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Abstract

This study explores how the volatility spillover mechanism and dynamic dependence
among the founding BRICS equity markets, namely IBOVESPA, MICEX, Nifty 50, SSE,
and JSE, have evolved over time using a multivariate DCC-GARCH model. The analysis
is conducted across three distinct regimes: the pre-COVID-19 period (1 January 2010 to
10 March 2020), the COVID-19 crisis (11 March 2020 to 23 February 2022), and the Russia–
Ukraine war and sanction period (24 February 2022 to 31 March 2024). The findings indicate
that, prior to the COVID-19 pandemic, the BRICS equity markets experienced significant
short-term volatility spillovers and significant volatility persistence, indicative of slow
financial integration, as opposed to rapid contagion. In comparison, the COVID-19 pan-
demic resulted in significant structural shifts in the form of increased shock transmission,
greater co-movement, and evident financial contagion among the markets. During the
post-COVID-19 conflict period, while there was considerable persistence in volatility, the
primary drivers of volatility spillovers were geopolitical. Across the three sub-periods,
the volatility spillover network shows pronounced structural changes. Before COVID-19,
IBOVESPA, MICEX, and SSE act as net transmitters, while Nifty 50 and JSE are net re-
ceivers. During the COVID-19 crisis, SSE and JSE become the main shock transmitters,
whereas IBOVESPA, MICEX, and Nifty 50 shift to receiver roles. In the post-COVID-19
Russia–Ukraine war period, the network becomes more asymmetric, with JSE and Nifty
50 again emerging as net transmitters, while MICEX and SSE function primarily as net
receivers. Overall, this study demonstrates that BRICS equity market interdependence is
regime-specific and greatly dependent on exogenous global events.

Keywords: volatility spillover; DCC-GARCH; BRICS; SSE; Nifty 50; IBOVESPA; MICEX

1. Introduction
Greater financial market globalization has increased interdependence and integration

among world economies. The BRICS economies—Brazil, Russia, India, China, and South
Africa—are now leading players in the global economy. As emerging economies with
high growth potential, these countries as a whole account for a large share of the world’s
population, GDP, and trade volume. Although their capital markets differ in shape and
sophistication, they are increasingly integrated through cross-border investments, trade
connections, financial deregulation, and similar economic policies. The transmission of
volatility between these markets is of concern to investors, policymakers, and financial
analysts during economic uncertainty or exogenous shocks.
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Volatility spillover is the contagion of shocks or instability from one financial market
to another, affecting asset prices, risk management, and portfolio diversification strategies
(P. Zhang et al., 2021). Such spillovers tend to be most evident at the onset of crises, when
there is geopolitical tension or a macroeconomic policy change. For emerging markets such
as BRICS, the effects of volatility transmission are significant, owing to their relatively high
external shock sensitivity, unstable capital flows, and varying degrees of market efficiency.
Owing to their increasing contributions to international finance, a careful study of volatility
interlinkages in the BRICS stock markets is critical.

The BRICS nations (Brazil, Russia, India, China, and South Africa) are a significant
and expanding force in the global economy. With their large market capitalization and high
growth rates, these emerging markets have drawn the attention of foreign investors. The
BRICS nations have emerged as major forces behind global economic expansion; as of 2024,
they account for 40% of the world’s GDP. Approximately one-quarter of global exports are
attributed to this grouping (Putin, 2024). Together, these economies account for more than
41% of the world’s population and rank among the world’s largest and most influential
countries in the 21st century (Jütten & Falkenberg, 2024).

The frequency and severity of financial crises in recent years have created a greater
emphasis on the dynamic interdependencies among stock markets. The global financial
crisis of 2008, the COVID-19 pandemic, and current geopolitical tensions—viz., the Russia–
Ukraine conflict—have pushed uncertainty to a historic high, and it is highly important
to research how financial markets react to internal and external shocks. For BRICS, as
a group focused on multipolar development and delinking from Western economies, it
is vital to identify intra financial interlinkages and dependences. Volatility spillovers in
BRICS have implications for domestic capital markets, regional cooperation, trade policy,
and macroeconomic coordination.

FPIs, speculators, global investors, and regulators are required to understand the
dynamics of volatility transmission among the BRICS countries’ stock markets. Today, the
world is more financially interconnected and has become a global village; therefore, dis-
ruptions in one market can easily spill over into other stock markets. Such an event can be
termed a volatility spillover, with serious asset price implications, portfolio diversification
risks, and financial stability concerns.

To best describe the dynamic characteristics of volatility and interdependence among
the BRICS stock markets, this study employs the Dynamic Conditional Correlation Gener-
alized Autoregressive Conditional Heteroskedasticity (DCC-GARCH) model to simultane-
ously estimate the conditional volatilities and correlations, as well as capture the evolution
over time of volatility spillovers, in a detailed manner.

This study seeks (1) to quantify and compare the magnitude, direction, and persistence
of volatility spillovers among the BRICS stock markets across three distinct regimes—the
pre-pandemic period, the COVID-19 pandemic, and the Russia–Ukraine conflict (war)
period—and (2) to offer information about the possible effects of volatility spillovers on
risk management and portfolio diversification.

BRICS’ financial integration is not static but evolves during global crises. While
pre-COVID-19 linkages were characterized by stable integration, COVID-19 amplified
contagion, and the post-pandemic war period introduced geopolitically driven spillovers
with prolonged volatility. These events underscore the necessity of dynamic modeling
approaches, such as DCC-GARCH, to understand evolving market interdependence in an
increasingly uncertain global environment.

This study offers insights into the risks and potential of investing in BRICS equity
markets for global investors and fund managers. A better understanding of cross-market
volatility can guide asset allocation decisions, hedging, and portfolio diversification. For
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researchers and academics, this study makes a methodological contribution through the
application of sophisticated volatility modeling methods to a set of nations that are increas-
ingly shaping the future of the world economy.

Across the three sub-periods, the volatility spillover network exhibits clear structural
shifts. In the pre-COVID-19 period, IBOVESPA, MICEX, and SSE emerge as net transmitters
of volatility, whereas Nifty 50 and JSE function primarily as net receivers. During the
COVID-19 crisis period, the pattern changes markedly, with SSE and JSE becoming the
dominant transmitters of shocks, while IBOVESPA, MICEX, and Nifty 50 turn into net
receivers. In the post-COVID-19 Russia–Ukraine war period, the network becomes more
asymmetric and selective, with JSE and Nifty 50 reappearing as net transmitters of volatility,
whereas MICEX and SSE are predominantly positioned as net receivers.

The rest of the paper is organized as follows: the following part discusses the pertinent
literature. The third section discusses the methodology, and the fourth section discusses
the empirical analysis. The concluding remarks are presented in the final section.

