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Quantile connectedness amongst BRICS equity 
markets during the COVID-19 pandemic and 
Russia–Ukraine war
Izunna Anyikwa1 and Andrew Phiri1*

Abstract:  Our study uses the quantile vector autoregressive (QVAR) network 
approach to compare the median-based and tail connectedness in BRICS equity 
markets using daily time series spanning from 3rd March 2020 to 9th September 
2022. The study is conducted on both returns and volatility series, and the findings 
from our static and dynamic analysis can be summarized as follows. From the static 
perspective, we observe stronger connectedness and spillover effects on the left 
and right (right only) tails for returns (volatility) series. For the returns series, China 
and South Africa (Brazil, Russia and India) are net receivers (transmitters) of shocks 
at the left tail and median quantiles whilst China and Russia (Brazil, India and South 
Africa) are net receivers (transmitters) at the right-tail, whereas for the volatility 
series China and India (Brazil, Russia and South Africa) are the net receivers 
(transmitters) at both quantile tails, whilst Brazil (Russia, India, China and South 
Africa) is (are) the net receiver(s) (transmitters) at the median. From a dynamic 
perspective, time-varying total connectedness is higher at the median (tail-end) 
quantile(s) during the COVID-19 pandemic (Russia–Ukraine war). Moreover, the 
time-varying market-specific analysis distinguishes which individual equities are 
most or least vulnerable to systemic tail-risk transmission effects during the COVID- 
19 pandemic and more recent Russia–Ukraine. Ultimately, these findings are rele
vant for investors in their search for better hedging opportunities in equity markets 
as well as for market regulators who can use systematic risk as an early warning 
signal for contagion and market crash.

Subjects: Econometrics; Finance 

Keywords: BRICS; stock market; tail-risk connectedness; QVAR model; COVID-19;  
Russia–Ukraine war

1. Introduction
Understanding tail connectedness amongst financial assets during Black Swan events, such as the 
COVID-19 pandemic and Russia–Ukraine conflict’, is important for investors and policymakers in 
measuring and evaluating systemic market risk. This is because these black swan episodes are 
“extreme” and “rare” events which cause much panic and turmoil in financial markets and the 
return/risks associated with financial assets during these periods is often concentrated at the tails 
or extreme ends of their probability distributions. For instance, global equity markets have widely 
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fluctuated to extreme values since the start of the pandemic, reaching lows during the initial 
declaration of the virus as a pandemic in March 2020 (Zhang et al., 2020), to reaching record highs 
subsequent to the announcement of the Omicron variant in November 2021 (Ozkan, 2021), to 
sharply declining stock prices experienced during the more recent Russia–Ukraine (Vo et al., 2022).

Nonetheless, most studies which have investigated connectedness in equity markets during 
these recent black swan events have relied on “mean-based” estimation techniques which ignore 
tail-risk connectedness existing at the tail-end distribution of the data (Amar et al., 2021; Bossman 
et al., 2022; Costa et al., 2022; Lui et al., 2022; Naeem et al., 2022; Rehman et al., 2022; Yu et al.,  
2021). Interestingly, some recent studies have found significant tail-risk behavior in cryptocurrency 
markets (Bouri et al., 2021; Urom et al., 2022), the oil-stock nexus (Liu et al., 2021), commodities 
markets (Jena et al., 2022; Mensi et al., 2021; Shahzad et al., 2019) during the COVID-19 pandemic 
but no empirical research, to the best of our knowledge, has focused on tail-risk connectedness in 
equity markets during the more recent Russia–Ukraine conflict.

Notably, the “origins” of the most recent “black swan” events have emerged from within the 
BRICS countries, with the COVID-19 virus being firstly detected in Wuhan, China, and the Russia– 
Ukraine conflict being triggered by the invasion of Russia into Ukraine. Moreover, the first cases of 
the Beta, Gamma, Delta and Omicron variants of the COVID virus were documented in South Africa 
(May 2020), Brazil (November 2020), India (October 2020) and South Africa (November 2021), 
respectively (Vo et al., 2022). The recent war-induced geopolitical tensions between the G7 
countries and Russia have created opportunity to strengthen (and possibly expand) the BRICS 
alliance through increased business, trade and financial ties (Boubaker et al., 2022). For instance, 
the divestment of multinational companies from Russia, who have either withdrawn or suspended 
their operations in the country, has created an opportunity for Chinese companies to “fill the 
investment void” in Russia whilst India and China have increased their energy dependence on 
Russia and currently account for over half of the country’s oil exports (Glambosky & Peterburgsky,  
2022). Another major development occurred at the most recent 14th BRICS summit, with the 
introduction of a new currency reserve as an attempt to reduce the unipolar dominance of the 
dollar (Koyuncu, 2022). The cumulation of these recent events makes the BRICS countries an 
interesting case study for investigating tail risk connectedness amongst equity markets as these 
nations are not only epicenters of the recent black swan events but continue to strengthen their 
economic and financial ties amidst the increasing geopolitical tensions and global uncertainty.

