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Abstract: We attempted to comprehensively decode the connectedness among the abbreviation of five
emerging market countries (BRICS) stock markets between 1 August 2002 and 31 December 2019 not
only in time domain but also in frequency domain. A continuously varying spillover index based on
forecasting error variance decomposition within a generalized abbreviation of vector-autoregression
(VAR) framework was computed. With the help of spectral representation, heterogeneous frequency
responses to shocks were separated into frequency-specific spillovers in five different frequency bands
to reveal differentiated linkages among BRICS markets. Rolling sample analyses were introduced to
allow for multiple changes during the sample period. It is found that return spillovers dominated by
the high frequency band (within 1 week) part declined with the drop of frequencies, while volatility
spillovers dominated by the low frequency band (above 1 quarter) part grew with the decline in
frequencies; the dynamics of spillovers were influenced by crucial systematic risk events, and some
similarities implied in the spillover dynamics in different frequency bands were found. From the
perspective of identifying systematic risk sources, China’s stock market and Russia’s stock market,
respectively, played an influential role for return spillover and volatility spillover across BRICS
markets.

Keywords: return spillovers; volatility spillovers; stock market linkage; the BRICS; frequency domain

1. Introduction

The study of financial market spillovers is a hotly debated topic in financial economics.
In the past few decades, the literature has extensively studied the question of how financial
firms are interconnected. Focusing on studies of causality effects, co-movement, spillovers,
connectedness, and systemic risk, researchers primarily attempt to answer this question
through measuring the aggregate effects. An understanding of the magnitude and direction
of linkages and spillovers is an essential part of policymakers” information set (El Ghini
and Saidi 2017). Financial contagion from one country might directly cause the welfare loss
for another. Two types of spillovers about financial markets are widely investigated. One
is the spillovers across different financial markets for a specific country, such as spillovers
across stock, bond, and foreign exchange markets (Diebold and Yilmaz 2012; Narayan et al.
2014; Cronin 2014). The other is the spillovers for a specific financial market across different
countries, such as the stock market spillovers among advanced or emerging economies
(Miyakoshi 2003; Diebold and Yilmaz 2009; Zhou et al. 2012; Gamba-Santamaria et al. 2017)
and foreign exchange market spillovers among European countries (Bubak et al. 2011;
Antonakakis 2012).

A bulk of studies have explored the integration and spillover effect among stock mar-
kets. These studies not only focus on the mutual influence and linkage between the stock
market and other financial markets (Wang and Liu 2016; Xia et al. 2019) but also explore
the return spillovers among stock markets in different countries (Zhou et al. 2012; Yarovaya
etal. 2016; Bissoondoyal-Bheenick et al. 2018) as well as volatility spillovers within different
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sectors (Jiang et al. 2019). The central intent behind this paper is to comprehensively explore
the spillovers of stock markets among the BRICS in time and frequency domains. It is worth
noting that, although many studies have confirmed the spillovers between developed and
emerging markets, less attention has been paid to investigating the potential dynamics
of spillovers among emerging markets economies (EMEs), especially in the BRICS. An
exception is the Panda and Thiripalraju (2018), which examines the spillovers of stock
markets among the BRICS by using the VAR Granger causality test to capture the return
spillover effect as well as EGARCH model to capture the volatility spillover effect and
its asymmetry. However, their study has obvious shortcomings that Granger causality
approach and EGARCH model cannot measure the magnitude of spillovers, whereas
they could only confirm the existence of spillovers. This shortcoming impedes the deep
understanding about spillovers across stock markets in the BRICS.

The aim of our work is to comprehensively understand the linkages and connected-
ness among stock markets in the BRICS not only in time domain but also in frequency
domain. To overcome the shortcomings in the existing literature, a continuously varying
spillover index based on N-step-ahead forecasting error variance decompositions within a
generalized VAR framework was computed. Considering that heterogeneous frequency
responses to shocks are simply aggregated and, thus, a lot of useful information is lost, the
spillover in time domain was deconstructed into those in five different frequency bands
corresponding to the periods from 1 day to 1 week, 1 week to 1 month, 1 month to 1 quarter,
1 quarter to 1 year and 1 year above with the help of spectral representation to reveal
differentiated linkages among the BRICS markets. Furthermore, many changes, such as the
Subprime Crisis, Europe’s Sovereign Debt Crisis and quantitative easing, took place during
the years in our sample. It seems unlikely that any single fixed parameter mode would
apply over the entire sample. Thus, rolling sample analyses were introduced as important
complements. We uncovered a series of intriguing findings, which complement the existing
literature and have important implications for portfolio managers and regulators.

The most interesting finding is that return spillovers significantly declined with the
drop of frequencies, while volatility spillovers grew with the decline in frequencies. The
short-term (within 1 week) return spillover corresponding to a high-frequency part as well
as long-term (above 1 quarter) volatility spillover corresponding to a low-frequency part
contributed most to the total spillover. Analyses of both the full sample and rolling sample
confirmed this intriguing finding.

Another important finding is that the dynamics of spillovers were influenced by
crucial systematic risk events. Taking the overall return spillovers for example, some
segmented characteristics were easy to find: before the Subprime Crisis, the overall return
spillovers fluctuated to climb up; during the Subprime Crisis, the overall return spillovers
zoomed up and the maximum peak happened in this time; during the period from 2011
to 2015, the overall return spillovers descended with fluctuations; during the period from
2016 to 2017, the overall return spillovers oscillated violently, with the situation rising up
first and going down after; since 2018, the overall return spillovers picked up the vibrating
uptrend again. It is worth noting that there was no general pattern or universal law for the
influence of risk events on overall, net and pairwise spillovers.

Moreover, from the perspective of identifying systematic important stock markets,
China’s stock market and Russia’s stock market were probably influential spillover sources
for return linkage and volatility connectedness among the BRICS markets, respectively.

The major contributions of our work are twofold.

First, the variation features of return spillover and volatility spillover across stock
markets in the BRICS within different frequency bands were uncovered. In practice,
because systemic spillovers threaten the stability of global stock market system, identifying
the frequency-specific source of instability is of importance for regulators who are looking
for tools to monitor this kind of negative effects. For the first time, we deconstructed the
aggregated spillover across stock markets in the BRICS into frequency-specific spillovers
and pinned down the dominated risk frequency sources.
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Second, net pairwise spillovers in the frequency domain provided new thoughts
for portfolio managers who aim at allocating stock assets across the BRICS markets. As
pointed out by Tiwari et al. (2018), diversification opportunities are different in different
frequencies. Based on the frequency decomposition of net pairwise spillover, investors are
finally capable of accomplish more accurate portfolio rebalance in accordance with their
differing expectations as well as disparate frequency and pace of daily trading.

The remainder of this paper is organized as follows. The first section reviews relevant
literature on stock market spillovers. The following section describes how to calculate the
continuously varying spillover index in time and frequency domains. The section after
that introduces the data as well as the calculation of daily volatility. Then, a new section
reporting unconditional patterns and conditional dynamics is conducted. The final section
makes a brief conclusion.

