tent net transmitters of volatility, while ZAR/BRL and ZAR/BWP primarily absorb shocks.
Impulse response functions further indicated that shocks originating from ZAR/CNY had
significant, asymmetric, and persistent effects on ZAR/BWP, underlining the vulnerability
of smaller regional currencies to external disturbances from larger economies.

From a methodological perspective, this study advances the literature by employing
the Quantile Vector Autoregressive (QVAR) model, which is particularly suited to capturing
non-Gaussian, tail-dependent behaviour often observed in financial time series. Unlike
traditional linear models such as VAR, ARDL, or GARCH as used in Boakye et al. (2023),
Mpofu (2021), and Ngondo and Khobai (2018), the QVAR framework offers superior
sensitivity to extreme market conditions and distributional asymmetries. In contrast
to Zhang and Wei (2024), who find comparable results between VAR and QVAR under
normality, our results show that during periods of financial distress, such as the post-COVID
era, the QVAR model captures substantial shifts in volatility transmission patterns not
detected by traditional approaches. These quantile-specific spillover dynamics underscore
the importance of considering nonlinear, tail-risk effects in emerging market currencies,
where market frictions and capital flow volatility are more pronounced.

These divergent findings relative to earlier research are attributable to both method-
ological refinements and the unique contextual backdrop of recent years. The QVAR
model’s robustness to non-normal return distributions enabled a more nuanced detection
of spillover asymmetries, especially during episodes of elevated uncertainty. Moreover, the
COVID-19 pandemic and subsequent geopolitical conflicts in Europe and the Middle East
introduced atypical shocks to global financial systems, factors absent in prior studies such
as May and Farrell (2018), which focused on more stable periods. The reversal in causality
directions and the intensified volatility spillovers observed post-2020 are driven by sudden
capital flow reversals, elevated inflation risks, and global monetary tightening. These
factors jointly altered the roles of certain exchange rates, as previously passive receivers
like ZAR/BWP became increasingly susceptible to external macroeconomic shocks.

The findings offer several implications for market participants and policymakers. For
investors, the persistent volatility transmission from dominant currencies such as the USD
and CNY implies a need for close monitoring of macroeconomic developments in these
economies when formulating currency allocation strategies in South Africa. The integration
of DTW and QVAR in portfolio construction provides a robust alternative to traditional
methods, favouring the selection of less correlated currency pairs and mitigating downside
risk exposure. Risk parity and equally weighted portfolios were shown to outperform
tangency portfolios, especially under turbulent conditions, suggesting that strategies based
on volatility contributions rather than mean-variance optimisation offer greater resilience.
For policymakers, connectedness indices derived from the QVAR framework can serve
as early warning tools for exchange rate vulnerability, particularly during periods of
heightened global uncertainty. The results affirm the importance of adaptive, tail-sensitive
investment strategies in emerging markets, where structural vulnerabilities and external
dependencies amplify risk transmission channels.

6. Conclusions
This study aimed to examine exchange rate return spillovers and the performance of

portfolio strategies across the pre- and post-COVID-19 periods. The empirical results reveal
a marked increase in volatility in the post-COVID era, underscoring heightened uncertainty
in the South African foreign exchange market. Using the Quantile Vector Autoregression
(QVAR) model, which is more robust to distributional asymmetries compared to the
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conventional Vector Autoregression (VAR) framework, the analysis uncovers significant
shifts in volatility spillovers and Granger causality patterns. Notably, the ZAR.USD and
ZAR.CNY served as primary transmitters of shocks during the pre- and post-COVID
periods. Other exchange rates of developed economies, namely, ZAR.EUR and ZAR.JPY
also transmitted high volatility shocks while exchange rates of developing and small
emerging economies of ZAR.BWP and ZAR.BRL were receivers of the shocks, albeit with
higher shocks during bear market conditions of the post-COVID period. These results
suggest that COVID-19 introduced structural changes in exchange rate co-movement
dynamics, as evidenced by the persistent and asymmetric shock responses particularly
from ZAR.CNY, contradicting earlier findings by May and Farrell (2018). Although our
findings and those of Kyriazis and Corbet (2024) show that larger economies are higher
transmitters of volatility, the findings of Kyriazis and Corbet (2024) contradict our findings
since they found that during crises volatility from larger economies has no impact on
smaller economies.