Our study investigates the tail risk connectedness amongst BRICS stock markets across the 
COVID-19 pandemic and Russia–Ukraine war using the quantile connectedness approach of Ando 
et al. (2022). This method applies the quantile vector autoregressive (QVAR) model to estimate the 
median and tail-ended spillovers within the Diebold and Yilmaz (2009, 2012) connectedness 
framework. In following recent literature (Ando et al., 2022; Bouri et al., 2021; Jena et al., 2022; 
Liu et al., 2021; Mensi et al., 2021; Shahzad et al., 2019, Urom et al., 2020), we define the upper 
(95th), middle (50th) and lower (5th) quantiles of the QVAR regression as being analogous to 
measuring stock market spillover effects during bull, normal and bear markets, respectively. This, 
in turn, allows us to identify the individual net transmitters and net receivers of systemic shocks as 
well as to detect the system-wide connectedness and contagion build-up effects at different states 
of the market.

Our proposed methodological approach differs from the estimation techniques used in most 
previous BRICS-related studies such as the generalized autoregressive conditional heteroscedasti
city (GARCH)-type model (Bhar & Nikolova, 2009; Bonga-Bonga, 2017, 2018; Malik et al., 2022; 
Panda & Thiripalraju, 2018), time varying parameter vector autoregressive (TVY-VAR) models 
(Chen, 2022; Shi, 2021), wavelet clustering and artificial neural network forecasting (Mati et al.,  
2022) and cointegration tests (Siddiqui et al., 2022) which all ignore tail-end connectedness in their 
empirical design. Moreover, with the exception of Shi (2021) and Yu et al. (2021), previous studies 
use data corresponding to periods prior to the COVID-19 pandemic and thus neglect the impact 
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which more recent black sawn events have had on BRICS equity market spillovers. Our study is also 
motivated by the mixed empirical evidence obtained in these previous BRICS-related literatures, 
and for reference sake we summarize the findings of these previous studies in Table A1 in the 
Appendix.

Our study adds new knowledge to the literature by examining the connectedness of BRICS 
equities across different states of the markets during the COVID-19 pandemic and Russia– 
Ukraine war. Our findings will help identify the net transmitters and receivers of shocks at 
systemic-wide and country-specific levels amongst the BRICS countries across bears markets, 
bull markets and normal periods and further inform if contagion effects amongst BRICS equities 
differ across different states of the market. Policymakers would be interested in our findings as 
they can be used to assess whether the strengthening of geopolitical ties during the “new normal” 
could be of mutual benefit to all BRICS countries through risk-sharing (Bonga-Bonga, 2018). Our 
findings would also be useful to market regulators as they can serve as “early warning system” in 
evaluating global market risk (An et al., 2022). Finally, investors and fund managers may benefit 
from our findings in their quest to improve their portfolio selection and risk management 
strategies.

The remainder of the study is structured as follows. Section 2 presents the literature review. 
Section 3 outlines the study’s methodology. Section 4 presents the data whilst section 5 presents 
the empirical results. Section 6 concludes the study with policy implications and avenues for future 
research.

2. Literature review
Many authors have categorized the COVID-19 pandemic and the Russia–Ukraine war as the most 
recent “black swan events” since they satisfy all attributes of the definition proposed by Taleb 
(2007), i.e. “ . . . First, it is an outlier, as it lies outside the realm of regular expectation. Second, it 
carries an extreme impact. Lastly, in spite of its outlier status, human nature makes us concoct 
explanations for its occurrence . . . ” (Antipova, 2021; Yousaf et al., 2022, 2022; Zhang et al., 2020). 
In his seminal work, Taleb (2007) criticized Gaussian-based theoretical models, such as the Modern 
Portfolio Theory (MPT) and the Black-Scholes-Merton model, as being inefficient in estimating the 
tail events. Taleb (2005) further argued that fat tails observed in equities prices during Black Swan 
events, such as the Great Market Crash (Black Monday) of 1987, are contagious, such that two 
stock market processes, one of finite variance and the other of infinite variance, will co-evolve as 
infinite processes in accordance with the power law of distribution. Forbes and Rigobon (2002) 
more formally define this concept as “contagion effects” which can be measured as systematic 
financial spillover effects exceeding their normal levels of connectedness.

The literature is filled with methods which have been used to quantify tail-risk connectedness 
within financial markets. Amongst the most popular of these methods is the Conditional value-at- 
risk (CoVaR) model introduced by Adrian and Brunnermerier (2016) as a tail dependency measure 
of an institution’s loss distribution conditional on other institutions being in distress and is used to 
compute an institution’s contribution to overall systemic risk. Engle and Manganelli (2004) extend 
the CoVar at conditional quantiles over time using a set of autoregressive (AR)-type models, i.e. 
Conditional autoregressive Value-at-Risk (CaViaR) model. White et al. (2015) further build on Engle 
and Manganelli’s (2004) CaViaR model to the multivariate vector autoregressive (VAR) case, i.e. 
VAR for VaR model. Hautsch et al. (2015) and Hardle et al. (2016) present high dimensional, tail- 
event driven network (TENET) analysis which applies LASSO as a variable selection technique to a 
single indexed model (SIM) estimated within a generalized quantile regression. This method allows 
for ranking of systemic transmitters and receivers of tail-shocks within the network.