2. Related Literature

A large number of studies have already analyzed the transmission mechanism and
spillover channel of stock markets. As the largest economic entity in the world, the U.S.
stock market is believed to be an important source of global stock market spillovers, which
is consistent with many existing empirical evidences. Eun and Shim (1989) conduct a
VAR model to study the stock market transfer structure of nine countries and find that
the U.S. stock market lies in the core of the overall structure of international stock market
system and has a significant impact on other stock markets. Hamao et al. (1990) find
that the U.S. stock market plays a leading role in the conduction of fluctuations through
examining the volatility spillover effects among stock markets in the United States, the
United Kingdom and Japan. Theodossiou and Lee (1993) show that significant volatility
correlations lie in global stock markets and the U.S. stock market plays an important role
in volatility transmission. Raddant and Kenett (2021) reveal the interconnectedness in the
global financial market.

Subsequent research turns to investigate the spillover between developed and emerg-
ing market economies. Soydemir (2000) explores the linkage structure of stock markets
between developed and developing countries, which finds that there is a close connection
between international trade and stock market interaction. Zhou et al. (2012) investigate
daily indices of 11 stock markets including China, the United States and the United King-
dom, etc., and confirm the volatility spillover effect between China’s stock market and
worldwide major markets. Yang and Zhou (2016) employ a recursive VAR approach testing
volatility spillovers across major financial markets based on the VIX data and discuss the in-
fluence of quantitative easing. Nguyen and Le (2021) analyze the return spillover from the
US and Japanese stock markets to the Vietnamese stock market from a frequency-domain
perspective. Fang et al. (2021) discuss financial spillovers and spillbacks between China
and G7 countries.

Recently, a bulk strand of literature focuses on searching for stock market spillovers
among emerging economies probably due to two potential reasons: first, emerging economies,
especially the BRICS, play an increasing role in global economy, and thus, stock markets
in emerging economies have become important alternatives for global asset allocation
and diversification; second, the rise in regional economic and trade organizations, such as
the South Asian Association for Regional Cooperation (SAARC) and African Growth and
Opportunity Act (AGOA), makes the economic and financial conditions more close to each
other in related emerging countries group and, thus, promotes the international integration
of stock markets. Yarovaya et al. (2016) explore the volatility spillovers across 21 stock
markets in four major international regions and conclude that markets are more susceptible
to domestic and region-specific volatility shocks than to inter-regional contagion. Jebran
et al. (2017) investigate the asymmetric volatility spillover among Asian emerging markets
in the pre- and post-Subprime Crisis through the lens of the extended EGARCH model.
Dedi and Yavas (2016) find significant return co-movements among stock markets in
countries of sample groups and claim that Germany, the United Kingdom and Russia
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play important roles. Hung (2019) studies the daily returns and volatility spillovers in
common stock prices between China and four other countries in Southeast Asia based on a
GARCH-BEKK model, which spans the period including the pre- and post-2008 Global
Financial Crisis. In addition, the spillovers among different types of financial markets in
recent studies are also discussed extensively!. Jiang et al. (2020) utilize the long-memory
Copula-CoVaR-MODWT method to reveal the time-frequency linkage of risk spillovers
between oil and BRICS stock markets. Liu and Hamori (2020) examine the spillovers
of return and volatility transmitted from fossil energies and several important financial
variables to renewable stock markets in the US and Europe. Wang (2020) investigates
the frequency dynamics of volatility spillovers among crude oil and international stock
markets.

In methodology, Diebold and Yilmaz (2012) establish the basic framework for gen-
eralized spillover measurement based on forecast error variance decompositions in time
domain. Barunik and Krehlik (2018) upgrade the framework into a new connectedness
measurement that arise due to heterogeneous frequency responses to shocks. Since then,
many studies attempt to explore frequency spillovers by using the approach proposed by
Barunik and K¥ehlik (2018). Tiwari et al. (2018) analyze the volatility spillovers across
stock, sovereign bonds, credit default swaps (CDS) and currency markets in time and
frequency domains. Xia et al. (2019) examine the dynamics of information spillovers
among economic policy uncertainty (EPU), stock market and the housing markets of first-,
second- and third-tier cities in China. Zeng et al. (2019) compare the information/price
discovery abilities of four commonly used hedging assets, i.e., Bitcoin, crude oil, gold as
well as USD, and find that USD and crude oil are major return and volatility spillover
contributors, respectively. Jiang et al. (2019) employ the time-frequency connectedness
framework, examining the frequency spillovers of stock volatilities across 12 industries
in China. Qarni and Gulzar (2019) compare the frequency dynamics of intra-European
Monetary Union (EMU) and intra-non-EMU European Union (EU) stock markets’ return
spillover during the European Sovereign Debt Crisis. Tiwari et al. (2020) disclose that
the agriculture sector is the most affected by shocks from other markets, while industrial
inputs at all frequencies appear to be the main source of volatility transmission. Zhang et al.
(2020) explore the relationship between natural gas prices and macroeconomic indicators
and discover that total long-term return spillover is most important in the global financial
crisis. In addition to finding the fact of differential response between return spillovers and
volatility spillovers, Zhang and Hamori (2021) also reveal that the impact of COVID-19 on
the oil and stock markets exceeds that of the 2008 Financial Crisis.

3. Measuring Spillovers in Time and Frequency Domains
3.1. Measurement of Spillovers inTime Domain

In a multivariable covariance stationary process described by the VAR(p) model
Y:=B1Y; 1+BYy o+ + Bth_p + & €))

where Y; denotes stock market indices in the BRICS at time t =1, 2, ... , T; n represents the
number of variables; By, By, ..., By, refers to the coefficient matrices; p stands for the lag
order; &; delegates the white noise with covariance matrix ).

As long as the roots of the matrix lag-polynomial |1B(z)| lie outside the unit circle,
the aforementioned VAR(p) could be rearranged as the following vector moving average
representation

Y = (L)e 2)

where (L) = [B(L)] L.
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Within the generalized VAR framework of Koop et al. (1996) and Pesaran and Shin
(1998), H-step-ahead forecasting error variance decompositions denoted as 6;;( H) were
given as

—1y-H-1( 2
0 Lo (¢ign Xey)
~ VH-1

Yoo (€ithy Z ¢/ i)
where ) was the variance—covariance matrix of error vector ¢, 0jj was the standard devia-
tion of the error term in the jth equation, and e; was the selection vector, in which the ith

element equals 1 and others equals 0. In order to calculate the spillover index, each entry
of variance decomposition matrix was normalized by the row sum as

0;j(H) (©)

~ 6;i(H)
O(H) = = @
Yo 05(H)
Based on Equation (4), the total spillover index could be constructed as
N 0.
X Lj=1 6 (H)
S(H) = 17&;\] 100 (5)

For stock market i who received spillovers from market j, the directional spillover
could be written as

91']‘(5{)
Y1 O (H)

In analogy, the spillover transmitted from market 7 to market j was obtained as

Si(H) = 1100 (6)

