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The impact of investor sentiment on sectoral
returns and volatility: Evidence from the
Johannesburg stock exchange

Hilary Tinotenda Muguto?, Lorraine Muguto®, Azra Bhayat®, Hawaa Ncalane?,

Abstract: This study investigated the impact of investor sentiment impact on
sectoral returns and their volatility on the Johannesburg Stock Exchange using
a proxy-based composite investor sentiment index and generalised autoregressive
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conditional heteroscedasticity models. Overall, findings showed a negative rela-
tionship between prevailing sentiment and subsequent returns and a positive rela-
tionship between investor sentiment and sector returns volatilities. Additionally,
there was evidence of variability of sentiment effects on the sector returns and
volatilities. Accordingly, firms that raise financing through the stock market, port-
folio managers with investments thereon and policymakers seeking to ensure that
markets operate efficiently need to consider the impact of market-wide investor
sentiment on volatility and returns.

Subjects: Economics; Finance; Business, Management and Accounting

Keywords: sentiment; returns; volatility; GARCH; South Africa

Jel classification: G10; G15; G17; G40; G41

1. Introduction

In the classical financial theory, particularly the efficient market hypothesis, security prices are
said to always reflect all available market information as investors are assumed to be generally
rational (Fama, 1970; C. Huang et al., 2014). This theory also asserts that irrational investors trade
randomly. Therefore, their impact on the pricing of financial market securities is short-lived and the
short-term mispricing they cause is rapidly arbitraged away by their rational counterparts (Huang
& Fang, 2021). However, the theory has faced substantial criticism due to the understanding that
investors are not consistently rational but subject to behavioural biases. This has resulted in the
emergence of a new paradigm in finance, termed behavioural finance, which refers to the study of
how psychology and behavioural biases impact investment decisions (Zahera & Bansal, 2018). The
incidence of suboptimal decisions on a large scale due to behavioural bias-driven investors trading
in concert may result in significant mispricing, which may turn into long-term incongruous pricing
patterns termed financial market anomalies ().

In recent decades, particular attention has fallen on investor sentiment which, according to
Baker and Wurgler (2006), refers to general investors’ expectations about future cash flows and
risks of financial assets that are not based on fundamental information but noise. This definition
accords with Rupande et al. (2019) who described the phenomenon as an amalgam of behavioural
biases that influence investors’ decision-making. Kurov (2010) explains that investor sentiment
manifests in asset pricing through trading activity; rising and falling prices indicate bullish and
bearish sentiment, respectively. This observation is consistent with the early work of Keynes
(1936), who argued that asset prices fluctuate wildly owing to the effects of investors’ animal
spirits. Therefore, a significant incidence of sentiment-driven investors who trade in concert can
cause protracted mispricing of securities (De Long et al., 1990). Accordingly, Baker and Wurgler
(2007) explained that the focus should be shifted from determining whether sentiment affects
prices to determining how to measure the phenomenon and quantify its effects.

High sentiment periods often exhibit high volatility and a distorted price discovery process (Lin
et al,, 2018). These periods attract overoptimistic noise traders who under-assess risk due to the
positive outlook, lower risk aversion and overreliance on recent non-fundamental data, all of which
result in overpricing of financial assets and, in the worst-case scenarios, the development of
pricing bubbles (Chiang et al., 2011; Shen et al., 2017). The mean reversion of sentiment and the
bursting of the pricing bubbles increases volatility on markets. Even with the enduring argument
that sentiment effects are transient due to rational arbitrageurs, there are substantial constraints
to arbitrage—trading costs, taxation costs, information asymmetries and limited liquidity—that
erode the ability of rational arbitrageurs to drive away sentiment traders. Thus, sentiment effects
can persist for a long time. However, in low sentiment periods characterised by a negative outlook,
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their incidence is low because of their reluctance to take on short positions (Uygur & Tas, 2014b).
Thus, only predominantly rational, utility-maximising, and risk-averse traders remain on markets.

It is, therefore, unsurprising that investor sentiment has been linked to stock market returns. For
example, Baker and Wurgler (2006) found that the returns of securities of which valuations are
highly subjective and difficult to arbitrage were higher following low sentiment periods than high
sentiment periods. Da et al. (2011) found that their new and direct measure of investor attention
timely captured investor attention. An increase in the measure predicted higher stock prices in the
subsequent two weeks and an eventual price reversal within the year. It also predicted first-day
return and long-run underperformance of IPO stocks. Zouaoui et al. (2011) found a link between
financial market crisis returns and sentiment in the fifteen countries. The effect was more sig-
nificant on stock markets with investors that were prone to herding and overreaction. Sprenger
et al. (2014) found an association between sentiment expressed in tweets on the social media
platform and stock returns, message volume and trading volume, as well as disagreement and
volatility. They also found that users providing above-average investment advice are retweeted
more often and have more followers.

Dalika and Seetharam (2015) reported a significant effect of sentiment on the cross-section of
returns in South Africa. When sentiment is low, subsequent returns are relatively high on smaller
stocks, high volatility stocks, extreme growth stocks, and young stocks and vice versa. Green and
Hudson (2015) found that United States investor sentiment was highly significant in explaining the
United Kingdom s equity returns. They also found that sentiment was a more significant determi-
nant of returns in the period immediately preceding a crisis than at other times. Sayim and
Rahman (2015) found that unexpected changes in investor sentiment have a significant positive
impact on Turkish returns and a negative significant effect on volatility. This indicates that
optimism creates positive expectations and reduces uncertainty and volatility of stock market
returns. Sayim and Rahman (2015b) found a significant spillover effect of U.S. investor sentiment
on stock return and volatility in Turkey, with the impact of institutional sentiment greater than that
of individual sentiment and the effect of rational sentiment faster than that of irrational
sentiment.