Other methods used to measure tail-risk connectedness include the co-exceedances 
approach introduced by Bae et al. (2003) which uses a multinominal logit model to compute 
the probability of extreme returns under a quantile approach, i.e. co-incidences of joint 
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extreme returns. Chan-Lau et al. (2004) use extreme value theory as a statistical approach to 
measuring co-exceedances in financial markets. Cappiello et al. (2006) propose a semi-para
metric strategy to estimate the systemic tail codependence between assets in “co-movement 
box” using time-varying quantile regressions and measure contagion or quantile exceedance 
as the conditional probability of co-movements amongst markets being above some threshold 
level. Zhu et al. (2019) develop a network quantile autoregression (NQAR) model to measure 
tail-connectedness in complex financial networks using a high-dimensional set-up. More 
recently, Ando et al. (2022) build on the Diebold and Yilmaz (2012) approach for network 
connectedness by using a quantile vector autoregressive (VAR) framework to capture tail- 
connectedness at extreme ends of the model.

Several studies have used the discussed methods to evaluate tail risk connectedness in 
equity markets. For instance, Baur and Schulze (2005), Christian and Ranaldo (2009) and 
Markwat et al. (2009) all use the multinominal logit model of co-exceedances of Bae et al. 
(2003) to measure tail-connectedness amongst various stock markets. Beine et al. (2010) apply 
the co-exceedances of Cappiello et al. (2006) to 17 mature markets and find that financial 
liberalization had a positive effect on the left tail of stock returns. Qian et al. (2020) adopt the 
LASSO quantile regression and network analysis of Hardle et al. (2016) to model the network 
tail-connectedness amongst 49 US industries and find that Coal (Gold) sector is the most 
consistent transmitters (receivers) of systemic risk across all distributional quantiles. Zhang 
et al. (2020) also use the TENET framework to Chinese companies and observe higher network 
connectedness when the market is exposed to higher volatility, with utilities and finance being 
the most influential sectors in the network. Salisu et al. (2022) use the CaViaR model of Engle 
and Manganelli (2004) to Canadian, US and six European equities and find strong tail risk 
between US and Canada as well as between the US and EU markets but not between Canada 
and the EU.

Some recent studies, which are closer in nature to our research, have applied the quantile 
connectedness method of Ando et al. (2022) to various markets and confirm strong tail spillover 
effects amongst cryptocurrency markets (Bouri et al., 2021; Urom et al., 2020), the oil markets (Liu 
et al., 2021) and commodities markets (Jena et al., 2022; Mensi et al., 2021; Shahzad et al., 2019). 
A consensus from these studies is that market connectedness is more concentrated at the quantile 
ends of distribution and the rankings of net transmitters and receivers of tail-end shocks within the 
system vary across time as well as across different markets. This differs from the analysis 
presented by other studies using probability-based models, such as the CoVaR and CaViaR, 
which analyze a single-point on the tail-end distribution and assume that rankings of net trans
mitters and receivers only vary across quantiles but remain static over time (Cappiello et al., 2006).

Our study contributes to the literature by applying the QVAR-based connectedness model to 
investigate the tail-risk connectedness for BRICS equity markets for periods covering the COVID-19 
pandemic and Russia–Ukraine war and, to the best of our knowledge, is the first of its kind. Whilst we 
acknowledge some recent studies which have assessed the impact of the “war” on equity markets 
(Ahmed et al., 2022; Boubaker et al., 2022; Boungou & Yatie, 2022; Federle et al., 2022; Mohamad,  
2022; Ngwakwe, 2022; Sun & Zhang, 2022; Yousaf et al., 2022), these previous studies employ mean- 
based estimation techniques that ignore tail-end connectedness. Our study fills this empirical gap.

3. Methodology
To investigate the quantile connectedness among the BRICS equity markets, we applied the QVAR 
to the return and volatility series of BRICS equities. Basically, our estimation procedure follows two 
stages. First, the conditional volatility for each equity market return is generated using the 
univariate GARCH model. Second, the QVAR approach is applied to capture both the static and 
dynamic connectedness of return and volatility among the BRICS equity markets. The details of the 
estimation procedures are presented and discussed in the subsection below.
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3.1. Conditional volatility
We generate the conditional volatility series for each equity markets return following the univari
ate GARCH model developed Bollerslev et al. (1992). Specifically, the univariate GARCH (1,1) model 
is fitted to each return process as: 

where Equation 1 and Equation 2 represent the return and volatility process, respectively. Also, r 
denotes the return from each BRICS equity market; α and ρ are the ARCH and GARCH parameters 
which are non-negative shocks and persistent parameters; and the conditional variance, h2

it 
measures the volatility of each equity return. After generating the return and condition volatility, 
the next stage is to apply the QVAR model.

