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Abstract: We look into determinants (volatility, crises, sentiment and the US “fear” index) of herding
using BRICS as our sample. Investors herd selectively to crises and herding is a short-lived phenom-
enon. Herding was highest during the global financial crisis (only China was affected). There was
no herding during the European debt crisis and COVID. With regard to the relationship between
volatility and CSAD (cross sectional absolute deviation), a lower CSAD (movement in a specific
direction) brings about less volatility. However, a high volatility amplifies herding (reduces CSAD),
especially in China. Russia and South Africa are unresponsive to volatility levels (low/high) and
herding. We also observe volatility heterogeneity. Different volatility measures have different ef-
fects on different markets. There is limited evidence to suggest that sentiment (based on principal
component) Granger causes CSAD. Herding is a period and market variant and unrelated to crises.
The US ‘fear’ index has a short-lived, limited effect on CSAD/herding (during COVID only) for all
countries except China. In addition, Granger causality analysis indicates a two-way relationship
between the US “fear’ index and CSAD, unrelated to crises.
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1. Introduction

Herding behaviour is identified as mimic behaviour which results in phenomena
where people tend to follow others’ actions rather than making decisions based on their
own private or public information (Banerjee 1992). Despite numerous theoretical frame-
works (such as Bikhchandani and Sharma 2001) and empirical evidence (such as Chang
et al. 2000) which reference herding, there seems to be a lack of cases focusing simultane-
ously on all BRICS countries in any one piece of research. Firstly, instead of concentrating
on institutional investors or individual BRICS countries (Indars et al. 2019 for Russia and
Banerjee and Padhan 2017 for India), this study will assume a holistic outlook and will
provide insights on similarities and differences across BRICS. Secondly, the study will
concentrate on the relationship between sentiment and herding using principal compo-
nent analysis. Thirdly it selects the Coronavirus crisis as a sub-period to test the effect of
a non-financial crisis on BRICS, which is the first attempt to the best of our knowledge.
Fourthly, in order to bridge the gap as far as the relationship (bi-directional: effect of
CSAD on volatility and effect of volatility on herding) between herding and volatility is
concerned, this study will utilise different models to measure volatility. We can then com-
pare if different measures of volatility have diverse effects on herding, rather than looking
at the effect of a single volatility measure, which is typical in the past literature (such as
idiosyncratic volatility in China (Gong and Dai 2017) and implied volatility as a fear indi-
cator (Economou et al. 2018)). Finally, this study will focus on the role of the US on BRICS
(including the effects of the US equity market and US sentiment or ‘fear’ index), which
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will expand research in this aspect. The sample period is between 2 July 2007 and 30 Sep-
tember 2021, and the CCK model (Chang et al. 2000) was utilised for analysis.

1.1. Motivation

There were several motivations regarding the sample selection. The first motivation
is that the rapid development of BRICS in various aspects is reshaping the global economic
environment, making them play an increasingly important role in global economic affairs.
Their contribution to the global economy increased from 8% in 2001 to 25% in 2019 (EMIS
2019). Simultaneously, more cooperation among BRICS in areas of cybersecurity and trade
technology in the last decades has shifted global attention towards emerging economies,
for example, more than 40% of global e-commerce transactions can be attributed to China
(McKinsey 2017). Such tendencies are making increasing numbers of global investors re-
alise their development potential and inject more capital to pursue investment opportu-
nities in these markets, resulting in more integration between emerging markets and ma-
ture markets. However, the low correlation between emerging and developed markets
motivates investors to expand investment in emerging markets for the purpose of diver-
sification (Bekaert et al. 2003). Therefore, selecting BRICS as our sample can provide more
information for global investors to better understand the financial environment of emerg-
ing markets and to make decisions.

A further motivation is that the different characteristics among BRICS can trigger
different behaviour. The return distribution of BRICS exhibits strong volatility clustering
and a high-risk premium, indicating significantly high volatility (Adu et al. 2015). To date,
a large and growing body of research has investigated the relationship between volatility
and investors’ behaviour, suggesting that a higher degree of volatility is regarded as one
of the triggers of herding (Huang et al. 2015; Lakshman et al. 2013). This is one of the
hypotheses tested here. A higher volatility reduces CSAD or causes more herding (this
hypothesis is supported here). The majority of the prior literature focused on the relation-
ship between a single volatility measure and herding (e.g., idiosyncratic volatility and im-
plied volatility). Few studies look into whether different measures of volatility produce
different results in this respect for BRICS. Although Blasco et al. (2012) utilised nine dif-
ferent volatility measures in Spain, they studied the effects of herding on volatility and
neglected the effects of volatility on herding. After eliminating the day-of-the week and
volume effects, they found that an intensified herding level can trigger higher volatility
for historical and realised volatility due to “uninformed trading”, whereas this is not the
case for implied volatility. Thus, in order to bridge this research gap, this study will em-
ploy six different volatility measures to test for the presence of the possible different ef-
fects of volatility on herding. We also look at the effect of CSAD on volatility (the reverse
relationship). According to the literature (see Topol (1991), Demirer and Kutan (2006),
Jlassi and Naoui (2015)), the null hypothesis is that a lower CSAD increases volatility (this
hypothesis is not supported here).

Additionally, a lack of transparency in corporate information disclosure (including
governance and financial information) is a perennial problem for BRICS. For example, 24
practices are governed by national law in India, compared to the 52 recommendations of
the International Financial Reporting Standards, and seven companies is the median num-
ber of corporations disclosing complete governance information (Oliveira et al. 2016). Ev-
idence of a rise in herding tendency as a result of non-transparency (due to high costs for
acquiring information and information asymmetries) is evident in Wang and Huang
(2018). Moreover, despite the strengthening of integration with global investment mar-
kets, a framework of restrictions on foreign investments and investors still exists. For in-
stance, only 2% of the overall equity market and 2% of the bond market was attributed to
foreign investment in China in 2019 (Gill 2020). Similarly, foreign direct investment in
South Africa was made up of just 1.31% of GDP, less than the average worldwide level of
4.17% in 2019 (World Bank 2020). Surveys such as that conducted by Choudhary et al.
(2019) confirmed that foreign investors were inclined to herd towards others’ behaviour
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due to a lack of information. Therefore, research in BRICS will contribute to making sound
investment decisions and constructing relatively diversified portfolios.

1.2. Contribution

This study will focus on herding in BRICS countries and compare investors’ behav-
iour in these countries. In previous research, the majority of scholars paid more attention
to developed markets such as the United States (Kabir 2018), or single emerging markets
such as the Russian equity market (Indars et al. 2019). Few studies brought all BRICS to-
gether in a single sample to compare whether investors behave in a different manner. The
following cases can be deemed as good examples which capture the focus of the prior
literature and clearly show how this study differs. Demirer and Kutan (2006) found no
herding in the Chinese stock market. This finding was in contrast with Tan et al. (2008)
who reported herding in both Chinese A-share and B-share stock markets. Moreover,
Junior et al. (2019) reported herding in the Brazilian stock market, controlling for a number
of variables such as volatility and dividend yield. Indars et al. (2019) investigated the Rus-
sian stock market and showed that herding is relevant to fundamental factors during the
Ukranian crisis. Lakshman et al. (2013) studied the Indian market and found that herding
was limited. Ababio and Mwamba (2017) concentrated on the South African market and
found herding in the Banking and Real estate sectors, but the timing of herding was dif-
ferent (herding in the banking industry occurred during bear markets, while herding in
the real estate industry occurred in rising markets). Collectively, these studies outlined a
critical role of herding in investment decisions. However, these studies have just investi-
gated herding in individual markets rather than all of BRICS. A recent study (which has
been made known to us at the final stage of this article) and looks into BRICS herding and
the effect of volatility on herding (simultaneously for all countries) is that of Mulki and
Rizkianto (2020). These are the only common research elements between our study and
their study. Samples considered are different and it seems that in the Mulki and Rizkianto
(2020) study there is no discussion for structural breaks (if present and how they control
for them). The Mulki and Rizkianto (2020) study captures two crises, namely the Asian
crisis and the Global financial crisis, while our study captures the Global financial crisis,
the European financial crisis and the COVID crisis (controlling for structural breaks). Con-
sidering the common research elements of the two studies which allow a comparison of
findings, we report that during the Global financial crisis, herding is present only in
China, while Mulki and Rizkianto (2020) report herding in all countries except in India
and Russia. So, both studies agree on findings regarding India (no herding), Russia (no
herding) and China (herding). It is important to keep in mind that in the Mulki and
Rizkianto (2020) study, there are no pre-crisis/during-crisis sub-periods to control for
structural breaks which may affect the results. The second research element which allows
comparison is the effect of volatility on herding. Our study finds that only high volatility
causes herding (3 out of 5 countries, for five different volatility measures), while in Mulki
and Rizkianto’s (2020) study, any level of volatility (using a single measure) causes herd-
ing. Evidence presented between BRICS is mixed. Furthermore, we investigate sentiment,
VIX and US investor behaviour on herding (as well as Granger causalities) which are not
in the objectives of the Mulki and Rizkianto (2020) study; therefore, this is as far as com-
parisons can go.

Secondly, when it comes to related research regarding the relationship between vol-
atility and herding, the majority of past studies have used a single volatility measurement,
such as the GARCH model. For example, Huang et al. (2015) used idiosyncratic volatility
to examine the effect of volatility on herding, and Huang and Wang (2017) employed the
volatility index to capture fear and sentiment in their analysis. However, this study will
use six different measures, as already indicated, to calculate volatility, including condi-
tional volatility, a realised volatility model and historical volatility measures. The aim is
to investigate if and how different measures/models of volatility relate to herding, and if
herding is conditional on specific measures of volatility or volatility in general, no matter
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how it is measured. As already stated above, our hypothesis is that all volatility measures
capture the same effect and have a similar impact on herding. We call this volatility meas-
ure homogeneity (this hypothesis is not supported here).

Principal component analysis (PCA) will be utilised in this study to capture inves-
tors’ sentiment, as there is a lack of studies that examine the relationship between inves-
tors” sentiment and CSAD employing PCA. Past research has simply produced a senti-
ment index using PCA, however, there was no attempt to test its effect on CSAD. We
believe that this is another novelty. Other studies have made use of other indicators to
capture investors mood such as the US implied volatility (VIX index). In this field, Gav-
riilidis et al. (2016) observed that investors’ sentiment could exert influence on herding
behaviour using the US sentiment index (VIX index). Chen et al. (2014) used principal
component analysis to capture sentiment, but they did not report its relationship to herd-
ing. For similar research see Liao et al. (2011), Hudson (2014) and He et al. (2017). In this
study, not only do we incorporate PCA into ‘capturing’ sentiment, but we also examine
its relationship with CSAD for all BRICS, simultaneously, in an attempt to provide a final
answer regarding any effects. Our hypothesis is that sentiment (based on PCA) Granger
causes CSAD (partially supported here, there is limited evidence, unrelated to the crises).

Furthermore, three different crisis periods will be introduced into the analysis in or-
der to explore the effects of individual crisis incidents on investors’ behaviour. In addition
to the global financial crisis, the European debt crisis and the coronavirus pandemic were
selected. Our hypothesis is that crises have an impact on herding (not supported here).
There are very few articles focusing on the effects of two or more events on herding in
BRICS simultaneously. As indicated previously, the most recent study by Mulki and
Rizkianto (2020) captures only two crises. The coronavirus pandemic has swept across the
globe, causing not only damage to public health, but also leading to the collapse of stock
markets in some countries and general economic upheaval. For instance, the US suffered
from the fastest decline in its stock market since 1987, evidenced by four successive circuit
breakers within several days (Shieber and Crichton 2020). Therefore, introducing and con-
trolling for coronavirus in this study will enable a comparison of the degree of influence
that different crises have on investor behaviour. To the best of our knowledge, there is
very little research, if any, on the effect of pandemic(s) on herding, especially for BRICS.

Finally, this study will test whether herding is a short- or long-lived phenomenon by
introducing different data frequencies, including daily data, weekly data and monthly
data. Our hypothesis is that herding is present when daily data is used (fully supported
here). In the previous literature, few studies have focused on covering different types and
frequencies of data in the same article, allowing for comparison, especially for BRICS.
Hence, this study will fill this gap.

To prompt the results, herding, a mimic behaviour accompanied by the suppression
of one’s own beliefs, can be ‘perceived’ as a short-term tendency (for example, herding is
present in China when employing daily data, but vanishes when employing weekly or a
longer time-frequency). This supports our hypothesis above (herding is present when
daily data is used). Moreover, there is no herding reported for the other four markets re-
gardless of frequency. Secondly, not all crises have the same effect. The Global Financial
Crisis had the greatest effect on herding (during which only China was affected) but the
European debt crisis and Coronavirus had zero impact on herding. Our hypothesis that
crises have an impact on herding is not supported. Those crisis events are also imported,
taking the form of spill-over effects from the US market. Thirdly, more volatile environ-
ments are considered as one of the determinants of herding, especially for China. How-
ever, at this point, it is worth noting that Russia and South Africa seem to be indifferent
to volatility levels. There is no significant herding in any of the two markets for both
low/high volatilities. This provides support to our hypothesis that a higher volatility
causes more herding (or reduces CSAD), but not for Russia and South Africa. The above
findings reported here shed new light on BRICS’ behaviour characteristics, which can be
conducive to deciding on an ‘investment timing’ strategy for global investors. Fourth,
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there is limited evidence that sentiment based on PCA Granger causes CSAD. It is period
and market specific and unrelated to crises. This provides very little support to our hy-
pothesis above. The analysis undertaken here has extended our knowledge of how senti-
ment can exert influence on CSAD, which can provide more evidence to understanding
BRICS’ trading patterns in a more comprehensive way. Finally, spill-overs between the
US market and BRICS, as well as between US “fear” or VIX and BRICS is period and mar-
ket specific and unrelated to crises. For example, VIX affects herding only during COVID
19 for all countries except China. The null hypothesis ((VIX)-fear index affects investor
behaviour (herding or CSAD) in BRICS) is partially supported. Specifically, the absence
of an effect between US sentiment/VIX and China implies that China is independent when
making investment decisions. Therefore, China can be regarded as one of the alternative
markets for investors who wish to construct global portfolios or participate in emerging
equity markets. China can provide more diversification opportunities due to its low cor-
relation with developed markets. Finally, we observe a two-way Granger causality be-
tween VIX and CSAD, independent of crises which is not what most financial economists
thought. Therefore, the null hypothesis that VIX Granger causes CSAD is not supported.
This study provides a deeper insight into similarities and differences across BRICS and
between emerging markets and developed markets. Most importantly, this study will not
only be of interest to those who participate in investments in emerging markets but also
is relevant to governments that wish to introduce more sophisticated policies and systems.
Section 2 is the literature review. Section 3 will introduce the methodology, model(s) and
sample(s) used in this study and Section 4 will discuss findings. Section 5 is the conclusion.

2. Literature Review
2.1. Models
2.1.1. Theoretical Models

Banerjee (1992) was probably the first person to build a theoretical framework to an-
alyse herding. According to Banerjee (1992), herding behaviour tended to occur in uncer-
tain situations in which investors made buying/selling decisions sequentially due to be-
liefs that other investors possessed superior private information and made better invest-
ment decisions. Meanwhile, Welch (1992) agreed with this perception and established a
similar “information model” to discuss herding behaviour as well, as did Bikhchandani
etal. (1992). Additionally, Lux (1995) attempted to explain the effects and essence of herd-
ing behaviour by a new model named the “infection model”. Furthermore, instead of a
traditional model, Borensztein and Gelos (2003) applied a Monte Carlo simulation to dif-
ferentiate “theoretical distribution” and “actual distribution”, which can further prove the
existence of herding.

2.1.2. Statistical/Empirical Models

Christie and Huang (1995) developed a model named “the CH model” to test herding
behaviour during stress markets. They claim that herding can be regarded as a kind of
irrational behaviour among investors where stock prices may deviate from their equilib-
rium price level. Christie and Huang (1995) attempted to demonstrate that herding be-
haviour can lead to low dispersions, especially under stress market conditions. Despite its
popularity in the field of herding, there seems to some criticisms and judgements about
the model.

In order to overcome the shortcomings of the CH model, Chang et al. (2000) devel-
oped a similar but different model to detect herding effects in equity markets. According
to Chang et al. (2000), linear relationships cannot always exist in equity markets. They
proposed that non-linear relationships between dispersions of individual stock returns
and market returns tended to be more common in actual financial markets, especially for
some emerging markets. They introduced cross-sectional absolute deviation of returns
(CSAD) as a herd indicator, rather than the direct utilisation of deviation levels based on



J. Risk Financial Manag. 2022, 15, x FOR PEER REVIEW 6 of 41

the guidance of the unconditional asset pricing model. Compared to the CH model, the
CCK model is more suitable, due to its advantages.

2.2. Volatility and Herding

Over recent decades, most research looking into the relationship between stock per-
formance and volatility has emphasised the important role of volatility in analysing mar-
ket conditions and making judgements about possible future directions. For example,
both Amata et al. (2016) and Becketti and Sellon (1989) agree that there tends to be a rela-
tively close relationship between volatility and the macroeconomic environment; the phe-
nomenon can be explained by the fluctuation of macroeconomic indicators (such as the
growth of market volatility with the rise in interest rates, both in the short run and in the
long run), which might result in volatility of the stock market. In addition, excessive vol-
atility can trigger changes in the regulatory system and macroeconomic policy (see Roll
(1984), Scott (1991), Yadav (2017), Black (1976), Nelson (1991), Campbell and Hentschel
(1992) and Schwert (1990)).

Since experiencing excessive market volatility in the 1980s and several large stock
market crashes, looking into the interaction of volatility and behaviour was the next step.
According to Topol (1991), herding creates and exacerbates volatility, leading to abnor-
mally high transaction volumes and finally resulting in fluctuations in prices. Likewise,
Jlassi and Naoui (2015) echoed Demirer and Kutan (2006) by underlining that herding
could be regarded as a significant trigger and ingredient of excessive market volatility,
which could have a negative effect on the stability of stock markets. According to the lit-
erature, the null hypothesis is that herding/CSAD causes volatility. On the other hand,
when it comes to the effects of volatility on changes in investors” behaviour, a growing
body of empirical evidence can testify their causal relationship. Originally, the first sys-
tematic study of the relationship between volatility and market participants’ behaviour
was reported by Friedman (1953). Friedman stressed that volatility would make investors
become more irrational and change their strategies, such as buying high and selling low,
destabilise the market, make prices deviate from their fundamental value and increase
market inefficiency. Moreover, Choudhary et al. (2019) provided evidence to confirm that
market fluctuations can be regarded as a reflection of market uncertainty and inadequate
confidence, thus playing a leading role in changes in investment strategies and behaviour
convergence. Furthermore, there is a large number of empirical and theoretical studies for
developed markets (Blasco et al. 2012; Kremer and Nautz 2013; Ouarda et al. 2013, etc.)
and emerging markets (Alemanni and Ornelas 2006; Balcilar et al. 2013; Guney et al. 2017,
etc.). According to the literature, the null hypothesis is that a higher volatility causes more
herding OR reduces CSAD (supported here).