Naik and Padhi (2016) found that sentiment significantly influences market excess returns in
India. However, there was a bi-directional causality between excess return and investor sentiment
at the third lag. Further, positive and negative sentiments had asymmetric impacts on return
volatility. Ryu et al. (2017) found that high investor sentiment induces higher stock market returns
on the Korean market. They also found that institutional trades are positively associated with stock
returns, suggesting the information of institutional investors. The opposite was true for individual
trades. Kim et al. (2019) found that investor sentiment becomes pessimistic prior to bad news
being released, significantly affecting the response of stock returns to downgrade announcements
on the Korean stock market. Wang, Su, et al. (2022) confirmed a conditional impact of investor
sentiment on stock returns via direct and indirect channels: In bull regimes, optimistic shifts in
investor sentiment would increase stock returns, while in bear regimes, optimistic shifts would
decrease stock returns. The opposite was true for pessimistic shifts.

Chakraborty and Subramaniam (2020) found that investor sentiment caused stock returns at
extreme quantiles in India. Lower sentiment induced fear-induced selling, thereby lowering the
returns and high sentiment is followed by lower future returns as the market reverts to fundamentals.
McGurk et al. (2020) found that their investor sentiment measure has a positive and significant effect
on abnormal stock returns on the US market. These findings were consistent across several different
models and specifications, providing further evidence against non-behavioural theories. Phuong
(2020) found that the influence of investor sentiment to return stocks on the Vietnamese stock
market was significant. The study also found that the effect of firm size on stock returns was more
pronounced when investor sentiment was used in research models. Al-Nasseri et al. (2021) found that
the effects of sentiment are heterogeneous throughout the return distribution on the US market.
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Sentiment was positively contemporaneously associated with stock returns at higher quantiles, but it
was a negative predictor of future returns at lower quantiles.

Fu et al. (2021) found a significant positive relationship between firm-specific investor sentiment
and stock price crash risk. The positive relationship was found to be robust to different measures of
crash risk and more pronounced for low liquidity firms. Zhang et al. (2021) found that higher firm-
specific investor sentiment induces lower stock price synchronicity, which shows that low-price
synchronicity represents high-price informativeness. They also found a negative relationship
between price synchronicity and future crash risk, suggesting that return comovement is asso-
ciated with noise. Obaid and Pukthuanthong (2022), using an investor sentiment index obtained
from news photos, found that photo pessimism predicts market return reversals and trading
volume. The relation was strongest among stocks with high limits to arbitrage and during periods
of elevated fear. Abdul Karim et al. (2022) found that market sentiment indices strongly and
positively influenced firms’ equity returns in Malaysia. Excellent market sentiment encouraged
a bullish strategy, increasing share prices and, consequently, stock returns.

Sentiment has also been linked to volatility. For example, Baker et al. (2012) found that investor
sentiment had an essential role in market volatility across seven developed countries’ markets
through private capital flows. Uygur & Tas, 2014a) reported a negative relationship between
sentiment and future returns and an asymmetric effect of sentiment on market volatility in the
United States, Japan, Hong Kong, London, France, and Germany. Kumari and Mahakud (2016)
found definitive evidence that investor sentiment drove stock conditional market volatility in India.
Lopez-Cabarcos et al. (2017) found that the sentiment of non-technical investors influences
market risk, their experience and their holding period. This reveals that investor profile is important
when trying to understand the influence of sentiment on the stock market. Qadan (2019) found
that investor sentiment influences risk appetite which occupies a significant role in the relationship
between expected returns and idiosyncratic volatility. Specifically, when risk appetite increases,
there is a shift from safer to more speculative stocks.

Rupande et al. (2019) reported a significant connection between investor sentiment and stock
return volatility in South Africa. Reis and Pinho (2020a) established a link between their global
sentiment index and the conditional market volatility on the European and American markets.
Jiang and Jin (2021) found that sentiment positively influences stock return volatility in China, both
temporally and spatially. Idilbi-Bayaa and Qadan (2022) found prominent non-random movement
patterns of volatility mainly on Mondays and Fridays which they linked to rational and irrational
drivers on the US market that included sentiment. Gao et al. (2022) found that sentiment had
a significant positive impact on realised, continuous, and jump volatilities in China. Further,
investor sentiment was found to influence volatilities through the volume-synchronised probability
of informed trading. Gong et al. (2022) found that their sentiment index predicted volatility. This
was the case in both non-crisis and crisis periods.

Various other authors have established a connection between investor sentiment and various
pricing anomalies, leading to the blame being shifted to asset pricing models. Avramov and
Chordia (2006), for example, argued that the capital asset pricing model (CAPM) beta cannot
fully capture all the systematic risk of an asset. Thus, abnormal returns are simply compensation
for this salient risk that the beta fails to capture. Replacement models such as the Intertemporal
CAPM (Merton, 1973), the Arbitrage Pricing Theory (Ross, 1976) and the Consumption CAPM (Lucas,
1978) have been developed based on this assertion. However, introducing models that do not
incorporate behavioural factors in their formulations is futile. Rupande et al. (2019) held that
financial market anomalies are too significant to be dismissed as model inadequacy. This could
be why these subsequent models have not been able to fully replace the original CAPM formula-
tion. The argument that the continued reporting of pricing anomalies on financial markets is
a result of behavioural biases, among which is investor sentiment, cannot, therefore, be dismissed
(Kapoor & Prosad, 2017).
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In this regard, Ali and Gurun (2009) found that for small stocks mispricing per unit of accruals
was greater in high-sentiment periods as compared with low-sentiment periods. This result is
consistent with the assumption that in high sentiment periods individual investors pay less atten-
tion towards understanding the accruals and cash flow components of earnings. Antoniou and
Subrahmanyam (2010) confirmed the linkage between investor sentiment, momentum strategies
and a broad set of anomalies in the United States market. T. Kim and Ha (2010) reported the
presence of a connexion between investor sentiment and value effect on the Korean market and
Anusakumar and Ali (2017) reported significant effects of global sentiment on momentum in Asian
stock markets. Stambaugh et al. (2012), in the examination of a broad set of anomalies, found that
each anomaly is stronger—the long-short strategy was more profitable—following high levels of
sentiment on the US market. The short leg of each strategy was more profitable following high
sentiment. However, sentiment exhibited no relation to returns on the long legs of the strategies.