3.2. Quantile connectedness
To compute the quantile connectedness and spillover among the BRICS equities, we defined the 
infinite order-based vector moving average specification of QVAR as: 

where Zt and Zt� j are dimensional vector of return and conditional volatility generated from 
Equation 1 and Equation 2. The quantile ðτ) ranges from 0 to 1. We specified the quantiles for 
this paper as 5th, 50th and 95th, corresponding to lower (left tail), median, and upper (right tail) 
quantiles, respectively. The quantiles also represent different market conditions, namely the 
bearish, normal, and bullish markets, respectively.

Following the generalised forecast error variance decomposition (GFEVD) frameworks developed 
by Koop et al. (1996) and Pesaran and Shin (1998), the H-step-ahead forecast error variance 
decomposition matrix ΘH ¼ ΘH

ij

h i
is expressed as: 

where ei is a zero vector with unity on the ith position. The decomposition matrix is normalised as: 

Based on the Diebold and Yilmaz (2012, 2014), different measures of connectedness and risk 
spillover can be obtained based on the GFEVD. We obtained the total connectedness index (TCI) at 
each quantile by using the expression: 

where TCI index measures the average contribution of shocks to the forecast error variance among 
the BRICS markets. In addition, the direction of return and volatility spillover can be determined. 
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That is, spillovers transmitted to (TO) a given market (iÞ from other BRICS markets jð Þ as well as the 
amount of spillovers received by other BRICS markets (jÞ from (From) market ið Þ can be obtained 
using the expression in Equation 7 and Equation 8 below: 

Following Equation 7 and Equation 8, the net directional spillover for each BRICS market can be 
calculated as the difference between the gross return/volatility transmitted from market ið Þ to 
other markets ( jÞ and gross return/volatility received by market i from other financial markets ( jÞ. 
This is expressed as: 

From Equation 9, a positive net value indicates that the market under consideration is a net 
transmitter while a negative value indicates a net receiver.

4. Data
Our analysis of quantile connectedness among the BRICS equity markets uses daily closing stock 
price index over the period from 11 March 2020 – 30 June 2022. The sample period in this paper is 
defined based on the World Health Organisation (WHO) declaration of COVID-19 outbreak as a 
global health pandemic on 11 March 2020. Also, the sample covers the first four months of the 
Russia–Ukraine war. All the equity price indexes were obtained from the Investing.com website. 
We transformed the index into return rtð Þ by taking the first difference of natural logarithms of 

each index by rt ¼ ln Pt
Pt� 1

� �
� 100, where P is the equity price index at time t and t � 1.

Table 1 reports the descriptive statistics for the return (panel A) and volatility (panel B) over the 
sample period. The report in panel A shows that South Africa (0.08%) and India (0.07%) recorded 
the highest average daily returns while Russia reported negative return of −0.65%. However, the 
report reveals that variations in returns as measured by the standard deviation are higher for 
Russia (3.92%), followed by Brazil (1.97%), India, South Africa, and China. The skewness coeffi
cients are all negative, indicating that the return series have heavy left-tail distribution. Also, the 
kurtosis coefficients indicate a heavy tailed distribution as they are all greater than 3. The Jarque– 
Bera test indicates non-normality the equity return series.

We further explored the behaviour of return and volatility over the sample period by presenting 
their time-varying patterns in Figure 1. Looking at the return plot in the upper half of the figure, we 
identified two major episodes of volatility clustering. First, we noted evidence of volatility clustering 
around the early stage of the COVID-19 pandemic (March 2020 – June 2020) as indicated by the 
number of spikes. Second, evidence of volatility clustering is also witnessed during the period from 
November 2021 – June 2022, which is associated with the discovery of the Omicron variant of 
COVID-19 and Russian-Ukraine war. This finding is consistent with the ARCH and Ljung-Box (LB) 
test results, showing evidence of volatility clustering. Therefore, this result supports the use of 
GARCH framework in generating the conditional volatility.
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Like panel A, the analysis of daily equity market volatility in panel B of Table 1 reveals some 
interesting information. It is evident that Russian experienced the highest fluctuation with an 
average daily conditional volatility of 14.26%, followed by Brazil (3.88%), India (2.58%), South 
Africa (2.14%) and China (1.28%). Also, the standard deviation confirms similar results, indicat
ing that Russia has the highest rate of volatility, whereas China is the least volatile market. As 

Table 1. Descriptive statistics
Panel A: 
Returns Brazil Russia India China South Africa
Mean 0.040 −0.654 0.068 0.037 0.077