0;i(H)

= ——————-100 7
Z,%:l eik(H) ( )

Sij(H)

Furthermore, the directional spillovers transmitted from all other markets to market
j and spillovers transmitted from market j to all others were, respectively, calculated as
follows

S;(H)y =" 100 ®)

L(H) =227 00 )

j(H) =S (H) (10)
SH(H) = S;i(H) — S;j(H) (11)

3.2. Measurement of Spillovers inFrequency Domain

A natural way to describe the frequency dynamics of spillovers was to consider the
spectral representation of variance decomposition based on frequency responses to shocks.
Let the moving average coefficients ), calculated ath =1, 2, ... , H horizons approximate
P(L). A frequency response function obtained from a Fourier transform of the moving
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average coefficients 3, could be expressed as (e~ ) = Y ,e /.. The spectral density of
Y; at frequency w was formulized as

Sy(w) = i E(YtYlt,h)e’i“’h - tp(e*iw) Yy (eW) (12)

h=—

The generalized causation spectrum over frequencies we (-, 77) defined by Barunik
and Krehlik (2018), ((w));x, denoted the portion of the spectrum of variable j at a given
frequency w caused by shocks in variable k. As long as Y; was wide-sense stationary with
T 10 | (n)); k | <+oo, the spectral representation of variance decomposition from j
to k could be expressed as

1 T
(@)is = 5= | Ti(@)(E(@)) 5w (13)
where the weighting function was defined as
e iw "(etiw
(#le) Ty )

T = . ; - 14
= I e ey @), A 9

The within connectedness C"; and the frequency connectedness CF; on the frequency
band d = (a,b): a, be (—m, 1), a < b was, respectively, obtained by

Cl =100 (1 - Tr{&)d}) (15)

Yo,
~ T ~
k=100 [ =92 _ r{ipd} (16)
L9  LPs

where Tr{-} was the trace operator, and 2g7>d referred to the sum of all elements of the g;)d
matrix.

In order to obtain the theoretical infinite coefficients of vector moving average repre-
sentation, a finite horizon H approximation was used due to the fact that the error from
the approximation disappeared as H grew (Liitkepohl 2007). The coefficients were then
computed through the standard recursive scheme. The spectral quantities were estimated
using standard discrete Fourier transforms.

4. Data

The data used to calculate spillovers comprised five leading emerging stock market
indices, namely, IBOVESPA (Brazil), RTS (Russia), JALSH (South Africa), SHCI (China) and
SENSEX (India). The time spanned from August 1, 2002 to December 31, 2019. All data
came from the Wind Financial Terminal, a mainland China’s leading financial database. To
measure returns of stock markets, the first difference of the natural logs of daily closing
prices was calculated. Let c; represent the closing price of stock market, then the daily
return would be r; = log(ct) — log(cs—1). To measure volatilities of stock markets, the
methodology proposed by Yang and Zhang (2000) was employed. The reason why we
choose the Yang-Zhang historical volatility estimator is that it has the minimum estimation
error and is independent of drift and opening gaps. Let o, h; and I; denote the open price,
high price and low price in turn. Then, the daily time-varying volatility of stock market

could be calculated as follows: 02 = 02 + ko? + (1 — k)02, where k = 1.34/ (1 + Z—ﬂ) ,and

n is the sample size, 02 and ¢? are volatilities of open price and closing price, o3 denotes
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an estimator proposed by Rogers and Satchell (1991) and Rogers et al. (1994). More details
about volatility calculation could be found in Yang and Zhang (2000).

Figure 1 plots the correlogram of returns and volatilities. Clearly, all correlations were
statistically significant. Correlations of volatilities among stock markets in the BRICS were
higher than correlations of returns. Comparatively speaking, the correlations between
China’s stock market and other markets were the weakest, while the correlations between
South Africa’s stock market and other markets were the strongest. However, it is worth not-
ing that a higher contemporaneous correlation does not necessarily indicate connectedness
in the sense that the literature tries to measure it.

-04 -0.1 01 -0.10 0.00 0.10 02 06 10 02 06 10
A A A T T R | 1 L1

* % % * k% o+ % % * %%k Brazil % %K * %K % %N % Fe K
047 | 029 | o17 | 0.45 050 | 0.65 | 040 | 0.73
. Russia EXT %%k A % kK

0.41 0.32 0.50

TTTTTT
LIS B B |
02 06 1.0

-0.20 -0.05 0.10

0.2

Russla kkk| *kk| **%k%

040 | o2 | 0.58

-0.1

=
©
o
o
o

-04

Briil
P
T
a
OE
o
P o
% .
ot B
o
e o

kkk| K*kk| e év India *K *hA
021 | 043 [= g/ 043 | 0.75 | °

=] *kk| N L *k A

g 0.20 g &,ﬂ 0.47

‘ south_Africy 8 I % outh_Africa [ S
[ s gii” ﬂ 3

-020 -005 0.10 -0.10 005 -0.15 -005 005 I 01 03 05

(a) (b)

Figure 1. Correlogram: return and volatility. (a) Return correlations across the BRICS; (b) volatility correlations across the
BRICS. *** represents significance at 1% level.

5. Empirical Results
5.1. Unconditional Patterns: The Full-Sample Spillover Analysis

Two five-variable VAR systems consisting of daily returns and volatilities calculated
from IBOVESPA, RTS, JALSH, SHCI and SENSEX were, respectively, estimated according
to the AIC standard choosing the optimal lag length within the maximum value of 20.
Then, a 100-period-ahead (H) forecasting error variance decomposition was constructed to
obtain the full-sample spillover tables for returns and volatilities in time domain.

One conspicuous finding illustrated in Tables 1 and 2 is that the overall volatility
spillover of full sample (35.061) was larger than the overall return spillover (34.474). In
terms of net spillovers, India’s and China’s stock markets, from which spillovers were
larger than spillovers to them, were transmitters, while Brazil’s and South Africa’s stock
markets, whose net spillovers were positive, were receivers, no matter in return spillover
or in volatility spillover. Russia’s stock market received net return spillover, while it
transmitted net volatility spillover. In magnitude, Brazil’s stock market was the biggest
receiver of not only net return spillover but also net volatility spillover. China’s and
Russia’s stock markets were, respectively, the biggest transmitters of net return spillover
and net volatility spillover.
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Table 1. Return spillover table of full sample: time domain.
Pairwise
- Brazil
—0.065 - Russia
—0.525 —0.354 - India
—0.392 —0.317 —0.291 - China
—0.163 0.004 0.474 0.320 - South Africa
Brazil Russia India China South Africa
To 8.450 9.311 5.621 1.627 9.465
From 7.306 8.708 6.683 2.947 8.830
Net 1.144 0.603 —1.062 —1.320 0.635
Overall 34.474

Notes: Net is equal to To minus From. Positive value (+) in Net represents that the spillover received is larger than the spillover transmitted
and, thus, that market is a net spillover receiver. Negative value (—) in Net represents that the spillover received is smaller than the spillover
transmitted and, thus, that market is a net spillover transmitter. Pairwise is calculated from the difference between spillovers from markets
in row to markets in column and spillovers from markets in column to markets in row. Positive value (+) in Pairwise denotes that the
spillover from the market in row to the market in column is larger than the spillover from the market in column to the market in row and
thus the market in row transmits net spillover to the market in column. Negative value (—) in Pairwise denotes that the spillover from the
market in row to the market in column is smaller than the spillover from the market in column to the market in row and, thus, the market
in row receives net spillover from the market in column.

