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Abstract

Traditional asset pricing theory asserts that investors are rational

and, therefore, asset prices are solely influenced by fundamental

factors. However, the effect of behavioural biases on asset returns

has been documented in recent financial literature, leading to the

questioning of the traditional financial theories. Accordingly, this

study investigated whether investor sentiment has an impact on the

returns  and  volatility  of  headline  indices  on  the  Johannesburg

Stock Exchange market over a ten-year period. A composite broad

market sentiment index was used to measure sentiment and the

generalised  autoregressive  conditional  heteroscedasticity  models

were used as the method of analysis. Findings show that there is a

significant  relationship  between  market  returns,  volatility  and

investor sentiment on the South African market.  These findings

point to the inadequacy of traditional asset pricing models as they

do  not  take  into  account  investor  sentiment  or  any  other

behavioural component in pricing assets in spite of the evidence

that they are significant risk factors. The results have implications

for  price  discovery,  risk  management  and  policymaking  –  all

aspects the success of which depends on the proper measurement

and forecasting of volatility.  

1. Introduction

1.1. Background

Traditional finance theories such as the Efficient Market Hypothesis (EMH) are based on the assertion

that  investors  always  make  rational  investment  decisions  (Malkiel  and  Fama,  1970).  Oseni  and

Olanrewaju (2017) further state that there is a widely accepted model for asset pricing, known as the

Capital  Asset  Pricing  Model  (CAPM),  which  was  developed  by  Treynor  (1961),  Sharpe  (1964),

Lintner (1965) and Mossin (1966). The model is used to determine the required rate of return of a

risky asset, with the notion that the price movements are caused by fundamental information flowing
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into the market and the efficient and rational reaction of investors to that information (Oseni and

Olanrewaju, 2017). Much of the assertions in traditional finance theories stem from the Markowitz

mean-variance portfolio theory (Markowitz, 1952). Therein, Markowitz (1952) asserted that market

participants are willing to construct portfolios that maximise returns depending on the amount of risk

captured and that volatility in stock prices is driven only by variations in fundamental factors (Shefrin

and Statman, 2000). 

Over  the  years,  the  concept  of  efficiency  has  been  challenged  as  a  result  of  human  behaviour

(Suryawanshi and Jumle, 2016). According to Yang and Copeland (2014), behavioural literature has

proved that investor sentiment does influence trading decisions, leading to mispriced stocks. Further

empirical evidence brought forward by Sewell (2012) and Malkiel and Saha (2005), alludes to the fact

that  there  are  limitations  to  a  fully  efficient  market.  The focus has  thus  moved to this  new and

seemingly robust paradigm of finance – behavioural finance. Therein, it is stated that investors are

prone to cognitive biases and are not fully rational. Therefore, asset prices and market volatility may

be influenced by the investors’ sentiments and not only by fundamental factors (Hu, Wang and Chi,

2013). Baker and Wurgler (2007) state that investor sentiment represents the investor’s subjective

expectations of future asset  prices. Since it  is  widely accepted that human behaviour is  indeed a

systematic risk factor that influences volatility and asset prices (Hirshleifer,  2001; Lee, Jiang and

Indro, 2002; De Bondt and Thaler, 1985), asset pricing models should include it as a variable.

Subrahmanyam (2007) and Statman, Fisher and Anginer (2008) state that to fully understand stock

price movements, it is imperative to include the behaviour of market participants. Furthermore, De

Bondt and Thaler (1985) and Kourtidis (2011) argue that to truly understand and elucidate market

abnormalities such as price bubbles, it is necessary to comprehend human psychology.  This will

ensure that participants supersede traditional asset pricing models which claim that risk is affected

solely by fundamental  factors  (Yang and Copeland,  2014).  Dow and Gorton  (2006)  declare  that

investors who make trading decisions that are led by human behaviour instead of fundamental factors

are  known  as  noise  traders.  These  investors  often  act  on  impulse  and  irrationality  but  play  an

important role in the impact that investor sentiment has on asset  pricing and the volatility of the

market (Dow and Gorton, 2006).

1.2. Problem Statement

Asset pricing models should aim to include market sentiment as a variable that impacts the volatility

and the  returns  of  financial  assets  as  this  will  reflect  their  true fundamental  value.  However,  as

pointed out by Gottesman, Jacoby and Wang (2012), traditional asset pricing models inaptly assume

that asset prices are solely affected by fundamental factors. This assumption creates a problem of

deviating  asset  prices  from fundamental  values  (Gottesman et  al.,  2012),  which,  in  turn,  creates



problems for investors, portfolio managers and policymakers due to the resulting poor price discovery

process  (Yang  and  Copeland,  2014).  If  efficient  pricing  is  ever  to  be  achieved,  behavioural

components of asset pricing will  have to be taken into account. This study employed an investor

sentiment index constructed by Rupande, Muguto and Muzindutsi (2019) and GARCH models to

show that  market-wide  investor  sentiment  is  systematic  and  should  be  considered  when  pricing

financial assets.