Std. Dev. 1.965 3.918 1.561 1.142 1.515

Skewness −1.297 −3.647 −0.775 −0.058 −0.681

Kurtosis 20.381 17.811 12.233 4.793 10.363

Jarque-Bera 7746.688 6836.606 2198.435 80.978 1406.470

ADF test −31.123 −4.263 −25.470 −15.198 −16.731

PP test −30.565 −10.345 −25.449 −24.962 −24.009

LQ(10) 23.119*** 121.920*** 31.580*** 20.603** 24.902***

LQ-squared (10) 362.020*** 112.150*** 300.010*** 125.120*** 542.32***

ARCH(10) 332.698*** 60.501*** 290.997*** 57.013*** 173.644***

Panel B: Volatility
Mean 3.881 14.263 2.567 1.277 2.137

Std. Dev. 11.497 51.710 4.967 0.992 3.501

Skewness 6.771 4.721 5.017 4.133 6.147

Kurtosis 51.879 24.367 29.312 25.169 43.510

Jarque-Bera 64420 13665 19858 14018 44881

ADF test −47.310 −4.220 −12.513 −8.286 −10.929

PP test −49.153 −3.465 −16.885 −8.032 −34.031

LB (10) 7.080 14.170 5.924 15.819 11.914

LB-squared (10) 4.100 3.178 11.681 9.260 13.081

ARCH(10) 4.088 3.157 11.193 7.594 10.786

Notes: ***, ** and * indicate significant at 1%, 5%, and 10% respectively. The ADF and PP tests is the augmented 
Dickey–Fuller test and Phillips–Perron test for unit root. The critical values at 1%, 5% and 10% are −3.441, −2.866 and 
−2.569 respectively. ARCH(10) indicates the autoregressive conditional heteroscedasticity test at lag ten. Lastly, LB 
and LB-squared are the Ljung-Box statistics for serial correlation in the return (volatility) series and squared return 
(volatility) series, respectively. 

Figure 1. Evolution of return 
and volatility.
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in the upper half of Figure 1, we identified the same patterns in the lower half of the figure 
which shows the volatility behaviour over the period. The ARCH and LB test results show there 
is no further clustering, which indicates the robustness of the estimated GARCH(1,1) model. The 
detailed estimate of the GARCH model is reported in Table A2 of the Appendix. Lastly, the unit 
root test results show that both return and volatility series are stationary. In addition, we 
applied the Zivot-Andrews structural break unit root test and show that all the return series are 
stationary except for China (return) and South Africa (volatility). While the break point date for 
the return series differs among the BRICS, the break point for volatility series appears to cluster 
around the beginning of the Russia–Ukraine war. The detailed results of Zivot–Andrews unit 
root test are reported in Table A3 in the Appendix. Given these findings, the following section 
provides the empirical results from the QVAR model used to analyse tail risk among the BRICS 
equity markets.

5. Empirical results
In this section, we present the results of the static and dynamic connectedness among the BRICS 
equity markets. We analysed the extreme tail connectedness and spillover using 10-step-ahead 
forecast horizon with automatic lag selection based on the Akaike Information criteria (AIC) and 
150-days rolling window. Our empirical results are divided into two parts. The first part considers 
the static connectedness and spillover, while the second part focuses on the time-varying con
nectedness and net directional spillover among the markets.

5.1. Static connectedness and spillover
We report the static connectedness and spillover among the BRICS in Tables 2,3 for return and 
volatility across the three quantiles (lower, median and upper). Focusing on the return con
nectedness in Table 2, we report that the total connectedness index (TCI) among the BRICS 
equity markets is highest in the lower tail (71.43%), followed by upper tail (69.58%) and 
median (25.97%). This result implies asymmetric behaviour among the BRICS equity market 
returns. Importantly, it suggests that the BRICS market returns are more sensitive during 
bearish and bullish market conditions compared to normal period. These findings are in line 
with the studies by Billah et al. (2022) and Bossman and Gubareva (2023) who provided 
evidence of asymmetric behaviour among emerging and G7 equities and between energy 
commodities and BRIC markets, respectively. Considering the net spillover, the results show 
that Chinese equity is predominantly a net recipient of spillover across all the quantiles. While 
South Africa is a net recipient of spillover during bearish and normal market conditions, it is a 
net transmitter during bullish market condition. At the other end of the spectrum, Brazil and 
India are consistently the net transmitters of systemic shocks to other BRICS markets, while 
Russia switched from net transmitter during the bearish and normal markets conditions, to 
receiver during bullish market condition.

In terms of the static volatility connectedness in Table 3, we report strong evidence of 
volatility connectedness among the BRICS at upper tail (78.08%) compared to lower (35.17%) 
and median (23.17%) tails. While this result suggests asymmetric behaviour, it also indicates 
that BRICS markets are more sensitive during upside market risk than any other period. In 
other words, these markets are more connected during upward market condition. This result is 
consistent with the studies by Billah et al. (2022) and Tiwari et al. (2022) who found higher 
upper tail volatility connectedness between commodity and equity markets. On a net basis, 
there are variations across the three quantiles. At the lower quantile, South Africa (1.08%) is 
observed as the largest transmitter, followed by Brazil (1.07%) and Russia (0.66%), while China 
(−1.45%) and India (−1.36%) are the recipients of the systemic shocks. Also, it is observed that 
Brazil is the only receiver of shocks from all other BRICS markets under normal with South 
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Africa (5.73%) and Russia (3.89%) as the major contributors. In contrast, under bullish market 
condition, China is the only transmitter of the systemic shocks to all other BRICS markets with 
India (−22.49%) and Brazil (−12.04%) as the largest recipient of the systemic shock.