2. Review of the Literature
The empirical literature on BRICS volatility spillovers employs a range of econometric

techniques, including traditional GARCH models, DCC-GARCH, multivariate GARCH
specifications, and connectedness-based frameworks. Researchers are examining the dy-
namics of diversification in various nations owing to investors’ growing awareness of
the advantages of diversifying their holdings across nations. The literature contains a
large number of studies that examine volatility spillover between various nations world-
wide. Among the various econometric approaches, DCC-GARCH models have gained
prominence in recent BRICS-focused research because of their ability to capture time-
varying correlations and dynamic volatility transmission. Das et al. (2025) also explicitly
demonstrates that the correlations among BRICS stock markets intensify during crises,
leading to a sharp decline in diversification benefits. The DCC-GARCH framework en-
ables the identification of such temporal shifts, which static or mean-based models fail to
detect. M. Kumar (2024) examined volatility transmission within BRICS countries during
the COVID-19 pandemic and the Russia–Ukraine conflict period using the DCC-GARCH
method. The findings confirm the presence of contagion effects, with volatility spillovers
being more pronounced across countries than within domestic markets. Das et al. (2025) in-
vestigated stock market integration, downside risks, and volatility spillovers across BRICS
nations during COVID-19 using a combination of value-at-risk measures, DCC-GARCH
models, and the Diebold and Yilmaz (2009) spillover index. Their results indicate that
volatility persistence and market connectedness intensify significantly during crisis peri-
ods, substantially reducing diversification benefits within BRICS. R. K. Singh et al. (2024)
examined risk–return linkages and volatility spillovers across the BRICS stock markets
using linear and non-linear GARCH models, including ARCH, GARCH, EGARCH, and
TGARCH. Their findings confirm significant bidirectional and unidirectional volatility
spillovers across the BRICS markets, with asymmetric responses to negative shocks being
more pronounced.

Y. Zhang et al. (2025) demonstrate that dynamic correlation processes effectively
capture abrupt changes in volatility transmission patterns during global crises, particu-
larly when investor sentiment and uncertainty dominate market behavior. Their findings
reinforce the argument that dynamic correlation modeling is essential in understanding
contagion effects in emerging market blocs such as BRICS. Yadav et al. (2023) examined
the potential for diversification opportunities by assessing the volatility spillover between
the Chinese stock market (SHCOMP) and the Brazilian, Mexican, Indonesian, and In-
dian stock markets. The study concludes with the finding of spillover effects between
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China and the Brazilian, Mexican, Indonesian, and Indian stock markets, determined using
Granger causality and DCC-GARCH. The findings show that investors can benefit from
diversification in emerging economies because of market similarities.

Balci (2024) examined how the COVID-19 pandemic and the Russia–Ukraine war
affected the volatility spillover effects between the stock exchanges in the US, Europe,
Russia, and Turkey. From 2020 to 2023, the diagonal BEKK-GARCH model was employed to
study how volatility is transmitted within stock returns. The study’s findings indicate both
mild ARCH effects and considerable GARCH impacts. This indicates that the European
market had the greatest impact on other markets during the COVID-19 era. According
to the analysis, the US market dominated the conflict. The Turkish market was the least
affected by the pandemic and war.

The Indian stock market’s return is mainly influenced by its trailing values. According
to the DCC-MGARCH model, India has no volatility spillover to any of the economies listed.
This finding has implications for both portfolio managers and academics. Sainath et al.
(2023) examined the Indian stock market’s dynamic connectivity and volatility spillover
effects with the US, Australia, China, Germany, England, Japan, and Taiwan. The study’s
findings show that there is considerable volatility spillover between the Indian and foreign
stock exchanges. The contagion effect is demonstrated by the positive spillover effect
observed from the S&P 500 and FTSE 100 to the Indian markets. There is a considerable
degree of interdependence between the markets, as evidenced by the bidirectional spillover
between the Indian stock market and Nikkei 225 and Hang Seng. The researchers dis-
covered a lack of thorough research on the volatility spillovers between the Indian stock
market (Nifty 50) and the stock markets of the other BRICS nations, including IBOVESPA,
MICEX, SSE, and JSE. D. Singh et al. (2024) assessed the volatility spillover between the
BRICS stock and foreign exchange markets and applied the GARCH (1, 1) and EGARCH (1,
1) techniques. They found a two-way volatility spillover between the foreign exchange and
stock markets in India, South Africa, and China. Joo et al. (2023) analyzed the volatility
spillovers among BRICS countries’ stock markets. They employed DCC-GARCH and
asymmetric generalized DCC-GARCH to examine the bidirectional volatility spillover.
A significant bidirectional spillover effect was observed, indicating a strong relationship
between the stock markets of the BRICS countries. Joo et al. (2023) also explored symmet-
ric and asymmetric volatility spillovers among the BRICS countries’ stock markets. The
study indicates long-term integration and a significant bidirectional spillover effect (both
symmetric and asymmetric), suggesting a close relationship among the stock markets of
the BRICS countries.

Bouzguenda and Jarboui (2025) investigated the interconnectedness of stock returns
between the US and BRICS economies over the period of 2016–2023, using daily data.
They analyzed the data via quantile- and frequency-based methodologies. The findings
reveal spillovers during the COVID-19 pandemic and the Russia–Ukraine war, with the US
and Brazil identified as the predominant net transmitters of shocks. Their roles, however,
fluctuate across time and quantiles, underscoring the evolving and asymmetric nature of
global linkages.

Studies on the dynamic connections between India and the BRICS group are scarce,
despite the abundance of literature on volatility spillovers between various markets and
geographical areas in India. This gap is significant because investors and policymak-
ers interested in market dynamics, portfolio diversification, risk management, and the
economic ties of this influential economic bloc must understand these specific economic
relationships. Therefore, the following alternative hypotheses are developed based on the
aforementioned studies.
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H1. There is a significant long-run volatility spillover exist among certain pairs of BRICS
stock markets.

H2. Significant short-run volatility spillovers exist among all pairs of BRICS stock markets.

Research Gaps

Although prior studies have examined volatility spillovers and dynamic correlations in
international stock markets using DCC-GARCH models, limited research has systematically
compared the evolution of interdependence among the founding BRICS stock markets
across three distinct regimes, i.e., pre-COVID-19, the COVID-19 crisis, and the Russia–
Ukraine war period, within a unified empirical framework. The existing literature either
focuses on single crisis episodes or analyzes short time windows, thereby failing to capture
structural shifts in volatility transmission and correlation dynamics over multiple crisis
regimes. This study addresses this gap by providing a comprehensive regime-based
comparison of volatility spillovers and time-varying correlations among the BRICS markets
using a consistent DCC-GARCH approach across all three periods.

3. Methodology
This study employed daily return series data from IBOVESPA, MICEX, Nifty 50, SSE,

and JSE. The entire dataset was divided into three phases. The first phase was the pre-
COVID-19 era, which ran from 1 January to 10 March 2020. The second phase was during
COVID-19, lasting from 11 March 2020 until 23 February 2022 (Petropoulou et al., 2024).
The third phase was the post-COVID-19 era, spanning from 24 February to 31 March 2024,
also known as the Russia–Ukraine war period (Lin et al., 2023).