1.3. Research objectives

The study addressed the following question: Does investor sentiment influence stock market returns

and volatility on the Johannesburg Stock Exchange (JSE)? 

The objectives of the study were to: 

 Determine the impact of investor sentiment on volatility and returns of the headline indices on the

South African market.

 Determine whether sentiment affect the volatility and returns of the headline indices differently

on the South African market. 

 Determine whether sentiment-augmented models are superior to non-augmented models.

2. Literature Review

2.1. Evidence from Developed Markets
Brown  and  Cliff  (2005)  evaluated  the  predictive  power  of  various  investor  sentiment  proxies

employed  in  previous  studies.  They  used  vector  autoregression  (VAR)  models  to  examine  the

relationship between a sentiment index and stock markets returns. Results suggest that the forecasting

power of a sentiment index for future stock returns is weak, but the fluctuations of investor sentiment

are correlated with contemporaneous market returns. 

Investigating  the  relationship  that  exists  between investor  sentiment  and the  volatility  of  stocks,

Michelfelder  and  Pandya  (2005)  analysed  the  volatility  of  stock  returns  and  predictability  for

emerging Asian economies and differentiated them with the developed markets of the United States

and Japan.  The EGARCH model using the Skewed Generalised Error Distribution (SGED) addressed

the volatility clustering in stock returns. Two important conclusions made by this model regarding

noise traders are: the sentiment of noise traders is random and thus cannot be anticipated by rational

investors, and the irrationality of noise traders leads to systematic risk. This risk is the result of a

variation in fundamental prices and extra volatility. The findings of the paper were that in emerging

markets the volatility shocks last for longer periods when compared with developed countries. This



occurs due to  the  fact  that  mature  markets  have information systems that  do not  allow volatility

shocks to persist and ultimately result in a collective volatility shock for the whole market. Kumar and

Lee (2006) conducted a study in the United States spanning from 1991-1996. The purpose of the

study was to test the noise trader model as the model asserts that individual investor sentiment has an

influence on stock returns. This was implemented through the investigation of the impact of over one

million retail transactions on stock returns. Results suggested that the noise trader theory holds. Thus,

transactions activities in the retail space had an incremental explanatory power for small stocks, value

stocks and stocks with lower prices, resulting in the conclusion that investor sentiment is significant in

stock prices.

Finter, Niessen-Ruenzi and Ruenzi (2012) examined the effect of investor sentiment on the German

stock market.  The principal  component  analysis  was used to  construct  a  sentiment indicator  that

condenses  information  of  several  well-known  sentiment  proxies.  Contrary  to  the  above  study

conducted in the US, where investor sentiment has strong predictive power on future stock market

returns and prices, it was found that the opposite is true for the German stock market. This is mainly

due to the German market being dominated by institutional investors who are less likely to make

decisions based on sentiment fluctuations.  Baker, Wurgler and Yuan (2012) conducted a study on

Canada, France, Germany, Japan, the United Kingdom and the United States markets to examine the

contribution of the global component of sentiment on the stock prices of highly integrated markets.

The research found that sentiment fluctuations reflected in returns and volatility influence arbitrage

opportunities, portfolio management and capital budgeting. Shu and Chang (2015) examined periods

of aviation disasters, terrorist attacks, huge sporting events, and others, to examine how sentiment

emerging from these events influences prices in the financial markets. Results from this study proved

that prices in financial markets are elevated with higher sentiments, whilst there is a decrease in prices

with lower sentiments (Shu and Chang, 2015). Empirical evidence also shows that when there are

good events and investors are optimistic, sentiment has a stronger influences price (Shu and Chang,

2015).