Altogether, the static analysis of connectedness and spillover for return and volatility provides 
two key interesting results. First, the analysis shows that the extent of connectedness varies across 
quantiles, indicating evidence of asymmetric behaviour for return and volatility. Such behaviour 
suggests that investors should consider different investment strategies under various market 
conditions. Second, the finding shows that BRICS market returns are mostly impacted by extreme 
negative event whereas volatility is impacted by extreme positive event. This finding is not 
surprising given the growing evidence of extreme tail connectedness in financial market literature 
(Billah et al., 2022; Tiwari et al., 2022; Urom et al., 2022; Yousaf et al., 2022).

Table 2. Static connectedness and spillover (return)

Return Brazil Russia India China
South 
Africa From

Lower (left tail = 0.05)
Brazil 27.90 17.49 19.20 17.62 17.80 72.10

Russia 17.56 30.70 18.71 15.34 17.70 69.30

India 18.26 18.49 27.72 16.85 18.68 72.28

China 18.67 15.55 17.85 29.81 18.12 70.19

South Africa 18.71 18.82 18.63 17.13 26.71 73.29

To 73.19 70.34 74.39 66.94 72.30 TCI = 71.43
Include Own 101.09 101.04 102.11 96.75 99.01

Net 1.09 1.04 2.11 −3.25 −0.99

Median (0.50)
Brazil 72.99 5.39 8.85 6.00 6.78 27.01

Russia 5.17 75.64 9.67 1.65 7.87 24.36

India 8.87 10.77 70.57 3.30 6.50 29.43

China 6.89 2.32 3.90 80.18 6.71 19.82

South Africa 7.62 9.17 7.36 5.09 70.75 29.25

To 28.56 27.65 29.78 16.03 27.85 TCI = 25.97
Include Own 101.55 103.29 100.35 96.21 98.61

Net 1.55 3.29 0.35 −3.79 −1.39

Upper (right tail = 0.95)
Brazil 30.07 16.45 17.90 17.54 18.04 69.93

Russia 16.98 31.29 18.78 15.07 17.88 68.71

India 18.01 18.21 29.24 16.25 18.28 70.76

China 18.22 14.66 16.72 32.08 18.32 67.92

South Africa 17.46 17.71 18.11 17.32 29.40 70.60

To 70.67 67.04 71.52 66.18 72.51 TCI = 69.58
Include Own 100.74 98.32 100.76 98.26 101.91

Net 0.74 −1.68 0.76 −1.74 1.91

Notes: TCI indicates the total connectedness index. 
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5.2. Dynamic connectedness and net directional spillover
The time-varying plot for return and volatility connectedness over the sample period are presented 
for the three quantiles in Figure 2 (a) and (b), respectively. We noted from Figure 2(a) that the 
extent of return connectedness is higher at the lower (left) and upper (right) quantiles compared to 
the median quantile. In particular, the TCI for the lower and upper quantiles exceed 90% and 80%, 
respectively, while median quantile is mostly below 50%. This is consistent with the result of static 
analysis in Table 2. Also, we observed evidence of time-varying behaviour, which is more visible 
during normal market condition. Specifically, increased connectedness is observed during different 
waves of COVID-19 pandemic and Russian-Ukraine war. In terms of total volatility connectedness 
in Figure 2(b), we observe more connectedness at the upper quantile compared to lower and 
median quantiles, which is consistent with the results in Table 3. Like the return connectedness in 
Figure 2(a), we noted similar cyclical movements for volatility over the sample period in Figure 2(b). 
These findings suggest tail dependence and increased vulnerability among the BRICS markets 
during period of extreme market events.

Table 3. Static connectedness and spillover (volatility)

Volatility Brazil Russia India China
South 
Africa From

Lower (left tail = 0.05)
Brazil 61.36 7.95 8.96 9.58 12.15 38.64

Russia 8.21 64.57 12.19 5.79 9.23 35.43

India 9.58 12.82 64.92 4.05 8.63 35.08

China 9.79 6.14 4.31 70.98 8.78 29.02

South Africa 12.13 9.17 8.26 8.15 62.29 37.71

To 39.71 36.08 33.73 27.56 38.79 TCI = 35.17
Include Own 101.07 100.65 98.64 98.55 101.08

Net 1.07 0.65 −1.36 −1.45 1.08

Median (0.50)
Brazil 70.68 4.90 4.87 7.24 12.31 29.32

Russia 3.78 80.13 8.47 2.57 5.05 19.87

India 3.87 12.74 76.89 0.98 5.53 23.11

China 4.33 1.54 3.34 82.19 8.59 17.81

South Africa 7.48 4.57 6.54 7.17 74.24 25.76

To 19.46 23.75 23.22 17.95 31.48 TCI = 23.17
Include Own 90.14 103.89 100.11 100.14 105.73

Net −9.86 3.89 0.11 0.14 5.73

Upper (right = 0.95)
Brazil 19.74 18.63 14.87 28.59 18.17 80.26

Russia 17.32 20.53 15.13 28.75 18.26 79.47

India 16.73 19.89 17.91 27.02 18.45 82.09

China 17.02 17.49 15.06 32.59 17.84 67.41

South Africa 17.16 19.51 14.54 29.97 18.83 81.17

To 68.22 75.52 59.60 114.33 72.73 TCI = 78.08
Include Own 87.96 96.05 77.51 146.92 91.56