Table 2. Volatility spillover table of full sample: time domain.

Pairwise
- Brazil
—1.668 - Russia
—1.443 0.143 - India
0.443 0.303 —0.266 - China
—1.244 1.286 —0.826 0.885 - South Africa
Brazil Russia India China South Africa
To 10.747 2.829 6.957 3.443 11.084
From 6.835 6.229 8.814 3.848 9.335
Net 3.912 —3.400 —1.857 —0.405 1.749
Overall 35.061

Notes: Net is equal to To minus From. Positive value (+) in Net represents that the spillover received is larger than the spillover transmitted
and, thus, that market is a net spillover receiver. Negative value (—) in Net represents that the spillover received is smaller than the spillover
transmitted and, thus, that market is a net spillover transmitter. Pairwise is calculated from the difference between spillovers from markets
in row to markets in column and spillovers from markets in column to markets in row. Positive value (+) in Pairwise denotes that the
spillover from the market in row to the market in column is larger than the spillover from the market in column to the market in row and,
thus, the market in row transmits net spillover to the market in column. Negative value (—) in Pairwise denotes that the spillover from the
market in row to the market in column is smaller than the spillover from the market in column to the market in row and, thus, the market
in row receives net spillover from the market in column.

In terms of net pairwise return spillover, Brazil’s stock market received spillovers
from all others; Russia’s stock market received spillovers from China’s and India’s stock
markets; India’s stock market received spillover from China’s stock market that transmitted
spillovers of similar magnitude to all other markets; South Africa’s stock market received
spillovers from all others except for Brazil’s stock market. In magnitude, India’s stock
market had the greatest impact on Brazil’s, Russia’s and South Africa’s stock markets.

In terms of net pairwise volatility spillovers, Brazil's stock market received spillovers
from others except for China’s stock market; India’s stock market received spillovers from
others except for Brazil’s stock market; China’s stock market received spillovers from
Brazil’s and Russia’s stock markets; South Africa’s stock market received spillovers from
Russia’s and China’s stock markets; Russia’s stock market transmitted spillovers to all
other markets. In magnitude, Russia’s stock market had the greatest impact on Brazil's
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and South Africa’s stock markets. South Africa’s and Brazil’s stock markets were the most
influential transmitters for India’s and China’s stock markets, respectively.

As pointed out by Barunik and Kfehlik (2018), in time domain, heterogeneous fre-
quency responses to shocks are simply aggregated, and thus, it is insufficient to reveal
differentiated linkages among the BRICS markets within different frequency bands. For
this reason, we, respectively, deconstructed the spillovers in time domain into those in five
different frequency bands corresponding to the periods from 1 day to 1 week, 1 week to 1
month, 1 month to 1 quarter, 1 quarter to 1 year and 1 year above, which is an important
extension for the traditional short-, medium-, and long-term connectedness analysis.

An important finding in Table 3 is that the overall return spillovers significantly
declined with the drop of frequencies. The overall return spillover in the frequency band
corresponding to the period from 1 day to 1 week amounted to 74.45% (25.665/34.474) of
total overall spillover. The overall return spillover in the frequency band corresponding
to the period from 1 week to 1 month accounted for 19.39% (6.685/34.474). Whereas, the
summation of overall return spillovers within lower frequency bands only contributed
6.16% (calculated as 1-74.45%-19.39%) to the total overall spillover.

Table 3. Return spillover table of full sample: frequency domain.

Frequency band: 1 day to 1 week

Pairwise
- Brazil
0.380 - Russia
—0.047 —0.205 - India
—0.127 —0.170 —0.080 - China
0.134 —0.282 0.115 0.132 - South Africa
Brazil Russia India China South Africa
To 5.629 7.372 4.248 1.352 7.064
From 5.969 6.335 4.535 1.861 6.964
Net —0.340 1.037 —0.287 —0.509 0.100
Overall 25.665
Frequency band: 1 week to 1 month
Pairwise
- Brazil
—0.335 - Russia
—0.354 —0.106 - India
—0.189 —0.103 —0.148 - China
—0.226 0.213 0.264 0.135 - South Africa
Brazil Russia India China South Africa
To 2.134 1.471 1.046 0.213 1.821
From 1.030 1.810 1.622 0.788 1.434
Net 1.104 —0.339 —0.576 —0.575 0.387
Overall 6.685
Frequency band: 1 month to 1 quarter
Pairwise
- Brazil
—0.070 - Russia
—0.079 —0.027 - India
—0.048 —0.028 —0.040 - China
—0.045 0.047 0.060 0.033 - South Africa
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Table 3. Cont.

Brazil Russia India China South Africa
To 0.438 0.298 0.209 0.040 0.370
From 0.196 0.360 0.335 0.189 0.276
Net 0.242 —0.062 —0.126 —0.149 0.094
Overall 1.355
Frequency band: 1 quarter to 1 year
Pairwise
- Brazil
—0.033 - Russia
—0.037 —0.013 - India
—0.023 —0.013 —0.019 - China
—0.021 0.022 0.028 0.016 - South Africa
Brazil Russia India China South Africa
To 0.205 0.140 0.098 0.019 0.173
From 0.091 0.168 0.157 0.090 0.128
Net 0.114 —0.028 —0.059 —0.071 0.045
Overall 0.634
Frequency band: more than 1 year
Pairwise
- Brazil
—0.007 - Russia
—0.008 —0.003 - India
—0.005 —0.003 —0.004 - China
—0.004 0.005 0.006 0.003 - South Africa
Brazil Russia India China South Africa
To 0.044 0.030 0.021 0.004 0.037
From 0.020 0.036 0.034 0.019 0.028
Net 0.024 —0.006 —0.013 —0.015 0.009
Overall 0.136

Notes: Net is equal to To minus From. Positive value (+) in Net represents that the spillover received is larger than the spillover transmitted
and, thus, that market is a net spillover receiver. Negative value (—) in Net represents that the spillover received is smaller than the spillover
transmitted and, thus, that market is a net spillover transmitter. Pairwise is calculated from the difference between spillovers from markets
in row to markets in column and spillovers from markets in column to markets in row. Positive value (+) in Pairwise denotes that the
spillover from the market in row to the market in column is larger than the spillover from the market in column to the market in row and,
thus, the market in row transmits net spillover to the market in column. Negative value (—) in Pairwise denotes that the spillover from the
market in row to the market in column is smaller than the spillover from the market in column to the market in row and, thus, the market
in row receives net spillover from the market in column.