2.3. Principal Component, Sentiment and Herding

In addition to the importance of volatility, during the past 40 years, much more in-
formation has become available on studies about how investors” sentiment or emotions
exert great influence on investors’ behaviour and strategies. As Simon and Wiggins (2001)
stated, sentiment could be defined as deviations between forecasted stock returns and
actual returns, as well as attitudes towards future directions of the market. Since the 1980s,
a set of studies have worked on the issue of whether investors’ sentiment could induce
mispricing by introducing volatility and bubble events (for example, see Shiller (1981);
Poterba and Summers (1988)). Similarly, a large volume of published studies has shown
that there is a strong correlation between sentiment and the equity market. This is cap-
tured by a positive sentiment which is associated with high demand for specific stocks,
without consideration for fundamental factors (Arkes et al. 1988; De Long et al. 1990;
Wright and Bower 1992). As a result, this phenomenon can result in an overreaction to-
wards the market and an increase in speculative or irrational behaviour by changes in
ability and willingness to take risks, especially within a short horizon (Eichengreen and
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Mody 1998; Baker and Wurgler 2007). Our hypothesis is that sentiment Granger causes
CSAD (partially supported here).

How to measure sentiment, an abstract and subject variable, has become an essential
issue to be solved before testing the relationship between sentiment and behaviour. There
are several strands in the literature: (1) models based on investor types (De Long et al.
1990; Hong and Stein 1999), (2) models based on cognitive bias or asymmetric information
(Barberis et al. 1998; Brown and Cliff 2004); (3) utilisation of stock or option market indi-
cators (e.g., liquidity, implied volatility and volume) as sentiment signals (Baker and Stein
2004; Whaley 2000; Scheinkman and Xiong 2003); and (4) discount of closed-end funds as
a reflection of sentiment (Zweig 1973; Lee et al. 1991). In recent years, there has been an
increasing amount of literature measuring the sentiment index by a new method named
“principal component analysis”. In order to reduce dimensionality and the number of
noisy variables in the construction process of the sentiment index, the principal compo-
nent is able to capture the degree of effect of every related indicator on the sentiment index
using a linear regression model, which can establish a stable index to reflect investors’
mood (Alexander and Dimitriu 2003; Brown and Cliff 2004). Evidence shows that the sen-
timent index using the principal component method has a stronger predicting power than
traditional sentiment measurement methods and can be deemed as a better way to exam-
ine the effects of various indicators of investors’ emotions, whether in developed or
emerging markets (Chong et al. 2014; He et al. 2017).

Importantly, there has been considerable evidence supporting a strong relationship
between investors” sentiment and herding (Philippas et al. 2013; Chiang et al. 2013). They
identified that herding behaviour could be motivated by the investors’ mood, especially
for fear and negative emotions; the effect could not be only limited within the USA, but
also spread to other markets. That is to say, the emotion of US investors could exert influ-
ence on investors’ behaviour and induce herd in other markets. The above findings are
consistent with the research results of Hwang and Salmom (2006), who asserted that there
tended to be a negative relationship between the sentiment index and herding indicator
and that the phenomenon could be pronounced in a bull market.

2.4. The Role of the US

As far as the importance of the US is concerned, there has been a great deal of litera-
ture regarding whether the US can be regarded as a ‘weather vane’ for financial markets
or not, and how it can influence investors” behaviour and strategies in other countries or
regions. Chiang and Zheng (2010) provided comprehensive and new evidence on this is-
sue using a sample of 18 worldwide markets. According to their investigations, research
results using the CSAD model supporting those markets tended to herd towards the US,
and this tendency appeared to be intensified during crises over the span of about 21 years.
That is to say, a crisis can be easily be spread to other markets, driving a convergence of
behaviours in the majority of global markets. Moreover, in support of the hypothesis
about the leading role of the US in global financial markets, a similar conclusion that a
contagion effect existed between the US market and emerging markets was reported in
the research of Luo and Schinckus (2015), who opined that the US market could exert great
influence on the behaviour of Chinese investors. Nevertheless, it was surprisingly found
that there seemed to be a relatively low probability of spill-over effects between the US
markets and eight African equity markets. In other words, behaviour in these African
markets was motivated only by domestic factors (Masson and Pattillo 2005). Our hypoth-
esis is that US investor behaviour affects investor behaviour (herding) in other countries
(partially supported, country specific and unrelated to crises).

2.5. BRICS Research

As indicated in the introduction, research in BRICS concentrates mainly on specific
countries, which makes a direct comparison between BRICS difficult. Examples of studies
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that concentrate on individual countries are given below. Zhu et al. (2020) focused on in-
stitutional herding in the Chinese A-share, indicating significant herding on the buy side
in the manufacturing and construction sectors. Ju (2019) concentrates both on the A-share
and B-share market(s) and shows that herding is present in China but is more pronounced
in downward markets irrespective of A or B share classification. With regard to the Bra-
zilian market, Janior et al. (2019) suggested that the volatility index cannot explain herd-
ing, but crises can exert influence on the degree of herding, as indicated by the increase of
the herding level between 2009 and the middle of 2016 following the outbreak of the global
financial crisis. Similarly, herding is stronger in decreasing markets in Russia and South
Africa (see Indars et al. 2019; Sardjoe 2012; Seetharam and Britten 2013). In addition, non-
fundamental factors appear to trigger herding in Russia (Indars et al. 2019). With regard
to India, a significant relationship between large-cap stocks and herding is present in the
study of Chauhan et al. (2020), but there is no industry herding according to Ganesh et al.
(2016). Conversely in South Africa, there is evidence of herding in the banking sector in
bear markets and evidence of herding in the real estate industry in bull markets (Ababio
and Mwamba 2017). The only study (which has been made know to us at the final stage
of this article) that looks into herding and the effect of volatility on herding for all BRICS
simultaneously is that of Mulki and Rizkianto (2020). Both studies agree on findings re-
garding India (no herding), Russia (no herding) and China (herding), but there is no com-
mon ground as far as the effect of volatility on herding is concerned. The research objec-
tives of the two studies are different as well as the sample period. Furthermore, we inves-
tigate sentiment based on principal components, VIX and US investor behaviour on herd-
ing (as well as possible Granger causalities).
To reiterate and summarise, our research hypotheses are as follows:

Hypothesis 1 (H1). Crises have an impact on/cause herding in BRICS (Not supported, evidence
in Table 4).

Hypothesis 2 (H2). Herding is a short-lived phenomenon/present only when daily data is used
(supported based on China only, evidence in Table 4).

Hypothesis 3 (H3). Low CSAD causes an increase in volatility (not supported, evidence in Table
7).

Hypothesis 4 (H4). Higher volatility causes more herding/reduces CSAD (supported, evidence
in Table 8, Panel D).

Hypothesis 5 (H5). All volatility measures capture the same effect and have a similar impact
(volatility measure homogeneity) on herding (not supported, evidence in Table 8).

Hypothesis 6 (H6). Sentiment/SIX (based on Principal Component Analysis and country specific
indicators) Granger causes CSAD (partially supported, limited evidence, unrelated to crises, evi-
dence in Table 12).

Hypothesis 7 (H7). US investor behaviour affects investor behaviour in BRICS (partially sup-
ported, country specific and unrelated to crises, evidence in Table 14).

Hypothesis 8 (H8). US (VIX)-fear index affects investor behaviour (CSAD/herding) in BRICS
(partially supported, effect observed only during COVID-19 for all countries except China, evi-
dence in Table 16).

Hypothesis 9 (H9). US (VIX)-fear index Granger causes CSAD in BRICS (not supported. Two-
way relationship is present, independent of crises, evidence in Table 17).
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3. Methodology and Data
3.1. Data and Sample(s)

The purpose of this research is to investigate whether emerging markets present
herding behaviour and respond differently to different market states or periods. A further
aim is to compare differences in investors’ behaviour when they are placed in the same
market conditions or met with the same events. The sample is comprised of: Brazilian
IBOVESPA, Russian MOEX index, Chinese CSI 300, Indian S&P BSE SENSEX and South
African FTSE/JSE Africa All Share Index. All data is from DataStream and Bloomberg,.

The whole sample period covers about 14 years, from 2 July 2007 to 30 September
2021. Apart from the complete period to be analysed, the sample is also broken into
smaller periods to consider a number of events such as: the “global financial crisis”; the
“European debt crisis” and the “coronavirus crisis”, respectively. The “global financial
crisis” event is between 15 September 2008 and 31 March 2009. This is based on Lin et al.
(2013) and Ait-Sahalia et al. (2012). Moreover, according to Dos Santos and Lagoa (2017),
the European sovereign debt crisis is between 1 April 2010 and 31 January 2012. According
to the World Health Organization (2020), the first suspected case of coronavirus was re-
ported on 31 December 2019, therefore, the sub-period for coronavirus disease is between
31 December 2019 and 30 September 2021. These sub-periods were selected in this study
to determine whether investors” behaviour changed with sudden changes in market con-
ditions, especially in a crisis environment.

In addition to daily data, weekly and monthly data were utilised. Syriopoulos and
Bakos (2019) reported herding using monthly data in global shipping equity portfolios,
which was similar to Hsieh et al. (2011) undertaking research in the Asian mutual fund
market. Sias (2004) and Dasgupta et al. (2011) used quarterly data in their research. Chris-
tie and Huang (1995) used both daily and monthly data to test for herding. Caporale et al.
(2008) and Alhashim (2018) selected daily, weekly and monthly data to examine herding.
The purpose was to compare whether different frequencies of time periods can influence
the results. In other words, this analysis can help us to understand whether herding is a
short-lived or long-time phenomenon.

3.2. Basic Model
The CCK model put forward by Chang et al. (2000) is presented below:

1
CSAD, = EZ?’: 11Rit = Rinl 1)
CSAD t = aq + a2|Rm’t| + as (Rm‘t)z + e (2)

where (1) R;, = return on stock i at time #; (2) Rmt= market return at time t; (3) N = the
number of sample (active) stocks; (4) CSAD = cross-sectional absolute deviation of returns.
If herding exists, the coefficient a; will be significant and negative. Moreover, re-
turns were calculated using the following formula: R = log (Pi%::_tl).
In addition, investors’ behaviour in different market stress periods was taken into
account. Therefore, the modified model to evaluate the effects of a crisis event on herding

is shown as:

CSAD tGlobal/European/Comd crisis

Global/European/Covid crisis 2 Global/European/Covid crisis (3)

=a; + alem,tl + az(Re) +e
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3.3. Volatility Models

In this study, the effect of volatility on herding is examined. Most importantly, vari-
ous types of volatility measures are utilised in the analysis. The aim is to compare whether
different measures of volatility can exert the same influence on investors’ behaviour.

3.3.1. Forecasting Volatility
Conditional Volatility (GARCH)

ARCH and GARCH, are “stochastic volatility models” and will be used to detect the
effects of conditional volatility on herding. A GARCH (1, 1) model is presented below:

Ry =a+ ﬁRm(t—l) + & 4)

OGARCH(t) = \/a + Bogarch (t-1)° + 8812 + 1 )

where (1) Ry,(¢—1) = first-order lagged variable of Rut; (2) 0garcn (t_l)z = first-order lagged
variable of ggarcy?; (5) € =residual term att; (6) €,_,* =square of first-order lagged var-
iable for &;; (7) 0garcy = conditional volatility. We use the square root of ¢ to obtain the
standard deviation for our calculations.

Exponentially Weighted Moving Average Volatility (EWMA)

In order to address the issue of “Ghost Features” of historical volatility measure-
ments (“Ghost Features” is a term used to capture the presence of extreme events or anom-
alous data points that can exert influence on volatility forecasting and “severely bias the
volatility and correlation forecasts upward”, resulting in the distortion of results (Alexan-
der 2008)), J. P. Morgan/Retuers (1996) introduced a method named EWMA. The major
differences between EWMA and the historical volatility calculation are that EWMA does
not only rely on the decay factor to decide on the weight of past variance, but also attaches
higher weights in recent observations, rather than placing equal weight on each observa-
tion (Alexander 1998). Moreover, J. P. Morgan/Retuers (1996) outlined that EWMA is a
relatively more satisfactory method to predict volatility due to external shocks incorpo-
rated into the model and the assumption of conditional distributed returns. Therefore, the
0.94 A suggested by J. P. Morgan/Retuers (1996) is utilised in this model:

OEWMA(t) = \//1 Ogwmae-n> + (1 — DR’ (6)

where (1) ogwmay = EWMA volatility at time £; (2) ogwma—1) =first-ordered lagged vol-
atility; (3) Initial Volatility (dgwma(o)) = the initial return squared.

3.3.2. Intraday Extreme Points Volatility

Parkinson (1980) put forward an extreme value method to estimate volatility of se-
curity markets based on returns. In comparison to the calculation of returns based on
opening or closing prices, which is the standard approach, Parkinson’s (1980) method has
proved to be more effort-intensive due to the inclusion of the highest and lowest prices in
the model. The model is presented below:

1 1
Op(t) = \/m X Xr-1P’ @)

Additionally, Garman and Klass (1980) extended Parkinson’s (1980) method. They
established a structural model to capture volatility, based on different price points within
one trading day. In other words, they incorporated extreme values, and opening and clos-
ing prices into their calculations. The empirical model is presented below:

Goxn = [FEE-a[ER? - 22— 7] ®)
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where (1) op and ogx = volatility of market index at time ¢ based on Parkinson (1980)
highest point at time t (3) Qt —

and Garman and Klass (1980), respectively; (2) P, = In

Closing point at time t

lowest point at timet ’

Opening point at time t~

3.3.3. Equally Weighted Moving Average and Capitalisation (or Value) Weighted
Moving Average

First, we present an equally-weighted moving average (MA) volatility model based
on the past 20 days. The model is presented below:

20 /1 )
Oma ) = Zt: ) (% X Ry (¢-1) ) )

where (1) % = daily weight of past 20 days; (2) Ry, ;1) =market returnatt—1;(3) ouma

= volatility at time ¢ based on an equally-weighted moving average.

The second method to measure historical volatility is the capitalisation weighted
(CW) method. The uniqueness of this method is that it will take fluctuations of individual
sample stocks into account, adjusted by their capitalisation before calculation of the mar-
ket historical volatility. This method is presented below:

Yi=1(Ri — R)?
O1cw (v = tfl (10)
n Capitalisation i

Ocw (t) = Orcw () 11)

i=1¢otal capitalisation

where (1) 0;cw (1) and oy () = volatility of individual sample stocks and market volatil-
ity at time t, respectively; (2) T = the number of active trading days within one month; (3)
n = the number of active sample stocks for every market; (4) weight ¢ = the market capital-
isation of individual stocks i; (5) total capitalisation = the sum of market capitalisation for
all active sample stocks for every market stock on a monthly basis; (6) R = average of rate
of return for individual stock i during one month.

3.3.4. Herding and Volatility Models

There is strong evidence of the existence of ‘day of the week’ effect on stock returns
and volatility, which has been researched and proved in prior literature, such as “Monday
effect” (Berument and Kiymaz 2001). Simultaneously, a dynamic relationship exists be-
tween volatility and current or lagged volume (Wang and Huang 2012). In order to elim-
inate the effect of the day-of-the-week and volume, we present the model below:

oy =a+ BM;+yV,+n, (12)

where (1) g;; = volatility captured by the above-mentioned methods (Ggarcu(t), Tewma(e),
Op(t), OGk(t) and Ouyacr), €xcept ocw (1), (2) My = dummy variable (the value is equal to 1
when it is Monday, otherwise = 0); (3) V, = trading volume at time ¢ (for ease of calculation,
the volume will be multiplied by 10-19); (4) n; = new volatility value obtained for the var-
ious volatility measures after eliminating the effect of day-of-the-week and volume.

Since the o¢y (1) is based on a monthly basis, the day-of-the-week effect cannot be
considered. Only the volume effect can be taken into account (to clarify this is for ocy )
only):

Oewey =2 +vVe + 1 (13)

The In,| is the new volatility value that will be utilised in our analysis. After calcu-
lating various types of volatility, the next step is to consider the relationship between
CSAD and volatility. By combining the CCK model (Chang et al. 2000) with historical
volatility, we obtain the following regression model:
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where 17, = true volatility calculated by the previous methods and denoted
aS NGarcH (), NEWMA®),TP(),NGK (t): TMA(t) and New (v)-

The above model will help detect the effect of CSAD on volatility (if any). If the coef-
ficient of CSAD: is significant, then there is an effect.

In turn, we will examine whether different levels of volatility can exert any influence
on herding. This is achieved by introducing 3 dummies (we have 4 states of the world so
three dummies are created: d2, d3, d4), creating quartiles according to volatility observed
(from lowest to highest). The standard regression model will be used, but each of our three
dummies is multiplied by Rm, creating an interactive effect.

CSAD iy = ay + ay|Rpe| + az(Rine)? + d2a4 (R )2 +d3as (R )? +

d4ag(Ry)? + e (15)

where the presence of herd behaviour is confirmed if as, a4, as, ag is significantly neg-
ative.

3.4. Sentiment and Herding

Principal component analysis (PCA) is a statistical method which is used to draw
common elements from related variables. This study utilised PCA to construct a ‘senti-
ment index’. Detailed indicators are shown in Table 8. The relevant model is presented
below:

SIX = a+ B,TURN (t) + B,PE (t) + BsGCPI (t) + B,GIP (t) + BsGM2 (t) + BsGER (¢) (16)

where (1) TURN(t) = turnover ratio; (2) PE(t) = market price-earnings ratio; (3) GCPI (t) =
growth rate of CPI; (4) GIP (t) = growth rate of industrial production; (5) GM2 (t) = change
in monthly supply of M2; (6) GER (t) = change in exchange rate of domestic currency rel-
ative to the US dollar.

As indicated by Hudson (2014), a high sentiment index tends to drive herding, but
the impact degree seems to be determined by different market stages or conditions. Con-
versely, Vieira and Pereira (2015) argued that a negative relationship is present between
the sentiment index and herding effects due to the assumption that people are more likely
to follow their own beliefs and follow independent strategies. Therefore, in order to shed
light on the relationship between the sentiment index and CSAD, we run Granger causal-
ity tests. Causality can be traced back to a seminal paper by Granger (1969), thus the term
‘Granger causality’.

3.5. The Role of the US
3.5.1. Basic Model

Finally, this study will examine the effects of the US on investors’ behaviour outside
the US. Hattori et al. (2018) showed that there are spillover effects from the US to other
financial markets (especially emerging markets) and those effects seemed to be long-lived.
Similarly, Liu and Pan (1997) showed that there were cross-country effects between the
US and some Asian markets, as far as volatility is concerned. With regard to herding ef-
fects, Lee (2006) and Galariotis et al. (2015) showed that the US played a significant role in
explaining non-US investors’ behaviour. Investors from other markets tend to mimic US
investors’ strategies and consider the US market’s possible future directions in the process
of making their own investment decisions. Therefore, due to the important role of the US
in global financial markets, this study investigated the effect(s) of the US on BRICS. The
empirical model is as follows:

CSAD it = al + a2|Rm‘t| + a3 (Rm‘t)z + a;;CSADuS't + a5 (Rus,t)z + et (17)
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where (1) CSAD:i¢ = cross-sectional absolute deviation of returns for BRICS markets, re-
spectively, at time t; (2) Rwt = market return of BRICS markets, respectively, at time £; (3)
Rm#* = square of market return for BRICS markets, respectively, at time t; (4) CSADus:=
CSAD of US at time ¢; (5) Rus2 = square of market return for US market at time f).