For policymakers, the evolving spillover landscape carries critical policy relevance.
Compared to the pre-COVID period, the post-COVID period is characterized by increased
volatility in the South African foreign exchange market, albeit with more volatility during
bear markets compared to the calm market periods. Although higher volatility is trans-
mitted by currencies of large economies, smaller economies also transmit a significant
amount of volatility especially during market downturns. When large economies such as
US, China, and the Euro zone, serve as transmitters of volatility as observed here during
calm and crisis market periods, this exacerbates systemic risk. This is because the glob-
alised nature of their deep financial systems and policy shifts exposes emerging markets to
external shocks (Eichengreen & Gupta, 2014). Thus, policy makers, especially in emerging
economies, need to adopt policies such as currency swaps to cushion against increased risk
that may erode their purchasing power and worsen their current account balances. On the
other hand, when developing and smaller emerging economies of Botswana and Brazil
transmit volatility, investors face amplified systemic risk due to shallow capital markets,
low liquidity, and institutional weaknesses (Bekaert & Harvey, 2003). Additionally, the
heightened systemic risk since the advent of the COVID-19 pandemic, should be followed
with portfolio rebalancing and enhanced hedging. Policymakers, especially in emerging
economies, may need to employ capital flow measures, while developed markets should
reinforce cross-border supervisory frameworks to prevent imported instability (Rey, 2013).
Moreover, the transmission of volatility from large economies underscores the need for
policy credibility and the strengthening of macro-financial frameworks to limit adverse
spillover effects (Forbes & Warnock, 2012). For developed market policymakers, this sce-
nario highlights the outward spillover costs of domestic policies. As such, institutions
like the IMF may advocate for greater consideration of spillback effects when formulating
monetary policy in systemically important economies (IMF, 2020b).

From a portfolio management perspective, the findings have important implications
for asset allocation and risk mitigation strategies. The post-COVID period is character-
ized by elevated downside risk, requiring more adaptive and risk-sensitive investment
frameworks. Among the models evaluated, the risk parity portfolio exhibited superior
resilience across both market regimes. Nevertheless, all portfolio strategies were stressed
during major global disruptions such as the COVID-19 pandemic and geopolitical conflicts.
These heightened interdependencies highlight the necessity for international investors to
diversify into exchange rates that are less interconnected. Importantly, the study finds that
USD and CNY were the highest net transmitters of shocks in both periods and, under both
stable and bear market states. In contrast, EUR and JPY displayed muted net transmission
roles, suggesting their potential utility as safe-haven assets in turbulent periods. The low
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volatility transmission also observed in BRL and BWP during calm and turbulent periods,
indicates the need for hedging strategies through investing in currencies from smaller
emerging and developing economies.

Despite its contributions, the study has several limitations. First, the analysis is re-
stricted to six exchange rates due to data availability, which may limit the external validity
of the results. Second, although QVAR models are effective in modelling quantile-based
co-movements, the omission of non-linear or machine learning-based methods restricts deeper
pattern recognition in volatility transmission. Third, while macroeconomic and geopolitical
influences were implicitly considered, their direct impacts were not empirically evaluated.
Finally, the study acknowledges but does not explicitly model structural breaks arising from
events such as the Russia-Ukraine conflict or evolving BRICS strategies. Future research
should incorporate structural and non-linear models, expand currency coverage, and assess
the impact of geopolitical shocks, including sanctions, trade wars, and regional integration
efforts on foreign exchange market dynamics. Incorporating high-frequency data and senti-
ment indicators would further enrich our understanding of short-term market reactions and
investor behaviour in a post-pandemic, increasingly interconnected global economy.
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Appendix A

Table A1. Granger causality test for predictive analysis.