Since data pertaining to the Russian stock markets from 14 June 2024 were not available
in the Refinitiv database, it was decided not to carry out any analysis after 31 March 2024
to ensure consistency in the data analysis.

We utilized the log returns on IBOVESPA (Brazil), MICEX (Russia), Nifty 50 (India),
SSE (China), and JSE (South Africa) to determine the volatility spillovers and dynamic
connectedness among the markets. Across a broad spectrum, the GARCH (1, 1) model
is applied to record volatility clustering in series (Brooks, 2008). The return series is
calculated as

logarithmic returns Rt = ln (Pt) − ln (Pt − 1) (1)

3.1. GARCH Model

One of the most unique contributions to financial econometrics was that of Engle
(1982), who devised a stochastic approach to Autoregressive Conditional Heteroscedas-
ticity (ARCH) to measure the conditional mean and variance. Later, Bollerslev (1986)
developed an advanced ARCH model in the form of GARCH, or Generalized Autoregres-
sive Conditional Heteroscedasticity.

The GARCH models have been proven successful in analyzing the volatility of an asset.
Dynamic volatility is well known to spread across interconnected assets and markets (Soni
et al., 2023). Following the Dynamic Conditional Correlation (DCC-GARCH) framework
proposed by Engle and Sheppard (2001), the conditional covariance matrix is decomposed
into time-varying standard deviations and a dynamic correlation structure.

3.2. Time-Varying Conditional Correlation Model

The DCC-GARCH model is a very powerful econometric model for time-varying
correlation and volatility pattern modeling between multiple financial assets or markets.
Compared to static correlation models, the DCC-GARCH model allows for the more
advanced modeling of changing relationships over time, providing better insight into how
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volatility in one market affects others. This is particularly relevant in the context of the
BRICS economies, where financial markets are characterized by high volatility, frequent
structural shifts, and ongoing regulatory reforms, leading to time-varying patterns of
cross-market dependence.

The model is a non-linear combination of univariate GARCH models and is formulated
as follows.

The conditional variance–covariance matrix is decomposed as

Ht = DtRtDt (2)

where Ht is the N × N conditional covariance matrix, Dt is a diagonal matrix containing
conditional standard deviations, and Rt is the time-varying conditional correlation matrix.

The diagonal matrix of conditional standard deviations is represented as

Dt = Diag
(

h
1
2
11,t, . . . . . . , h

1
2
NN,t

)
(3)

or in matrix form as

Dt =


√

h11,t 0 . . . 0
0

√
h22,t . . . . . .

. . . . . . . . . 0
0 . . . 0

√
hNN,t

 (4)

where hii,t represents the conditional variance of asset i at time t.
Each conditional variance follows a univariate GARCH (1, 1) process

hii,t = µi + αiϵ
2
i,t−1 + βihii,t−1 (5)

where µi > 0, αi ≥ 0, and βi ≥ 0, with the stationarity condition αi + βi < 1.
The matrix Rt represents the correlation matrix of standard errors ut, and the condi-

tional correlation matrix Rt takes the form of a symmetric matrix as follows:
1 ρ12,t ρ13,t . . . ρ1n,t

ρ12,t 1 ρ23,t . . . ρ2n,t

ρ13,t ρ13,t 1 . . . . . .
. . . . . . . . . 1 ρn−1,n,t

ρ1n,t ρ2n,t . . . ρn−1,n,t 1

 (6)

Two fundamental requirements need to be met in order to create the conditional
correlation matrix Rt:

1. Since the covariance matrix Ht is positive definite, Rt also needs to be positive definite;
2. The conditional correlation matrix Rt’s members must all be less than or equal to 1.

To verify that the two conditions are satisfied in the conditional correlation matrix, it
can be split as follows:

Rt = Q∗t
−1QtQ∗t

−1 (7)

where
Qt = qitj denotes an N × N symmetric positive definite matrix stated as

Qt = (1− α− β)Q + αut−1u′t−1 + βQt−1 (8)

where
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Q = cov(utu′t) = E(utu′t) is an N × N unconditional covariance matrix.
Here, ut = ϵit√

hiit
is the standard error, where α, β are the non-negative parameter

scalars so that α + β < 1 to ensure that the covariance is positive.

Q∗−1
t = Diag

(
q

1
2
11t, . . . . . . , q

1
2
NNt

)
also guarantees that a diagonal matrix with the

square root elements of the principal diagonal matrix is Qt.
Source: (Alshenawy & Abdo, 2023).

3.3. Dynamic Connectedness Approach

The Vector Impulse Response Function (VIRF) measures how a shock or innovation in
one variable impacts another variable, which is helpful in performing Generalized Forecast
Error Variance Decomposition (GFEVD) to understand the contributions of a variable to
the forecast error of another variable. This decomposition provides the contributions of
each variable to the forecast error variance of the target variable.

To facilitate comparisons, these decompositions (shares) are then normalized to make
the results more interpretable and comparable. This ensures that the combined influences
of all variables sum to 100% for each forecast error variance decomposition, making it
easier to compare across variables (i) and periods. The calculation is conducted as follows:

ϕ̃
g
ji,t(J) =

ΣJ−1
t=1,ψ̃

2,g
i,j,t

ΣN
j=1ΣJ−1

t=1 ψ̃
2,g
i,j,t

(9)

where ΣN
j=1ϕ̃

g
i,j,t(J) = 1 and ΣN

i,j=1ϕ̃
g
i,j,t(J) = N.

ϕ̃
g
i,j,t(J) measures how much of the uncertainty (forecast error variance) in market i is

explained by shocks originating from market j, relative to the total system-wide shocks.
The total connectedness index (TCI) is calculated as

TCIg
t =

Σ(N
i,j=1,,i ̸=j

)
ϕ̃

g
ij,t(J)

N
(10)

The spillovers that variable i communicates with variables j, which are known as total
directional connected TO others, are calculated as

TO = Cg
i→j,t(J) =

Σ(N
i,j=1,,i ̸=j

)
ϕ̃

g
ji,t(J)

ΣN
j=1ϕ̃

g
ji,t(J)

(11)

Meanwhile, the spillovers that variable i receives from the variables j, which are
described as total directional connectedness FROM others, are evaluated as

FROM = Cg
i←j,t(J) =

Σ(N
j=1,,i ̸=j

)
ϕ̃

g
ij,t(J)

ΣN
i=1ϕ̃

g
ij,t(J)

(12)

The net total directional connectedness explains the impact that variable i has on the
analyzed network:

NET = Cg
i,t = Cg

i→j,t(J)− Cg
i←j,t(J) (13)

If any variable i is a net transmitter of innovation or shocks, it indicates that the NET
of variable i is positive or that the network is being driven by variable i. Conversely, if any
variable i is a net receiver of innovation or shocks, this implies that the NET of variable i is
negative and it is driven by the network. Lastly, the pairwise directional connectedness
(NET) (NPDC) between variable i and variable j is evaluated as follows:
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NPDCij(J) = ϕ̃
g
ij,t(J)− ϕ̃

g
ji,t(J) (14)

A positive value of NPDCij suggests that variable i dominates variable j, and a negative
value implies that variable i is dominated by variable j.