In the frequency band corresponding to the period from 1 day to 1 week, Brazil’s,
India’s and China’s stock markets were transmitters of net return spillover, while Russia’s
and South Africa’s stock markets were receivers of net return spillover. China’s and
Russia’s stock markets were the most important transmitter and receiver in magnitude,
respectively. China’s stock market transmitted net pairwise return spillovers to all other
markets, while Russia’s stock market received net pairwise return spillovers from others.
China’s stock market was the most influential transmitter for Brazil’s and India’s stock
markets. Brazil’s stock market had the most noticeable impact on Russia’s stock market.
The net spillover from China’s stock market to South Africa’s stock market was very close
to that from Brazil’s stock market to South Africa’s stock market.

In the frequency band corresponding to the period from 1 week to 1 month, Russia’s,
India’s and China’s stock markets were transmitters of net return spillover, while Brazil’s
and South Africa’s stock market were receivers of net return spillover. The net return
spillovers transmitted from India’s and China’s stock markets got very close numerically.
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Brazil’s stock market received the most return spillover. For all other markets, Brazil's
stock market was the receiver of net pairwise return spillover while China’s stock market
was still the transmitter. India’s stock market was the most powerful return spillover
transmitter for Brazil’s and South Africa’s stock markets. China’s stock market had the
greatest impact on India’s stock market, both of which were important return spillover
transmitters for Russia’s stock market.

Within the frequency bands corresponding to the periods from 1 month to 1 quarter,
from 1 quarter to 1 year and longer than 1 year, the interested characteristics of net spillover
and net pairwise spillover were very similar to those in the frequency band corresponding
to the period from 1 week to 1 month. One nuance is that China’s stock market became the
greatest transmitter of net return spillover.

As for volatility spillover displayed in Table 4, the most notable feature is that the
overall volatility spillovers grew with the decline in frequencies. The proportions of overall
volatility spillovers in total overall spillover from high frequency to low frequency bands
were 0.43,7.62,14.13, 46.69 and 31.13% in turn.

Table 4. Volatility spillover table of full sample: frequency domain.

Frequency band: 1 day to 1 week

Pairwise
- Brazil
—0.001 - Russia
0.003 0.003 - India
0.007 —0.002 —0.0002 - China
0.008 0.004 0.003 0.005 - South
Africa
Brazil Russia India China SOl{th
Africa
To 0.022 0.026 0.037 0.016 0.053
From 0.039 0.031 0.033 0.017 0.033
Net —0.017 —0.005 0.004 —0.001 0.020
Overall 0.154
Frequency band: 1 week to 1 month
Pairwise
- Brazil
—0.145 - Russia
~0.157 ~0.017 - India
~0.063 0.042 —0.021 - China
—0.055 0.100 0.194 0.083 - South
Africa
Brazil Russia India China Soxfth
Africa
To 0.868 0.325 0.409 0.226 0.891
From 0.448 0.596 0.756 0.351 0.567
Net 0.420 —0.271 —0.347 —0.125 0.324

Overall 2.718
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Table 4. Cont.
Frequency band: 1 month to 1 quarter
Pairwise - Brazil
—0.283 - Russia
—0.148 —0.001 - India
0.054 0.011 —0.062 - China
—0.412 0.205 0.018 0.152 - South
Africa
Brazil Russia India China Sm%th
Africa
To 1.810 0.571 0.998 0.327 1.332
From 1.022 1.069 1.102 0.475 1.369
Net 0.788 —0.498 —0.104 —0.148 —0.037
Overall 5.038
Frequency band: 1 quarter to 1 year
Pairwise
- Brazil
—0.846 - Russia
—0.719 0.102 - India
0.260 0.142 —0.115 - China
—0.524 0.642 0.338 0.362 - South
Africa
Brazil Russia India China Smfth
Africa
To 5.119 1.333 3.303 1.617 5.279
From 3.291 3.065 4.143 1.692 4461
Net 1.828 -1.732 —0.840 —0.075 0.818
Overall 16.652
Frequency band: more than 1 year
Pairwise
- Brazil
—0.405 - Russia
—0.374 0.074 - India
0.240 0.132 —0.006 - China
~0.129 0.369 0.332 0212 - South
Africa
Brazil Russia India China Sou.th
Africa
To 2.852 0.507 2.330 1.624 3.789
From 2.184 1.487 2.956 1.472 3.004
Net 0.668 —0.980 —0.626 0.152 0.785
Overall 11.103

Notes: Net is equal to To minus From. Positive value (+) in Net represents that the spillover received is larger than
the spillover transmitted and, thus, that market is a net spillover receiver. Negative value (—) in Net represents
that the spillover received is smaller than the spillover transmitted and, thus, that market is a net spillover
transmitter. Pairwise is calculated from the difference between spillovers from markets in row to markets in
column and spillovers from markets in column to markets in row. Positive value (+) in Pairwise denotes that the
spillover from the market in row to the market in column is larger than the spillover from the market in column
to the market in row and, thus, the market in row transmits net spillover to the market in column. Negative value
(—) in Pairwise denotes that the spillover from the market in row to the market in column is smaller than the
spillover from the market in column to the market in row and, thus, the market in row receives net spillover from
the market in column.
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In the frequency band corresponding to the period from 1 day to 1 week, Brazil’s stock
market was the most important transmitter, while South Africa’s stock market was the
greatest receiver, even though all spillovers were very small in magnitude.

In the frequency band corresponding to the period from 1 week to 1 month, Russia’s,
India’s and China’s stock markets were transmitters of net volatility spillover, while Brazil’s
and South Africa’s stock markets were receivers of net volatility spillover. Brazil’s and
India’s stock markets were the most remarkable receiver and transmitter, respectively. In
terms of net pairwise volatility spillover, Brazil’s stock market received spillovers from
markets other than China’s stock market. Russia’s stock market transmitted net volatility
spillovers to markets other than India’s stock market. South Africa’s stock market received
net spillovers from markets other than Brazil’s stock market. China’s stock market only
received net volatility spillover from Russia’s stock market. India’s stock market, who was
the most important volatility spillover transmitter for Brazil’s, South Africa’s and Russia’s
stock markets, only received net spillover from China’s stock market.

In the frequency band corresponding to the period from 1 month to 1 quarter, the
features of net volatility spillover were similar to those in the frequency band corresponding
to the period from 1 week to 1 month with the exception that Russia’s stock market replacing
India’s stock market in magnitude became the most noticeable transmitter. The directions
of net pairwise volatility spillovers were basically the same as those in the frequency band
corresponding to the period from 1 week to 1 month, with a little difference that China’s
stock market received net spillovers from not only Russia’s stock market but also Brazil’s
stock market. In magnitude, China’s and India’s stock markets were still the most important
net volatility spillover transmitters for India’s and Russia’s stock markets, respectively.
However, Russia’s stock market was the largest net volatility spillover transmitter for South
Africa’s stock market that transmitted the most net volatility spillover to Brazil’s stock
market. In addition, Brazil’s stock market had the biggest impact of net volatility spillover
on China’s stock market.