Bathia and Bredin (2013) found a negative relationship between investor sentiment and future
returns on the G7 markets. They also found evidence of commonality across all the sentiment
measures with the value stocks having a particularly strong effect relative to growth stocks.
D. Huang et al. (2015), using their new investor sentiment index, found that it had statistically
and economically significant predictive power of returns and could also predict cross-sectional
stock returns sorted by industry, size, value, and momentum. In South Africa, Dalika and
Seetharam (2015) found that investor sentiment significantly affected various financial market
anomalies such as momentum, value, size, and the weekend effect. This observation matches the
findings by Muguto (2015) and Mahlophe and Muzindutsi (2017). Shu and Chang (2015), by linking
psychological research and a traditional asset-pricing model, found that a modified Lucas (1978)
model can adequately interpret prominent financial market anomalies, such as high volatility,
bubble and crash formation, and the relationships among investor sentiment, asset prices and
expected returns.

Smales (2017) demonstrated that investor sentiment drove returns across US firm-size and
value. Sentiment had a greater influence on market returns during the recession, particularly
true for stocks most susceptible to speculative demand. Xavier and Machado (2017) found that
investor sentiment had explanatory power for the value anomalies when included in the capital
asset pricing model on the Brazilian market and was robust to all risk factors. Beer et al. (2018)
found that investors’ sentiment influences accruals mispricing across European countries, more
pronounced for stocks whose valuations are highly subjective and difficult to arbitrage and in
countries with weaker outside shareholder rights, lower legal enforcement, lower equity market
development, higher allowance of accrual accounting and in countries where herd-like behaviour
and overreaction behaviour are strong.

R. Chen et al. (2019) found that the internet finance investor sentiment had a more significant
impact on stocks of firms intricately linked to internet financial products. It also had significant
incremental explanatory power, beyond Fama and French s (2015) five factors, on return comove-
ments for stocks with larger market capitalisation and the size anomaly. Qadan and Aharon (2019)
found that the size premium correlates with and is predictable using investor sentiment because
investors overvalue small stocks during times associated with overly optimistic moods. Hudson
et al. (2020) found that fund managers exhibit herd behaviour based on the market portfolio, size,
and value factors. They also found a unidirectional investor sentiment effect on the herding of UK
mutual fund managers. Though, the sentiment factors affecting open-end and closed-end fund
managers’ herding behaviour were different due to the differences in funds’ structure. Byun et al.
(2022) found a significant association between the MAX effect and sentiment on the Korean
market. Stocks with extremely positive returns underperformed the market following periods of
low investor sentiment.

Han and Shi (2022) found that while the anomalies in the trading frictions category are the most
pronounced in the Chinese market, the anomaly returns increase over time with the trend of
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investor sentiment. That is, investor sentiment drives the wave of anomaly returns, and anomaly
returns are higher during periods of higher sentiment. Han et al. (2022) found that sentiment has
been mean-reverting on the US market, implying the diminished effect of noise investors and their
associated mispricing. These changes in sentiment persistence affected equity anomalies, suggest-
ing that the presence and impact of sentiment-driven investors is significantly time-variant. K. Kim
and Ryu (2022) examined whether investor sentiment changes explain the Monday effect. They
found that absolute changes in sentiment significantly and positively impacted stock returns,
whereas its positive impact declined after weekends. The negative stock returns on Mondays
disappeared after controlling for the impact of over-the-weekend sentiment changes under the
pessimistic sentiment.

Investor sentiment is also found as a major factor not only in equities but also in other assets
such as bonds (Lee & Kim, 2019; Pifieiro-Chousa et al., 2021; Su et al., 2020), commodities (Akgay,
2022; Dai et al,, 2022; Le & Luong, 2022; Luo et al.,, 2022; Qadan & Jacob, 2022; Qadan & Nama,
2018) and cryptocurrencies (Lopez-Cabarcos et al., 2021; Naeem et al., 2021; Rathilal, 2021). There
is also evidence that investor sentiment can have varying effects on different sectors within one
market, which allows for arbitraging (Uygur & Tas, 2014a; Curatola et al., 2016; Reis & Pinho, 2020;
Padungsaksawasdi, 2020; Rehman et al,, 2021; Shi et al,, 2022). This can be attributed to the
different risk-return profiles and different levels of attractiveness to noise traders of these sectors.
As such, analyses in which aggregate data is employed (for example, Dash & Maitra, 2018; Kumari
& Mahakud, 2016; Rupande et al., 2019) instead of disaggregated sector indices or firm-level data
may yield insufficiently detailed results on the impact of sentiment on that market.

The realisation of a possible differential effect of investor sentiment on returns and volatility
across different sectors informed the decision in this study to employ sector-level data in this
analysis on the Johannesburg Stock Exchange. The results of this study will be of particular interest
not only to scholars but valuable for portfolio management, mispricing arbitrage, risk management
and policymaking purposes. It is in this respect that this study differs from Rupande et al. (2019)
who, despite examining the same market, employed aggregated data on the broad market index.
However, this analysis is more aligned with Chipunza et al. (2020a) and Chipunza et al. (2020b) in
their consideration of sector-level data, even though the later studies did not consider the impact
of investor sentiment. The specific aim of this study was to examine the impact of investor
sentiment on both the returns and volatility of South African sector indices. This entailed the
construction of a proxy-based index using principal component analysis to measure sentiment and
the employment of sentiment-augmented GARCH models.

While there are various studies conducted on different emerging countries’ stock markets, the
choice of South Africa was warranted by the growing foreign investment on the African continent,
with a huge share flowing into South Africa. Its relative stability makes it the easiest way to gain
exposure to the continent s growth. South Africa is also part of a group of emerging markets that have
been exhibiting signs of growing dominance globally. According to Muguto and Muzindutsi (2022),
through globalisation and financial market liberalisation, the opening up of markets and the increased
cross-border investments as investors search for higher risk-adjusted returns have resulted in more
dominance of emerging markets. This is particularly so for those countries that belong to economic
blocs that have become more influential (Yang, 2019). Thirdly, the cultural differences between South
African investors and investors from other emerging markets in Asia and Europe motivated the study.
Scholars such as Ikram (2016), Ahmad et al. (2017) and Zahera and Bansal (2018) have shown how
culture influences investor decision-making and susceptibility to behavioural biases.