Da, Larrain, Sialm and Tessada (2015) conducted a study in Chile to see whether noise trading results

in increased volatility. They observed both equity and bond markets and focused on the volatility

caused by a large number of individual investors, as it seemed their investment decisions contributed

to a large amount of volatility. Prices in both markets seemed to shift from intrinsic values as a result

of a large number of individual investors making similar trades around the same time. The volatility

on the Santiago’s Stock Market Equity Index and the Dow Jones LATixx Chile Government Bond

Index was observed before the firm entered the markets in 2011 up until a few years after they did. It

was found that investors often switched from funds when they observed large changes such as the

2008 financial crisis. Thereafter, in 2009, the markets started stabilising with investors moving back

to funds with the risk they preferred before the crisis. After 2011, the markets saw high volatility after



each recommendation by the firm. As mentioned, these recommendations were not  rational.  This

study proves that noise trading does affect volatility as suggested by Shiller (1981) and Black (1986).

2.2. Evidence from Emerging Markets
The impact of sentiment on financial markets has been a subject of many studies over time. A study

by Chi, Zhuang and Song (2012) compared the returns of stocks with high and low sentiment to

observe the relationship between investor sentiment and stock returns. It was found that over the long

run, stocks with high sentiment had a higher return than stocks with low sentiment. These results were

not as expected as usually, the converse is true with sentiment pushing stock prices above the intrinsic

value (Agarwal, Liu and Rhee, 2008). This discrepancy resulted as the study was conducted in an

emerging capital market. The findings of Białkowski, Etebari and Wisniewski (2012), which revealed

that during the holy month of Ramadan, stock markets illustrate abnormal returns but low volatility.

This is not substantiated by fundamental factors, thus proving that during this month investors are

merely optimistic, and this optimism leads to higher volume of investment. Chi et al. (2012) also

looked at  investor sentiment and its  relationship with stock returns and volatility in an emerging

capital market – the Chinese stock market. The focus was on the inflows and outflows of different

types of mutual funds and trying to relate these to different stocks in order to measure individual

sentiment. A measure by Frazzini and Lamont (2008) was used to assess the sentiment indicator on

individual  stocks  held  by  mutual  funds.  Considering  a  positive  relationship  between  the  flows

measured and return volatility, the conclusion was that investor sentiment does affect volatility.

Kumari and Mahakud (2015) looked at whether Indian stock market returns, an emerging market, are

affected by investor sentiment. To see this, Kumari and Mahakud (2015) developed a broad-based

irrational aggregate investor sentiment index and used GARCH models to examine the impact of

changes in investor sentiment on the market volatility and returns. From the findings, volatility is

affected  negatively  and  positively  by  past  investor  sentiments  and  by  past  returns.  Kumari  and

Mahakud (2015) mention that results also show that investor sentiment is priced as a systematic risk

factor in the Indian market and that it plays a huge role in predicting the market’s future returns and

volatility. Unlike developed markets characterised by a large number of retail investors who influence

market  returns,  institutional  investor  sentiment  affects  stock  returns  and  volatility  more  in  India

(Kumari and Mahakud, 2015).     

A study by Sayim and Rahman (2015) investigated if stock returns, volatility and individual investor

sentiment are related in Turkey. Evidence is from the Istanbul Stock exchange which is a developing

market. For investor sentiment, the monthly Consumer Confidence index was used as a proxy. To

measure its impact on stock returns and volatility, Sayim and Rahman (2015) used impulse response

functions from the vector autoregression (VAR) model. The study found that the Istanbul’s Stock

exchange returns were increased by any positive investor sentiment and that unanticipated increases in

rational investor sentiments in the market resulted in significant negative impact of the stock market’s



volatility.  This suggests that stock returns, volatility and individual  investor sentiment are indeed

related. Sayim and Rahman (2015) conclude that these findings suggest that investors in Turkey have

positive expectations about their economy as a whole.

2.3. Evidence from South Africa
Dalika and Seetharam (2014) analysed the relationship between stock returns and investor sentiment

in the South African market. The study investigated two questions of central importance concerning

investor sentiment: does investor sentiment have an influence on the South African market and is the

effect of sentiment greater on securities that are difficult to value and arbitrage. A linear combination

of volatility premium, the total volume of IPOs, average initial first-day returns of IPOs and market

turnover was used to construct a composite sentiment index. The primary empirical finding is that

sentiment has a broad cross-sectional and rich effect on securities in the South African market. When

investor  sentiment  is  relatively  high,  young stocks,  highly volatile  stocks,  small  firm stocks and

extreme growth experience low future  returns  relative to  other  securities  (Dalika and Seetharam,

2014).  

Balcilar, Gupta and Kyei (2018) conducted a study in South Africa, an emerging market, with the aim

of predicting returns and volatility using investor sentiment indices. This was done by replicating an

investor sentiment index constructed by Baker and Wurgler (2006) and combining it with the non-

parametric causality-in-quantiles test proposed by Balcilar et al (2018). Findings indicate that the two

indices  employed  in  this  study  are  able  to  predict  returns  and  volatility.  Balcilar  et  al.,  (2018)

associate such findings with the  noise  trader  theory,  as this  limits  the  ability of fully  arbitraging

mispricing in the stock markets. 