In the frequency band corresponding to the period from 1 quarter to 1 year, the features
of net volatility spillover behave the same as those in the frequency band corresponding to
the period from 1 month to 1 quarter. In terms of net pairwise volatility spillover, Brazil’s
stock market received net spillovers from markets other than China’s stock market; Russia’s
stock market transmitted net spillovers to all other markets; South Africa’s stock market
received net spillovers from markets other than Brazil’s stock market; China’s stock market
received net spillovers from Brazil’s and Russia’s stock markets; India’s stock market
received net spillovers from China’s and Russia’s stock markets. Russia’s stock market had
the most remarkable net impact on Brazil’s and South Africa’s stock markets. Brazil’s stock
market was the most influential transmitter of net spillover for China’s stock market that
transmitted the largest net volatility spillover to India’s stock market.

In the frequency band corresponding to the period longer than 1 year, Russia’s and
India’s stock markets were transmitters of net volatility spillover while Brazil’s, China’s and
South Africa’s stock markets were receivers of net volatility spillover. Brazil’s and Russia’s
stock markets were the most remarkable receiver and transmitter, respectively. The net
pairwise volatility spillover showed the same directional features as those in the frequency
band corresponding to the period from 1 quarter to 1 year. In magnitude, Russia’s stock
market was the most noticeable net volatility spillover transmitter for Brazil’s, India’s and
South Africa’s stock markets. Meanwhile, Brazil’s stock market was the most powerful
transmitter of net volatility spillover for China’s stock market.

5.2. Conditioning and Dynamics I: The Rolling-Sample Overall Spillover Analysis

Although full sample results provide a useful summary of “average” spillover behav-
ior, they still likely miss potential important secular and cyclical movements. Diebold and
Yilmaz (2012) estimate volatility spillovers using 200-day rolling samples. Considering a
longer period of forecasting error variance decomposition was used in our work, a larger
rolling window size of 300days was employed to balance the rolling sample estimates and
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the need of time-varying characteristics. In large systems, a small-sample bias may occur;
hence, we used a parametric bootstrap as suggested in Engsted and Pedersen (2014) to
obtain unbiased estimates of connectedness measures.

Figure 2 shows the overall return spillovers of rolling sample in time domain. Some
segmented characteristics were easy to find: before the Subprime Crisis, the overall return
spillovers fluctuated to climb up; during the Subprime Crisis, the overall return spillovers
zoomed up and the maximum peak happened in this time; during the period from 2011
to 2015, the overall return spillovers descended with fluctuations; during the period from
2016 to 2017, the overall return spillovers oscillated violently with the situation rising
up first and going down after; since 2018, the overall return spillovers picked up the
vibrating uptrend again. Before 2011, the centroid of overall return spillovers was going
up. However, after 2011, the centroid went down slowly.

Overall spillovers

40

I I I
2005 2010 2015

Index
Figure 2. Overall return spillovers of rolling sample: time domain.

Figures 3-7 display the overall return spillovers of rolling sample in frequency domain.
The most noticeable feature is that the dynamics of overall return spillovers in different
frequencies exhibited some similarities: the overall return spillovers during the Subprime
Crisis increased significantly; during the period from 2009 to the first half of 2013, the
overall return spillovers ran in high level and kept steady uptrend; since the third quarter
of 2013, the overall return spillovers began to descend remarkably.
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Overall spillovers on band: 3.14 to 0.63.
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2008 2010 2012 2014 2016 2018

Index
Figure 3. Overall return spillovers of rolling sample corresponding to the frequency band from 1 day

to 1 week.

Overall spillovers on band: 0.63 to 0.15.
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2008 2010 2012 2014 2016 2018

Index

Figure 4. Overall return spillovers of rolling sample corresponding to the frequency band from
1 week to 1 month.
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Overall spillovers on band: 0.15 to 0.05.
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Figure 5. Overall return spillovers of rolling sample corresponding to the frequency band from
1 month to 1 quarter.

Overall spillovers on band: 0.05 to 0.01.
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Figure 6. Overall return spillovers of rolling sample corresponding to the frequency band from
1 quarter to 1 year.
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Overall spillovers on band: 0.01 to 0.00.
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Figure 7. Overall return spillovers of rolling sample corresponding to the frequency band longer
than 1 year.

Figure 8 presents the overall volatility spillovers of rolling sample in time domain.
Some similarities of the overall volatility spillover dynamics to the overall return spillover
dynamics could be barely found: before 2011, the overall volatility spillovers fluctuated to
climb up; during the Subprime Crisis, the overall volatility spillovers rapidly increased;
during the period from 2011 to 2015, the overall volatility spillovers rose up first and went
down after vibrated with high amplitudes; since 2017, the overall volatility spillovers
regained the vibrating uptrend. Before 2011, the centroid of overall return spillovers was
going up. However, after 2011, the centroid went down slowly.

Overall spillovers
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Figure 8. Overall volatility spillovers of rolling sample: time domain.
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Figures 9-13 reveal the overall volatility spillovers of rolling sample in frequency
domain. The dynamics of overall volatility spillovers in the frequency band corresponding
to the period from 1 day to 1 week were very similar to those in the frequency band
corresponding to the period from 1 week to 1 month where the general tendency kept
rising and the overall volatility spillovers significantly strengthened during the Subprime
Crisis. In the medium term (from 1 month to 1 quarter), the tendency of overall volatility
spillovers was not obvious, whereas the amplitude was relatively high. The intrinsic
tendency of overall volatility spillover dynamics in the frequency band corresponding to
the periods from 1 quarter to 1 year and 1 year above was very similar to that implied in
the overall return spillovers in time domain.

Overall spillovers on band: 3.14 to 0.63.

0.6

0.4

T T T T T T
2008 2010 2012 2014 2016 2018

Index

Figure 9. Overall volatility spillovers of rolling sample corresponding to the frequency band from
1 day to 1 week.

Overall spillovers on band: 0.63 to 0.15.
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Index

Figure 10. Overall volatility spillovers of rolling sample corresponding to the frequency band from
1 week to 1 month.
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Overall spillovers on band: 0.15 to 0.05.
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Figure 11. Overall volatility spillovers of rolling sample corresponding to the frequency band from
1 month to 1 quarter.

Overall spillovers on band: 0.05 to 0.01.
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Figure 12. Overall volatility spillovers of rolling sample corresponding to the frequency band from
1 quarter to 1 year.
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Overall spillovers on band: 0.01 to 0.00.
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Figure 13. Overall volatility spillovers of rolling sample corresponding to the frequency band longer
than 1 year.

5.3. Conditioning and Dynamics II: The Rolling-Sample Net Spillover Analysis

Figure 14 illustrates the net return spillovers of rolling sample in time domain. In
most time, Brazil’s, Russia’s and South Africa’s stock markets received net spillovers from
others, while China’s and India’s stock markets transmitted net spillovers to others. Brazil’s
and China’s stock markets were the most influential receiver and transmitter, respectively.
In addition, there were several identified impulses whose occurrence dates revealing no
significant regularities were not the same.