The rest of the study is structured as follows: Section 2 describes the methodology—the data
description and the method of analysis description. Section 3 presents the results and analysis—
Section 3.1 provides the preliminary analysis; Section 3.2 contains the mean equation results and
analysis while Section 3.3 contains the variance equation results and analysis. Section 4 concludes the
study.
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2. Data and methods

Daily closing prices and dividend yields data on seven sector indices—Basic materials (J510),
Industrials (J520), Consumer Services (J550), Telecommunications (J560), Travel and leisure
(J575), Financials (J580), Technology (J590)—and the benchmark All-Share Index (J203) were
employed from July 2009 to June 2020 based on data availability. As alluded to above, this is
the only point of difference from Rupande et al. (2019) who only employed aggregate index data.
These sectors are classified based on the industry classification benchmark, which is a globally
utilised standard for the categorisation and comparison of companies by industry and sector. It is
the official sector classification used across FTSE Russell indices for analysis, attribution and
performance measurement (Johannesburg Stock Exchange, 2022). This classification of sectors
varies from the classification on the other markets (Costa et al., 2022; Matos et al., 2021) but has
been used in various South African studies (Chipunza et al., 2020a, 2020b; Mokoena & Nomlala,
2022; Muzindutsi et al., 2020; Vengesai et al., 2022). This data was obtained from the IRESS
database.

Various studies do not include dividends in the calculation of returns (Muguto & Muzindutsi,
2022; Muzindutsi et al., 2020). This is because of how tedious it is to estimate the dividends of
constituent stocks in the indices. Yet, this analysis included them because they have become more
critical to investors, and their portion of total returns has recently increased (Muguto, 2015;
Rupande et al., 2019). This was achieved by multiplying the dividend yield on day t of each index
by its closing price on day t (Chipunza et al., 2020a, 2020b; Muguto, 2015). Daily data was used to
improve the accuracy of tests, as movements can be missed in lower frequency data and, if so,
may lead to inadequate modelling of returns and volatility (Rupande et al., 2019). Accordingly, and
following studies such as Rupande et al. (2019), the daily return, Rt, was calculated by using Py, the
daily closing price on day t, P4, the closing price the day before, and DY, the dividend yield on day
t, as:

Re= In{[P¢-+(DY;P;/100)] /P;_1 }+100 (1)

The measurement of sentiment was less straightforward than returns. According to Baker and
Wurgler (2007), the phenomenon does not have a universally agreed-upon measure. As such,
multiple methods such as surveys, lexicons, and proxies are often used. Surveys, as used by studies
such as Brown and Cliff (2004), Lux (2011), Finter et al. (2012) and Hengelbrock et al. (2013), can
capture the psychological dimension of individuals independent of sophisticated financial theories.
However, they suffer from prestige bias, confounding influences and an inability to distinguish
between diverse levels of optimism or pessimism (Baker & Wurgler, 2007; Bormann, 2013; Beer
and Zouaoui, 2018). The lexicon approach involves determining the orientation of articles by
categorising words in an article and then gleaning the tone of that article to draw inferences
about investors’ prevailing sentiment (Uhl, 2014; Hendershott et al, 2015; Smales, 2017). Yet,
lexicons can be subjective, often fail to detect conflicting opinion words and may not be able to
detect domain and context-specific opinion words (Rajput et al., 2016).

Proxies, on the other hand, are factors that indirectly reflect the prevailing investor sentiment
based on simple market data (Pandey & Sehgal, 2019). Numerous studies showed that proxies are
much more successful in measuring the sentiment on financial markets (Baker & Wurgler, 2006;
Uygur & Tas, 2014b; Han and Li, 2017; Muguto et al,, 2019; Rupande et al., 2019). The popularity of
this approach is founded on the ease with which proxies are accessible and how proxies are
observed in real time and reflect the strength of market participants’ bullishness or bearishness
(Muguto et al., 2019; Rupande et al,, 2019). However, proxies are not without their shortcomings.
For example, they rely on controversial theoretical explanations to link them to sentiment (Muguto,
2015) and contain both a sentiment component and an idiosyncratic, non-sentiment-related
component (Baker & Wurgler, 2006). The sheer number of sentiment proxies that have been
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employed in literature also reflects the fact that there is no clear, general and standard conception
of investor sentiment (Baker & Wurgler, 2006).

The solution to several of the disadvantages of proxies is to combine them into one composite
index to capture sentiment from different angles, filter out the idiosyncratic noise and exclusively
measure sentiment (Baker & Wurgler, 2006). In this regard, Baker and Wurgler (2006), Liao et al.
(2011), Finter et al. (2012), Beer and Zouaoui (2013), H. Chen et al. (2014), Rupande et al. (2019),
Muguto et al. (2019) and Reis and Pinho (2020a) found that indices formed from various proxies
were more accurate in measuring sentiment than an individual, potentially imperfect proxies.
Techniques such as the principal component analysis can separate the sentiment and the non-
sentiment component in a proxy. This technique reduces data dimensionality and removes unre-
lated qualities to improve the accuracy of the dataset in measuring a common component, which
is sentiment in this study. This is done by producing a linear combination of proxies with the first
principal component that captures the maximum variance (Deeney et al., 2015; Jolliffe & Cadima,
2016). Accordingly, six proxies were used in this study to construct a global sentiment index, as
described in Table 1 below.

Following Jaadi (2021), the variables were standardised to remove the effect of different units of
measurement. This is because the principal components based on the covariance matrix are
sensitive to the units of measurement, especially if they are vastly different (Jolliffe & Cadima,
2016). Subsequently, each proxy was regressed against four global aggregates of exports, gross
domestic product, inflation and population to orthogonalise them. The residuals from each equa-
tion were extracted to represent each sentiment proxy in the construction of the sentiment index.
Per Muguto (2015) and Reis and Pinho (2020a), using macroeconomic variables to orthogonalise
variables removes the macro effects from sentiment proxies and ensures that their explanatory
power is purely behavioural. The correlations between the orthogonal proxies were higher than
those between the raw proxies in the majority of cases. This is consistent with Baker and Wurgler
(2006) who argued that orthogonalisation of the sentiment proxies creates variables that measure
a common component better than non-orthogonalised variables.