Rupande et al. (2019) examined the effect of volatility and investor sentiment on the JSE All Share

Index (ALSI) by utilising GARCH-M specifications augmented by a sentiment factor under the three

error distribution assumptions by analysing daily data over the period 2002-2018. The results found

that the effect of past returns and past shocks on the JSE ALSI to the conditional mean will disappear

after one period. Significant evidence of a positive relationship between risk and return on the JSE

was also found, showing that volatility is a priced factor on the JSE. Evidence of leverage effects and

volatility persistence were also present in the results found. Investor sentiment was found to be a

significant factor in describing the conditional variance and returns on the JSE. The GJR-GARCH-M

with an investor sentiment factor was found to be the most ideal for volatility modelling, this attests to

the significance of investor sentiment on the JSE (Rupande et al., 2019).



3. Research Methodology

3.1. Returns Calculation

This study employed daily closing prices, dividend yields and volume turnover on the SmallCap,
MidCap and JSE Top 40 indices from the Iress database over the period of January 2007 – December
2017 (Iress, 2019). This period was chosen due to the fact that it includes the financial crisis and
several political changes both globally and in South Africa.  The study used daily data rather than
weekly or monthly data for two reasons: firstly, it would be easier to identify and trace the origins of
trends, spikes and drops in share prices and the overall market; and secondly, a higher frequency of
data would lead to the models used to generate more accurate results, as financial forecasting is often
inaccurate  if  less  frequent  data  estimates  are  utilised  (Reilly,  2013;  Rupande  et  al.,  2019).
Accordingly, the daily returns on the indices were computed as:

Rt=
Dt+(Pt−Pt−1 )

Pt−1

                        (1)

Where:Rt is the total daily return;  Dt is the closing price for dividends on day t;  Pt is the

closing  price  on  day t  and  Pt−1 is  the  closing  price  on  the  previous  day.  The dividend

payment  was  estimated  by  multiplying  the  specific  market’s  (JSE  Top  40,  MidCap  or

SmallCap) dividend yield on day t byPt. The returns were transformed to logs because the

log-normal distribution of returns, especially over a longer term than daily is satisfactory,

because the skew of log-normal distribution is positive, whereas actual market returns, for

example,  JSE  Top  40  is  negatively  skewed  (Medina,  2010).  In  the  initial  tests  to  be

conducted, student’s t is one of the choices of distribution along with the normal distribution

and Generalised Error Distribution (GED). Therefore, the decision to transform the data to

logs  was  taken  (O’Neil,  2011).  If  logs  were  computed,  it  gives  the  assumption  that  the

expected value of any such stock in one day is infinity (O’Neil, 2011).

3.2. Investor Sentiment

Due to the nonexistence of an uncontroversial measure of investor sentiment, a sentiment

measure constructed by Rupande et al. (2019) was employed. The measure was based on

daily data on the exchange rate between the South African Rand and the United States (US)

dollar (Exch), the prime rate (Prime), the 90-day Treasury bill rate (Treasury), the repo rate

(Repo),  the  trading  volume  of  the  JSE  All  Share  Index  (ALSI)  (Volume),  the  volume-

weighted average price changes of the JSE ALSI and the SAVI index (Savi). Rupande et al.

(2019) based the selection of these proxies on the availability of data and motivation from the

available literature. Thereafter, Principal Component Analysis (PCA) was utilised to derive a



sentiment index from the fitted proxies. The composite sentiment index was formulated using

this technique because it permitted for the reduction of the data’s dimensionality. This aids

the ability  to  interpret  the data  without information loss  in the determination of  whether

investor  sentiment  influences  stock  volatility  and  returns  on  the  South  African  market

(Jolliffe and Cadima, 2016).    

Orthogonal transformation is used by the PCA technique to transform an array of correlated

series  into a  set  of  linearly uncorrelated ones  (Jolliffe  and Cadima,  2016).  The Varimax

rotation was used to rotate the PCA matrix in order to maximise the variance of the loadings.