Net spillovers
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Figure 14. Net return spillovers of rolling sample: time domain.
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Figures 15-19 depict the net return spillovers of rolling sample in frequency domain.
The net return spillover dynamics of Russia’s stock market in the frequency band cor-
responding to the period from 1 day to 1 week behaved just like the overall spillover
dynamics, which means Russia’s stock market dominated the BRICS stock markets and
should be paid more attention to no matter for short-term investment or regulation. The
dynamics of net return spillovers in the frequency bands other than that corresponding
to the period from 1 day to 1 week demonstrated part of similarities to some extent. In
comparison, the low-frequency (longer than 1 week) dynamics of net return spillovers
of Russia’s and South Africa’s stock markets and their high-frequency (1 day to 1 week)
dynamics showed some opposite characteristics, which implies that an uptrend of net
return spillovers in the short term was usually accompanied by an downtrend of net return
spillovers in the long term.

Net spillovers on band: 3.14 to 0.63.
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Figure 15. Net return spillovers of rolling sample corresponding to the frequency band from 1 day to
1 week.
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Net spillovers on band: 0.63 to 0.15.
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Figure 16. Net return spillovers of rolling sample corresponding to the frequency band from 1 week
to 1 month.

Net spillovers on band: 0.15 to 0.05.
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Figure 17. Net return spillovers of rolling sample corresponding to the frequency band from 1 month
to 1 quarter.
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Net spillovers on band: 0.05 to 0.01.
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Figure 18. Net return spillovers of rolling sample corresponding to the frequency band from 1 quarter
to 1 year.

Net spillovers on band: 0.01 to 0.00.
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Figure 19. Net return spillovers of rolling sample corresponding to the frequency band longer than
1 year.

Figure 20 presents the net volatility spillovers of rolling sample in time domain.
Although no remarkable trends and clustering could be identified from an overall point
of view, some local features were relatively obvious: during the Subprime Crisis, the
net volatility spillovers of Russia’s stock market kept positive for about 2 to 3 quarters,
which implies that Russia’s stock market was heavily influenced by other markets; from
the first half of 2011 to 2012, a positive impulse of the net volatility spillovers in Brazil’s
stock market lasting for about 2 to 3 quarters could be identified, which means Brazil’'s
stock market was an important spillover receiver during this time; since 2016, a fluctuated
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uptrend in the net volatility spillovers of India’s stock market became very clear, which
illustrates that India’s stock market was more and more influenced by other markets.

Net spillovers
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Figure 20. Net volatility spillover of rolling sample: time domain.
Figures 21-25 manifest the net volatility spillovers of rolling sample in frequency
domain. Although the basic tendencies implied in the net volatility spillovers in frequency

domain other than that corresponding to the period from 1 day to 1 week showed some
similarities, no opposite features as found in net return spillovers could be confirmed.

Net spillovers on band: 3.14 to 0.63.
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Figure 21. Net volatility spillovers of rolling sample corresponding to the frequency band from 1 day
to 1 week.
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Net spillovers on band: 0.63 to 0.15.
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Figure 22. Net volatility spillovers of rolling sample corresponding to the frequency band from
1 week to 1 month.

Net spillovers on band: 0.15 to 0.05.
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Figure 23. Net volatility spillovers of rolling sample corresponding to the frequency band from
1 month to 1 quarter.
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Net spillovers on band: 0.05 to 0.01.
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Figure 24. Net volatility spillovers of rolling sample corresponding to the frequency band from
1 quarter to 1 year.

Net spillovers on band: 0.01 to 0.00.
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Figure 25. Net volatility spillovers of rolling sample corresponding to the frequency band longer
than 1 year.

In addition, compared with return spillovers, volatility spillovers tended to exhibit
sharp jumps more frequently. As Baker et al. (2015) point out, this is probably because
jumps caused by non-policy events (e.g., macroeconomics news) lead to higher future stock
volatility.
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5.4. Conditioning and Dynamics III: The Rolling-Sample Pairwise Spillover Analysis

Figure 26 shows the pairwise return spillovers of rolling sample in time domain. In
general, most net pairwise return spillovers of Brazil’s stock market were negative, which
implies that Brazil’s stock market received net return spillovers from other markets in most
time. Certainly, in some local specific periods, positive net pairwise return spillovers also
showed up, which means Brazil’s stock market transmitted net return spillovers to others
occasionally. China’s and India’s stock markets transmitted net return spillover to South
Africa’s stock market and net pairwise return spillover dynamics between China’s and
South Africa’s stock markets showed some likeness to those between India’s and South
Africa’s stock markets. In most time, China’s stock market transmitted net return spillovers
to Russia’s and India’s stock markets.
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Figure 26. Pairwise return spillovers of rolling sample: time domain.

Figures 27-31 illustrate the net pairwise return spillovers of rolling sample in frequency
domain. The most striking feature is that the dynamics of net pairwise return spillovers in
the frequency bands corresponding to the periods from 1 week to 1 month, from1 month
to 1 quarter, from 1 quarter to 1 year and longer than 1 year were very similar to each
other. Moreover, the dynamics of net return spillovers between Brazil’s and Russia’s stock
markets showed some likeness to the overall return spillover dynamics.
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Pairwise spillovers on band: 3.14 to 0.63.
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Figure 27. Pairwise return spillovers of rolling sample corresponding to the frequency band from
1 day to 1 week.

Pairwise spillovers on band: 0.63 to 0.15.
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Figure 28. Pairwise return spillovers of rolling sample corresponding to the frequency band from
1 week to 1 month.
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Pairwise spillovers on band: 0.15 to 0.05.
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Figure 29. Pairwise return spillovers of rolling sample corresponding to the frequency band from

1 month to 1 quarter.

Pairwise spillovers on band: 0.05 to 0.01.
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Figure 30. Pairwise return spillovers of rolling sample corresponding to the frequency band from 1
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Pairwise spillovers on band: 0.01 to 0.00.
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Figure 31. Pairwise return spillovers of rolling sample corresponding to the frequency band longer
than 1 year.

In the frequency band corresponding to the period from 1 day to 1 week, some
similarities and differences compared with those findings in time domain could be easily
found: in terms of similarities, Brazil’s stock market still received net return spillovers from
India’s and China’s stock markets with similar fluctuation tendencies; besides, China’s
stock market transmitted net return spillovers to South Africa’s stock market; in terms of
differences, Brazil’s stock market was no longer a receiver of net pairwise return spillover
from Russia’s stock market but became a transmitter. Meanwhile, Russia’s stock market
received net return spillovers from India’s and China’s stock markets.

In other frequency bands, Brazil’s stock market was still a receiver of net pairwise
return spillovers. India’s stock market transmitted a net return spillover to Russia’s stock
market. China’s stock market transmitted net return spillovers to India’s, Russia’s and
South Africa’s stock markets. India’s stock market transmitted a net return spillover to
South Africa’s stock market.