It is expected that as; will be significant and negative if spill-over effects exist be-
tween the US and the BRICS. The S&P 500 is used to capture the US market index. Simul-
taneously, the effects of different time frequencies (high-frequency data relative to low-
frequency data) were also considered.

Bathia et al. (2016) and Economou et al. (2018) acknowledged that US investors’ emo-
tions had the ability to influence global stock markets. Therefore, in this study we added
sentiment as one of the variables that can affect herding and modify the model as follows:

CSAD it = al + a2|Rm.t| + a3(Rm‘t)2 + a4VIXU5’t + et (18)

where (1) CSAD:: = cross-sectional absolute deviation of returns for BRICS markets, re-
spectively, at time t; (2) Rw: = market return of BRICS markets, respectively, at time £; (3)
R = square of market return for BRICS markets, respectively, at time ¢; (4) VIXust = log
return of CBOE implied volatility index (VIX).

The CBOE implied volatility index used here was established in 1993, and it can be
regarded as an indicator of sentiment. It captures investors’ fear and uncertainty towards
the market (Philippas et al. 2013; Whaley 2000). A significantly negative a, indicates that
“fear” can trigger herding behaviour. Additionally, a crisis period and non-crisis period
was utilised in the analysis in order to test the effect of fear under different circumstances.

3.5.2. Granger Causality Test

Although the regression models mentioned before were used to test the relationship
between herding in BRICS and the US, these models just test for the presence of “mere”
correlations between US performance and/or attitude and the BRICS’ behaviour. In other
words, regression models seem not to be effective to examine whether there is a causal
relationship or not (information contained within one variable for the other). Therefore,
in order to address this issue, the Granger causality test will be employed.

4. Discussion and Findings
4.1. Time-Frequency Effect and Event Effect for Herding

Table 1 presents results of the Augmented Dickey—Fuller (ADF) used to test for sta-
tionarity. All variables are stationary. Table 2 provides descriptive statistics of CSAD and
Rumt. In Russia, the median is lower for both CSAD and Rw while in India, it is relatively
higher. Simultaneously, Russia presented the greatest variation and South Africa reported
the lowest volatility in Rw:. Figure 1 shows that crisis events tend to have an impact on
CSAD and market returns, especially during the global financial crisis and the COVID-19
disease crisis, as indicated by the shaded areas. Specifically, in Figure 1, the first shaded
area captures the Global Financial Crisis. The second shaded area captures the European
Debt Crisis and the third captures the COVID-19 Crisis period. As indicated by Calomiris
et al. (2012), emerging markets seem to be more sensitive to crisis shocks compared to
developed markets. Additionally, Figure 2 proves the nonlinear correlation between
CSAD and market returns, confirming the CCK model proposed by Chang et al. (2000) is
suitable for this study. In other words, Figure 2 shows data clustering rather than a linear
decrease or increase (e.g., line of a 45-degree slope).

Table 1. ADF Stationary Test: Herding Indicator, Market Return and Volatilities.

Variables Brazil China India Russia South Africa Us
CSAD -7.98 -7.81 -8.67 -4.77 -5.80 -6.77
(p value) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

Rint -63.38 -57.39 -56.87 -59.02 -59.25 -69.28
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(p value) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
[ Rint -4.51 -3.72 -4.48 -3.22 -3.79 -4.67
(p value) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Rni? -7.70 -4.81 -8.42 -5.51 -3.64 -8.15
(p value) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
VIX Index —65.88
(p value) (0.00)
I)GARCH() -6.51 -5.82 -7.40 -4.40 -5.95
(p value) (0.00) (0.00) (0.00) (0.00) (0.00)
1)EWMA(® -5.93 -5.17 -6.37 -3.13 —4.54
(p value) (0.00) (0.00) (0.00) (0.00) (0.00)
nee -10.78 —4.42 -11.05 -3.44 —4.64
(p value) (0.00) (0.00) (0.00) (0.00) (0.00)
1)GK(® -10.50 -4.67 -5.86 -3.65 -5.04
(p value) (0.00) (0.00) (0.00) (0.00) (0.00)
NMA® -5.57 -4.96 -8.16 —4.06 -8.10
(p value) (0.00) (0.00) (0.00) (0.00) (0.00)
1w -5.13 -6.01 -8.44 -3.67 -5.48
(p value) (0.00) (0.00) (0.00) (0.00) (0.00)
Result Stationarity Stationarity Stationarity Stationarity Stationarity Stationarity
Table 2. Descriptive Statistics: Herding and Market Return Indicators.
Variables Brazil China India Russia  South Africa
Mean 0.6973 0.6562 0.8262 0.5949 0.6847
Median 0.6410 0.5978 0.7668 0.5092 0.6207
CSAD Maximum 2.7927 3.2570 3.8298 5.5714 4.0678
Minimum 0.3086 0.2144 0.3959 0.0038 0.2530
Standard 02414 02716 0.2531 0.3386 0.2819
Deviation
Mean 0.0088 0.0032 0.0172 0.0109 0.0100
Median 0.0299 0.0263 0.0298 0.0194 0.0235
R Maximum 5.9404 3.8786 6.9444 10.9556 3.1536
Minimum —6.9460 -3.9757 -6.1243 -8.9713 —4.4415
Standard 07797  0.7356 0.6128 0.7986 0.5393
deviation
Observations 3524 3471 3531 3577 3563

Note: in order to make data readable, all original values are multiplied by 100.

Before discussing herding effect(s) in our sample markets, Chow (1960) tests are con-

ducted to determine if there are structural brakes. According to Chow (1960), the null hy-
pothesis is “no breaks at specified points”. If the p-value of the F-statistic is less than 0.05,
then the null hypothesis is rejected. The three sub-periods under examination are also
displayed in Table 3. This includes the period between 2 July 2007 and 31 March 2009, the
period between 1 April 2009 and 31 January 2012 and the period between 1 February 2012
and 30 September 2021, respectively. It is worth noting that every sub-period covers one
crisis period, which are the Global Financial Crisis (15 September 2008-31 March 2009),
European Debt Crisis (1 April 2010-31 January 2012) and COVID-19 Crisis (31 December
2019-30 September 2021), respectively. It can be seen from Table 3 that most markets and
sub-periods show a significant F-statistic, except some markets, on a monthly and/or
weekly basis. As a whole, the null hypothesis is rejected so there are structural breaks.
Splitting the whole sample (2 July 2007-30 September 2021) into smaller samples/periods
is justified.
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Table 3. Chow Test: herding during crisis and non-crisis periods based on different time frequen-

cies.
Brazil China India Russia South Africa
Panel A: Sub-Period 1 (02/07/2007-31/03/2009)
Daily 52.38 ** 2.20 *** 11.45 ** 122.53 ** 56.12 **
(1) Pre-Global Financial Crisis (0.00) (0.09) (0.00) (0.00) (0.00)
(02/07/2007-14/09/2008) F-statistic Weekly 13.26 ** 0.63 0.68 32.79 ** 8.14 **
(2) Global Financial Crisis (Prob.) (0.00) (0.60) (0.57) (0.00) (0.00)
(15/09/2008-31/03/2009) 3.86 ** 3.86 ** 0.95 9.72 ** 0.86
Monthly
(0.03) (0.03) (0.44) (0.00) (0.48)
Panel B: Sub-Period 2 (01/04/2009-31/01/2012)
Daily 10.97 ** 14.41 ** 53.23 ** 57.90 ** 114.51 **
(1) Pre-European Debt Crisis (0.00) (0.00) (0.00) (0.00) (0.00)
(01/04/2009-31/03/2010) F-statistic Weekly 7.61 ** 4.63 ** 10.86 ** 16.53 ** 26.42 **
(2) European Debt Crisis (Prob.) (0.00) (0.00) (0.00) (0.00) (0.00)
(01/04/2010-31/01/2012) 0.17 0.69 1.86 2.38 *** 6.85 **
Monthly
(0.91) (0.57) (0.16) (0.09) (0.00)
Panel C: Sub-Period 3 (01/02/2012-30/09/2021)
Daily 40.62 ** 20.75 ** 98.44 ** 10.97 ** 251.86 **
(1) Pre COVID-19 Disease Crisis (0.00) (0.00) (0.00) (0.00) (0.00)
(01/02/2012-30/12/2019) F-statistic Weekly 5.19 ** 4.68 ** 15.88 ** 3.21 ** 55.39 **
(2) COVID-19 Disease Crisis (Prob.) (0.00) (0.00) (0.00) (0.02) (0.00)
(31/12/2019-30/09/2021) 3.03 ** 10.11 ** 7.84 ** 0.86 10.91 **
Monthly
(0.03) (0.00) (0.00) (0.47) (0.00)

Note: This table presents results of CSAD ; = a; + a2|Rm_t| + az(Ry,e)* + €. ** and bold numbers
mean significant at 5% level. Additionally, the *** and bold figures represent significant at 10% level.
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Figure 1. CSAD and market return movements based on time-series data. (Note: The shaded areas
capture the three different crisis sub-periods. The first shaded area captures results during the
Global Financial Crisis from 15 September 2008 to 31 March 2009. The second shaded area captures
the European Sovereign Debt Crisis between 1 April 2010 and 31 January 2012. The third shaded
area captures the COVID-19 Crisis from 31 December 2019 to 30 April 2020. Furthermore, the X-axis
captures “Time”. The Y-axis for all graphs captures” CSAD” (left) and “Market Return (Rmt)” (right)

respectively).
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Figure 2. Relationship between CSAD and market return.

Table 4 presents results on the relationship between herding and different crisis
events. Comparing the results in a non-crisis and crisis period, herding is present only in
China during the global financial crisis. Surprisingly the global financial crisis, a milestone
event, causes herding only in China. The absolute value of the Rm? coefficient is 1-5.521
with a p-value of 0.02. The European debt crisis and the COVID-19 Crisis does not lead to
a herding effect in any country, based on all countries having a positive coefficient for Ru?
or insignificantly negative coefficient for Rm2. The herding effect in China could be due to
the psychology safeguard mechanisms present in investors’ mind(s), who wish to avoid
making poor decisions. The motivation behind this behaviour can be explained by “flight
to safety”, “prospect theory” and “regret aversion behavioural bias”. For details, see
Kahneman and Tversky (1979), Gazel (2015), Arlen and Tontrup (2016) and Baele et al.
(2020). It is encouraging to compare this finding with that found by Chiang and Zheng
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(2010), who noted that higher levels of herding could be seen in Asian markets during
crisis and stress periods. Our hull hypothesis that crises cause herding is not supported.
Herding is independent of crises. China is the only exception.

Table 4. Herding effects using different time frequencies pre- and during crises.

Brazil China India Russia South Africa
Panel A: Non-Crisis Period
Ru? 0.79 252 12.98 0.4 9.34
Daily (Prob.) (0.72) (0.18) (0.00) (0.79) (0.01)
R-square 021 0.02 0.29 0.42 0.41
L Ru? 135 ~1.60 465 9.47 24.00
Pr(gz(/;é;/?.lol;‘_r‘ﬁ;;;jlzg;ls Weekly  (Prob.) (0.71) (0.52) (0.49) (0.01) (0.00)
R-square 0.02 0.03 0.02 0.31 0.34
Ru? 438 0.33 —7.74 1.84 137
Monthly  (Prob.) (0.51) (0.90) (0.24) (0.64) 0.91)
R-square 0.25 0.04 0.31 0.46 0.31
Ru? 8.11 116 0.82 277 16.36
Daily (Prob.) (0.00) (0.63) (0.47) (0.26) (0.01)
R-square 0.40 0.10 0.21 0.19 0.52
N Ru? 17.10 -5.09 9.46 4.86 2.15
P:&;‘;;;’gg;giggj;;ﬁ;s Weekly  (Prob.) (0.00) (0.53) (0.01) (0.19) (0.83)
R-square 0.46 0.07 0.47 0.07 0.20
Ru? 4.66 -1.15 7.86 ~0.71 497
Monthly  (Prob.) (0.25) (0.35) (0.00) (0.92) (0.67)
R-square 0.57 0.81 0.81 0.46 0.13
Ru? 11.54 ~0.72 15.30 2.99 11.18
Daily (Prob.) (0.00) (0.53) (0.00) (0.00) (0.00)
R-square 0.30 0.16 0.12 0.24 0.18
, » Ru? 6.15 6.28 0.21 6.17 403
Priﬁ%‘;}; 1129_]3?3/51‘3;/5;03)‘515 Weekly  (Prob.) (0.00) (0.00) (0.97) (0.01) (0.37)
R-square 0.32 0.24 0.08 0.21 0.15
Ru? 517 442 5.79 141 14.87
Monthly  (Prob.) (0.04) (0.00) (0.35) (0.59) (0.08)
R-square 0.33 0.45 0.02 0.15 0.03
Panel B: Crisis Period
R 0.43 —5.52 ** 3.13 151 4.84
Daily (Prob.) (0.70) (0.02) (0.10) (0.04) (0.04)
R-square 0.55 0.12 0.44 0.55 0.69
o R 0.17 3.39 6.30 ~0.46 5.53
((1;;‘/’:;1253;2?/313%3; Weekly  (Prob.) (0.94) (0.24) (0.02) (0.59) (0.03)
R-square 0.45 0.08 0.45 0.59 0.70
R —2.68 1.98 4.69 6.63 14.33
Monthly  (Prob.) (0.56) (0.13) (0.22) (0.13) (0.06)
R-square 0.30 0.85 0.77 0.60 0.82
Ru? 126 5.99 3.87 2.56 9.69
Daily (Prob.) (0.27) (0.02) (0.37) (0.13) (0.00)
R-square 0.32 0.09 0.14 0.25 0.65
Buropean Debt Crisis Ru? ~1.28 17.44 ~0.91 0.07 272
(01/04/2010-31/01/2012) Weekly  (Prob.) (0.51) (0.00) (0.88) (0.97) (0.31)
R-square 0.36 0.40 0.13 0.26 0.48
Ru? 5.46 476 6.16 12.86 2.44
Monthly  (Prob.) (0.24) (0.36) (0.25) (0.04) (0.56)
R-square 0.33 0.25 0.15 0.26 0.36
COVID-19 Disease Crisis R ~0.51 0.52 ~0.87 5.19 ~0.13

(31/12/2019-30/09/2021)

Daily (Prob.) (0.39) (0.82) (0.27) (0.00) (0.95)
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R-square 0.54 0.11 0.48 0.51 0.39

Rt 1.90 12.92 3.73 3.16 -2.59
Weekly (Prob.) (0.05) (0.03) (0.19) (0.03) (0.46)
R-square 0.60 0.12 0.24 0.51 0.31

Rumi? 2.15 2.03 0.55 2.96 31.44
Monthly (Prob.) (0.01) (0.85) (0.78) (0.59) (0.00)
R-square 0.70 0.03 0.52 0.28 0.74

Note: This table presents results of CSAD = a; + a2|Rm,t| + az(Ry,c)* + e;. Panel A and Billustrate
regression results of non-crisis period and crisis period, respectively. If the coefficient of Rm? is sig-
nificant and negative, the result can be interpreted as herding, otherwise no herding. ** and bold
figures mean significant at 5% level.

Table 4 also presents regression results of herding when different time-frequencies
and crises are considered. With regard to the effect of different time frequencies, what
stands out is that only China presents herding (on the basis of daily data), captured by a
significantly negative coefficient Rw2, however, this phenomenon disappears when other
time frequencies are used (as shown by an insignificant or positive coefficient of Rw:2). This
result signifies that the usage of daily data is more likely to capture the short-lived effect
of herding. The finding also corroborates the ideas of Banerjee (1992), who suggested that
herding tends to be a short-lived effect, resulting in it being relatively difficult to detect
using low-frequency data or long horizons, such as using monthly data or yearly data.
Our null hypothesis that herding is a short-lived phenomenon is supported.

4.2. Volatility and Herding
4.2.1. The Effect of Herding on Volatility

As far as volatility indicators themselves are concerned, the effect of herding on vol-
atility is an open issue (see Blasco et al. (2012) and Alemanni and Ornelas (2006)). Moreo-
ver, the results of Table 5 show that there is a positive relationship between volatility
measures and trading volume (as shown by the positive coefficients of volume) similar to
Blasco et al. (2012). There seems to be no day-of-the-week effect.

Table 6 presents Chow test results between volatilities and CSAD. The null hypoth-
esis is rejected so dividing the whole sample into different sub-periods is appropriate.
Table 7 shows that the effect of CSAD on volatilities is positive (a sign reversal is observed
but this is peculiar to a specific period (pre-COVID) and unremarkable) regardless of crisis
or not. To explain, low CSAD (movement in a specific direction since opinions converge)
brings about less volatility. Low CSAD means that investors tend to behave in a similar
way. A positive relationship between volatility and CSAD indicates that a decrease in
CSAD (convergence in opinions) results in a decline in volatility (the lower the CSAD, the
lower the volatility), and vice versa. An increase in CSAD means that “individual returns
deviate from the market return” (Chang et al. 2000), this means diversity in opinions
which results in greater volatility. The null hypothesis (low CSAD causes more volatility
in BRICS) is not supported. This outcome is contrary to that of Blasco et al. (2012) for the
Spanish market which showed that greater herding triggers volatility. In their research,
Blasco et al. (2012) explored the relationship between herding intensity and different vol-
atility measures. According to their research, increased herding triggers an increase in
volatility measures, except implied volatility. In comparison, Alemanni and Ornelas
(2006) observed that herding did not explain volatility movements in their research on
nine emerging markets, including Brazil, India and South Africa.
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Table 5. The effects of trading volume and day-of-the-week on volatility measures.