4. Empirical Results
The research outcomes are presented in three sections: descriptive statistics are covered

in the first section, followed by unconditional correlations in the second section; the
third section highlights the DCC-GARCH model; and, finally, the Diebold and Yilmaz
connectedness approach is applied. The central tendency metrics of the return series, such
as the mean, median, skewness, kurtosis, and standard deviation of Nifty 50, MICEX,
IBOVESPA, JSE, and SSE, are shown in Table 1.

Nifty 50, MICEX, IBOVESPA, JSE, and SSE have a kurtosis score greater than three in
all periods, indicating a leptokurtic distribution, which means that the series could have
extremely high or extremely low returns (Yadav et al., 2023). The fact that all returns do not
follow a normal distribution is supported by the Jarque–Bera test. Additionally, we verified
the ARCH effect and discovered that all of them fit the DCC-GARCH estimation. The
augmented Dickey–Fuller test, given by Dickey and Fuller (1979), confirms the stationarity
of all return series.

The log returns of Nifty 50, IBOVESPA, SSE, MICEX, and JSE are presented in Figure 1
for the pre-COVID-19, COVID-19, and post-COVID-19 (Russia–Ukraine war) periods. All
return series display clear volatility clustering, marked by alternating periods of high and
low volatility, indicating the presence of conditional heteroskedasticity. The magnitude
of volatility increases noticeably during crisis periods, reflecting the impacts of global
health and geopolitical shocks on the financial markets. These characteristics justify the
use of ARCH/GARCH-type models and provide strong motivation for the application of
multivariate volatility and connectedness frameworks to analyze spillover dynamics across
markets (S. Kumar et al., 2022).

4.1. Unconditional Correlations

Tables 2–4 present the unconditional correlations among all possible sets of pairs, such
as Nifty 50–IBOVESPA, Nifty 50–MICEX, Nifty 50–SSE, IBOVESPA–MICEX, IBOVESPA–
SSE, IBOVESPA–JSE, MICEX–SSE, MICEX–JSE, and SSE–JSE, for all three periods. The
unconditional correlation analysis reveals clear regime-dependent shifts in intermarket co-
movement among the BRICS stock indices. During the pre-COVID-19 period, correlations
across all market pairs were uniformly low, generally close to zero, indicating weak contem-
poraneous linkages and substantial diversification potential. Even India-related pairs (Nifty
50–IBOVESPA, Nifty 50–MICEX, and Nifty 50–SSE) exhibit minimal correlations, suggest-
ing that market interactions were largely segmented under normal economic conditions.
In contrast, the COVID-19 period is characterized by a pronounced surge in correlations
across most pairs, reflecting heightened market synchronization and crisis-induced conta-
gion. Notably, correlations involving Nifty 50 rise sharply with IBOVESPA (0.3075), SSE
(0.0003), and especially JSE (0.4100), while strong co-movement is also observed between
IBOVESPA and JSE (0.3832) and between SSE and JSE (0.2089). These elevated correlations
underscore the erosion of diversification benefits during the pandemic, which is consistent
with global risk aversion and synchronized sell-offs. During the war period, correlations
declined markedly relative to COVID-19, but they remain higher than pre-COVID-19 levels
for several pairs, particularly those involving Nifty 50 and JSE. However, correlations
involving MICEX become negative with multiple markets, reflecting market segmentation,
sanction effects, and structural disruptions in the Russian market.
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Table 1. Descriptive statistics.

IBOVESPA, MICEX, Nifty 50, SSE, and JSE Estimates for Pre-COVID-19 Period, 1 January 2010 to 10 March 2020

Mean Median Maximum Minimum Std. Dev. Skewness Kurtosis Jarque–Bera p-Value

Augmented
Dickey–

Fuller Test
(p-Value)

ARCH Test
(p Value)

Total
Observations

IBOVESPA −0.000285 0.000234 0.095258 −0.162461 0.020802 −0.368064 6.729265 1515.973 0.0000 0.0000 0.0000 * 2518

MICEX −0.000144 0.000194 0.107406 −0.148027 0.017778 −0.772922 10.23278 5825.839 0.0000 0.0000 0.0000 * 2520

Nifty 50 8.70 × 10−5 0.000674 0.061706 −0.072726 0.012498 −0.180067 5.929716 916.6731 0.0000 0.0000 0.0000 * 2520

SSE −0.000161 0.000424 0.058496 −0.124765 0.014360 −1.213373 10.72262 6978.732 0.0000 0.0000 0.0000 * 2520

JSE −7.92 × 10−5 0.000218 0.064311 −0.090898 0.015141 −0.370839 4.944200 458.9803 0.0000 0.0000 0.0000 * 2520

IBOVESPA, MICEX, Nifty 50, SSE, and JSE Estimates for COVID-19 Period, 11 March 2020 to 23 February 2022

IBOVESPA 0.000481 0.001513 0.116340 −0.178760 0.027736 −0.889913 9.643314 957.8533 0.0000 0.0000 0.0000 * 487

MICEX 0.000197 0.001549 0.056293 −0.147281 0.018097 −1.804329 14.30626 2664.487 0.0000 0.0000 0.0000 * 455

Nifty 50 0.000979 0.001707 0.092116 −0.151245 0.017369 −1.875149 20.17227 6269.145 0.0000 0.0000 0.0000 * 488

SSE 0.000547 0.000667 0.062601 −0.045970 0.010917 0.064255 6.056998 184.8946 0.0000 0.0000 0.0000 * 475

JSE 0.001008 0.002002 0.091304 −0.121891 0.020014 −0.957101 10.49372 1221.325 0.0000 0.0000 0.0000 * 491

IBOVESPA, MICEX, Nifty 50, SSE, and JSE Estimates for Post-COVID-19 Period, 24 February 2022 to 31 March 2024

IBOVESPA 0.000307 0.000687 0.100850 −0.065478 0.019353 −0.094811 4.537501 51.99711 0.0000 0.0000 0.0000 * 521

MICEX 0.000756 0.000217 0.184420 −0.124622 0.024389 0.502065 12.49757 1938.256 0.0000 0.0000 0.0000 * 524

Nifty 50 0.000425 0.000811 0.032116 −0.030980 0.008969 0.009934 3.943828 19.23520 0.0000 0.0000 0.0000 * 511

SSE −0.000495 −0.000691 0.040269 −0.061485 0.0111104 −0.262061 5.820056 174.4899 0.0000 0.0000 0.0000 * 519

JSE −0.000446 −0.000648 0.076543 −0.047457 0.016949 0.238637 4.095156 30.92175 0.0000 0.0000 0.0000 * 510

Source: Authors’ own analysis; LR indicates log return, * indicates significance at 1%.
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Figure 1. Plots of IBOVESPA, MICEX, Nifty 50, JSE, and SSE return series in pre-COVID-19, COVID-19, and post-COVID-19 (war) periods. Source: Figure created by
authors from compiled data using E-Views 9.5 software.
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Table 2. Unconditional correlations among IBOVESPA, MICEX, Nifty 50, SSE, and JSE in pre-COVID-
19 period.