Pre-COVID Period

ZAR.BRL→ZAR.BWP ZAR.BWP→ZAR.CNY ZAR.CNY→ZAR.JPY
F 2.833 * F 26.071 *** F 1.648

ZAR.BWP→ZAR.BRL ZAR.CNY→ZAR.BWP ZAR.JPY→ZAR.CNY
F 10.685 *** F 2.22 F 2.953 *

ZAR.BRL→ZAR.CNY ZAR.BWP→ZAR.EUR ZAR.CNY→ZAR.USD
F 2.371 * F 27.887 *** F 0.579

ZAR.CNY→ZAR.BRL ZAR.EUR→ZAR.BWP ZAR.USD→ZAR.CNY
F 2.357 * F 0.416 F 1.242

ZAR.BRL→ZAR.EUR ZAR.BWP→ZAR.JPY ZAR.EUR→ZAR.JPY
F 1.42 F 14.003 *** F 2.29

ZAR.EUR→ZAR.BRL ZAR.JPY→ZAR.BWP ZAR.JPY→ZAR.EUR
F 3.598 ** F 0.38 F 3.505 **

ZAR.BRL→ZAR.JPY ZAR.BWP→ZAR.USD ZAR.EUR→ZAR.USD
F 0.262 F 28.089 *** F 0.693

ZAR.JPY→ZAR.BRL ZAR.USD→ZAR.BWP ZAR.USD→ZAR.EUR
F 4.18 ** F 1.504 F 0.696

ZAR.BRL→ZAR.USD ZAR.CNY→ZAR.EUR ZAR.JPY→ZAR.USD
F 3.44 ** F 0.953 F 3.418 **

ZAR.USD→ZAR.BRL ZAR.EUR→ZAR.CNY ZAR.USD→ZAR.JPY
F 2.291 F 0.38 F 1.73

https://github.com/Ntare2013/ExchangeRate_Spillover-PortfolioPerformance_Data
https://github.com/Ntare2013/ExchangeRate_Spillover-PortfolioPerformance_Data
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Table A1. Cont.

Post-COVID Period

ZAR.BRL→ZAR.BWP ZAR.BWP→ZAR.CNY ZAR.CNY→ZAR.JPY
F 3.232 ** F 5.533 F 3.334 **

ZAR.BWP→ZAR.BRL ZAR.CNY→ZAR.BWP ZAR.JPY→ZAR.CNY
F 2.019 F 0.123 F 1.278

ZAR.BRL→ZAR.CNY ZAR.BWP→ZAR.EUR ZAR.CNY→ZAR.USD
F 3.17 ** F 14.57 *** F 1.012

ZAR.CNY→ZAR.BRL ZAR.EUR→ZAR.BWP ZAR.USD→ZAR.CNY
F 0.332 F 0.083 F 0.734

ZAR.BRL→ZAR.EUR ZAR.BWP→ZAR.JPY ZAR.EUR→ZAR.JPY
F 2.643 * F 11.29 *** F 2.569 *

ZAR.EUR→ZAR.BRL ZAR.JPY→ZAR.BWP ZAR.JPY→ZAR.EUR
F 0.682 F 0.216 F 0.568

ZAR.BRL→ZAR.JPY ZAR.BWP→ZAR.USD ZAR.EUR→ZAR.USD
F 2.696 * F 4.115 ** F 1.087

ZAR.JPY→ZAR.BRL ZAR.USD→ZAR.BWP ZAR.USD→ZAR.EUR
F 1.588 F 0.628 F 0.091

ZAR.BRL→ZAR.USD ZAR.CNY→ZAR.EUR ZAR.JPY→ZAR.USD
F 2.557 * F 1.088 F 0.615

ZAR.USD→ZAR.BRL ZAR.EUR→ZAR.CNY ZAR.USD→ZAR.JPY
F 0.423 F 0.441 F 1.433

Granger causality test results where ZAR.USD→ZAR.CNY indicates that ZAR.USD is the dependent variable and
ZAR.CNY is the independent variable. Therefore, we investigate if ZAR.CNY Granger causes ZAR.USD. The null
hypothesis is that ZAR.CNY does not Granger cause ZAR.USD. (***), (**) and (*) indicate statistical significance at
1%, 5% and 10%, respectively. Thus, the null hypothesis is rejected at the relevant levels of significance.

Figure A1. Impulse response functions where the shock comes from ZAR/CNY exchange rate and
how other exchange rates respond to that shock. Except for ZAR/BRL exchange rate, other exchange
rates are affected by a shock in the ZAR/CNY exchange rate. Because all shocks from ZAR/USD
were not significant based on the 95% confidence intervals obtained using bootstrapping, we thus
used ZAR/CNY as the transmitter.
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Table A2. Average dynamic joint connectedness.

ZAR.BRL ZAR.BWP ZAR.CNY ZAR.EUR ZAR.JPY ZAR.USD FROM

ZAR.BRL 45.49 9.25 12.13 10.54 10.31 12.29 28.34
ZAR.BWP 5.34 29.15 17.9 15.31 14.18 18.12 61.33
ZAR.CNY 6.14 15.12 22.96 17.01 17.11 21.67 94.66

VAR ZAR.EUR 5.84 14.13 18.38 24.84 18.13 18.67 80.04
Pre-COVID ZAR.JPY 5.77 13.01 18.68 18.36 25.03 19.15 80.14

ZAR.USD 6.15 15.15 21.49 17.1 17.36 22.75 95.1
TO 29.9 68.18 90.62 80.11 78.85 91.95 439.61

Inc.Own 74.72 95.81 111.55 103.16 102.11 112.64 TCI
NET 1.56 6.85 −4.04 0.08 −1.29 −3.15 73.27

ZAR.BRL 53.26 6.3 10.98 10.31 7.47 11.67 24.26
ZAR.BWP 3.09 29.72 19.28 15.41 13.2 19.3 66.7
ZAR.CNY 4.78 16.01 23.83 18.02 15.76 21.61 92.07