Brazil China India Russia South Africa
M -1.74 x 10°° -2.79 x 10 8.16 x 105 -4.32 x10°° 0.0002
(Prob.) (0.89) (0.83) (0.50) (0.82) (0.05)
T)GARCH (® Vi 0.0028 0.0004 0.50 0.0002 0.04
(Prob.) (0.00) (0.00) (0.00) (0.00) (0.00)
R-square 0.0031 0.0096 0.16 0.01 0.03
M 0.0010 -0.0004 0.0013 -0.0005 0.0029
(Prob.) (0.67) (0.85) (0.49) (0.89) (0.08)
TEWMA Vi 0.05 0.0058 8.27 0.0025 0.64
(Prob.) (0.00) (0.00) (0.00) (0.00) (0.00)
R-square 0.0027 0.0096 0.16 0.01 0.03
M 0.0001 0.0010 0.0005 0.0004 0.0008
(Prob.) (0.69) (0.00) (0.08) (0.37) (0.00)
1 0) Vi 0.02 0.0022 1.10 0.0007 0.14
(Prob.) (0.00) (0.00) (0.00) (0.00) (0.00)
R-square 0.02 0.06 0.16 0.04 0.06
M -0.0004 0.0002 0.0003 -4.70 x 10-° 0.0005
(Prob.) (0.23) (0.46) (0.28) (0.91) (0.01)
76K ® Vi 0.02 0.0022 1.06 0.0007 0.12
(Prob.) (0.00) (0.00) (0.00) (0.00) (0.00)
R-square 0.02 0.06 0.17 0.04 0.06
M. 6.96 x 10° 2.13 x 107 9.74 x 10 -8.65 x 10°¢ 0.0002
(Prob.) (0.97) (0.88) (0.46) (0.97) (0.10)
™MV Vi 0.0025 0.0004 0.53 0.0002 0.04
(Prob.) (0.02) (0.00) (0.00) (0.00) (0.00)
R-square 0.0017 0.01 0.15 0.01 0.02
Vi 0.0004 6.42 x 105 0.05 1.30 x 10-° 0.01
1CwW ® (Prob.) (0.12) (0.00) (0.00) (0.12) (0.00)
R-square 0.01 0.09 0.34 0.01 0.19
Note: This table demonstrates how trading volume and day-of-the-week exert influence on volatil-
ities based on the following models o;; = a + fM; +yV; + 1, and ocwy = a +yV; + 1. All vola-
tilities ~measures utilised are given here: Ry =a+PBRpe-1yte& . Ogarche) =
\/a + Bocarch (t—1)2 +68g5_42+7 ’ OEWMA(t) = \/l O'EWMA(t—l)Z +(1- l)Rmtz ’ Op(t) =
,4\/;—2X%2?:1Pt2 ; OGK(t) = \/%Z?:1Eptz —(2ln2—1)Qt2] 7 OmMa(t) = \/ZEO:1(%XRm(t—1)Z) ,
Oicw (1) = /w, Oew (1) = 2= 1%%W () » respectively.
Table 6. Chow Test: The Effect of CSAD on Volatilities based on Crisis and Non-crisis period(s).
Brazil China India Russia South Africa
Panel A: Sub-Period 1 (02/07/2007-31/03/2009)
124.07 ** 13.60 ** 75.83 ** 91.25 ** 106.13 **
N (000 (0.00) (0.00) (0.00) (0.00)
212,79 ** 12.60 ** 106.62 ** 164.59 ** 163.11 **
e (0.00) (0.00) (0.00) (0.00) (0.00)
(1) Pre-Global Financial Crisis 40.45 ** 1.40 22.82 ** 12.33 ** 13.41 **
(02/07/2007-14/09/2008) F-statistic i (0.00) (0.25) (0.00) (0.00) (0.00)
(2) Global Financial Crisis (Prob.) 19.45 ** 2.03 11.55 ** 1.15 16.93 **
(15/09/2008-31/03/2009) fex (0.00) (0.13) (0.00) (0.32) (0.00)
144.39 ** 10.27 ** 66.00 ** 89.78 ** 99.68 **
A (0.00) (0.00) (0.00) (0.00) (0.00)
4.96 ** 0.15 9.51 ** 1.28 11.93 **

ew (0.02) (0.86) (0.00) (0.30) (0.00)
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Panel B: Sub-Period 2 (01/04/2009-31/01/2012)

3.68 ** 30.67 ** 97.47 ** 28.04 ** 13.85 **
TNEARE (0,03) (0.00) (0.00) (0.00) (0.00)
17.12 ** 34.84 ** 90.55 ** 55.55 ** 25.60 **
TEwma (0.00) (0.00) (0.00) (0.00) (0.00)
(1) Pre-European Debt Crisis 27.61 ** 106.09 ** 1.69 0.15 27.61 **
(01/04/2009-31/03/2010) F-statistic v (0.00) (0.00) (0.18) (0.86) (0.00)
(2) European Debt Crisis (Prob.) 1.77 13.22 ** 2.08 1.39 8.11 **
(01/04/2010-31/01/2012) fex (0.17) (0.00) (0.13) (0.25) (0.00)
2.74 * 16.50 ** 72.31 ** 29.95 ** 20.81 **
e 0.07) (0.00) (0.00) (0.00) (0.00)
0.86 2.57 *** 7.50 ** 0.30 4.01
new (0.43) (0.09) (0.00) (0.82) (0.03)
Panel C: Sub-Period 3 (01/02/2012-30/09/2021)
871.35 ** 51.17 ** 350.56 ** 14238 **  413.30 **
fjGAReH (0.00) (0.00) (0.00) (0.00) (0.00)
906.32**  903.22**  268.73**  121.54**  377.22**
TYErma (0.00) (0.00) (0.00) (0.00) (0.00)
(1) Pre COVID-19 Crisis 18.90 ** 28.07 ** 236.99 **  40.88 ** 95.15 **
(01/02/2012-30/12/2019) F-statistic " (0.00) (0.00) (0.00) (0.00) (0.00)
(2) COVID-19 Crisis (Prob.) 19.08 ** 39.61 ** 22295*  52.88** 97.69 **
(31/12/2019-30/09/2021) e (0.00) (0.00) (0.00) (0.00) (0.00)
564.70 ** 4157 ** 26344 **  98.24 ** 341.37 **
A (0.00) (0.00) (0.00) (0.00) (0.00)
61.64 ** 3.42 * 7.12 ** 19.94 ** 14.28 **
ew (0.00) (0.04) (0.00) (0.00) (0.00)

Note: The results from this table are based on 1, = a + SCSAD, + &,. ** and bold figures mean sig-
nificant at 5% level and *** and bold figures stands for significant at 10% level.

Table 7. The Effect of CSAD on Volatilities.

Brazil China India Russia South Africa
Panel A: Non-Crisis Period
CSAD  0.08*  -0.04 0.08** 044*  026*
'r]GARCH
(Prob)  (0.04)  (052)  (0.06)  (0.00) (0.00)
CSAD  156* —057* 004 014*  3.79*
™ Prob) (001 (051)  (0.95)  (0.04) (0.00)
o CSAD  1.02*  0.85* 092* 216*  1I12*
Pre'Glocbjilsfsmamal M (Prob) (0000  (0.00)  (0.000  (0.00) (0.00)
CSAD  0.84*  0.89*  0.82** 1.86*  056*
(02/07/2007-14/09/2008) - max (Prob.)  (0.000  (0.000  (0.00)  (0.00) (0.00)
CSAD  -0.03  -008 005 039*  026*
™A prob)  (047)  (023)  (0.27)  (0.00) (0.00)
CSAD  -0.03 012  010* 014*  0.10*
N (Prob)  (0.75) (0.12)  (0.00)  (0.04) (0.00)
CSAD  0.09* 004  059* 047* 0.34
T)GARCH
(Prob)  (0.01)  (0.51)  (0.000  (0.00) (0.00)
CSAD  328* 049  884* 872*  685*
B prob.)  (0.00) (0.58)  (0.00)  (0.00) (0.00)
Pre-European Debt . CSAD 1.03 ** 0.51 0.62 **  1.10 ** 1.12 **
Crisis (Prob)  (0.00)  (0.00)  (0.00)  (0.00) (0.00)
(01/04/2009-31/03/2010) CSAD  139*  1.06** 0.50** 0.75*  0.79**
N (Prob)  (0.00)  (0.00)  (0.00)  (0.00) (0.00)
CSAD  0.08* 003  058* 054*  044*
™Y (Prob)  (0.05)  (0.70)  (0.00)  (0.00) (0.00)
now  CSAD  -0.0025 0.08*** 015*  0.07 0.24 **
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(Prob)  (097)  (0.08)  (0.000 (0.25) (0.00)
CSAD  -0.03* 0.18** -0.03*** -0.03*  —0.01
e Prob)  (0.00)  (0.000  (0.09)  (0.01) (0.22)
CSAD  —-0.93* 279* —-054* -078*  -0.62**
™ (prob)  (0.00)  (0.00)  (0.05)  (0.00) (0.00)
CSAD  041*  051* 013** 033*  0.16*
Pre COVID-19 Crisis 'V (Prob)  (0.000  (0.00)  (0.00)  (0.00) (0.00)
(01/02/2012-30/12/2019) CSAD  0.30*  055** 006 039*  0.11*
M (Prob) (0000  (0.00)  (0.14)  (0.00) (0.00)
CSAD  -0.05* 0.19** —0.04** —-0.04*  -0.02**
™A (Prob) (0000  (0.00)  (0.01)  (0.00) (0.04)
oy CSAD004T002 00015 002 0.04%
(Prob)  (0.04)  (0.24)  (0.93) (0.25) (0.04)
Panel B: Crisis Period
CSAD  091*  0.28*  058* 057* 030
NEARH prob)  (0.000  (0.000  (0.00)  (0.00) (0.00)
CSAD 15.92* 417* 713* 7.23*  380*
™ prob)  (0.00)  (0.00)  (0.00)  (0.00) (0.00)
CSAD  347*  128* 195* 3.06* 189 *
Global Financial Crisis 1" (Prob.) (0.00) (0.00) (0.00)  (0.00) (0.00)
(15/09/2008-31/03/2009) CSAD  242**  152*% 165* 222%  079*
1 (Prob) (0000  (0.00)  (0.00)  (0.00) (0.00)
CSAD  1.10*  0.29** 057*  0.61 0.33 **
™4 (Prob) (0000  (0.00)  (0.00)  (0.00) (0.00)
CSAD  044* 020  032** 032 0.09
T (Prob) (005 (028 (000 (0.12) (0.63)
CSAD  011* 002  -0.02 019*  017*
NEAKH prob) (0000  (025)  (0.44)  (0.00) (0.00)
CSAD 1.03** 024 005 250*  2.32%
™ prob)  (0.07)  (0.39)  (0.88)  (0.00) (0.00)
CSAD  0.63* 045* 040** 119*  1.08**
European Debt Crisis ne (Prob.) (0.00) (0.00) (0.00) (0.00) (0.00)
(01/04/2010-31/01/2012) CSAD  0.34*  037* 028* 1.03*  045*
1 (Prob) (0.0 (0.00)  (0.00)  (0.00) (0.00)
CSAD 006  0.04** 003 018*  017*
™A prob)  (017)  (0.05)  (0.28)  (0.00) (0.00)
CSAD  -0.08  -0.02 -001* 012*  0.01*
MY (Prob)  (0.14)  (047)  (0.61)  (0.04) (0.86)
CSAD  1.06**  -0.01 090** 030*  0.46*
NEAKE prob)  (0.00)  (0.70)  (0.00)  (0.00) (0.00)
CSAD 18.32*  —0.14 12.62** 349*  727%*
T Prob)  (0.00) (065 (0.00)  (0.00) (0.00)
CSAD  245* 007 184* 075*  0.79*
COVID-19 Crisis W (Prob)  (0.00)  (024)  (0.00)  (0.00) (0.00)
(31/12/2019-30/09/2021) CSAD  2.09*  -0.16 170** 0.96*  0.67**
M (Prob)  (0.00)  (0.000  (0.00)  (0.00) (0.00)
CSAD  1.15* —0.05** 0.86** 029* 049 *
™Y (Prob) (0000 (002  (0.00)  (0.00) (0.00)
CSAD  048* —0.04* 016* 025*  012*
M (Prob) (0000 (015  (0.000  (0.00) (0.00)

Note: The results from this table are based on 1y = a + fCSAD; + . ** and bold figures mean sig-
nificant at 5% level as well as *** and bold figures stands for significant at 10% level.
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4.2.2. The Effect of Volatility on Herding

Regression results looking at the influence of volatility on the degree of herding are
reported in Table 8. Firstly, from a market perspective, it is worth noting that herding is
not present in Russia and South Africa regardless of any volatility measure and any vola-
tility level. Conversely, herding is present in Brazil, China and India for the high volatility
period (Group 4—shown in Panel D of Table 8). This is captured by the significant nega-
tive coefficient of Rm2in group 4. This finding echoes the results of Zheng et al. (2015) and
Lakshman et al. (2013), who observed that herding is more pronounced in the riskier mar-
kets of China and India. In other words, a higher volatility can amplify herding, resulting
in relatively more irrational investors. This relationship may be partly explained by the
fact that volatility can increase investors’ anxiety sentiments and hamper their analytical
ability and objectivity, resulting in a loss of confidence in their judgement and an increas-
ing tendency to follow the market consensus (Lao and Singh 2011). Finally, regarding the
degree of influence that volatility has on herding, China can be regarded as highly sus-
ceptible to volatility due to their significant negative coefficient of Ru? for the majority of
the different volatility methods used, excluding ncw. Specifically, the effect of volatility
on herding was stronger in China than that of Brazil and India, based on the greater ab-
solute value of the coefficients in China (such as: 1-9.371 of newmaw and 1-9.37| of ncarch
compared to |-1.12] and |-1.111 in India, respectively).

Table 8. The effect of different volatility measures and volatility intensity on herding.

Panel A: Group 1: Volatilities Level < 25% of Volatilities Distributions

Brazil China India Russia South Africa

R 4.28 3.46 21.09 5.21 10.33

T)GARCH (Prob.) (0.03) (0.03) (0.00) (0.00) (0.01)
R-square 0.22 0.14 0.17 0.29 0.17

R 7.25 3.81 10.68 6.09 6.04

T)Ewma (Prob.) (0.01) (0.01) (0.00) (0.00) (0.14)
R-square 0.15 0.15 0.10 0.28 0.16

R 19.70 -0.73 23.16 26.93 72.85

ne (Prob.) (0.00) (0.65) (0.00) (0.00) (0.00)
R-square 0.03 0.01 0.08 0.09 0.09

R 6.37 -3.46 6.74 12.66 12.64

MGk (Prob.) (0.03) (0.06) (0.03) (0.00) (0.05)
R-square 0.14 0.05 0.11 0.16 0.15

Rt 8.05 3.37 12.20 6.10 7.00

nMa (Prob.) (0.00) (0.03) (0.00) (0.00) (0.08)
R-square 0.25 0.14 0.16 0.28 0.19

R 1.87 0.78 -3.57 3.53 11.30

new (Prob.) (0.56) (0.84) (0.60) (0.00) (0.12)
R-square 0.25 0.03 0.04 0.48 0.13

Panel B: Group 2: 25% of Volatilities Distributions < Volatilities Level < 50% of Volatilities
Distributions
Brazil China India Russia South Africa

Rt 9.59 0.73 8.34 0.77 13.01

T)GARCH (Prob.) (0.00) (0.70) (0.01) (0.78) (0.01)
R-square 0.25 0.10 0.08 0.13 0.18

Rt 12.80 -0.64 19.82 1.33 12.80

TEwma (Prob.) (0.00) (0.80) (0.00) (0.60) (0.00)
R-square 0.16 0.10 0.15 0.17 0.16

Rt 17.10 10.93 8.67 19.40 46.74

ne (Prob.) (0.00) (0.00) (0.01) (0.00) (0.00)
R-square 0.07 0.13 0.09 0.09 0.13

1GK Rut? 5.75 0.98 11.12 1.82 27.34
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(Prob.) (0.04) (0.61) (0.00) (0.23) (0.00)
R-square 0.13 0.09 0.18 0.21 0.24

R 0.83 0.71 8.47 4.75 19.80

A (Prob.) (0.49) (0.74) (0.01) (0.11) (0.00)
R-square 0.18 0.09 0.10 0.16 0.21

R 2.65 2.05 7.15 -3.10 11.59

new (Prob.) (0.43) (0.42) (0.30) (0.42) (0.40)
R-square 0.10 0.15 0.03 0.10 0.03

Panel C: Group 3: 50% of Volatilities Distributions < Volatilities Level < 75% of Volatilities
Distributions
Brazil China India Russia South Africa

R 7.65 0.02 4.65 7.59 8.36

T)GARCH (Prob.) (0.00) (0.99) (0.02) (0.01) (0.01)
R-square 0.29 0.12 0.18 0.19 0.22

Rint? 4.52 0.55 10.12 6.27 10.36

T)Ewma (Prob.) (0.01) (0.74) (0.00) (0.05) (0.00)

R-square 0.20 0.55 0.21 0.21 (0.25)
R 7.60 -0.24 9.86 9.39 0.79

ne (Prob.) (0.04) (0.95) (0.00) (0.06) (0.94)
R-square 0.19 0.11 0.23 0.18 0.14

Rint? 6.07 0.61 5.85 6.59 14.12

1K (Prob.) (0.00) (0.84) (0.04) (0.02) (0.00)
R-square 0.27 0.11 0.16 0.25 0.22
Rint? 9.91 -1.04 6.62 0.62 7.39

A (Prob.) (0.00) (0.50) (0.00) (0.80) (0.01)
R-square 0.34 0.13 0.24 0.19 0.24

Rnt? 4.84 1.03 14.93 0.62 -19.10

new (Prob.) (0.31) (0.82) (0.01) (0.80) (0.12)
R-square 0.18 0.16 0.31 0.19 0.06

Panel D: Group 4: 75% of Volatilities Distributions < Volatilities Level < 100% of Volatilities
Distributions
Brazil China India Russia  South Africa

Rns? -0.85 *** -9.37 ** =1.17 *** -0.15 1.09

TjGAReH (Prob.) (0.07) (0.00) (0.09) (0.65) (0.46)
R-square 0.57 0.19 0.44 0.56 0.50
Rnt? -1.25 ** -9.37 ** =1.12 *** -0.20 0.27

TEwma (Prob.) (0.01) (0.00) (0.08) (0.56) (0.86)
R-square 0.60 0.19 0.44 0.57 0.50
Rnt? -0.24 —6.82 ** 0.27 0.12 5.29

" (Prob.) (0.56) (0.00) (0.67) (0.72) (0.00)
R-square 0.60 0.18 0.41 0.56 0.48
Rui? —-0.89 *** -8.55 ** -0.51 -0.19 2.40

ek (Prob.) (0.06) (0.00) (0.43) (0.59) (0.11)
R-square 0.58 0.20 0.44 0.55 0.49
Rui? 1.93 -9.51 ** -1.05 1.93 1.93

T (Prob.) (0.20) (0.00) (0.10) (0.20) (0.20)
R-square 0.50 0.20 0.44 0.50 0.50

Rui? -0.77 0.48 1.86 3.25 16.02

new (Prob.) (0.44) (0.74) (0.16) (0.06) (0.03)
R-square 0.49 0.36 0.59 0.51 0.46

Note: A quartile regression model (dummies) has been used to capture the relationship between
volatility intensity (high vs low) and herding. Group/period 1 is the lowest magnitude group/period
and Group/period 4 is the highest magnitude group/period (details shown in the table above) **and
bold figures mean significant at 5% level and *** and bold figures mean significant at 10% level.
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These findings indicate that our null hypothesis (higher volatility causes more herd-
ing or reduces CSAD) is supported. Secondly, from of a volatility measure perspective,
what is surprising is that the capitalisation-weighted average volatility (CW) showed no
significant effects on investors” behaviour for all the sample markets during both high
volatility and low volatility periods. In other words, the effect of volatility on herding
appears to be dependent on the different volatility measurement methods. This means
that the null hypothesis (volatility measure homogeneity and equal impact on herding) is
not supported.