IBOVESPA MICEX SSE Nifty 50 JSE

IBOVESPA 1.000000 0.032694 0.007887 0.018306 0.007876

MICEX 0.032694 1.000000 0.012340 0.035785 0.007887

SSE 0.007887 0.012340 1.000000 0.027742 −0.000486

Nifty 50 0.018306 0.035785 0.027742 1.000000 0.088593

JSE 0.007876 0.007887 −0.000486 0.088593 1.000000
Source: Authors’ own analysis.

Table 3. Unconditional correlations among IBOVESPA, MICEX, Nifty 50, SSE, and JSE during
COVID-19 period.

IBOVESPA MICEX SSE Nifty 50 JSE

IBOVESPA 1.000000 −0.026220 0.163004 0.307542 0.383152

MICEX −0.026220 1.000000 −0.015467 −0.050582 0.040197

SSE 0.163004 −0.015467 1.000000 0.000339 0.208886

Nifty 50 0.307542 −0.050582 0.000339 1.000000 0.409999

JSE 0.383152 0.040197 0.208886 0.409999 1.000000
Source: Authors’ own analysis.

Table 4. Unconditional correlations among IBOVESPA, MICEX, Nifty 50, SSE, and JSE in war period.

IBOVESPA MICEX SSE Nifty 50 JSE

IBOVESPA 1.000000 0.031223 0.021753 0.095667 0.078178

MICEX 0.031223 1.000000 −0.073964 −0.073964 −0.055418

SSE 0.021753 −0.073964 1.000000 0.000107 0.0182914

Nifty 50 0.095667 −0.073964 0.000107 1.000000 0.152627

JSE 0.078178 −0.055418 0.0182914 0.152627 1.000000
Source: Authors’ own analysis.

4.2. DCC-GARCH Model

This study employs a bivariate DCC-GARCH framework to examine the evolution of
volatility spillovers and dynamic correlations among the founding BRICS stock markets
across three distinct sub-periods: (i) pre-COVID-19, (ii) the COVID-19 crisis, and (iii) the
Russia–Ukraine war and sanction period. The DCC-GARCH model is significant because it
reveals volatility dynamics and time-varying correlations between two financial series. The
α1, β1, α2, β2, values in Tables 5–7 show that the prior variance and previous residuals in
the short run anticipate the current volatility. θ1 and θ2 are generally known as the DCC
alpha and beta coefficients, respectively. θ1 and θ2 are used to verify whether volatility
spillovers exist in the long run.

4.3. Volatility Spillovers (ARCH Effects: α1 and α2)
4.3.1. Pre-COVID-19 Period (1 January 2010 to 31 March 2020)

The estimated ARCH coefficients (α1 and α2) are predominantly positive and statis-
tically significant across most BRICS market pairs, indicating the presence of short-run
volatility spillovers under normal conditions. However, the magnitude of these coefficients
remains relatively moderate (generally in the range of 0.06–0.09), suggesting that shocks
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were transmitted across markets in a controlled manner rather than through abrupt conta-
gions. Some pairs (e.g., SSE–JSE) do not display any statistically significant ARCH effects,
suggesting fewer immediate shock transmissions and, therefore, greater segmentation
between China and South Africa during this time frame. Thus, this supports the notion
that interdependence among the BRICS markets prior to COVID-19 was primarily due to
gradual financial integration rather than spillover effects resulting from crises.

Table 5. Bivariate DCC-GARCH estimates among Nifty 50, IBOVESPA, MICEX, SSE, and JSE in
pre-COVID-19 period (2010–2019).

α1 β1 α2 β2 θ1 θ2 Log-Likelihood Observations

Nifty 50–IBOVESPA 0.080152
(0.00000) *

0.898767
(0.00000) *

0.97468
(0.074636) *

0.867701
(0.00000) *

0.014898
(0.280652)

0.811189
(0.00000) * 13,964.74 2518

Nifty 50–MICEX 0.080152
(0.00000) *

0.898767
(0.00000) *

0.68654
(0.00000) *

0.919178
(0.0000) *

0.004161
(0.640375)

0.877198
(0.00000) * 14,525.46 2518

Nifty 50–SSE 0.080152
(0.00000) *

0.898767
(0.00000) *

0.062114
(0.847207)

0.934312
(0.003346) *

0.00000
(0.99812)

0.913369
(0.00000) * 15,161.23 2518

Nifty 50–JSE 0.0880651
(0.000000)

0.898287
(0.00000)

0.50707
(0.022985) **

0.934651
(0.00000) *

0.016814
(0.033024) **

0.953918
(0.00000) 14,792.07 2516

IBOVESPA–MICEX
0.97468

(0.074816)
***

0.867701
(0.0000) *

0.068654
(0.00000) *

0.919178
(0.00000) *

0.00000
(0.999853)

0.925018
(0.04521) ** 13,182.31 2518

IBOVESPA–SSE 0.097468
(0.0000) *

0.867701
(0.0000) *

0.062114
(0.847209)

0.934312
(0.003346) *

0.00000
(0.999160)

0.919128
(0.0000) * 13,818.81 2518

IBOVESPA–JSE 0.098100
(0.016848) **

0.866689
(0.0000) *

0.050707
(0.22922)

0.934651
(0.00000) *

0.0000
(0.999994)

0.952278
(0.00510) * 13,435.16 2516

MICEX–SSE 0.079127
(0.00000) *

0.909380
(0.0000) *

0.072343
(0.749116)

0.926633
(0.0000) *

0.087343
(0.00000) *

0.912596
(0.00000) * 145,631.41 2518

MICEX–JSE 0.069346
(0.0000) *

0.917613
(0.0000) *

0.059081
(0.0000) *

0.925196
(0.0000) *

0.005422
(0.036757)

0.990220
(0.00000) * 14,123.89 2544

SSE–JSE 0.062796
(0.687020)

0.934376
(0.0000) *

0.059081
(0.220218)

0.925196
(0.0000) *

0.011827
(0.495953)

0.614412*
(0.00000) 14,755.07 2544

Source: Authors’ own analysis. The following are the model fitting criteria: (1) to be significant; (2) θ2 and θ1, β2,
β1, α2, α1 to be positive values; (3) α2 + β2 ≤ = 1, while α1 + β1 ≤ = 1; (4) θ2 + θ1 ≤ or = 1. *, **, and *** denote
significance at 1%, 5%, and 10%, respectively.

Table 6. Bivariate DCC-GARCH estimates among Nifty 50, IBOVESPA, MICEX, SSE, and JSE during
COVID-19 crisis (2020–2021).