Figure 32 presents the net pairwise volatility spillovers of rolling sample in time
domain. Although no obvious trends and cyclicity could be identified, some style features
were still easy to find. First, during Europe’s Sovereign Debt Crisis, Russia’s stock market
was the receiver of net pairwise volatility spillovers, which is easy to understand. As the
only one in the BRICS who lied in the storm center of the Sovereign Debt Crisis, Russia’s
stock market acted very sensitively to other markets and was easily influenced by the
volatility from others. Second, haunted by her weak economy in 2012, Brazil’s stock market
was easily infected by rumors and shocks and, thus, received net volatility spillovers from
others.
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Figure 32. Pairwise volatility spillovers of rolling sample: time domain.

Figures 33-37 demonstrate the net pairwise volatility spillovers of rolling sample
in frequency domain. The most attractive feature is that the intrinsic tendencies of net
pairwise volatility dynamics showed some similarities, especially those in the frequency
bands corresponding to the periods from 1 month to 1 quarter, from 1 quarter to 1 year and
longer than 1 year. To a large extent, net pairwise volatility spillovers of rolling sample in
frequency domain supported those findings of full sample in frequency domain.

It is worth noting that the pairwise spillovers revealed the same changing features
with frequencies as those in overall spillovers, which are return spillovers declined with
the drop of frequencies, while volatility spillovers grew with the decline in frequencies.
What we found is consistent with Engle et al. (2013) and easy to understand: short-term
factors, or short-term exogenous shock, may result in the co-movement of stock markets,
which indicates higher high-frequency return spillovers; however, it is economic funda-
mentals whose variation needs a relatively long time to show up that mainly determine the
stock market volatility in the long term, which explains stronger low-frequency volatility
linkages.
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Pairwise spillovers on band: 3.14 to 0.63.
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Figure 33. Pairwise volatility spillovers of rolling sample corresponding to the frequency band from
1 day to 1 week.

Pairwise spillovers on band: 0.63 to 0.15.
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Figure 34. Pairwise volatility spillovers of rolling sample corresponding to the frequency band from
1 week to 1 month.
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Pairwise spillovers on band: 0.15 to 0.05.
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Figure 35. Pairwise volatility spillovers of rolling sample corresponding to the frequency band from
1 month to 1 quarter.

Pairwise spillovers on band: 0.05 to 0.01.
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Figure 36. Pairwise volatility spillovers of rolling sample corresponding to the frequency band from
1 quarter to 1 year.
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Pairwise spillovers on band: 0.01 to 0.00.

= o _
g v o « =
< _
3 T g © -
& ™ - @] -
';\é -] E N
& Z ]
i g ol
e g
g T g °-
<] o | S
= o k<! '
N —
E 2 7
0 & ©
< ¢
g h & ]
z o - ®©
V)] s -
! © - g
s 9 v
m © -
o s ORI B
— e ————
< o - S A <
£ - 2
=} ~
< o 8 _
£ n < 0
] | ) ]
& w 5 ©
-~ S E -
i . @ 0
B © L
< £ -
8 ° 7 o -
o @
i S _
p £ o
o ¥ 4 <CI -
Z ER
& - E i
wn
e} ) ©
v T T T T T T & ' T T T T T T
2008 2012 2016 5 2008 2012 2016
Index Index

Figure 37. Pairwise volatility spillovers of rolling sample corresponding to the frequency band longer
than 1 year.

In fact, the net pairwise spillovers have important implications. In terms of portfolio
allocation/diversification and risk management, net pairwise spillover should be paid more
attention to by portfolio managers and arbitragers. Net pairwise spillovers in frequency
domain provided new thoughts for portfolio managers who aim at allocating stock assets
across the BRICS markets. Due to the fact that diversification opportunities are different
in different frequencies (Tiwari et al. 2018). Based on the frequency decomposition of
net pairwise spillover, investors are finally capable of accomplish more accurate portfolio
rebalance in accordance with their differing expectations as well as disparate frequency
and pace of daily trading.

6. Conclusions

We have comprehensively explored the stock market spillovers of returns and volatility
among the BRICS not only in time domain but also in frequency domain. Within the
framework of a generalized VAR consisting of five leading emerging stock market indices,
100-step-ahead forecasting error variance decomposition was employed to construct the
continuously varying spillover index in time domain.

In contrast to the previous research about stock market spillovers among the BRICS,
the aggregated time domain spillover was decomposed into five different frequency domain
spillovers corresponding to the periods from 1 day to 1 week, from 1 week to 1 month,
from 1 month to 1 quarter, from 1 quarter to 1 year and 1 year above.

The most interesting finding is that return spillovers significantly declined with the
drop of frequencies, while volatility spillovers grew with the decline in frequencies. The
high-frequency (corresponding to the period within 1 week) return spillover as well as low-
frequency (corresponding to the period above 1 quarter) volatility spillover contributed
most to the total spillover. Analyses of both full sample and rolling sample confirmed this
intriguing finding. In practice, with the development of information technology, such as 5G,
as well as the application of computer-aided trading, not only the information transmission
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goes faster but also the portfolio rebalancing process becomes more and more frequent.
Thus, short-term high-frequency return spillover across stock markets in the BRICS should
be paid close attention to. As for volatility spillovers, due to the fact that not many volatility
derivative tools for the BRICS markets have been developed, the linkage of volatilities still
need time to accumulate, and thus, long-term low-frequency volatility spillover is more
important. In addition, diversification opportunities are different in different frequencies,
as pointed out by Tiwari et al. (2018).

Another important finding is that the dynamics of spillovers were heavily influenced
by crucial systematic risk events, such as the Subprime Crisis, Europe’s Sovereign Debt
Crisis and even quantitative easing, even though there was no general pattern or universal
law for the influence of risk events on overall, net and pairwise spillovers. Taking the
overall return spillovers, for example, some segmented characteristics were easy to find:
before the Subprime Crisis, the overall return spillovers fluctuated to climb up; during
the Subprime Crisis, the overall return spillovers zoomed up and the maximum peak
happened in this time; during the period from 2011 to 2015, the overall return spillovers
descended with fluctuations; during the period from 2016 to 2017, the overall return
spillovers oscillated violently, with the situation rising up first and going down after; since
2018, the overall return spillovers picked up the vibrating uptrend again. It is worth noting
that there was no general pattern or universal law for the influence of risk events on overall,
net and pairwise spillovers.

Moreover, from the perspective of identifying the systematic important stock markets,
China’s stock market and Russia’s stock market were probably influential spillover sources
for return linkage and volatility connectedness among the BRICS markets, respectively. In
terms of market integration, the magnitude of spillover has important meanings. If the
spillover is high, the BRICS stock market system will be heavily infected by fluctuations
and shocks. The authorities have to take various measures to smooth the negative effect of
external shocks. The policy combination should keep a close watch on frequency-specific
risk sources. The coordination of international regulatory policies about stock markets in
the BRICS should be more oriented to neutralize the negative effects of short-term return
spillover and long-term volatility spillover.

Furthermore, as many scholars consider the spillover effect across different markets,
quantifying the portfolio benefits of diversification is an important extension. We will leave
it for the future work.
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