4.3. Sentiment Index and Herding

Table 9 presents details on the variables used in principal component analysis. From
Table 10, it can be clearly seen that the values obtained from the Bartlett test of sphericity
showed that all values were significant. Kaiser (1970) put forward “a Measure of Sampling
Adequacy” which can be utilised to test the suitability of sample data for factor analysis
by comparing the correlation coefficient and partial correlation coefficient of variables.
According to Kaiser (1970, 1974) and Hair et al. (2006), research suggests that KMO values
range from 0 to 1 and results greater than 0.5 or significant Bartlett Test of Sphericity are
acceptable and suitable for factor analysis. Therefore, all variables are appropriate for
PCA.

Table 9. Indicators used to measure the Sentiment Index.

Indicator Name Formula/Symbol
Market transaction indicator Turnover TURN (t) = (turn (t))/(TURNMYV5)
Market valuation indicator Price-earnings ratio PE (t) = Price to earnings ratio
Consumer price index GCPI (t) = Log (CPI »/CPI (1)
Macroeconomic indicators Industrial production GIP (t) = Log (IP /IP ¢-1)
Money supply GM2 (t) = Log (M2 /M2 1)/
Exchange rate GER (t) = Log (ER /ER (1)

Note: (1) TURN(t) = turnover ratio; (2) TURNMV5 = the average turnover in the previous 5 months;
(3) PE(t) = market price—earnings ratio qt month t; (4) GCPI (t) = growth rate of CPL (5) GIP (t) =
growth rate of industrial production; (6) GM2 (t) = change in monthly supply of M2; (7) GER (t) =
change in exchange rate of domestic currency relative to the US dollar. With regard to market trans-
action indicator, both Baker et al. (2012) and Baker and Wurgler (2006) included market turnover in
PCA to capture sentiment. With regard to the market valuation, price-earnings ratio (P/E) is seen as
an indicator that reflects not only stock price, but also represent companies” earnings ability, which
can be utilised to predict corporations’ future profitability. According to Khan and Ahmad (2018),
weighted P/E ratio can be included in PCA to calculate the sentiment index. Bouteska (2020) also
used P/E ratio to construct the sentiment index. Finally, macroeconomic variables are also taken into
account because these indicators not only influence the economy, but can also result in fluctuations
in investors” emotions. In terms of industrial production, Baker and Wurgler (2007) included it in
their research as one of their control variables to build the sentiment index and confirmed the effects
of macroeconomic variables on investors” behaviour, especially noisy traders. In addition, according
to Chen et al. (2014), money supply and exchange rate are positively related to fluctuations of the
sentiment index.

Table 10. KMO and Bartlett Result.

Brazil China India Russia South Africa
KMO Measure of Sampling Adequacy 0.5540 0.4980 0.5270 0.5430 0.4860
Bartlett Test of Sphericity (Sig.) 0.0010 0.0040 0.0300 0.0000 0.0500

In order to construct a sentiment index (SIX), five factors were utilised in the PCA.
The results are shown in Table 11, which reports the values of the five principal compo-
nents for every variable and the explanatory power of every principal component. From
Table 11, the final sentiment index is captured by the following models for all five sample
markets, based on the weighted average method for the first five principal components:
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SIXgrazu = 0.0320 TURN (t) + 0.1881 PE (t) — 0.0394 GCPI (t) — 0.1165 GIP (¢) + 0.3845 GM2 (¢) + 0.1121 GER (¢) (19)
SIXcnina = 0.1363 TURN (t) + 0.2266 PE () + 0.1102 GCPI (t) + 0.1791 GIP (¢) + 0.2909 GM2 (t) + 0.0986 GER (¢) (20)
SIXinaia = 0.3433 TURN (t) + 0.0945 PE (t) + 0.0347 GCPI (t) + 0.1082 GIP (t) + 0.1162 GM2 (t) — 0.2316 GER (¢) (21)
SIXgussia = 0.1159 TURN (t) + 0.1359 PE (t) + 0.1147 GCPI (¢) + 0.1696 GIP (t) + 0.3578 GM2 (t) + 0.1148 GER (t) (22)
SIXsout aprica = 0.1564 TURN (t) + 0.1735 PE (t) + 0.0563 GCPI (t) — 0.0482 GIP (t) + 0.3450 GM2 (t) + 0.1632 GER (t) (23)

The above regressions show that the interactions between the sentiment index and
various variables tend to be different. For instance, there was a positive relationship be-
tween turnover and the sentiment index for all sample markets. This finding signifies that
increases in the turnover ratio can create a higher sentiment index in BRICS. Moreover,
despite the same correlation between the markets and the same factor, different coeffi-
cients denoted different levels of effects on the sentiment index. For example, despite the
negative relationship between the growth rate of industrial production and the sentiment
index, both in Brazil and South Africa, the element of the industrial production growth
ratio in Brazil can exert greater influence on the sentiment index due to the greater abso-
lute value of the coefficient in Brazil compared to that of South Africa. Thus, a 1% rise in
the industrial production in Brazil results in an 11.65% fall in the sentiment index, but
causes only a 4.82% decline in South Africa.

Table 11. Principal Component (PC) Results: The Effects of various Economic Indicators on Senti-

ment Index.
Panel A: Brazil
PC1 PC2 PC3 PC4 PC5 PCe6
TURN(t) -0.3539 0.5736 -0.1727 -0.2717 0.5539 0.3678
PE(t) 0.0011 0.1688 0.9605 -0.2173 0.0341 -0.0230
Eigenvector  GCPI(t) 0.1791 -0.7056 0.0730 -0.1623 0.5939 0.2926
GIP(t) -0.5449 -0.1937 0.1689 0.4949 -0.2370 0.5796
GM2(t) 0.4355 0.2789 0.1061 0.7512 0.3961 -0.0078
GER(t) 0.5967 0.1711 -0.0492 -0.2083 -0.3553 0.6653
Eigenvalues 1.4891 1.2080 1.0004 0.8766 0.7498 0.6762
Proportion 0.2482 0.2013 0.1667 0.1461 0.1250 0.1127
Cumulative Proportion 0.2482 0.4495 0.6162 0.7623 0.8873 1.0000
Panel B: China
TURN(t) 0.1019 0.5722 0.1350 -0.6527 0.4558 0.1013
PE(t) 0.6720 -0.0109 0.0887 0.2215 -0.0014 0.7010
Eigenvector  GCPI(t) 0.4809 -0.4878 0.1484 -0.0267 0.5289 -0.4779
GIP(t) 0.0852 0.4759 -0.5339 0.5543 0.3755 -0.1811
GM2(t) 0.2477 0.4516 0.6279 0.2727 -0.3296 -0.3968
GER(t) -0.4880 -0.0638 0.5221 0.3777 0.5126 0.2825
Eigenvalues 1.3811 1.2405 1.0332 0.9304 0.7588 0.6561
Proportion 0.2302 0.2068 0.1722 0.1551 0.1265 0.1093
Cumulative Proportion 0.2302 0.4369 0.6091 0.7642 0.8907 1.0000
Panel C: India
TURN(t) 0.1996 0.4706 0.6300 0.5560 -0.1112 0.1425
PE(t) 0.4602 0.0780 0.3014 -0.6714 0.1173 0.4762
Eigenvector  GCPI(t) -0.4506 -0.1999 0.2344 0.1349 0.7615 0.3225
GIP(t) 0.4679 -0.0956 -0.5554 0.4398 0.1320 0.5026
GM2(t) -0.0560 0.8195 -0.3585 -0.1494 0.3862 -0.1589
GER(t) -0.5685 0.2274 -0.1425 -0.0785 -0.4770 0.6091
Eigenvalues 1.4528 1.0368 0.9829 0.9633 0.9023 0.6619
Proportion 0.2421 0.1728 0.1638 0.1606 0.1504 0.1103

Cumulative Proportion 0.2421 0.4149 0.5788 0.7393 0.8897 1.0000
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Panel D: Russia

TURN(t) 0.4356 0.1878 0.5487 -0.3907 -0.5548 -0.1157

PE(t) 0.5066 0.2570 -0.4655 0.3133 -0.3046 0.5194

Eigenvector  GCPI(t) -0.1440 0.7273 -0.2072 0.2147 -0.0993 -0.5929
GIP(t) 0.4192 0.2859 -0.1720 -0.5488 0.6417 0.0028

GM2(t) 0.4528 -0.0407 0.4651 0.6330 0.3890 -0.1583

GER(t) -0.3901 0.5351 0.4398 0.0362 0.1627 0.5833

Eigenvalues 1.5745 1.2736 0.8889 0.8625 0.8091 0.5914
Proportion 0.2624 0.2123 0.1482 0.1437 0.1348 0.0986
Cumulative Proportion 0.2624 0.4747 0.6228 0.7666 0.9014 1.0000

Panel E: South Africa

TURN(t) 0.0589 0.6031 0.5104 -0.3349 -0.2354 -0.4524

PE(t) -0.2694 -0.1360 0.6346 0.6794 0.1858 -0.1001
Eigenvector = GCPI(t) -0.1449 0.4977 -0.5682 0.5031 0.0441 -0.3918
GIP(t) -0.5640 0.4681 0.0412 -0.0483 -0.0769 0.6729

GM2(t) 0.5067 0.3622 0.0920 0.0240 0.7342 0.2528

GER(t) 0.5727 0.1404 0.0615 0.4125 -0.6026 0.3394

Eigenvalues 1.3297 1.1928 1.0521 0.9145 0.8336 0.6774
Proportion 0.2216 0.1988 0.1753 0.1524 0.1389 0.1129
Cumulative Proportion 0.2216 0.4204 0.5958 0.7482 0.8871 1.0000

Note: Principal component analysis results based on SIX = a+ B;TURN (t) + S,PE (t) +
B3GCPI (t) + B,GIP (t) + BsGM2 (t) + B¢GER ().

Granger Causality: CSAD and SIX (Sentiment Based on Principal Component)

In Table 12 we see the results of tests of Granger causality between sentiment (5IX)
and CSAD. We are mainly interested in the effect of sentiment (SIX) on CSAD. From the
cases of India and China and with reference to pre/during COVID periods (the last two
rows), we can see that SIX Granger caused CSAD (the hypothesis is rejected because the
p value is less than 0.10), but this is irrelevant to the presence of COVID or not. In the case
of Russia and India, SIX Granger caused CSAD during the European debt crisis, but this
does not seem to be the case for any other country. Overall, SIX does not Granger cause
CSAD as aresult of a crisis. There is limited evidence that SIX Granger causes CSAD and
this is NOT the result of a crisis. This means that the null hypothesis (sentiment Granger
causes CSAD) is partially supported.

Table 12. Granger causality: Relationship between CSAD and SIX (Sentiment Index).

Null Hypothesis Period Brazil China India Russia South Africa
Pre-Global Financial Crisis Period 0.74 0.60 0.12 0.66 0.67
Panel A: Global Financial Crisis Period 0.05 ** 0.97 0.17 0.48 0.24
CSADt does not Granger  Pre-European Debt Crisis Period 0.04 ** 0.85 0.26 0.52 0.43
Cause SIXt European Crisis Period 0.01 ** 0.30 0.04 ** 0.95 0.40
(Prob.) Pre-COVID-19 Crisis Period 0.50 0.04 ** 0.90 0.17 0.90
COVID-19 CRISIS Period 0.03 ** 0.18 0.01 ** 0.65 0.01 **
Pre-Global Financial Crisis Period 0.22 0.47 0.02 ** 0.05 ** 0.28
Panel B: Global Financial Crisis Period 0.97 0.50 0.14 0.98 0.83
SIX: does not Granger Pre-European Debt Crisis Period 0.43 0.15 0.69 0.51 0.10
Cause CSAD: European Crisis Period 0.92 0.44 0.08 *** 0.00 ** 0.75
(Prob.) Pre-COVID-19 Crisis Period 0.42 0.06 *** 0.08 *** 0.17 0.00 **
COVID-19 CRISIS Period 0.50 0.06 *** 0.03 ** 0.22 0.21

Note: ** and bold figures mean significant at 5% level and *** and bold figures stands for significant
at 10% level.
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4.4. The Effect of the US Stock Market on BRICS

Chow tests are used to detect the presence of structural breaks. Table 13 shows that
there are structural breaks at a daily frequency and, for most of the sub-periods, at weekly
and monthly frequencies. Table 14 presents results with regard to spillover effects be-
tween the US and BRICS considering different time frequencies and crisis events. Spillo-
ver effects are captured by a significant and negative as in (Rusytz) in Equation (17) (also
presented at the legend of the relevant table). Unequivocally, there are no spillover effects
that are fronted by the US to BRICS at lower frequencies (weekly/monthly) regardless of
crisis or not. At daily frequencies, the spill-over effect is more pronounced at the Pre-Eu-
ropean Debt Crisis, and then the second period during which it is more pronounced is the
Global Financial Crisis Period. Generally speaking, spillovers appear to be unrelated to
crises or pre-crises periods. When it comes to the intensity of the effect, the spillover effect
between the US and India during the Pre-European Debt Crisis is greater than that in other
countries (1-4.621 in Brazil, 1-5.61! in China, 1-12.441 in India, |-3.90| in South Africa),
indicating that, despite looking at the same point in time, different markets behave differ-
ently. Additionally, Brazil is identified as the market with the strongest spillover effect. It
is present in the majority of sub-periods, excluding the COVID-19 Crisis period. The find-
ings here are in agreement with Chiang and Zheng (2010), who remarked that the US
market played a significant effect on global financial markets, and the majority of sample
markets in their study tended to herd towards the US, including some Latin American
markets. Overall, our null hypothesis (US investor behaviour affects investor behaviour
in BRICS) is partially supported and it is unrelated to crises.

Table 13. Chow Test: Relationship between the US Equity Market and BRICS.

Brazil China India Russia South Africa
Panel A: Sub-Period 1 (02/07/2007-31/03/2009)
Daily 3.84 ** 1.89 *** 8.92 ** 4.48 ** 5.51 **
(1) Pre-Global Financial Crisis (0.00) (0.09) (0.00) (0.06) (0.00)
(02/07/2007-14/09/2008) F-statistic Weekly 0.94 0.75 1.82 5.06 1.84
(2) Global Financial Crisis (Prob.) (0.45) (0.59) (0.12) (0.00) (0.11)
(15/09/2008-31/03/2009) 1.50 0.87 0.51 0.77 3.23 **
Monthly
(0.27) (0.53) (0.76) (0.59) (0.04)
Panel B: Sub-Period 2 (01/04/2009-31/01/2012)
Daily 3.79 ** 3.70 ** 17.72 ** 7.49 ** 31.90 **
(1) Pre-European Debt Crisis (0.00) (0.00) (0.00) (0.00) (0.00)
(01/04/2009-31/03/2010) F-statistic Weekly 2.71 ** 2.91 ** 3.47 ** 7.65 ** 8.85 **
(2) European Debt Crisis (Prob.) (0.02) (0.02) (0.01) (0.00) (0.00)
(01/04/2010-31/01/2012) 2.04 0.71 0.83 2.57 ** 3.43 **
Monthly
(0.11) (0.62) (0.00) (0.05) (0.02)
Panel C: Sub-Period 3 (01/02/2012-30/09/2021)
Daily 29.53 ** 14.64 ** 30.42 ** 53.53 ** 54.57 **
(1) Pre COVID-19 Crisis (0.00) (0.00) (0.00) (0.00) (0.00)
(01/02/2012-30/12/2019) F-statistic Weekly 5.55 ** 3.26 ** 6.82 ** 6.39 ** 20.32 **
(2) COVID-19 Crisis (Prob.) (0.00) (0.01) (0.00) (0.00) (0.00)
(31/12/2019-30/09/2021) 1.04 4.43 5.25 ** 2.00 *** 4.22 **
Monthly
(0.40) (0.00) (0.00) (0.08) (0.00)

Note: This table shows spillover effect results between US sentiment and BRICS based on the fol-
lowing regression: CSAD ;; = a; + ay|Rp¢| + a3(Rpmt)? + @4 CSADy5, + as(Ryse)? + e ™ and
bold figures mean significant at 5% level and *** and bold figures indicate significance at 10%
level. Global Financial Crisis (15/09/2008-31/03/2009), European Debt Crisis (1/04/2010-
31/01/2012) and COVID-19 Crisis (31/12/2019-30/09/2021).
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Table 14. Spillover Effect(s) between the US Equity Market and BRICS.

Brazil China India Russia South Africa
Panel A: Non-Crisis Period
R (w9 me -5.34 1.76 —0.22 .06 1.39
Daily (Prob.) (0.01) (0.59) (0.94) (0.73) (0.51)
R-square 0.31 0.02 0.28 0.69 0.50
L R (w9 mé 255 5.03 —7.19 455 -2.05
Prf)'z(/;;;’zzlol;mlj;gl;lz;:;;SIS Weekly  (Prob.) (0.42) (0.41) (0.23) (0.21) (0.66)
¢ - ) R-square 0.20 0.05 0.19 0.33 0.42
R (w9 mé -1.11 10.38 312 -3.00 -8.49
Monthly  (Prob.) (0.80) (0.31) (0.89) (0.52) (0.16)
R-square 0.36 0.28 0.33 0.57 0.75
R (w9 mé —4.62** 5.61%  -1244% 30.92 3.90
Daily (Prob.) (0.04) (0.04) (0.01) (0.00) (0.03)
R-square 0.59 0.20 0.40 0.47 0.71
N R (w9 mé 3.59 -3.39 -8.62 ** —8.53 *** -0.01
P:;j)‘;;gg::‘;ggj;ﬁf Weekly (Prob.) (0.21) (0.35) (0.04) (0.06) (0.99)
R-square 0.64 0.16 0.68 0.46 0.60
R (g me 9.99 1.99 -8.41 -0.55 -7.56
Monthly  (Prob.) (0.03) (0.70) (0.36) (0.95) (0.14)
R-square 0.82 0.83 0.85 0.83 0.67
R (g me —3.54 ** 7.27 017 5.45 “1.34
Daily (Prob.) (0.01) (0.00) (0.90) (0.03) (0.36)
R-square 0.32 0.16 0.13 0.38 0.24
, . R (g me 111 247 -1.98 0.19 1.96
Pre Cl?\;ff; lef;/sze IC“SIS Weekly (Prob.) (0.50) (0.37) (0.32) (0.92) (0.23)
(01/02/2012-30 019) R-square 0.38 0.24 0.09 0.22 9.20
R (o m? -3.15 315 -1.61 -3.36 -1.83
Monthly  (Prob.) (0.14) (0.21) (0.52) (0.20) (0.40)
R-square 0.47 0.46 0.03 0.18 0.16
Panel B: Crisis Period
R (o me -1.91 *** —0.12 —1.44 %+ —7.30 0.26
Daily (Prob.) (0.06) (0.85) (0.06) (0.18) (0.60)
R-square 0.60 0.15 0.51 0.47 0.73
L R (w9 me ~3.83 *** ~0.29 203 230 ~0.80
ffé?@iﬁhﬁﬁ%ﬁﬁﬁ; Weekly (Prob.) (0.06) (0.80) (0.11) (0.17) (0.19)
R-square 0.60 0.18 0.60 0.65 0.78
R (g me -9.60 252 —9.27 ** ~6.66 431
Monthly  (Prob.) (0.41) (0.47) (0.07) (0.52) (0.28)
R-square 0.58 0.90 0.97 0.83 091
R (w9 mé 0.53 -0.33 —0.24 5.16 0.42
Daily (Prob.) (0.67) (0.84) (0.82) (0.13) (0.55)
R-square 0.40 0.09 0.15 0.40 0.56
European Debt Crisis R (w9 mé —2.84 ** -1.55 -1.48 141 224
01/042010-31/01/2012)  Weekly (Prob.) (0.03) (0.47) (0.44) (0.50) (0.03)
R-square 0.51 0.41 0.15 0.28 0.56
R (w9 me 229 ~4.56 —4.05*** 0.85 1.33
Monthly  (Prob.) (0.22) (0.19) (0.08) (0.81) (0.45)
R-square 0.49 0.32 0.31 0.26 0.47
R (w9 mé ~0.69 ** -0.28 0.39 0.81 ~0.94
Daily (Prob.) (0.41) (0.61) (0.41) (0.05) (0.31)
COVID-19 Disease Crisis R-square 0.73 0.13 0.56 0.61 0.65
(31/12/2019-30/09/2021) R (w9 mé -1.53 ~0.40 ~0.89 0.29 488
Weekly (Prob.) (0.15) (0.65) (0.41) (0.61) (0.00)

R-square 0.74 0.18 0.56 0.66 0.72
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R (us) mi? 2.97 -2.85 —4.24 -0.48 —6.86
Monthly (Prob.) (0.24) (0.45) (0.28) (0.88) (0.41)
R-square 0.76 0.17 0.58 0.46 0.82

Note: This table illustrates regression results based on the following model CSAD ;. =a,; +
a2|Rm,t| + a3(Rim,)® + @4CSAD, 5 + as(Rys )% + e;. In addition, different time frequencies have
been taken into account to decide whether spillover effect(s) is a short-lived phenomenon or can last
for a longer time. ** and bold figures mean significant at 5% level as well as *** and bold figures
indicate significant at 10% level.