α1 β1 α2 β2 θ1 θ2 Log-Likelihood Observations

Nifty 50–IBOVESPA 0.081144
(0.00000) *

0.880121
(0.00000) *

0.071789
(0.035334) **

0.879424
(0.0000) *

0.054708
(0.117374)

0.739322
(0.00000) ** 2549.72 486

Nifty 50–MICEX 0.077969
(0.00000) *

0.883427
(0.00000) *

0.075852
(0.27058)

0.923148
(0.0000) *

0.006063
(0.52721)

0.972834
(0.00000) * 2572.12 454

Nifty 50–SSE 0.077864
(0.00000) *

0.882691
(0.00000) *

0.121230
(0.00000) *

0.787293
(0.00000) *

0.030967
(0.417086)

0.931907
(0.00000) * 2887.22 474

Nifty 50–JSE 0.080804
(0.00000) *

0.880047
(0.00000) *

0.096084
(0.07255) **

0.789052
(0.00000) *

0.013763
(0.093322) ***

0.980305
(0.0000) * 2732.42 487

IBOVESPA–MICEX 0.073164
(0.081156) **

0.868392
(0.0000) *

0.075852
(0.269556)

0.923148
(0.0000) *

0.002714
(0.829698)

0.873880
(0.0000) * 2280 454

IBOVESPA–SSE
0.070449

(0.064905)
***

0.875257
(0.00000) *

0.121230
(0.9755)

0.787293
(0.0000) *

0.030701
(0.9999)

0.874131
(0.0000) * 2593.19 474

IBOVESPA–JSE 0.071789
(0.040990) **

0.879424
(0.0000) *

0.095612
(0.073661) **

0.789512
(0.0000) *

0.044139
(0.20836)

0.889757
(0.0000) * 2424.62 486

MICEX–SSE 0.075852
(0.26964)

0.923148
(0.0000) *

0.120519
(0.00000)

0.800366
(0.00000) *

0.008994
(0.71823)

0.840103
(0.00000) * 2678.80 454

MICEX–JSE 0.75852
(0.269496)

0.923148
(0.00000) *

0.093297
(0.118758)

0.80807
(0.00000) *

0.00000
(0.999971)

0.930277
(0.001188) * 2443.79 454

SSE–JSE 0.121230
(0.0000) *

0.787293
(0.0000) *

0.090295
(0.078444) **

0.802778
(0.0000) *

0.034694
(0.53111)

0.850327
(0.0000) * 2746.71 474

Source: Authors’ own analysis. The following are the model fitting criteria: (1) to be significant; (2) θ2 and θ1, β2,
β1, α2, α1 to be positive values; (3) α2 + β2 ≤ = 1, while α1 + β1 ≤ = 1; (4) θ2 + θ1 ≤ or = 1. *, ** and *** denote
significance at 1%, 5%, and 10%, respectively.
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Table 7. Bivariate DCC-GARCH estimates among Nifty 50, IBOVESPA, MICEX, SSE, and JSE for
Russia–Ukraine war and sanction period (2022–2025).

α1 β1 α2 β2 θ1 θ2 Log-Likelihood Observations

Nifty 50–IBOVESPA 0.044786
(0.010030) *

0.942881
(0.00000) *

0.024357
(0.0000) *

0.974084
(0.0000) *

0.00000
(0.999180)

0.975796
(0.000817) * 3074.63 518

Nifty 50–MICEX 0.045175
(0.016085) *

0.942394
(0.00000) *

0.021941
(0.00000) *

0.970669
(0.0000) *

0.00000
(0.994732)

0.928572
(0.00000) * 2984.29 510

Nifty 50–SSE 0.045322
(0.010478) *

0.942527
(0.00000) *

0.074212
(0.00000) *

0.883048
(0.00000) *

0.025063
(0.538379)

0.778892
(0.00000) * 3298.22 509

Nifty 50–JSE 0.045254
(0.011022) **

0.942533
(0.0000) *

0.006163
(0.0000) *

0.991185
(0.0000) *

0.010337
(0.156783)

0.981031
(0.0000) * 3105.224 515

IBOVESPA–MICEX 0.024382
(0.0000) *

0.974095
(0.0000) *

0.021941
(0.000023) *

0.970669
(0.0000) *

0.057743
(0.004801) *

0.858441
(0.0000) * 2581.13 510

IBOVESPA–SSE 0.024285
(0.0000) *

0.974197
(0.0000) *

0.074212
(0.00000) *

0.883048
(0.0000) *

0.004719
(0.841430)

0.81149
(0.0000) * 2892.74 509

IBOVESPA–JSE 0.024816
(0.0000) *

0.973568
(0.0000) *

0.006042
(0.0000) *

0.991473
(0.0000) *

0.087716
(0.057132) **

0.219244
(0.341920) 2709.02 517

MICEX–SSE 0.021872
(0.00000) *

0.970644
(0.0000) *

0.074212
(0.00000) *

0.883048
(0.0000) *

0.0000
(0.998199)

0.929027
(0.0000) * 2857.81 509

MICEX–JSE 0.21890
(0.00000) *

0.970695
(0.0000) *

0.006480
(0.0000) *

0.990829
(0.0000) *

0.0000
(0.99650)

0.905176
(0.0000) * 2609.32 507

SSE–JSE 0.076025
(0.0000) *

0.881187
(0.0000) *

0.006210
(0.000000) *

0.991107
(0.0000) *

0.52776
(0.121979)

0.422726
(0.252092) 2930.27 507

Source: Authors’ own analysis. The following are the model fitting criteria: (1) to be significant; (2) θ2 and θ1, β2,
β1, α2, α1 to be positive values; (3) α2 + β2 ≤ = 1, while α1 + β1 ≤ = 1; (4) θ2 + θ1 ≤ or = 1. *,** and *** denote
significance at 1%, 5%, and 10%, respectively.

4.3.2. COVID-19 Crisis Period (11 March 2020 to 23 February 2022)

The ARCH coefficients increased significantly in both magnitude and statistical signif-
icance for multiple pairs of markets (e.g., Nifty 50–SSE, Nifty 50–JSE, and SSE–JSE) during
the pandemic, suggesting an increase in sensitivity to new information and an increase in
the rate at which shocks could be transmitted across markets globally, consistent with global
financial contagion. The increase in the ARCH effect magnitudes reflects panic-driven
volatility, liquidity stress, and synchronous market selling, experienced by all markets
worldwide during COVID-19. These results are also supported by previous empirical
research on how major global crises tend to increase cross-border volatility spillovers,
specifically among emerging markets.

4.3.3. Post-COVID-19/Russia–Ukraine War Period (24 February 2022 to 31 March 2024)

For the post-pandemic time frame, the ARCH effects decreased for most of the India-
based pairings (Nifty 50–IBOVESPA, Nifty 50–MICEX, Nifty 50–SSE), indicating that India
has become significantly less susceptible to immediate shock transmission. However, the
post-pandemic time frame continues to demonstrate significant shock spillovers for several
pairings—IBOVESPA–MICEX, MICEX–JSE, and SSE–JSE—indicating that the primary
driver of volatility transmission during this time frame was geopolitical, as opposed to
being related to the pandemic. Therefore, the transition indicates that global uncertainty
regarding war, sanctions, and energy markets has been the primary driver of volatility
dynamics within BRICS.