VAR ZAR.EUR 4.84 14.14 19.43 25.62 17.21 18.76 80.06
Post-COVID ZAR.JPY 3.88 13.2 18.42 18.61 27.94 17.95 71.35

ZAR.USD 5.14 16.11 21.78 17.53 15.41 24.02 91.53
TO 22.28 67.4 92.14 81.87 70.77 91.52 425.97

Inc.Own 75 95.48 113.72 105.49 96.99 113.31 TCI
NET −1.99 0.7 0.06 1.81 −0.58 −0.01 71

ZAR.BRL 45.49 9.25 12.13 10.54 10.31 12.29 28.34
ZAR.BWP 5.34 29.15 17.9 15.31 14.18 18.12 61.33
ZAR.CNY 6.14 15.12 22.96 17.01 17.11 21.67 94.66

QVARτ=0.5 ZAR.EUR 5.84 14.13 18.38 24.84 18.13 18.67 80.04
Pre-COVID ZAR.JPY 5.77 13.01 18.68 18.36 25.03 19.15 80.14

ZAR.USD 6.15 15.15 21.49 17.1 17.36 22.75 95.1
TO 29.9 68.18 90.62 80.11 78.85 91.95 439.61

Inc.Own 74.72 95.81 111.55 103.16 102.11 112.64 TCI
NET 1.56 6.85 −4.04 0.08 −1.29 −3.15 73.27

ZAR.BRL 52.99 6.33 11.14 10.26 7.4 11.88 24.66
ZAR.BWP 3.08 29.86 19.37 15.38 13.02 19.28 66.61
ZAR.CNY 4.8 16.05 24.04 17.82 15.6 21.68 91.3

QVARτ=0.5 ZAR.EUR 4.77 14.19 19.4 25.84 17.24 18.56 79.29
Post-COVID ZAR.JPY 3.79 13.17 18.38 18.63 28.15 17.88 71.1

ZAR.USD 5.18 16.13 21.85 17.31 15.36 24.17 91.16
TO 22.11 67.34 92.12 81.15 70.14 91.26 424.11

Inc.Own 74.62 95.75 114.17 105.24 96.77 113.46 TCI
NET −2.55 0.73 0.83 1.86 −0.96 0.1 70.69

ZAR.BRL 45.49 9.25 12.13 10.54 10.31 12.29 28.34
ZAR.BWP 5.34 29.15 17.9 15.31 14.18 18.12 61.33
ZAR.CNY 6.14 15.12 22.96 17.01 17.11 21.67 94.66

QVARτ=0.05 ZAR.EUR 5.84 14.13 18.38 24.84 18.13 18.67 80.04
Pre-COVID ZAR.JPY 5.77 13.01 18.68 18.36 25.03 19.15 80.14

ZAR.USD 6.15 15.15 21.49 17.1 17.36 22.75 95.1
TO 29.9 68.18 90.62 80.11 78.85 91.95 439.61

Inc.Own 74.72 95.81 111.55 103.16 102.11 112.64 TCI
NET 1.56 6.85 −4.04 0.08 −1.29 −3.15 73.27

ZAR.BRL 22.54 14.81 15.81 15.7 14.96 16.17 72.88
ZAR.BWP 12.83 19.74 17.45 16.58 15.91 17.49 89.17
ZAR.CNY 13.15 16.65 18.7 17.18 16.24 18.08 97.29

QVARτ=0.05 ZAR.EUR 13.31 16.18 17.43 19.01 16.81 17.27 93.52
Post-COVID ZAR.JPY 13.1 15.92 17.09 17.26 19.54 17.09 90.12

ZAR.USD 13.39 16.65 18.05 16.99 16.27 18.66 97.1
TO 73.74 89.9 96.2 93.83 89.89 96.51 540.09

Inc.Own 88.33 99.94 104.52 102.71 99.74 104.75 TCI
NET 0.86 0.73 −1.09 0.31 −0.23 −0.59 90.01

Diagonal (off-diagonal) elements indicate own influence (spillovers) of the volatility. Directional spillovers are
categorized into ‘TO’, ‘FROM’ and ‘NET’ spillovers. For NET spillovers, positive (negative) values indicate
net transmitter (net receiver). TO (FROM) indicate the contribution to (from) others. TCI indicates the overall
interdependence (Diebold & Yilmaz, 2012; Baruník & Křehlík, 2018).
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Notes
1 In this study, terminologies such as stressed market conditions, distressed markets, crisis periods and turbulent market conditions

have been used interchangeably to refer to market conditions characterized by increased downside risk.
2 In this study, exchange rates such as ZAR/BRL and ZAR.BRL have been used synonymously.
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