4.5. The Effect of US Sentiment/Fear (VIX) on BRICS

Chow test results in Table 15 indicate the presence of structural breaks supporting
the breaking up of the total sample in smaller periods. Table 16 presents results of the
effect of the US “fear index” (as captured by the US CBOE implied volatility (VIX)) on
BRICS, during crisis- and non-crisis periods. Results show that it is mainly Brazil which
is affected by VIX and this is unrelated to crisis periods or not. Moreover, it is worth no-
ticing (and perhaps this is the greatest finding here) that the effect of VIX is greatest during
COVID-19 and affects all countries except China. China is the only country which is ‘free’
of the influence of US sentiment. The reasons for the observed behaviour in China and
Brazil are given below. Overall, our null hypothesis ((VIX)-fear index affects investor be-
haviour (causes herding) in BRICS) is partially supported. This is observed only during
COVID-19 for all countries except China. The most important reason for the weak connec-
tion between the US stock market and the Chinese equity market, is that, technically
speaking, the two markets’ indexes have a low correlation coefficient. Wroblewska (2016)
reported a correlation coefficient of 0.15 between the Shanghai Index and S&P500 in the
last two years. More surprising, when extending the length of time to 10 years, Wroblew-
ska (2016) still found that the correlation coefficient was just 0.37. Besides this, it is their
different financial systems and regulations. For instance, in order to control volatilities
and address risks at a moderate level, a series of regulations have been introduced to the
Chinese equity market, such as restrictions on initial public offerings, limits on short sales
and daily limits of 10% rises or declines (Wroblewska 2016). However, similar interfer-
ences and regulations are not reported in the US.

Table 15. Chow Test: US Fear Index or VIX on CSAD (Sub-periods).

Brazil China India Russia  South Africa
Panel A: Sub-Period 1 (02/07/2007-31/03/2009)
Dail 37.37 ** 1.44 8.92 ** 17.35 ** 42,75 **
(1) Pre-Global Financial Crisis y (0.00) (0.22) (0.00) (0.00) (0.00)
(02/07/2007-14/09/2008) F-statistic Weekl 10.25 ** 1.11 0.92 24.87 ** 7.48 **
(2) Global Financial Crisis (Prob.) Y (0.00) (0.36) (0.45) (0.00) (0.00)
(15/09/2008-31/03/2009) 3.83 ** 0.61 1.14 8.11 ** 0.48
Monthly
©0.03)  (0.62)  (0.38) (0.00) (0.75)
Panel B: Sub-Period 2 (01/04/2009-31/01/2012)
Dail 9.72 ** 10.38 **  40.85 ** 15.25 ** 85.35 **
(1) Pre European Debt Crisis Y (0.00) (0.00) (0.00) (0.00) (0.00)
(01/04/2009-31/03/2010) F-statistic Weekl 5.58 ** 3.91 ** 8.13 ** 12.53 ** 19.63 **
(2) European Debt Crisis (Prob.) Y (0.00) (0.00) (0.00) (0.00) (0.00)
(01/04/2010-31/01/2012) 0.42 0.95 3.55 ** 1.99 6.36 **
Monthly
0790  (045)  (0.02) (0.13) (0.00)
Panel C: Sub-Period 3 (01/02/2012-30/09/2021)
33.92 ** 15.22 78.39 ** 68.74 ** 188.81 **
. . . . D '1
(1) Pre COVID-19 Disease Crisis o aily (0.00) (0.00) (0.00) (0.00) (0.00)
(01/02/2012-30/12/2019) F-statistic
(2) COVID-19 Disease Crisis (Prob.) Weekl 374 3617 1282 260 43.38
' Y 0.01)  (0.01)  (0.00) (0.09) (0.00)

31/12/2019-30/09/2021
( ) Monthly 0.57 7.37 ** 5.85 ** 0.67 8.03 **
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(0.69)

(0.00)

(0.62)

(0.00)

Note: This table shows spillover effect results between US sentiment and BRICS based on the fol-
lowing model CSAD ;; = a; + a, |Rm‘t| + as(Rm,)? + a4VIXys, + e;. The US sentiment index is cap-
tured by VIX. ** and bold figures mean significant at 5% level. Every sub-period covers one crisis,
which are Global Financial Crisis (15/09/2008-31/03/2009), European Debt Crisis (1/04/2010-
31/01/2012) and COVID-19 Crisis (31/12/2019-30/09/2021).

Table 16. The effect of US ‘fear index’ or VIX on CSAD in BRICS.

Brazil China India Russia South Africa
Panel A: Non-Crisis Period
VIXus  —0.0054 ***  0.0018 ~0.0042 ~0.0074 -0.0022
Daily (Prob.) (0.06) 0.71) (0.36) (0.41) (0.51)
R-squared 0.23 0.02 0.23 0.67 0.42
L VIXus -0.02 ** -0.01 ~0.0068 ~0.0017 -0.02 **
Pi‘:’) ;észzlol;ﬂzr;gﬁzgggls Weekly (Prob.) (0.03) (0.35) (0.62) (0.83) (0.05)
R-squared 0.10 0.05 0.02 0.31 0.38
VIXus ~0.0070 0.0015 0.07 -0.02 -0.02
Monthly  (Prob.) (0.73) (0.98) (0.22) (0.48) (0.70)
R-squared 0.26 0.04 0.41 0.49 0.32
VIXus ~0.0074 ** 0.0010 ~0.0012 0.02 -0.01
Daily (Prob.) (0.05) (0.95) (0.89) (0.26) (0.14)
R-squared 0.42 0.10 0.23 0.38 0.54
Pre-Buropean Debt Crisis VIXus 0.0016 0.03 0.0055 -0.02 0.0021
01/04/2009-31/032010 WeeklY (Prob.) (0.84) (0.02) (0.72) (0.24) (0.80)
R-squared 0.46 0.18) 0.47 0.10 0.20
VIXus () 0.01 -0.03 0.08 0.06 -0.05
Monthly  (Prob.) (0.69) (0.23) (0.04) (0.41) 0.22)
R-squared 0.58 0.84 0.90 0.51 0.29
VIXus () -0.0022 0.0004 0.0019 0.0044 ~0.0006
Daily (Prob.) (0.05) (0.82) (0.06) (0.02) (0.57)
R-squared 0.29 0.16 0.13 0.38 0.18
. VIXus -0.0011 0.0038 0.0037 -0.0006 -0.0014
(;)1]{/25/;)()\12]33(}/915/;;;59) Weekly (Prob.) (0.66) (0.35) (0.21) (0.83) (0.55)
R-squared 0.32 0.24 0.09 0.21 0.15
VIXus -0.0001 0.01 -0.0004 0.0023 0.0034
Monthly  (Prob.) (0.98) (0.49) (0.96) 0.77) (0.61)
R-squared 0.33 0.45 0.02 0.15 0.04
Panel B: Crisis Period
VIXus ~0.0034 0.0027 -0.02 ** ~0.0050 ~0.0041
Daily (Prob.) (0.58) (0.61) (0.01) (0.90) (0.31)
R-squared 0.55 0.12 047 0.46 0.70
L VIXus -0.01 0.03 -0.03 *** ~0.02 0.01
ff;‘;&jlzﬁgzgﬁlsggzj) Weekly (Prob.) (0.55) (0.16) (0.08) (0.42) (0.44)
R-squared 0.46 0.17 0.52 0.60 0.70
VIXus 0.08 0.0047 ~0.0021 -0.10 ~0.0066
Monthly  (Prob.) (0.28) (0.78) (0.96) (0.30) (0.86)
R-squared 0.55 0.85 0.77 0.74 0.82
VIXus 0.0009 0.0003 ~0.0002 0.02 ~0.0006
Daily (Prob.) (0.56) (0.89) (0.89) (0.00) (0.56)
R-squared 0.32 0.09 0.15 0.36 0.65
European Debt Crisis VIXus ~0.0005 0.01 0.0029 ~0.0073 ~0.0012
(01/04/2010 -31/01/2012)  Weekly (Prob.) (0.87) (0.16) (0.53) (0.17) (0.64)
R-squared 0.36 0.42 0.14 0.27 0.48
Montrly VXU 0.02 0.0048 0.0025 0.0047 0.0032
(Prob.) (0.15) (0.78) (0.83) (0.76) (0.59)
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R-squared 0.40 0.85 0.15 0.26 0.37
VIXus@ -0.0121 ** -0.0010 -0.0040 *** -0.0050 ** -0.0142 **

Daily (Prob.) (0.00) (0.69) (0.09) (0.02) (0.00)

R-squared 0.55 0.12 0.49 0.52 0.40

. VIXus@ -0.0131 ** -0.0061 -0.0078 -0.0003 -0.02

61 /220/;7;1]39 1; 0%91;;)2 y Weekly (Prob.) (0.04) (0.31) (0.24) (0.95) (0.11)
R-squared 0.62 0.13 0.25 0.51 0.33

VIXus@ -0.0195 ** 0.0077 0.0067 0.0052 0.0091

Monthly (Prob.) (0.05) (0.66) (0.67) (0.69) (0.61)

R-squared 0.77 0.04 0.52 0.29 0.75

Note: This table shows the effect results of US sentiment on BRICS based on the following model
CSAD i = ay + ay|Rpmt| + as(Rin)? + a4VIXys, + €. The US sentiment index is captured by VIX.
Moreover, crisis effect(s) has also been considered. ** and bold figures mean significant at 5% level.
Similarly, *** and bold figures mean significant at 10% level.

Brazil is recognised as a country which is influenced the most by US sentiment even
in non-crisis periods. This finding goes hand in hand with the findings shown in Table 14,
which can confirm the close connection between the US and Brazil. Possible reasons are:
(i) that the US and Brazil have established a partnership and strengthened cooperation
covering various aspects (such as: security, economy and politics) in order to promote
sustainable economic growth, (ii) the US, as the second largest trading partner, has
brought lots of trade and contracts in goods in the last two decades rising from $28.2 mil-
lion in 2002, to $60.7 million in 2008, achieving the peak of $104.3 billion in 2009 (Bodman
et al. 2011; U.S. Department of State 2021), (iii) despite experiencing declines at the begin-
ning of 2021, foreign investment flows returned to the Brazilian stock markets from the
second quarter, achieving more than $44 million between April and June (Feliba and
Lozano 2021), (iv) the US also provided support during COVID-19 to the tune of $16.9
million from government funding and $75 million from the U.S. private sector (U.S. De-
partment of State 2021).

Now when it comes to the effect of US sentiment/fear considering individual crises,
Table 16 shows that the US sentiment/fear had a greater effect on BRICS (excluding
China), during the COVID-19 period. US sentiment/fear had no effect during the other
two crises (Global financial and European sovereign debt crises). The main reason for the
greater effect of COVID-19 is that the unpredictable outbreak of COVID-19 is not only a
threat to people’s health, but also exerts adverse influence on the majority of stock markets
all around the world due to a rise in panic and fear sentiment. This kind of sentiment
spreads to other markets (Liu et al. 2020). Secondly, in order to slow the rate of infection,
companies have to reduce activities and cut down on their labour force, especially in la-
bour-intensive and manufacturing industries, resulting in panic (Liu et al. 2020). The de-
crease of economic activity makes investors lose confidence in companies’ future profita-
bility, and future global economic development, which is reflected in negative equity re-
turns and a decline in stock prices (Liu et al. 2020). Moreover, the lack of confidence in
equity markets causes convergence in trading behaviour. Furthermore, as mentioned pre-
viously, herding is a short-lived phenomenon and, as can be seen in Table 16, the effect is
more prevalent when using daily data.

4.6. Granger Causality: CSAD and VIX

Table 17 presents Granger causality results. According to Table 17, any causality be-
tween VIX and CSAD (if present in either direction) is not affected by crises. To clarify,
causalities are independent of crises. Considering results for individual countries, the
country which presents the greatest number of causalities in both directions is Brazil. It
seems that there is a two-way causality between VIX and CSAD, especially before but also
during the COVID period. This result is not surprising given the relationship between
Brazil and the US discussed in the previous section. A similar situation is observed in
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Russia. Causality runs in both directions, especially during the COVID period. This is
consistent with results presented in Table 16. As for the reason(s) why the Russian market
is so closely linked to the US market, this can be explained by an increase in Foreign Cap-
ital Flows into Russia. For instance, there is more than 50% of foreign capital inflows that
can be ascribed to North American investors compared to European investors (just 26%
for European accounts) (Rapoza 2019). Simultaneously, a report by the Moscow Exchange
pointed out that US fund managers increased their investment by 58% into Russian pub-
licly listed corporations during the second quarter of 2019 compared to that of 2015, and
reached $79.3 billion (Rapoza 2019). Overall causality between CSAD and VIX if present
are independent of crises and run in both directions, while previously it was thought that
there is a causality running from VIX to CSAD.

Table 17. Granger causality tests: CSAD and VIX—Daily Data.

Null Hypothesis Period Brazil China India Russia  South Africa
Pre-Global Crisis Period 0.39 0.07 *** 0.62 0.88 0.54
Panel A: Global Crisis Period 0.72 0.46 0.34 0.68 0.41
CSAD:t does not cause VIXus Pre—Europear‘l Debt Crisis 0.49 028 0.73 0.44 0.66
(Prob.) Period
European Crisis Period 0.09 *** 0.64 0.48 0.16 0.02 **
Pre-COVID-19 Crisis Period ~ 0.02**  0.08 *** 0.96 0.11 0.59
COVID-19 CRISIS Period 0.01 ** 0.84 0.52 0.01 ** 0.54
Pre-Global Crisis Period 0.28 0.36 0.33 0.27 0.62
Panel B: Global Crisis Period 0.51 0.03 ** 0.21 0.01 ** 0.44
VIXusw does not cause CSAD: Pre-Europear} Debt Crisis 0.03 ** 0.56 0.95 015 0.58
(Prob.) Period
European Crisis Period 0.08 *** 0.27 091 0.14 0.00 **
Pre-COVID-19 Crisis Period  0.03 ** 0.01**  0.10 *** 0.14 0.00 **
COVID-19 CRISIS Period 0.07 *** 0.56 0.46 0.01 ** 0.36

Note: ** and bold figures mean significant at 5% level and *** and bold figures stands for significant
at 10% level.

5. Conclusions

This study set out to investigate determinants of investors’ herding in BRICS. The
purpose of this project was to detect whether investors displayed herding when they were
placed in the same period or faced the same events.

In the first instance, this study focused on the effects of crises on investors’ behaviour.
Multiple sub-periods were considered, in order to determine whether investors” decisions
were influenced by varying degrees of market stress and if they changed their behaviour
patterns during crises. The global financial crisis, the European sovereign debt crisis and
COVID were considered. The whole sample is from 2-7-07 until 30-9-21. One of the inno-
vations of this study is that it incorporates all three most recent crises (considering pre-
crisis and during-crisis sub-samples correcting for structural breaks) and looks at BRICS
behaviour simultaneously. Most research on BRICS has concentrated on individual coun-
tries (for example, Demirer and Kutan (2006) and Tan et al. (2008) on the Chinese market,
Lakshman et al. (2013) and Banerjee and Padhan (2017) on the Indian market, Ababio and
Mwamba (2017) on South Africa, Indars et al. (2019) on Russia, and Janior et al. (2019) on
Brazil). The most recent study, that was brought to our attention at the final stages of this
study and looks into herding in BRICS simultaneously, is that of Mulki and Rizkianto
(2020). Mulki and Rizkianto (2020) are not looking exactly into the same period, and they
are not considering pre- and during crisis behaviour, appear to be correcting for possible
structural breaks in their sample, or consider different time frequencies as we do. Despite
this, we managed to identify two common research elements between the two studies
(such as herding and the effect of volatility on herding) which were previously discussed
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in the ‘contribution section” and ‘BRICS Research section’, indicating how our study dif-
fers and innovates. To summarise, (and running the risk of becoming repetitive) both
studies agree on findings regarding India (no herding), Russia (no herding) and China
(herding), but there is no common ground as to the effect of volatility (high/low) on herd-
ing.

Additionally, time-frequency was taken into account in order to differentiate be-
tween short-lived and long-lived herding phenomena. Herding is a short-term phenome-
non. Herding is more likely to emerge when daily data is utilised, but disappears at
monthly intervals. Herding is independent of crises and limited. We observe little or no
herding before any of the crises or during the crises considered here. At this point, it is
worth noting that the Global Financial crisis seemed to have the greatest effect compared
to non-financial crises (such as COVID-19). Most importantly, China was the only country
to show herding, mainly during the Global Financial Crisis, using daily data. No signifi-
cant differences in investors’ behaviour were observed during crisis and non-crisis peri-
ods for the other four sample markets. Once more, our hypothesis that crises have an im-
pact on herding is not supported (see Table 4).