4.3.4. Volatility Persistence (GARCH Effects: β1 and β2)

As expected, across all three time frames, the GARCH coefficients (β1 and β2) were
very large, positive, and statistically significant, confirming the presence of volatility
clustering among the BRICS stock markets. The difference in the evolution of the β values
across time frames provides important structural insights. During the pre-pandemic time
frame, the β values were generally very close to 0.90 (i.e., 0.86–0.93), which represents a
persistent but relatively stable volatility level.
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In the COVID-19 period, although volatility surged dramatically, persistence marginally
declined for some pairs (e.g., Nifty 50–IBOVESPA), suggesting slightly faster mean reversion
once the panic subsided.

In contrast, during the Russia–Ukraine war period, the β coefficients increased substan-
tially for several pairs, especially Nifty 50–IBOVESPA, Nifty 50–MICEX, and IBOVESPA–
MICEX, where the values exceeded 0.94. This suggests that post-pandemic volatility was
not only high but also more prolonged, reflecting sustained geopolitical uncertainty, rather
than short-lived crisis shocks. Overall, these results indicate that volatility in the BRICS
markets became more persistent during the war than during COVID-19.

4.3.5. Dynamic Conditional Correlations (DCC α: θ1—Shock Effect)

In all periods, the DCC shock parameter (θ1) is mostly statistically insignificant across
market pairs, implying that short-term shocks did not cause abrupt changes in correlations.
This suggests that the BRICS markets were integrated but not contagion-prone under
normal economic conditions.

4.3.6. Correlation Persistence (DCC β: θ2—Long-Run Co-Movement)

The DCC persistence parameter (θ2) is high and statistically significant across nearly
all market pairs in the pre-COVID-19 period, mostly ranging between 0.81 and 0.99. This
confirms strong long-run financial integration among the BRICS stock markets, limiting
the diversification benefits in the long term.

During COVID-19, θ2 remained significant but slightly declined for some pairs, in-
dicating more unstable correlations amid crisis conditions. This suggests that, while the
markets remained interconnected, the strength of their co-movement fluctuated because of
heightened uncertainty.

In the post-COVID-19 war period, θ2 increased again for most pairs, particularly Nifty
50–IBOVESPA (~0.97), Nifty–MICEX (~0.93), and MICEX–SSE (~0.93), indicating renewed
structural interdependence driven by geopolitical risks rather than by pandemic risks.
However, weaker persistence is observed for IBOVESPA–JSE and SSE–JSE, suggesting
potential diversification opportunities within BRICS.

4.4. Network Connectedness

The Diebold and Yilmaz (2012) connectedness framework is utilized to identify the
interconnectedness among IBOVESPA, MICEX, Nifty 50, SSE, and JSE. This is one of the
most popular methods used to study connectedness (Sawarn & Dash, 2023; Gökgöz et al.,
2026; Syed, 2025). Tables 8–10 exhibit the sources of shocks, i.e., where volatility begins,
and the application of shocks indicates where volatility is transmitted. The size of each
node indicates the relative importance of the given market as a receiver or transmitter of
shocks in the network (refer to Figure 2). The yellow color indicates receivers of shocks and
the blue color indicates transmitters of shocks.

The Diebold–Yilmaz connectedness networks provide strong visual and quantitative
confirmation of the regime-dependent volatility dynamics identified through the DCC-
GARCH framework. In the pre-COVID-19 period, IBOVESPA, MICEX, and SSE emerge
as net transmitters of volatility, as indicated by their blue coloration and relatively larger
node sizes, while Nifty 50 and JSE act as net receivers. This structure is consistent with the
DCC-GARCH results, showing moderate but statistically significant ARCH effects and high
GARCH persistence, alongside largely insignificant DCC shock parameters. Together, these
findings suggest that pre-pandemic spillovers were driven by gradual financial integration
rather than abrupt contagion, allowing India and South Africa to retain their diversification
benefits by absorbing, rather than exporting, volatility.
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During the COVID-19 crisis, the connectedness structure shifts dramatically, rein-
forcing the crisis-driven patterns observed in the DCC-GARCH estimates. SSE and JSE
become the dominant transmitters of shocks, reflected by their blue nodes and expanded
sizes, while IBOVESPA, MICEX, and Nifty 50 turn into net receivers. This role reversal
mirrors the DCC-GARCH evidence of heightened ARCH effects and statistically significant
DCC shock parameters, indicating rapid correlation adjustments and systemic contagion.
The thick directional links from SSE and JSE to other markets visually corroborate the
collapse of diversification benefits implied by sharply rising dynamic correlations during
the pandemic.

Table 8. Net receivers and transmitters, pre-COVID-19 period.

IBOVESPA MICEX SSE Nifty 50 JSE Received

IBOVESPA 95.28 1.31 1.45 1.06 0.89 4.72

MICEX 1.23 95.19 1.03 0.71 1.84 4.81

SSE 1.18 1.17 95.60 1.24 0.81 4.40

Nifty 50 2.54 1.28 1.11 92.48 2.59 7.52

JSE 3.63 3.31 1.01 3.27 88.78 11.22

Transmitted 8.57 7.08 4.61 6.28 6.13 32.67

NET 3.85 2.27 0.21 −1.24 −5.10 8.17/6.53

NPT 2.00 4.00 2.00 2.00 0.00
NPT: Number of pairwise connections. Source: Authors’ own analysis using R 4.4.2 software.

Table 9. Net receivers and transmitters during COVID-19 period.

IBOVESPA MICEX Nifty 50 SSE JSE Received

IBOVESPA 77.47 1.87 7.08 3.93 9.65 22.53

MICEX 1.53 92.02 1.42 3.80 1.23 7.98

Nifty 50 7.64 1.61 79.42 3.75 7.57 20.58

SSE 3.46 1.38 2.68 85.39 7.08 14.61

JSE 8.67 1.07 7.55 6.64 76.07 23.93

Transmitted 21.30 5.94 18.73 18.12 25.54 89.63

NET −1.23 −2.04 3.50 −1.85 1.61 22.41/17.93

NPT 1.00 2.00 3.00 0.00 4.00
NPT: Number of pairwise connections. Source: Authors’ own analysis using R 4.4.2 software.

Table 10. Net receivers and transmitters, post-COVID-19 period.