Muguto (2015) and Rupande et al. (2019), following Baker and Wurgler (2006), noted that several
sentiment proxies take longer to reveal sentiment than others. To account for this, these studies first
constructed an index with the first principal components of the current values and the one-period
lagged values. Subsequently, the correlation between the first stage index and the current and lagged
values of each of the proxies was examined to determine which between the lagged or the current
values of each of the proxies revealed sentiment effects better. From then, they defined their
sentiment indices as the first principal component of the correlation matrix of the factors—each
corresponding proxy s current or lagged value, whichever had a greater correlation with the first-
stage index. Following the same procedure herein did not change the predictive power of the
sentiment index. Therefore, CompSent; was defined as the first principal component of the correlation
matrix of each corresponding proxy s current values as shown in Equation 2 below:

CompSent;= 0.0120il;+0.633Exr;+0.611Gld;+0.185Rpr;+0.435Tdv;+0.017Vix; (2)

From the principal component analysis, the first principal component accounted for 59.74% of the
total variance, higher than the 53% reported by Baker and Wurgler (2006). Further, the first two
principal components explain 85% of the variation in the data. The inclusion of the following two
principal components accounts for 99%. Looking at Figure 1 of the sentiment index, it is apparent
that it exhibits significant volatility, suggestive of sharp changes in sentiment. However, as with
Baker and Wurgler (2006) in their US sentiment index, Rupande et al. (2019) in their South African
sentiment index and Reis and Pinho (2020a) in their European sentiment index, CompSent visibly
lined up with various accounts of bubbles and crashes on the stock markets. It is vital to note that
all constructed proxies in Equation 2, namely oil price, exchange rate, repo rate, trading volume,
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Figure 1. Sector index returns
and investor sentiment.
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gold price and the volatility index have positive signs, showing that sentiment rises and falls with
these factors.

The positive coefficients on the first four proxies are consistent with descriptions of how they
reflect sentiment. However, considering that gold is a haven and a high-quality asset in the flight
to a quality phenomenon (Pandey & Sehgal, 2019; Akhtaruzzaman et al,, 2020) and that VIX is
a measure of market fear and stress (Lei et al., 2012; So and Lei, 2015), negative signs were
expected. It is possible that these two proxies might be capturing future expectations rather than
the current expectation, despite their lagged values being outperformed by current values. It could
also be an indication that some proxies can capture the sentiment of individual, unsophisticated
investors whereas other proxies can better capture the sentiment of sophisticated institutional
investors. This is consistent with the longstanding argument on the identity of sentiment-driven
traders (Beaumont et al., 2005; Muguto et al., 2019).

To model the returns and volatility of the sector indices and determine the impact of investor
sentiment thereon, three GARCH models—GARCH (Bollerslev, 1986), GJR-GARCH (Glosten et al.,
1993) and E-GARCH (Nelson, 1991)—were employed following Rupande et al. (2020). This frame-
work counters the shortcomings of Engle s (1982) ARCH model, such as its requirement of long lag
lengths and a large number of parameters. Further, the ARCH model is only a function of past
squared residuals and assumes that past volatility does not affect current volatility which in the
GARCH framework, the conditional variance depends on the squared residuals and the conditional
variance in the previous period. Furthermore, in the parsimonious GARCH specification with only
one lag of the past volatility and squared residuals, it is needless to include additional lags of either
of the two components. However, different residuals tests—normality, autocorrelation, heterosce-
dasticity and ARCH-LM—had to be conducted before the GARCH models were employed. The
presence of ARCH effects confirmed the appropriateness of the GARCH models (Muguto &
Muzindutsi, 2022).

Each model s mean equation for returns was similar in all specifications, and the variance
equation for volatility was specified differently. The sentiment index, CompSent, was then added
to the equations. The basic and sentiment-augmented mean equations for each model were
estimated as:
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Yi= H+0Y,_1+ver_1+6hi_1+e; (3)

Ye=H+0Y;_;-+ver_1+6h_1+6CompSent;+e; (4)

Where y; is the index return, p is the mean, ¢ captures the effect of past returns,v captures the
effect of past shocks, and 6 is the risk premium. The impact of investor sentiment on returns 6 was
determined by observing the significance, sign and size of the coefficient. Coefficients from
Equations 3 and 4 were also compared to determine the effect of investor sentiment on the
significance and signs of the other variables in the equations. The impact of investor sentiment on
stock return volatility was determined by estimating the variance equation. The non-augmented
conditional variance equations for the GARCH (1.1), GJR-GARCH (1.1) and E-GARCH (1.1) were
estimated in Equations 5, 7 and 9 while the same equations were estimated with the augmenta-
tion of CompSent; to capture the effect of investor sentiment on sectoral return volatility in
equations 6, 8 and 10 as:

he=w+ae? ;+Bhy 1 (5)

hi=w+ae? ,+Bh;_;+$CompSent; (6)

hi=w+ae? ,+Bh;_1+ye? ;d; 1 @

he=w-+oe? ;+Bhe_1+ye ;di_1+pCompSent; (8)

log(ht) =w+a e;:l -E (\;%) +y e;},:l +Bhi-1 (9)

log(hy) = w + o | e E( G ) _ +y-SE1 1 Bhy_; +éCompSent; (10)
|| v/ht-1 vhir)|] h_1

where h; is the conditional variance,w is the intercept, a and 8, capture the effect of shocks in
volatility and past volatility on current volatility, respectively. A statistically significant coefficient
on ¢ indicated a significant impact of sentiment on stock return volatility, while an insignificant
coefficient indicated sector return volatility s insensitivity to sentiment. If positive, this meant that
sentiment increases with volatility and vice-versa for a negative coefficient. The GARCH (1.1) model
in Equation 5 (and Equation 6) assumes that the response of time-varying volatility to negative
and positive shocks is the same, and hence shocks are modelled symmetrically. To counter this
limitation, the GJR-GARCH (1.1) model, an extension of the GARCH (1.1), accounts for asymmetries
in the response of volatility to negative and positive shocks. The conditional variance of the GJR-
GARCH (1.1) in Equation 7 (and Equation 8) adds a multiplicative dummy term to Equation 5, such
that y captures the leverage effects (Shamiri & Hassan, 2007). A statistically significant and
positive y denotes the leverage effect (Brooks, 2019).