Next, we investigated the effect of CSAD on volatility. The effect of herding on vola-
tility is an open issue (see Blasco et al. (2012) and Alemanni and Ornelas (2006)). Research
has produced conflicting results and is not considering multiple crises periods as we do.
The effect of CSAD on volatility is positive (Table 7). A low CSAD means that investors
tend to behave in a similar way. A positive relationship between volatility and CSAD in-
dicates that a decrease in the CSAD (convergence in opinions) results in a decline in vol-
atility (the lower the CSAD, the lower the volatility), and vice versa. An increase in CSAD
means that “individual returns deviate from the market return” (Chang et al. 2000), this
in turn means diversity in opinions which results in greater volatility. The null hypothesis
(a low CSAD causes an increase in volatility) is not supported.

Additionally, this study was designed to assess the effect of volatility on herding. Six
different volatility measures were used for a more comprehensive analysis of the effects
of volatility on investor behaviour. We have not come across another study that employs
six different volatility measures to capture the effect of volatility on herding for all BRICS
under different market conditions, so we consider this an important innovation. Most
studies employ a single measure (see Huang et al. (2015), Huang and Wang (2017) and
Mulki and Rizkianto (2020)). After eliminating the influence of ‘volume” and ‘day-of-the-
week’ effects, final volatilities (values) were obtained, and a quartile approach was intro-
duced to examine how the degree of volatility (high/medium/low) affected herding. Mul-
tiple regression analysis revealed that all volatility measures (the only exception is the
capitalisation-weighted monthly historical volatility measure) have an impact on the
CSAD, but only for the high volatility period. We observe significant negative coefficients
only in Group/period 4. This is the highest volatility period/group. Specifically, in Brazil,
China and India, volatility measures affect CSAD, but only for the most volatile period,
while in Russia and South Africa, volatility measures have no effect on herding regardless
of volatility intensity (high/low). Given the above, one can safely conclude that volatility
affects CSAD only in turbulent periods and it is measure dependent. This last finding is
specific only in this study since it is the only one that uses six different volatility measures
and can actually test for volatility measure homogeneity. Another important finding is
that the effect of volatility on herding/CSAD in China tends to be stronger than that in
India and in Brazil, as shown by the greater coefficient for all volatility measures used,
such as, 1-9.371 in China vs. |-1.111 in India when using GARCH, and 1-8.55| in China
vs. 1-0.891 in Brazil when using GK. Most importantly, and similar to previous studies
(such as: Lakshman et al. (2013)), high volatility is one of the most important determinants
of herding due to rises in uncertainty and fear of losses, resulting in a convergence in
investors’ behaviour and mimicking.
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Thirdly, this study showed that there is limited evidence (some might argue that it
verges on NO evidence) that there is Granger causality between the SIX (sentiment index
based on principal component analysis) and CSAD. Researchers such as Chen et al. (2014),
Liao et al. (2011), Hudson (2014) and He et al. (2017) have used principal component anal-
ysis to capture sentiment, but they did not report its relationship to herding (unidirec-
tional or bidirectional) under different market conditions and crises which we believe is
another innovation. Specifically, there was almost no relationship between the SIX and
CSAD during the Pre-Global Financial Crisis and Global Financial Crisis, while for the
other sub-periods, partial or one-way causality between investors’ sentiment and CSAD
effect can be reported. From the cases of India and China, and with reference to pre/during
COVID periods (the last two rows), we can see that the SIX Granger causes CSAD (the
hypothesis is rejected because then p value is less than 0.10), but this is irrelevant to the
presence of COVID or not. In the case of Russia and India, the SIX Granger caused CSAD
during the European debt crisis, but this does not seem to be the case for any other coun-
try. Overall, the SIX does not Granger cause CSAD as a result of a crisis. There is limited
evidence that the SIX Granger causes CSAD and this is NOT the result of a crisis. This
means that the null hypothesis (sentiment Granger causes CSAD) is partially supported.
The SIX does not have the effect that we previously thought that it had.

This study also examined spill-over effects between the US equity market and BRICS
(Table 14). The US market emerged in the past as another factor that causes herding in
BRICS. Analysis showed that all markets showed herding patterns to some extent, using
different time frequencies and different sub-periods, but the degree of influence varied
from market to market. Spillover effects between the US and BRICS were short-lived. In
addition, US sentiment (captured by the VIX, an indicator of “fear”, Table 16) exerted a
great effect on behaviour in four of our sample markets —Brazil, India, Russia and South
Africa. The analysis showed that China is the only country which was free of the effects
of US “fear”, regardless of any crisis or non-crisis period. Conversely, Brazil was the most
sensitive market to US sentiment (an explanation is provided in the analysis section for
both China and Brazil). Given those findings and the absence of any work on causality
between the VIX and CSAD for different periods/crises (research in the area employs
mostly multivariate regressions and does not consider causalities, see, for example, Bathia
et al. (2016) and Economou et al. (2018)), the next step was to run Granger causality tests.
Granger causality tests between CSAD and the VIX (Table 17) reported no Granger cau-
sality for the majority of the periods considered. There are variations between countries
when considering sub-periods. The overall causality between CSAD and the VIX, if pre-
sent, are independent of crises and run in both directions, while previously it was thought
that causality runs from the VIX to CSAD. This finding is unique since it is the only study
that investigated causality between the VIX and CSAD for different periods/crises.

Future research in BRICS could concentrate on more recent crises and their impact.
We have considered financial crises as well as non-financial crises (COVID). Perhaps it
would make sense to examine the effect of political/military crises. Currently, as we are
working on this article, Russia is invading the Ukraine and financial markets are tumbling
down uncontrollably, while the price for oil and natural gas is going through the roof.
Considering that Russia is part of BRICS, perhaps it would be worth investigating how
this affects all BRICS using high frequency data. Given that the UK, US and European
union have already announced sanctions against Russia, it would be worth investigating
the reaction of all those markets, spillovers and, of course, causalities in a panel frame-
work along the lines of this study.
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6. Implications

A major implication of this study is that investors should not worry too much about
herding when they think about their international investment strategy unless they are in-
vesting in China. Herding appears to be present only in China and it is short-lived (H2).
Furthermore, herding is unrelated to crises (H1). If herding is perceived as a market anom-
aly and they plan to invest in China (which is quite common nowadays given the huge
development in this country) then they should not be surprised if observed market move-
ments do not necessarily follow their expectations (due to herding). Having said that, at
this point we also need to stress that China is the only country within BRICS which is not
affected by the VIX, therefore, China will be a ‘counterbalancing force’ to the effect(s) of
the VIX in an international portfolio (H8 and H9).

Now, with regards to the relationship between volatility and herding, this study
shows that CSAD has no effect on volatility (H3), but a high volatility causes more herding
(H4). This means that investors should be particularly wary when investing in BRICS at
periods of high volatility. If their initial investment strategy was to invest only in BRICS
in an attempt to achieve a greater return for their portfolio, in periods of greater volatility
they should consider investment in countries which correlate negatively to BRICS, or if
they insist on investing solely on BRICS, they should consider rebalancing their portfolios,
increasing portfolio weights towards Russia and South Africa which appear to be immune
to the effect of volatility on herding. The effect of volatility on herding also has implica-
tions for the local financial authorities/regulators. Given the findings of this study, it is a
dead certainty that high volatility will cause herding; therefore, local regulators should
introduce measures to reduce volatility so as to avoid unwanted swings. Finally, inves-
tors, before making decisions, should consider how they measure volatility because, as
this study has shown, there is no such thing as volatility measure homogeneity (H5) and
different measures could lead to different decisions which are not always appropriate.

Regarding the effect of sentiment and US investment behaviour on herding (H6 and
H?7), there is limited evidence to suggest that their role is significant. What emerges very
clearly form this study is that any herding effects observed are unrelated to crises and
they are country specific. Therefore, it is a bit difficult to devise an investment strategy
that will “fit” all BRICS countries based on sentiment and US investment behaviour.

Finally, the VIX, which has been considered the greatest predictor in the world of
finance (particularly for herding as discussed in the literature), has turned out to be a good
predictor only during COVID-19, otherwise its effect on herding is at best limited (HS8).
At this point it is worth reminding the reader that China is immune to VIX effect(s), in
sharp contrast to all other counties. This is why we called it a ‘counterbalancing force’ at
the beginning of this section. In addition, Granger causality indicates a two-way relation-
ship between the VIX and CSAD (H9), implying that the all-powerful VIX is not what
most financial economist believe. The findings and implications of this study are relevant
to investment theory, behavioural finance and particularly to international investors who
wish to diversify their portfolios and invest in BRICS, taking advantage of the opportuni-
ties offered there, keeping their risk to a minimum while maximising their returns.

Author Contributions: Editing, reviewing, supervision, corrections, administration is E.G., the su-
pervisor of H.Z., and the rest is H.Z. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: All data is from DataSt ream and Bloomberg.

Conflicts of Interest: The authors declare no conflict of interest.



J. Risk Financial Manag. 2022, 15, x FOR PEER REVIEW 37 of 41

References

(Ababio and Mwamba 2017) Ababio, Kofi Agyarko, and John Muteba Mwamba. 2017. Test of Herding Behaviour in the Johannesburg
Stock Exchange: Application of Quantile Regression Model. Journal of Economic and Financial Sciences 10: 457-74.

(Adu et al. 2015) Adu, George, Paul Alagidede, and Amin Karimu. 2015. Stock Return Distribution in the BRICS. Review of
Development Finance 5: 98-109.

(Ait-Sahalia et al. 2012) Ait-Sahalia, Yacine, Jochen Andritzky, Andreas Jobst, Sylwia Nowak, and Natalia Tamirisa. 2012. Market
response to policy initiatives during the global financial crisis. Journal of International Economic 87: 162-77.

(Alemanni and Ornelas 2006) Alemanni, Barbara, and José Renato Haas Ornelas. 2006. Herding Behavior by Equity Foreign Investors on
Emerging Markets. Brasilia: Banco Central do Brasil.

(Alexander 1998) Alexander, Carol. 1998. Volatility and Correlation: Measurement, Models and Applications. In Risk Management
and Analysis, Measuring and Modeling Financial Risk: Risk Measurment and Management. Edited by Alexander Carol. Hoboken:
John Wiley & Sons.

(Alexander 2008) Alexander, Carol. 2008. Moving Average Models for Volatility and Correlation, and Covariance Matrices. In
Handbook of Finance. Edited by Fabozzi Frank J. New York: John Wiley & Sons, vol. 3, pp. 1-14.

(Alexander and Dimitriu 2003) Alexander, Carol, and Anca Dimitriu. 2003. Source of Ouver-Performance in Equity Markets: Mean
Reversion, Common Trends and Herding. Reading: The University of Reading; New York: Wiley.

(Alhashim 2018) Alhashim, Mohammed. 2018. The Impact of Investor Sentiment on Herding Behavior: Evidence from a Social Network of
Investors. Arlington: Department of Finance and Real Estate, University of Texas at Arlington.

(Amata et al. 2016) Amata, Evans Ombima, Willy Muturi, and Martin Mbewa. 2016. Relationship between Macro-economic variables,
Investor Herding Behaviour and Stock Market Volatility in Kenya. International Journal of Economics, Commerce and Management
4: 36-54.

(Arkes et al. 1988) Arkes, Hal R., Lisa Tandy Herren, and Alice M. Isen. 1988. The Role of Potential Loss in the Influence of Asset on
Risk-Taking Behavior. Organizational Behavior and Human Processes 42: 181-93.

(Arlen and Tontrup 2016) Arlen, Jennifer, and Stephan Tontrup. 2016. Strategic Bias Shifting: Herding as a Behaviorally Rational
Response to Regret Aversion. Journal of Legal Analysis 7: 517-60.

(Baele et al. 2020) Baele, Lieven, Geert Bekaert, Koen Inghelbrecht, and Min Wei. 2020. Flights to Safety. The Review of Financial Studies
33: 689-746.

(Baker and Stein 2004) Baker, Malcolm, and Jeremy C. Stein. 2004. Market Liquidity as a Sentiment Indicator. Journal of Financial
Markets 7: 271-99.

(Baker and Wurgler 2006) Baker, Malcolm, and Jeffrey Wurgler. 2006. Investor Sentiment and the Cross-Section of Stock Returns. The
Journal of Finance 61: 1645-80.

(Baker and Wurgler 2007) Baker, Malcolm, and Jeffrey Wurgler. 2007. Investor Sentiment in the Stock Market. Cambridge: National
Bureau of Economic Research.

(Baker et al. 2012) Baker, Malcolm, Jeffrey Wurgler, and Yu Yuan. 2012. Global, local, and Contagious Investor Sentiment. Journal of
Financial Economics 104: 272-87.

(Balcilar et al. 2013) Balcilar, Mehmet, Riza Demirer, and Shawkat Hammoudeh. 2013. Investor Herds and Regime-switching:
Evidence from Gulf Arab Stock Markets. Journal of International Financial Markets, Institutional and Money 23: 295-321.

(Banerjee and Padhan 2017) Banerjee, Ameet Kumar, and Purna Chandra Padhan. 2017. Herding Behavior in Futures Market: An
Empirical Analysis from India. Theoretical Economics Letters 7: 1015-28.

(Banerjee 1992) Banerjee, Abhijit V. 1992. A Simple Model of Herd Behavior. The Quarterly Journal of Economics 107: 797-817.

(Barberis et al. 1998) Barberis, Nicholas, Andrei Shleifer, and Robert Vishny. 1998. A Model of Investor Sentiment. Journal of Financial
Economics 49: 307-43.

(Bathia et al. 2016) Bathia, Deven, Don Bredin, and Dirk Nitzsche. 2016. International Sentiment Spillovers in Equity Returns.
International Journal of Finance and Economics 21: 332-59.

(Becketti and Sellon 1989) Becketti, Sean, and Gordon H. Sellon. 1989. Has Financial Market Volatility Increased? Economic Review 74:
17-30.

(Bekaert et al. 2003) Bekaert, Geert, Campbell R. Harvey, and Christian T. Lundblad. 2003. Equity Market Liberalization in Emerging
Markets. The Journal of Financial Research 26: 275-99.

(Berument and Kiymaz 2001) Berument, Hakan, and Halil Kiymaz. 2001. The Day of the Week Effect on Stock Market Volatility.
Journal of Economics 25: 181-93.

(Bikhchandani and Sharma 2001) Bikhchandani, Sushil, and Sunil Sharma. 2001. Herd Behavior in Financial Markets. IMF Staff Papers
47:279-310.

(Bikhchandani et al. 1992) Bikhchandani, Sushil, David Hirshleifer, and Ivo Welch. 1992. A Theory of Fads, Fashion, Custom, and
Cultural Change as Informational Cascades. Journal of Political Economy 100: 992-1026.

(Black 1976) Black, Fischer. 1976. Studies of Stock Price Volatility Changes. In Proceedings of the 1976 Meeting of the Business and
Economic Statistics Section, American Statistical Association. Washington, DC: American Statistical Association, pp. 177-81.

(Blasco et al. 2012) Blasco, Natividad, Pilar Corredor, and Sandra Ferreruela. 2012. Does Herding Affect Volatility? Implications for the
Spanish Stock Market 12: 311-27.



J. Risk Financial Manag. 2022, 15, x FOR PEER REVIEW 38 of 41

(Bodman et al. 2011) Bodman, Samuel W., James D. Wolfensohn, and Julia E. Sweig. 2011. Independent Task Force Report No. 66 — Global
Brazil and U.S.-Brazil Relations. New York: Council on Foreign Relations Press.

(Borensztein and Gelos 2003) Borensztein, Eduardo, and R. Gaston Gelos. 2003. A Panic-Prone Pack? The Behavior of Emerging
Market Mutual Funds. IMF Staff Papers 50: 43-63.

(Bouteska 2020) Bouteska, Ahmed. 2020. Some Evidence from a Principal Component Approach to Measure a New Investor
Sentiment Index in the Tunisian Stock Market. Managerial Finance 46: 401-20.

(Brown and Cliff 2004) Brown, Gregory W., and Michael T. Cliff. 2004. Investor Sentiment and the Near-term Stock Market. Journal
of Empirical Finance 11: 1-27.

(Calomiris et al. 2012) Calomiris, Charles W., Inessa Love, and Maria Soledad Martinez Peria. 2012. Stock Returns’ Sensitivities to
Crisis Shocks: Evidence from Developed and Emerging Markets. Journal of International Money and Finance 31: 743-65.

(Campbell and Hentschel 1992) Campbell, John Y., and Ludger Hentschel. 1992. No News is Good News: An Asymmetric Model of
Changing Volatility in Stock Returns. Journal of Financial Economics 31: 281-318.

(Caporale et al. 2008) Caporale, Guglielmo Maria, Fotini Economou, and Nikolaos Philippas. 2008. Herding behaviour in extreme
market conditions: The case of the Athens Stock Exchange. Economics Bulletin 7: 1-13.

(Chang et al. 2000) Chang, Eric C., Joseph W. Cheng, and Ajay Khorana. 2000. An Examination of Herd Behavior in Equity Markets:
An International Perspective. Journal of Banking & Finance 24: 1651-79.

(Chauhan et al. 2020) Chauhan, Yash, Nehal Ahmad, Vaishali Aggarwal, and Abhijeet Chandra. 2020. Herd Behaviour and Asset
Pricing in the Indian Stock Market. IIMB Management Review 32: 143-52.

(Chen et al. 2014) Chen, Haiqiang, Terence Tai Leung Chong, and Yingni She. 2014. A Principal Component Approach to Measuring
Investor Sentiment in China. Quantitative Finance 14: 573-79.

(Chiang and Zheng 2010) Chiang, Thomas C., and Dazhi Zheng. 2010. An Empirical Analysis of Herd Behavior in Global Stock
Markets. Journal of Banking & Finance 34: 1911-21.

(Chiang et al. 2013) Chiang, Thomas C., Jiandong Li, Lin, Tan, and Edward Nelling. 2013. Dynamic Herding Behavior in Pacific-Basin
Markets: Evidence and Implications. Multinational Finance Journal 17: 165-200.

(Chong et al. 2014) Chong, Terence Tai-Leung, Bingqing Cao, and Wing Keung Wong. 2014. A New Principal-Component Approach to
Measur the Investor Sentiment. Hong Kong: The Chinese University of Hong Kong.

(Choudhary et al. 2019) Choudhary, Kapil, Parminder Singh, and Amit Soni. 2019. Relationship between FlIss’ Herding and Returns
in the Indian Equity Market: Further Empirical Evidence. Global Business Review 2019: 1-19.

(Chow 1960) Chow, Gregory C. 1960. Tests of Equality Between Sets of Coefficients in Two Linear Regressions. Econometrica 28: 591
605.

(Christie and Huang 1995) Christie, William G., and Roger D. Huang. 1995. Following the Pied Piper: Do Individual Returns Herd
around the Market? Financial Analysts Journal 51: 31-37.

(Dasgupta et al. 2011) Dasgupta, Amil, Andrea Part, and Michela Verardo. 2011. Institutional Trade Persistence and Long-Term
Equity Returns. The Journal of Finance 66: 635-53.

(De Long et al. 1990) De Long, J. Bradford, Andrei Shleifer, Lawrence H. Summers, and Robert ]. Waldmann. 1990. Noise Trade Risk
in Financial Markets. Journal of Political Economy 98: 703-38.