IBOVESPA JSE MICEX Nifty 50 SSE Received

IBOVESPA 83.34 8.74 2.70 4.49 0.72 16.66

JSE 1.93 84.96 2.71 8.14 2.25 15.04

MICEX 4.35 2.78 82.59 7.73 2.55 17.41

Nifty 50 2.38 6.42 4.36 85.49 1.35 14.51

SSE 1.28 6.61 2.50 3.07 86.54 13.46

Transmitted 9.94 24.55 12.28 23.42 6.88 77.07

NET −6.72 9.51 −5.13 8.92 −6.57 19.27/15.41

NPT 2.00 3.00 0.00 4.00 1.00
NPT: Number of pairwise connections. Source: Authors’ own analysis using R 4.4.2 software.
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Figure 2. Pairwise network connectedness among IBOVESPA, MICEX, Nifty 50, SSE, and JSE.

https://doi.org/10.3390/economies14020041

https://doi.org/10.3390/economies14020041


Economies 2026, 14, 41 18 of 21

In the post-COVID-19 Russia–Ukraine war period, the network becomes more asym-
metric and selective. JSE and Nifty 50 reappear as net transmitters, while MICEX and SSE
are primarily receivers. This configuration aligns closely with the DCC-GARCH results,
showing declining short-run shock transmission for India-related pairs but exceptionally
high GARCH persistence, indicating prolonged volatility driven by geopolitical uncertainty
rather than panic. Sanctions, capital controls, and reduced market integration plausibly
explain Russia’s diminished outward spillovers, while South Africa’s commodity exposure
elevates its systemic role.

Overall, the connectedness analysis complements the DCC-GARCH findings by re-
vealing not only the magnitude and persistence of spillovers but also their direction and
transmission channels, underscoring that BRICS market interdependence evolves sharply
across crisis regimes.

5. Conclusions
This study investigates the volatility spillovers and dynamic connectedness among

the founding BRICS stock markets, IBOVESPA, MICEX, Nifty 50, SSE, and JSE, using a
bivariate DCC-GARCH framework across three distinct regimes: pre-COVID-19 (1 January
2010 to 10 March 2020), the COVID-19 crisis (11 March 2020 to 23 February 2022), and the
Russia–Ukraine war or post-COVID-19 period (24 February 2022 to 31 March 2024). The
empirical results reveal that the nature, intensity, and channels of interdependence among
the BRICS markets are highly regime-dependent and shaped by the prevailing global risk
environment.

During the pre-COVID-19 period, volatility spillovers were present but moderate, as
reflected in the statistically significant yet relatively small ARCH coefficients.

The results also suggest that, instead of being shocked suddenly as part of an event-
related contagion (such as in a crisis), the shocks were transferred over time; therefore, the
results are indicative of gradual structural financial integration, as opposed to crisis-induced
interdependence. All GARCH coefficient estimates are significantly positive and at a high
level, supporting the view that volatility in the BRICS markets is persistent. Furthermore,
the DCC shock parameter (Theta 1) is largely insignificant for all pairs examined, while the
persistence parameter (Theta 2), which captures how much volatility will continue to be
transmitted from one period to another, is highly significant for all pairs, further supporting
the notion that, prior to COVID-19, the co-movement among BRICS equity returns was due
to long-term integration as opposed to short-term contagion.

In stark contrast, the COVID-19 crisis represented a clear structural shift. In this regard,
the ARCH terms increased significantly for many of the market pairs, including Nifty
50–SSE, Nifty 50–JSE, and SSE–JSE, representing greater sensitivity to new information and
quicker cross-border transmission of shocks. Furthermore, the DCC shock parameter (Theta
1) is significantly different from zero for several pairs, providing very strong evidence of
crisis-induced contagion, which is consistent with the widespread panic, liquidity shortages,
and concurrent market declines experienced globally during the pandemic. While volatility
persistence continued to be high, it decreased for some pairs, suggesting a faster return to
the mean after extreme levels of market stress were dissipated.

In the post-COVID-19 Russia–Ukraine war environment, the volatility dynamics were
once again altered. For most India-related pairs, the ARCH effects decreased, indicating
that India had become less sensitive to immediate shock transmission. However, significant
spillovers continued to occur among IBOVESPA–MICEX, MICEX–JSE, and SSE–JSE, indi-
cating that volatility transmission was driven primarily by geopolitical risks, sanctions, and
energy market uncertainty and not by the panic associated with the pandemic. The GARCH
coefficients increased again, often above 0.97 for key pairs, indicating greater volatility
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persistence than observed during the COVID-19 period. Additionally, the DCC shock
parameter continued to be significant only for the IBOVESPA–MICEX and IBOVESPA–JSE
pairs, indicating stronger bilateral relationships between Brazil and Russia.

Overall, correlation persistence (Theta 2) remained high for most pairs, confirming
sustained long-run interdependence among the BRICS markets, albeit with selective diver-
sification potential in certain pairings, such as IBOVESPA–JSE and SSE–JSE.

Taken together, these findings demonstrate that BRICS’ financial integration is not
static but evolves during global crises. While pre-COVID-19 linkages were characterized
by stable integration, COVID-19 amplified contagion, and the post-pandemic war period
introduced geopolitically driven spillovers with prolonged volatility. These results under-
score the necessity of dynamic modeling approaches, such as DCC-GARCH, to understand
evolving market interdependence in an increasingly uncertain global environment.

Across the three sub-periods, the volatility spillover network exhibits clear structural
shifts. In the pre-COVID-19 period, IBOVESPA, MICEX, and SSE emerge as net transmitters
of volatility, whereas Nifty 50 and JSE function primarily as net receivers. During the
COVID-19 crisis period, the pattern changes markedly, with SSE and JSE becoming the
dominant transmitters of shocks, while IBOVESPA, MICEX, and Nifty 50 turn into net
receivers. In the post-COVID-19 Russia–Ukraine war period, the network becomes more
asymmetric and selective, with JSE and Nifty 50 reappearing as net transmitters of volatility,
whereas MICEX and SSE are predominantly positioned as net receivers.

From an investment perspective, this study provides critical information to those who
invest in emerging market indices, including portfolio managers, institutional investors,
multinationals, and financial regulators working within or outside the BRICS countries.

However, the study focuses exclusively on equity market indices and does not incor-
porate other channels of transmission, such as exchange rates, commodity prices, interest
rates, or cross-border capital flows, which may jointly influence volatility dynamics in
BRICS economies. Including these variables could provide a more comprehensive view of
the underlying economic mechanisms driving spillovers.

6. Managerial Implications
From a diversification perspective, the high and persistent dynamic correlations iden-

tified in the study across most BRICS pairs (especially in both the pre-COVID-19 and
COVID-19 periods) suggest that diversified portfolios will likely be limited to those expo-
sures based solely within BRICS. Therefore, investors looking for risk reductions would do
well to add diversified exposures to their portfolios, either by including developed market
securities or by incorporating alternative investment vehicles such as commodities, gold, or
digital assets. However, even under normal circumstances, investors can selectively diver-
sify their portfolios, especially between China and South Africa, which have demonstrated
less correlated movements than all other BRICS pairs.

The extreme contagion effects identified in this study as a result of the COVID-19 crisis
demonstrate the importance of developing crisis-sensitive risk management techniques.

Finally, from a policy and regulatory standpoint, this study emphasizes the necessity
of BRICS countries to developing enhanced cross-border financial regulatory frameworks.

Therefore, investors and policymakers must utilize dynamic and forward-thinking
approaches rather than relying on historical correlation data, as market interdependencies
evolve in response to changing global economic and geopolitical factors.
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