However, even though the GJR-GARCH (1.1) accounts for leverage effects, it may still violate the
non-negativity constraints. Therefore, non-negativity conditions (w>0, a>0, 8 >0 and a +y > 0)
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were artificially imposed to ensure that coefficients are positive. To counter the drawback of
artificially imposing non-negativity constraints, the E-GARCH (1.1) model in Equation 9 (and
Equation10) employs logs to ensure that the non-negativity conditions are never violated. More
so, like the GJR-GARCH (1.1), the E-GARCH (1.1) captures the leverage effects in stock return
volatility. Therefore, in Equation 9, a statistically significant and negative y denotes the leverage
effects. Lastly, the stationarity condition (o + 8<1) should be met in all the equations for the
models to be admissible (Brooks, 2019). Three distribution assumptions—normal, student-t and
the generalised error distribution assumption (GED)—were assumed. The Schwarz Bayesian
Information Criterion (SBIC) was used to select the most appropriate model for each sector. In
addition, model diagnostic tests were conducted on the standardised residuals to ensure that the
selected GARCH models are correctly specified.

3. Results and analysis
This section describes the results of the study—from the preliminary tests to the discussion of the
mean and variance equation results.

3.1. Preliminary analysis

Table 2 below reports the descriptive statistics for the sectoral returns, the broad market index and
the sentiment index. All sectors had positive average daily returns with Telecommunications
having the highest daily return of 5.07% and Technology having the lowest return of 0.97% over
the sample period. Additionally, the Telecommunications sector had the highest standard devia-
tion of 2.48%, whereas Financials had the lowest standard deviation of 1.24%. The benchmark
index recorded 2.91%. Three sectors—Industrials, Financials and Technology were outperformed
by the benchmark. These differences in returns of sectors suggest heterogeneity, which is advan-
tageous for cross-sector diversification. They also suggest that these sectors respond differently to
macroeconomic shocks and the shocks in sentiment. All the return series were positively skewed
except for Financials, suggesting a period with more average daily returns and non-normal
distribution. The kurtosis and Jarque-Bera results also confirm the non-normality of these series.

Furthermore, all return series were serially correlated. This suggests the use of the ARMA process
to model the mean equations (Brooks, 2019). The ARCH-LM and the Ljung-Box test results showed
significant ARCH effects in all sectors, confirming the use of the GARCH models in the analysis of
the impact of investor sentiment on JSE sectoral returns and volatility. The results of the ADF and
the KPSS unit root and stationarity tests are reported in Table 2. From the ADF test, all the stock
returns series are stationary or have no unit root at levels. From the KPSS test, none of the series
was found to be stationary at levels. They were only stationary at first difference. As the KPSS is
considered a stronger test than the ADF test, the variables were all deemed to be integrated of
order 1 and were differenced before estimations were conducted. The returns plots in Figure 1
confirm some of the descriptive statics; they show that variance was not constant over the sample
period and that it followed an autoregressive pattern which gives rise to volatility clustering.

Volatility clustering in most periods coincided with notable financial market events, chief among
which was the Covid-19 pandemic. The plots also suggest that the series were not stationary due
to the absence of constant means over the sample period. As such, they needed to be differenced
once before estimations. Further, there were notable differences in the return patterns across the
sectors. These differences indicate that cross-sector diversification is possible in South Africa.
Investor sentiment was negative from 2009 to 2015, due to the 2008 financial crisis (Rupande
et al.,, 2019). After 2010, there was a steady improvement in sentiment as the market recovered
and, after 2015, sentiment changed from negative to positive up to 2019. Between 2019 and 2020
investors’ sentiment experienced a sharp decline that may be a result of the COVID-19 pandemic.
Overall, the South African investor sentiment exhibits significant volatility, as shown by the rapid
upturns and downturns in the index throughout the sample period.
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Table 1. Proxies employed to construct the composite sentiment index

Proxy

Description

Data source

Repo rate (Rpr)

The rate at which the central bank
of a country lends money to
commercial banks. The repo rate
has a direct effect on investment
costs because of its effect on the
interest rates, which causes the
discount factor to change (H. Chen
et al., 2014). The other channel is
through expected dividends which
change due to the impact on the
economy from monetary policy
(Davidsson, 2022). As such,

a change in the repo rate has an
implication for investor
expectations and sentiment.

South African Reserve Bank (2020).

Trading volume (Tdv)

This is a technical indicator that
shows the total number of shares
of a security traded during a given
period, which can be indicative of
investors’ perceptions—return
expectations, risk tolerance, and
risk perception (Baker & Wurgler,
2007). Investors with higher levels
of and upward revisions of return
expectations, risk tolerance and
risk perception are more likely to
trade, have higher turnover, trade
larger amounts per transaction,
and use derivatives—all of which
affect trading volume (Hoffmann
et al,, 2015).

IRESS research domain (2020)

Price of oil (Oil)

This is the global spot price of

a barrel of crude oil. The suitability
of the global oil price as a proxy for
sentiment was based on the
observation that economic activity,
which is highly dependent on
energy, affects oil prices and stock
prices alike (Olayeni et al., 2020).
Further, there has been increased
financialisation of oil futures
markets (Du and Zhao, 2017)
which, according to Fattouh et al.
(2013), has allowed speculation
among retail investors to become
a major determinant of the spot
price of oil.

Bloomberg database (2020)

Price of gold (Gld)

This is the global spot price of gold.
The choice of this proxy was
governed by the observation that
gold is considered a haven (Wen
and Cheng, 2018; Akhtaruzzaman
et al,, 2020). Further, gold can
function as a high-quality asset in
the flight to quality phenomenon
(Pandey & Sehgal, 2019). In
addition, the increased level of
financial market integration means
that security prices in stock and
gold markets are based on the
same set of information (Mensi

et al,, 2013).