(Demirer and Kutan 2006) Demirer, Riza, and Ali M. Kutan. 2006. Does Herding Behavior Exist in Chinese Stock Markets? Journal of
International Financial Markets, Institutional and Money 16: 123-42.

(Dos Santos and Lagoa 2017) Dos Santos, Luis G. G., and Sérgio Lagoa. 2017. Herding Behaviour in a Peripheral European Stock
Market: The Impact of the Subprime and the European Sovereign Debt Crisis. International Journal of Banking, Accounting and
Finance 8: 174-203.

(Economou et al. 2018) Economou, Fotini, Christis Hassapis, and Nikolaos Philippas. 2018. Investors” Fear and Herding in the Stock
Market. Applied Economics 50: 1-10.

(Eichengreen and Mody 1998) Eichengreen, Barry, and Ashoka Mody. 1998. Interest Rates in the North and Capital Flows to the
South: Is There a Missing Link? International Finance 1: 35-57.

(EMIS 2019) EMIS. 2019. BRICS in 2019: Going Digital. London: EMISS ISI Emerging Markets Group.

(Feliba and Lozano 2021) Feliba, David, and Cheska Lozano. 2021. Foreign Investment Flows Return to Brazil in Q2, but Political
Risks Loom. Available online: https://www.spglobal.com/marketintelligence/en/news-insights/latest-news-headlines/foreign-
investment-flows-return-to-brazil-in-q2-but-political-risks-loom-65456134 (accessed on 20 January 2022).

(Friedman 1953) Friedman, Milton. 1953. Essays in Positive Economics. Chicago: University of Chicago Press.

(Galariotis et al. 2015) Galariotis, Emilios C., Wu Rong, and Spyros I. Spyrou. 2015. Herding on Fundamental Information: A
Comparative Study. Journal of Banking & Finance 50: 589-98.

(Ganesh et al. 2016) Ganesh, R., G. Naresh, and S. Thiyagarajan. 2016. Industry Herding Behaviour in Indian Stock Market. American
Journal of Finance and Accounting 4: 284-308.

(Garman and Klass 1980) Garman, Mark B., and Michael J. Klass. 1980. On the Estimation of Security Price Volatilities from Historical
Data. The Journal of Bussiness 53: 67-78.

(Gavriilidis et al. 2016) Gavriilidis, Konstantinos, Vasileios. Kallinterakis, and Ioannis Tsalavoutas. 2016. Investor Mood, herding and
the Ramadan Effect. Journal of Economic Behavior & Organization 132: 23-38.

(Gazel 2015) Gazel, Stimeyra 2015. The Regret Aversion as an Investor Bias. International Journal of Business and Management Studies 4:
419-24.



J. Risk Financial Manag. 2022, 15, x FOR PEER REVIEW 39 of 41

(Gill 2020) Gill, Chris. 2020. China Offers A Share to More Foreign Investors. Available online: https://www.asiafinancial.com/china-
offers-a-shares-to-more-foreign-investors (accessed on 26 October 2020).

(Gong and Dai 2017) Gong, Pu, and Jun Dai. 2017. Monetary Policy, Exchange Rate Fluctuation, and Herding Behavior in the Stock
Market. Journal of business Research 76: 34—43.

(Granger 1969) Granger, C. W. ]J. 1969. Investigating Causal Relations by Econometric Models and Cross-spectral Methods.
Econometrica 37: 424-38.

(Guney et al. 2017) Guney, Yilmaz, Vasileios Kallinterakis, and Gabriel Komba. 2017. Herding in Frontier Markets: Evidence from
African Stock Exchanges. Journal of International Financial Markets, Institutions and Money 47: 152-75.

(Hair et al. 2006) Hair, Joseph F., Bill Black, Barry Babin, Rolph E. Anderson, and Ronald L. Tatham. 2006. Multivariate Data Analysis,
6th ed. London: Pearson.

(Hattori et al. 2018) Hattori, Masazumi, Ilhyock Shim, and Yoshihiko Sugihara. 2018. Cross-Stock Market Spillovers through Variance
Risk Premiums and Equity Flows. Basel: The Monetary and Economic Department of the Bank for International Settlements.

(He et al. 2017) He, Gang, Shuzhen Zhu, and Haifeng Gu. 2017. On the Construction of Chinese Stock Market Investor Sentiment
Index. Cogent Economics & Finance 5: 1-10.

(Hong and Stein 1999) Hong, Harrison, and Jeremy C. Stein. 1999. A Unified Theory of Underreaction, Momentum Trading, and
Overreaction in Asset Markets. The Journal of Finance 54: 2143-84.

(Hsieh et al. 2011) Hsieh, Meng-Fen, Tzu-Yi Yang, Yu-Tai Yang, and Jen-Sin Lee. 2011. Evidence of herding and positive feedback
trading for mutual funds in emerging Asian countries. Quantitative Finance 11: 423-35.

(Huang and Wang 2017) Huang, Teng-Ching, and Kuei-Yuan Wang. 2017. Investors” Fear and Herding Behavior: Evidence from the
Taiwan Stock Market. Emerging Markets Finance and Trade 53: 2259-78.

(Huang et al. 2015) Huang, Teng-Ching, Bing-Huei Lin, and Tung-Hsiao Yang. 2015. Herd Behavior and Idiosyncratic Volatility.
Journal of Business Research 68: 763-70.

(Hudson 2014) Hudson, Yawen. 2014. Investor Sentiment and Herding— An Empirical Study of UK Investor Sentiment and Herding
Behaviour. Ph.D. thesis, Loughborough University, Loughborough, UK.

(Hwang and Salmom 2006) Hwang, Soosung, and Mark Salmom. 2006. Sentiment and Beta Herding. Coventry: Warwick Business
School.

(Indars et al. 2019) Indars, Edgars Rihards, Aliaksei Savin, and Agnes Lubldy. 2019. Herding Behaviour in an Emerging Market:
Evidence from the Moscow Exchange. Emerging Markets Review 38: 468-87.

(J. P. Morgan/Retuers 1996) J. P. Morgan/Retuers. 1996. RiskMetrics™-Technical Document, 4th ed. New York: Martin Spencer.

(Jlassi and Naoui 2015) Jlassi, Mouna, and Kamel Naoui. 2015. Herding Behaviour and Market Dynamic Volatility. Evidence from the
US Stock Markets 4: 70-91.

(Ju 2019) Ju, Xin-Ke. 2019. Herding Behaviour of Chinese A- and B-share Markets. Journal of Asian Business and Economic Studies 27:
49-65.

(Jtnior et al. 2019) Junior, Gerson De Souza Raimundo, Marcelo Cabus Klotzle, Antonio Carlos, Figueiredo Pinto, and André Luis
Leite. 2019. Political Risk, Fear, and Herding on the Brazilian Stock Exchange. Applied Economics Letter 27: 759—63.

(Kabir 2018) Kabir, M. Humayun. 2018. Did Investors Herd During the Financial Crisis? Evidence from the US Financial Industry.
International Review of Finance 18: 59-90.

(Kahneman and Tversky 1979) Kahneman, Daniel, and Amos. Tversky. 1979. An Analysis of Decision under Risk. Econometrica 47:
263-92.

(Kaiser 1970) Kaiser, Henry F. 1970. A Second Generation Little Jiffy. Psychometrika 35: 401-15.

(Kaiser 1974) Kaiser, Henry F. 1974. An Index of Factorial Simplicity. Psychometrika 39: 31-36.

(Khan and Ahmad 2018) Khan, Mehwish Aziz, and Eatzaz Ahmad. 2018. Measurement of Investor Sentiment and Its Bi-Directional
Contemporaneous and Lead-Lag Relationship with Returns: Evidence from Pakistan. Sustainability 11: 94.

(Kremer and Nautz 2013) Kremer, Stephanie, and Dieter Nautz. 2013. Causes and Consequences of Short-term Institutional Herding.
Journal of Banking & Finance 37: 1676-86.

(Lakshman et al. 2013) Lakshman, M. V., Sankarshan Basu, and R. Vaidyanathan. 2013. Market-wide Herding and the Impact of
Institutional Investors in the Indian Capital Market. Journal of Emerging Market Finance 12: 197-237.

(Lao and Singh 2011) Lao, Paulo, and Harminder Singh. 2011. Herding Behaviour in the Chinese and Indian Stock Markets. Journal
of Asian Economics 22: 495-506.

(Lee etal. 1991) Lee, Charles M. C., Andrei Shleifer, and Richard H. Thaler. 1991. Investor Sentiment and the Closed-End Fund Puzzle.
The Journal of Finance 46: 75-109.

(Lee 2006) Lee, Keun Yeong. 2006. The Contemporaneous Interactions between the U.S., Japan, and Hong Kong Stock Markets.
Economiics Letters 90: 21-27.

(Liao et al. 2011) Liao, Tsai-Ling, Chih-Jen Huang, and Chieh-Yuan Wu. 2011. Do Fund Managers Herd to Counter Investor
Sentiment?. Journal of Business Research 64: 207-12.

(Lin et al. 2013) Lin, William T., Shih-Chuan Tsai, and Pei-Yau Lung. 2013. Investors’” Herd Behavior: Rational or Irrational?. Asia-
Pacific Journal of Financial Studies 43: 755-76.

(Liu et al. 2020) Liu, Hai Yue, Agsa Manzoor, Cang Yu Wang, Lei Zhang, and Zaira Manzoor. 2020. The COVID-19 Outbreak and
Affected Countries Stock Markets Response. International Journal of Environmental Research and Public Health 17: 1-19.



J. Risk Financial Manag. 2022, 15, x FOR PEER REVIEW 40 of 41

(Liu and Pan 1997) Liu, Y. Angela, and Ming-Shiun Pan. 1997. Mean and Volatility Spillover Effects in the U.S. and Pacific-Basin
Stock Markets. Multinational Finance Journal 1: 47-62.

(Luo and Schinckus 2015) Luo, Ziyao, and Christophe Schinckus. 2015. The Influence of the US Market on Herding Behaviour in
China. Applied Economics Letters 22: 1055-58.

(Lux 1995) Lux, Thomas. 1995. Herd Behaviour, Bubbles and Crashes. The Economic Journal 105: 881-96.

(Masson and Pattillo 2005) Masson, Paul Robert, and Catherine Pattillo. 2005. The Monetary Geography of Africa. Washington, DC:
Brookings Institution Press.

(McKinsey 2017) McKinsey. 2017. Digital China: Powering the Economy to Global Competitiveness. London: McKinsey Global Institute.

(Mulki and Rizkianto 2020) Mulki, Rafika U., and Eko Rizkianto. 2020. Herding Behavior in BRICS Countries, during Asian and
Global Financial Crisis. Available online: https://www.researchgate.net/publication/339998992 (accessed on 1 March 2022).

(Nelson 1991) Nelson, Daniel B. 1991. Conditional Heteroscedasticity in Asset Returns: A New Approach. Econometrica 59: 347-70.

(Oliveira et al. 2016) Oliveira, Marcelle Colares, Domenico Ceglia, and Fernando Antonio Filho. 2016. Analysis of Corporate
Governance Disclosure: A Study through BRICS Countries. Corporate Governance 16: 923—40.

(Ouarda et al. 2013) Ouarda, Moatemri, Abdelfatteh El Bouri, and Olivero Bernard. 2013. Herding Behavior under Markets Condition:
Empirical Evidence on the European Financial Markets. International Journal of Economics and Financial Issues 3: 214-28.

(Parkinson 1980) Parkinson, Michael. 1980. The Extreme Value Method for Estimating the Variance of the Rate of Return. The Journal
of Business 53: 61-65.

(Philippas et al. 2013) Philippas, Nikolaos, Fotini Economou, Vassilios Babalos, and Alexandros Kostakis. 2013. Herding Behavior in
REITs: Novel Tests and the Role of Financial Crisis. International Review of Financial Analysis 29: 166-74.

(Poterba and Summers 1988) Poterba, James M., and Lawrence H. Summers. 1988. Mean Reversion in Stock Prices: Evidence and
Implication. Journal of Financial Economics 22: 27-59.

(Rapoza 2019) Rapoza, Kenneth. 2019. Most Foreign Capital Flowing into Russian Stock Market Is American. Available online:
https://www.forbes.com/sites/kenrapoza/2019/10/22/most-foreign-capital-flowing-into-russia-stock-market-is-
american/?sh=418bae4a9%9%1 (accessed on 1 November 2020).

(Roll 1984) Roll, Richard. 1984. A Simple Implicit Measure of the Effective Bid-Ask Spread in an Efficient Market. The Journal of Finance
39: 1127-39.

(Sardjoe 2012) Sardjoe, Joey. 2012. Herding in Investor’s Behavior: An Investigation of Herd Behavior in the Russian Stock Market. Tilburg:
International Business Administration (Finance), Tilburg University.

(Scheinkman and Xiong 2003) Scheinkman, José. A., and Wei Xiong. 2003. Overconfidence and Speculative Bubbles. Journal of Political
Economy 111: 1183-219.

(Schwert 1990) Schwert, G. William. 1990. Stock Volatility and the Crash of ’87. The Review of Financial Studies 3: 77-102.

(Scott 1991) Scott, Louis O. 1991. Financial Market Volatility: A Survey. IMF Staff Papers 38: 582—-625.

(Seetharam and Britten 2013) Seetharam, Yudhvir, and James Britten. 2013. An Analysis of Herding Behaviour during Market Cycles
in South Africa. Journal of Economic and Behavioral Studies 5: 89-98.

(Shieber and Crichton 2020) Shieber, Jonathan, and Danny Crichton. 2020. Stock Markets Halted for Unprecedented Third Time due
to Coronavirus Scare. Available online: https://techcrunch.com/2020/03/16/stock-markets-halted-for-third-time-as-heavy-
selling-trips-circuit-breakers-due-to-coronavirus-scare/?guccounter=1 (accessed on 26 October 2020).

(Shiller 1981) Shiller, Robert J. 1981. Do Stock Prices Move too Much to be Justified by Subsequent Changes in Dividends? The
American Economic Review 71: 421-36.

(Sias 2004) Sias, Richard W. 2004. Institutional Herding. The Review of Financial Studies 17: 165-206.

(Simon and Wiggins 2001) Simon, David P., and Roy. A. IIl Wiggins. 2001. S&P Futures Returns and Contrary Sentiment Indicators.
The Journal of Futures Markets 21: 447-62.

(Syriopoulos and Bakos 2019) Syriopoulos, Theodore, and George Bakos. 2019. Investor herding behaviour in globally listed shipping
stocks. Maritime Policy & Management 46: 545-64.

(Tan et al. 2008) Tan, Lin, Thomas C. Chiang, Joseph R. Mason, and Edward Nelling. 2008. Herding Behavior in Chinese Stock
Markets: An Examination of A and B Shares. Pacific-Basin Finance Journal 16: 61-77.

(Topol 1991) Topol, Richard. 1991. Bubbles and Volatility of Stock Prices: Effects of Mimetic Contagion. The Economic Journal 101: 786—
800.

(U.S. Department of State 2021) U.S. Department of State. 2021. U.S. Relations with Brazil. Available online: https://www.state.gov/u-
s-relations-with-brazil/ (accessed on 20 January 2022).

(Vieira and Pereira 2015) Vieira, Elisabete F. Sim&es, and Marcia S. Valente Pereira. 2015. Herding Behaviour and Sentiment: Evidence
in a Small European Market. Revista de Contabilidad — Spanish Accounting Review 18: 78-86.

(Wang and Huang 2018) Wang, Kuei-Yuan, and Yu-Sin Huang. 2018. Effects of Transparency on Herding Behavior: Evidence from
the Taiwanese Stock Market. Emerging Markets Finance & Trade 55: 1821-40.

(Wang and Huang 2012) Wang, Tianyi, and Zhuo Huang. 2012. The Relationship between Volatility and Trading Volume in the
Chinese Stock Market: A Volatility Decomposition Perspective. Annals of Economics and Finance 13: 211-36.

(Welch 1992) Welch, Ivo. 1992. Sequential Sales, Learning, and Cascades. The Journal of Finance 47: 695-732.

(Whaley 2000) Whaley, Robert E. 2000. The Investor Fear Gauge. The Journal of Portfolio Management 26: 12-17.

(World Bank 2020) World Bank. 2020. Foreign Direct Investment, Net Inflows (%of GDP)—South Africa. Available online:
https://data.worldbank.org/indicator/BX.KLT.DINV.WD.GD.ZS?locations=ZA (accessed on 26 October 2020).


https://www.forbes.com/sites/kenrapoza/2019/10/22/most-foreign-capital-flowing-into-russia-stock-market-is-american/?sh=418bae4a99e1
https://www.forbes.com/sites/kenrapoza/2019/10/22/most-foreign-capital-flowing-into-russia-stock-market-is-american/?sh=418bae4a99e1
https://techcrunch.com/2020/03/16/stock-markets-halted-for-third-time-as-heavy-selling-trips-circuit-breakers-due-to-coronavirus-scare/?guccounter=1
https://techcrunch.com/2020/03/16/stock-markets-halted-for-third-time-as-heavy-selling-trips-circuit-breakers-due-to-coronavirus-scare/?guccounter=1
https://www.state.gov/u-s-relations-with-brazil/
https://www.state.gov/u-s-relations-with-brazil/
https://data.worldbank.org/indicator/BX.KLT.DINV.WD.GD.ZS?locations=ZA

J. Risk Financial Manag. 2022, 15, x FOR PEER REVIEW 41 of 41

(World Health Organization 2020) World Health Organization. 2020. Novel Coronavirus—China. Available online:
https://www.who.int/emergencies/disease-outbreak-news/item/2020-DON233 (accessed on 1 November 2020).

(Wright and Bower 1992) Wright, William F., and Gordon. H. Bower. 1992. Mood Effects on Subjective Probability Assessment.
Organizational Behavior and Human Decision Processes 52: 276-91.
(Wroblewska 2016) Wroblewska, Anna B. 2016. How China’s Stock Market Affects US Indexes. Available online:
https://www.wiseradvisor.com/article/how-chinas-stock-market-affects-us-indexes-4190/ (accessed on 1 November 2020).
(Yadav 2017) Yadav, Sameer. 2017. Stock Market Volatility —A Study of Indian Stock Market. Global Journal for Research Analysis 6:
629-32.

(Zheng et al. 2015) Zheng, Dazhi, Huimin Li, and Xiaowei Zhu. 2015. Herding Behavior in Institutional Investors: Evidence from
China’s Stock Market. Journal of Multinational Financial Management 32-33: 59-76.

(Zhu et al. 2020) Zhu, Lei, Huimin Li, and Dazhi Zheng. 2020. Institutional Industry Herding in China. The Chinese Economy 53: 246—
64.

(Zweig 1973) Zweig, Martin E. 1973. An Investor Expectations Stock Price Predictive Model Using Closed-End Fund Premiums. The
Journal of Finance 28: 67-78.


https://www.who.int/emergencies/disease-outbreak-news/item/2020-DON233
https://www.wiseradvisor.com/article/how-chinas-stock-market-affects-us-indexes-4190/