Net −12.04 −3.95 −22.49 46.92 −8.44

Notes: TCI indicates the total connectedness index. 
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Next, we consider the net directional spillover presented in Figures 3(a) and 3(b) for return and 
volatility, respectively. In both figures, a positive net value is indicated in the positive region (above 
the zero line), implying a net transmitter. Similarly, a negative net value is indicated in the negative 
region (below the zero line), implying a net receiver. Focusing on the analysis of return spillover in 
Figure 3(a), it is shown that the BRICS markets act as both transmitters and receivers at different 
periods. Specifically, we observe that the Chinese market is more of a receiver at the lower and 
median quantiles. Interestingly, we noted that Brazil, Russia and India are predominantly the net 
transmitters of systemic shocks during the first year of COVID-19 pandemic, while South Africa and 
China are mostly the net receivers over the same period. As in Figure 3(a), the analysis of net 
volatility spillover in Figure 3(b) shows that the markets swing between net transmitters and 
receivers at different times. However, the Brazilian and Indian markets appear to be predominantly 
the net receivers under the median and upper quantiles, whereas China appears to be main source 
of the systemic shocks. These findings are consistent with static result presented in Tables 2 and 3.
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In general, the analysis of the dynamic connectedness and net directional spillover provides two 
major information. First, there is evidence of time-varying return and volatility behaviour with high 
tail dependence during the period of COVID-19 and Russia–Ukraine war. This finding is consistent 
with the Naeem et al. (2022) who found evidence of time-varying behaviour between oil shocks 
and BRICS after the global financial crisis. Also, the tail risk implied by this finding suggests that 
using a mean-based approach is likely to underestimate this type of risks. Second, individual BRICS 
markets exhibit evidence of net receiver and transmitter of systemic shocks at different times. 
These results provide useful information about tail risk vulnerability and time-specific spillover 
among the BRICS markets.

(a) Return 

-30

-20

-10

0

10

20

30

40

III IV I I I I I I IV I I I
2020 2021 2022

Brazil

-40

-20

0

20

40

60

III IV I I I I I I IV I I I
2020 2021 2022

Russia

-30

-20

-10

0

10

20

30

III IV I I I I I I IV I I I
2020 2021 2022

India

-40

-30

-20

-10

0

10

20

III IV I I I I I I IV I I I
2020 2021 2022

China

-40

-20

0

20

40

III IV I I I I I I IV I I I
2020 2021 2022

left tail median right tail

South Africa

Figure 3. Net directional 
spillover.

Anyikwa & Phiri, Cogent Economics & Finance (2023), 11: 2251300                                                                                                                                  
https://doi.org/10.1080/23322039.2023.2251300

Page 12 of 19



6. Conclusions
This paper investigated the connectedness and spillovers among the BRICS equity market during 
COVID-19 pandemic and Russia–Ukraine conflict using the QVAR and daily data from 11 March 
2020, to 30 June 2022. The goal of this paper is to explore the dependency structure of the BRICS 
equities under extreme risk events. Our main findings can be summarized as follows: We find that 
return and volatility connectedness is higher at the lower and upper tails relative to the median, 
indicating asymmetric response to extreme market conditions (bearish and bullish). Meanwhile, 
the quantile connectedness varies over time, emphasizing the changing dependence structure at 
the extreme tails. Also, we find that BRICS equity markets are receivers as well as transmitters of 
systemic risk at different quantiles. More specifically, the analysis returns spillover shows the 
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dominance of Brazil and India as net transmitters, while China is a net receiver with Russia and 
South Africa switching between receiver and transmitter at different quantiles. However, the 
analysis of volatility spillover shows shifting market roles over time with China dominating other 
markets at the median and upper tails.

Our findings offer timely and useful information for policymakers, investors, and portfolio 
managers as financial markets continue to face persistently unpredictable and extreme events 
such as the COVID-19 pandemic and Russia–Ukraine war. The novelty of our findings shows that 
the degree of connectedness among the BRICS equities is dependent on varying market conditions, 
which is vital in designing appropriate risk management strategies. Importantly, under periods of 
extreme events, the best risk management strategy is to be well informed about market dynamics 
and asset behaviour as provided the findings of this paper. Therefore, for policymakers, our results 
offer useful insights regarding the return and volatility connectedness. Such information can be 
used to design or redesign the existing policies in the face of extreme events to ensure market 
stability. To investors and portfolio managers, our findings offer early-warning signs and provide 
support for investment decisions and diversification strategies. In particular, we recommend that 
diversification strategies should depend on the nature of market condition given the asymmetric 
and time-varying behaviour of return and volatility.
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Appendix

Table A1. Review of previous studies on BRICS equity market spillovers
Authors Countries Period Methods Results
Agyei (2023) BRIC + Mexico, 

Turkey and 
Indonesia

February 2022 – 
July 2022

Wavelet and TVP- 
VAR

Asymmetric market- 
specific coherence 
and lead-lag pattern 
with Brazil, China and 
Russia as the net 
receivers while India is 
a net transmitter.