Bloomberg database (2020)

(Continued)
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Proxy Description Data source

Volatility index (Vix) This is a real-time volatility index Bloomberg database (2020)
created by the Chicago Board
Options Exchange that quantifies
market expectations of volatility
(CBOE, 2019). It is a forward-
looking index which shows the
implied volatility of the S&P 500 for
the next 30 days. The VIX is also
known as the fear index, as it
measures the level of market fear
and stress (Lei et al., 2012; So and
Lei, 2015). This has made the index
a common barometer of
sentiment and expectations, not
only in the US market but globally
(Smales, 2017; Mbanga et al,,
2019).

Rand/Dollar exchange rate (Exr) This is the price of the Rand in US | South African Reserve Bank (2020).
Dollar terms. The appreciation/
depreciation of a country

s currency is an indication of
investors’ demand for the assets
and is based on sentiment and
expectations (Mahapatra &
Bhaduri, 2019). This is especially so
following the opening of financial
markets that have seen an
increase in both cross-country
listings and cross-country
investments have foreign
exchange implications (Rupande
et al,, 2019; Muguto et al., 2019).

Table 3 reports the SBICs for the three GARCH models under the three distribution assumptions
which were used in the selection of the best model for each of the sectors and the broad market
index—both the non-augmented and augmented ones. Of note, all models estimated under the
normal distribution assumption were not selected in any case. This is in accordance with the
distribution statistics as well as the pictorial evidence from the graphs in Figure 1 above. The
sentiment-augmented models were the most selected relative to the non-augmented models,
suggesting the relevance of investor sentiment in explaining returns and volatility on the South
African market. The differences, however, suggest the presence of arbitrage based on prevailing
sentiment. The E-GARCH (1.1) with a student s t distribution was selected the most, suggesting the
presence of leverage effects. The model selection findings are partly consistent with Rupande et al.
(2019) ’s findings on the South African market. However, their selected model was the GJR-GARCH
(1.1) model. The difference was due to the different study periods.

3.2. Discussion of the mean equations and results

Table 4 below contains the outputs from the selected models for all the sector indices and the
broad market index. From the mean equation, there is evidence of return serial correlation in the
six sector indices as shown by the positive and statistically significant serial correlation coefficient,
®. This means that these indices are affected by market frictions such as non-synchronous trading
which gives rise to autocorrelation (Hounyo, 2017). Expectantly, the broad market index returns
also exhibited significant serial correlation (0.9961***) in line with the six sector indices, all of which
are inconsistent with Fama s (1970) weak-form efficient market. The finding also contradicts some
studies that designated the South African market as at least a weak-form efficient market (Smith
et al, 2002) but is in support of those that designated the same market as inefficient (Grater &
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Struweg, 2015; Lim, 2009). The contradiction between these findings and various past studies
could be because the South African market has adaptive efficiency (Obalade & Muzindutsi, 2018).

The study did not find evidence of serial correlation in the Industrials sector returns after
augmenting the model with the sentiment index. The serial correlation coefficient changed from
a statically significant 0.992*** to an insignificant 0.1634. This suggests that investor sentiment
may be used to explain a significant component of the serial correlation in this sector s returns.
The same applies to the effect of past shocks on current returns. The coefficient that captures the
effect of past shocks on current returns, v, was negative and statistically significant for all the six
sector indices and the broad market index. However, the Industrials sector had a negative but
statistically insignificant coefficient. This implies that past negative shocks could be used to explain
the current returns of these sectors except for Industrials. Investor sentiment accounts for or
encapsulates the effect of past shocks on the returns of the Industrials sector only in the same
way it did with the broad market index for which the coefficient turned from negative —0.9541***
to positive 0.0269*** when sentiment was considered.

The risk premium parameter, §, was positive and statistically significant for Basic Materials,
Industrials and Telecommunications. This indicates the pricing of volatility as an increase in the
conditional variance leads to an increase in the mean return (Brooks, 2019). However, the para-
meter was negative for the Financials. This finding is similar to Mandimika and Chinzaras (20102).
The broad market index returns exhibited a positive risk premium (0.5725***), driven by the Basic
Materials risk premium (0.7073***). On the other hand, the risk-premium coefficients were positive
and insignificant for Travel and leisure, Consumer services and Technology, suggestive of the
absence of feedback from the conditional variance to the conditional mean equation (Brooks,
2019). This finding is consistent with findings by Makhwiting et al. (2012) and Kgosietsile (2015).
However, it should be noted that the risk premium, which is also the coefficient of risk aversion,
accounts for total risk and, therefore, may not be correlated with returns in accordance with the
capital asset pricing model which focuses on systematic risk.

The investor sentiment parameter, 6, was negative and statistically significant for three out of
four sectors—Industrials, Telecommunications and Financials—for which the investor sentiment
augmented models were chosen based on the SBICs. These findings are consistent with Corredor
et al. (2015) on the US market and Yang et al. (2017) on the Korean market, who also found that
investor sentiment impacted stock market sector returns. The negative coefficients suggest that
a change in investor sentiment results in a change in the sector returns in the opposite direction.
That is, an increase in sentiment is followed by low future returns. This could be due to the mean
reversion of the market to the fundamentals as reported by Da et al. (2011), Dalika and Seetharam
(2015) Chakraborty and Subramaniam (2020). Except for Basic materials (0.0288), the investor
sentiment coefficients for all sector returns and the broad market index returns were negative. This
supports the general idea of a negative relationship between changes in sentiment and returns
attributed to the overvaluation and mean reversion cycles.