Agyei et al. (2022) BRIC and G7 2012 – 2021 Barunik and Krehlik 
spillover index

High connectedness 
among BRIC with 
Brazil as the net 
transmitter while 
others are net 
receivers from the G7 
market.

Asafo-Adjei et al. 
(2022)

BRIC 2012 – 2021 Variational mode 
of decomposition 
and Transfer 
entropy

Negative information 
spillover during the 
stress and normal 
conditions while 
positive information 
spillover was 
documented during 
boom condition.

Bhar and Nikolova 
(2009)

BRIC January 1995 – 
October 2005

EGARCH BRIC are influenced by 
others except Russia 
who is main 
transmitter/highest 
integration for India 
followed by Brazil and 
Russia whilst China no 
evidence of 
integration.

Bonga-Bonga 
(2017)

BRICS January 1998 – 
February 

2017Returns and 
volatility 

Returns and 
volatility

D-Y index and 
FIGARCH model

SA, India and [Brazil] 
are main receiver 
whilst Russia and 
China are the main 
transmitters of shocks

Bonga-Bonga 
(2018)

BRICS December 1996 – 
May 2012

Multivariate 
GARCH/VAR-DCC- 
GARCH

SA more affected by 
crisis originating from 
BRIC but these 
countries are not 
affected by crisis 
originating from SA

Bossman et al. 
(2022)

BRICS January 2020 – 
March 2022

Squared wavelet 
Coherence and 
wavelet phase 
difference

The leading role of the 
BRICS equity market 
was documented 
during the initial 
outbreak. Also, media 
coverage had 
significant effect on 
the BRICS equities.

Panda and 
Thiripalraju (2018)

BRICS 26 June 2022–31 
July 2014

EGARCH Bidirectional and 
unidirectional spillover 
amongst the BRICS 
countries

(Continued)
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Table A1. (Continued) 

Authors Countries Period Methods Results
Chen (2022) BRICS 2002–2020 TVP-VAR China, India and Brazil 

are net transmitters of 
volatility spillovers 
whilst Russia and SA 
are net receivers.

Malik et al. (2022) BRIC 1 January 2013–24 
April 2020

GARCH-BEKK Pre-COVID: China and 
Brazil more affected 
by own shocks while 
Russia and India are 
more vulnerable to 
outside shocks 
During-COVID: 
volatility spillovers 
greatest for Brazil and 
last for China

Mati et al. (2022) BRICS 10 December 
1999–17 January 

2019

Wavelet 
coherence, wavelet 
clustering and 
artificial neural 
network 
forecasting

Contagion effects 
amongst BRICS 
countries more 
prominent at high 
frequencies or over 
the short-run

Shi (2021) BRICS 1 August 2002–31 
December 2019

TVP-VAR Russia, India and 
China are net 
receivers’ transmitters 
of shocks across time 
and frequency

Siddiqui et al. 
(2022)

BRICS 1 January 2004–31 
December 2018

Structural break 
cointegration tests

No cointegration 
between Brazil-China, 
India-China and 
China-SA

Yu et al. (2021) BRICS 22 May 2012–31 
August 2020

VAR model China is influenced by 
other countries but 
does not affect other. 
BRIS countries have 
bi-directional spillover 
effects.

Table A2. Robustness test for the GARCH model
Parameters Brazil Russia India China South Africa
Panel A: Mean equation
μ 0.0403 0.0904** 0.1032** 0.0415 0.0769

θ −0.0816** 0.0988** −0.0351 −0.0249 0.0907**

Panel B: Variance equation
ω 0.1367*** 0.0538* 0.0509*** 0.1645** 0.1756***

α 0.0427** 0.2258*** 0.0600** 0.1860*** 0.1213***

ρ 0.8769*** 0.7784*** 0.9006*** 0.6739*** 0.7630***

Panel C: Diagnostic tests
LB(10) 7.0796 14.170 5.9235 15.819 11.914

LB-squared (10) 4.1000 3.1778 11.681 9.2596 13.081

ARCH(10) 4.0878 3.1571 11.193 7.5936 10.782

Notes: ***, ** and * indicate significant at 1%, 5% and 10%, respectively. LB is the Ljung-Box statistics, LB-squared is 
Ljung-Box squared, and ARCH test is the autoregressive conditional heteroskedasticity test. 
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Table A3. Zivot-Andrew structural break unit root test result

Market

Returns Volatility

Test statistic Break point Test statistic Break point
Brazil −15.528** 10/01/2022 −25.731** 26/08/2021

Russia −7.5363*** 17/02/2022 −10.117*** 23/02/2022

India −10.874 20/10/2021 −11.731*** 21/01/2022

China −15.413* 19/02/2021 −9.5007** 24/02/2022

South Africa −24.038* 22/09/2021 −11.696 23/02/2022

Notes: ***, ** and * indicate significant at 1%, 5% and 10%, respectively. 
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