Yet, some studies reported positive contemporaneous relationships between sentiment and
returns, attributed to how optimism creates positive expectations and reduces uncertainty and
volatility of stock market returns (Sayim & Rahman, 2015a; Ryu et al., 2017; McGurk et al., 2020; Al-
Nasseri et al., 2021; Abdul Karim et al., 2022). The differences suggest that in the South African
market, an increase in sentiment leads to overpricing rather than a reduction of uncertainty and
volatility. This could be a consequence of differences in investor composition and type. This is more
in line with some financial market anomalies that have been linked to sentiment on the same
market (Dalika & Seetharam, 2015; Mahlophe & Muzindutsi, 2017; Muguto, 2015). For the
Consumer Services sector, however, the insignificant coefficient suggests that there are diverse
types of investors in each sector (Curatola et al., 2016) which results in differences in proneness to
sentiment (Cakan & Balagyozyan, 2016). This provides an opportunity for arbitrage and diversifica-
tion based on the prevailing sentiment.
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3.3. Discussion of the variance equation and results

From the same Table 4, all the variance equation parameters for all the selected models for the
seven sectors were statistically significant. This indicates that current volatility can be explained by
volatility in the previous period and past innovations (Brooks, 2019). However, the explanatory
power of volatility in the previous period was stronger than the explanatory power of past
innovations as seen by the differences in the coefficients. Expectantly, the coefficients on the
broad market index were both statistically significant, with past volatility (0.8868***) explaining
more of current volatility than past innovations (0.0284**). The asymmetry parameter, y, was
significant and positive for the Consumer services and the Financials sectors. This confirms the
presence of the leverage effect where negative shocks increase volatility more than positive shocks
of the same magnitude. Similarly, the broad market index returns also exhibited a significant
leverage effect on the same market, consistent with studies by Mandimika & Chinzara (2010),
Rupande et al. (2019) and Muguto and Muzindutsi (2022).

The degree of volatility persistence in the sector returns, as measured by the coefficients a + f,
was high but less than 1 for all the sectors. This suggests the presence of volatility clustering in the
returns, a common phenomenon in financial time series data. The plots of the sector returns
across the sample period above in Figure 1 confirm this finding. Significant volatility persistence
implies that current volatility shocks influence the expectation of volatility for many periods in the
future (Engle & Patton, 2001). A high degree of volatility persistence reveals that stock return
volatility has a large effect on stock prices and that mean reversion to the average volatility occurs
slowly. This was the case in the Technology sector returns (0.9936) for which the highest persis-
tence was recorded, suggestive of its sensitivity to external influences. On the other hand, the
broad market index exhibited the lowest persistence in volatility shocks (0.9152), indicative of how
diversified the index is. The difference in the volatility persistence across the indices may facilitate
some level of diversification, albeit minimum.

The investor sentiment parameter, ¢, was positive and statistically significant in all four
selected sentiment-augmented models. This indicates that behavioural factors played
a relevant role in driving volatility in these sectors and that an increase in investor sentiment
increased volatility. The broad market index returns, despite the sentiment-augmented model
not being chosen, also had a positive and statistically significant sentiment coefficient
(0.3779***). This shows that sentiment increases volatility in the South African stock market
and is in line with several studies (Gao et al., 2022; Gong et al., 2022; Idilbi-Bayaa & Qadan,
2022; Jiang & Jin, 2021; Kumari & Mahakud, 2016; Qadan, 2019). As sentiment increases, so
does the incidence of noise traders and mispricing on the market. Subsequently, as sentiment
mean reverts, volatility increases in the market. However, this contradicts the findings of Naik
and Padhi (2016) and Rupande et al. (2019), who reported negative coefficients. This difference
may be attributable to a change in the incidence of sentiment-driven investors through
different time periods and chosen markets.

The non-negativity conditions in the volatility equation (w>0,B>0,a>20and § +y = 0) and
the stationarity condition (o + B < 1) were all satisfied. This means that all the selected models
for the conditional variance were admissible for all the sector indices. Diagnostic tests on the
residuals were performed to validate the inferences made from the estimated models on the
sector returns and broad market indices and check whether the mean and variance equations
of the chosen models were correctly specified. These tests were found to have been satisfied.
Therefore, taken together, the negative relationship between investor sentiment and sectoral
returns from the mean equation and the positive relationship between sentiment and variance
suggests that sentiment can affect returns by shaping the conditional volatility which Wang
et al. (2022) regard as an indirect channel.
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5. Conclusion

This study examined the effect of market-wide investor sentiment on the returns and volatility of
seven sectoral indices and the broad market index on the South African stock market. The principal
component analysis technique was employed to construct a composite investor sentiment index
from a set of six proxies and the GARCH models were employed as a method of analysis. The
sentiment index lined up well with previous periods of bubbles and bubble bursts. It was also
comparable with indices constructed in some past studies. The findings of the study indicated the
presence of sentiment-sensitive and sentiment-insensitive sectors within the South African stock
market. The sentiment coefficient in the sentiment-sensitive sectors was negative, indicative of the
mean reversion of sentiment effects. The broad market index returns were found to be sentiment-
sensitive, meaning that overall, sentiment has a role in asset pricing in South Africa. In other
words, the study results are against the efficient market hypothesis and investor sentiment can
assist to explain some of the asset pricing anomalies in the South African market.

In terms of volatility, like sectoral returns, some sectors exhibited significant sentiment sensitivity
in their volatilities, as indicated by the significantly high coefficients. However, the other sectors
exhibited no sensitivity to sentiment as indicated by the insignificant coefficients and the selection of
non-augmented models. For the former, sector return volatility increased with sentiment, mostly
likely due to the noise trader effects. The broad market index volatility had a positive coefficient,
meaning that overall, investor sentiment increases volatility in the South African market. The overall
findings suggest that investors are prone to irrational behaviour, and this behaviour is significant
enough to impact market returns and volatility. Taken together, the negative relationship between
investor sentiment and sectoral returns from the mean equation and the positive relationship
between sentiment and variance suggests that sentiment can affect returns by shaping the condi-
tional volatility which is regarded as an indirect channel. This is consistent with some studies that
have linked investor sentiment to financial market anomalies on the South African market.

As a recommendation, firms that use capital markets to raise financing must consider sentiment
effects on the availability and the cost of that capital. Proper market timing might result in a lower
overall cost of capital. Investors must consider sentiment as an additional risk factor when making
investment decisions. There is an opportunity for diversification and arbitrage based on prevailing
sentiment between sentiment-sensitive and insensitive sectors. Lastly, policymakers need to
ensure that markets operate efficiently by considering the impact of sentiment on volatility and
returns. Mechanisms that counteract the increase in volatility in high sentiment periods should be
developed. For research on sentiment, future studies should consider employing longer sample
periods and cross-country comparisons of similar sectors to produce a more rounded view of
sentiment. The use of firm-level data could also avoid dilution of sentiment effects on individual
stocks which is unavoidable in indices, even disaggregated sector indices. The approach would also
avoid concerns with the industry/sector classification of firms.
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