Baker  and  Wurgler  (2006)  stated  that  some  sentiment  proxies  take  longer  to  display

sentiment, to account for this an index with first principal components of the current values

and one-period lagged values was established. This led to the evaluation of the correlation

between the first stage index and the current and lagged values of each of the proxies. A

composite  index  (InvSent)  was  then  specified  as  the  first  principal  component  of  the

correlation  matrix  of  the  factors  –  each corresponding proxy’s  current  or  lagged values,

whichever had a greater correlation with the first-stage index as (Rupande et al., 2019):  

InvSent t=θ1Excht−1/ t+θ2 Primet−1/ t+θ3Treasury t−1 /t+θ3Repot−1/ t+θ3Volumet−1/ t+θ3Vwapt−1/ t+θ3Savit−1/ t

(2)

Where:θi  displays the factor loadings on the first principal components of the proxies, which

are lagged and contemporaneous. According to Kumari and Mahakud (2015), the relationship

between  sentiment  and  price  volatility  is  contemporaneous  at  the  level  of  individual

securities. A study by Lee, Jiang and Indro (2002) studied the impact of sentiment on returns

and volatility using the GARCH model and found that excess returns are contemporaneously

positively correlated with shifts in sentiment. The terms in the mean and variance equations

are lagged and contemporaneous due to the present value of stock returns depending on its

own past lagged values in order to condition the volatility on the past values. The inclusion of

lagged  variables  implies  that  investor  sentiment  has  a  considerable  effect  on  the  mean-

variance equations when using GARCH models (Kumari and Mahakud, 2015).

3.3. Stationarity and Unit Root Tests

Stationarity and Unit Root Tests were conducted first as stationarity can strongly influence

the behaviour and properties of a series, and lead to spurious regressions. If the variables in

the model are not stationary, standard assumptions for asymptotic analysis will not be valid



and hypothesis  testing of  the regression parameters cannot  be conducted (Brooks,  2014).

Estimation involved applying the Augmented Dickey-Fuller (ADF) to test for the presence of

unit roots, and the Kwiatkowski Phillips Schmidt Shin (KPSS) to test for stationarity. ADF is

the higher  order  test  of  the Dickey-Fuller  test  which can be used with serial  correlation

(Cheung and Lai, 1995). However, the model should be used with caution because like most

unit root tests it has a relatively high type one error rate. The null hypothesis for this test is

that there is a unit root against the alternative that the variable is stationary. The ADF test

equation is:

∆ y t=ψ y t−1+∑
i=1

p

α i∆ y t−1+ut                     (3)

On  the  other  hand,  the  KPSS test  hypothesises  that  a  variable  is  stationary  against  the

alternative that it is not (Syczewska, 2010; Shin and Schmidt, 1992). The KPSS statistic is

based  on  a  linear  regression  and  consists  of  three  variables:  a  random  walk  (rt ¿,  a

deterministic trend (β t ¿ and a stationary error (ε 1¿ , with the regression equation:

x t=rt+β t+ε1              (4)

                                                  

KPSS-type tests are intended to complement unit root tests such as the Dickey-Fuller tests

through testing  both  the  unit  root  hypothesis  and the  stationarity  hypothesis.  Should  the

results obtained from each test clash in terms of the order of integration, the KPSS test will be

favoured compared to the ADF test.  This is because KPSS tests  for a null  hypothesis of

stationarity while ADF tests for non-stationarity. A null hypothesis cannot be proven – it can

only  be  affirmed  or  rejected.  Therefore,  rejecting  the  null  hypothesis  implies  that  the

alternative is more correct than the null (Shin and Schmidt, 1992). 

3.4. GARCH (1,1)

Generalised  Autoregressive  Conditional  Heteroscedasticity  (GARCH)  models  were

employed to examine the effects of investor sentiment on market returns and volatility. To

estimate GARCH models, it is necessary to test for serial correlation in the data and this was

carried out using the Ljung Box test (Brooks, 2014; Kumari and Mahakud, 2015). Since the

correlation of the residuals with one another was found, the Ljung-Box and Autoregressive

Conditional  Heteroscedasticity – Lagrange Multiplier  (ARCH-LM) (Engle and Ng,  1993)



tests were conducted to test for autocorrelation. These tests were conducted both before and

after  the  estimation  of  GARCH  models.  The  lag  order  of  (1,1)  was  employed  as  most

empirical  work  in  South  Africa  has  shown  that  it  captures  the  ARCH  effects  and  the

autocorrelation in the variance (Mangani, 2008; Mandimika and Chinzara, 2012; Yavas and

Dedi, 2016). In cases where these first-order models failed to capture the inherent ARCH

effects and autocorrelation, higher order models were used. The mean equation for GARCH

(1,1), both with and without sentiment were estimated respectively as:

y t=μ+α y t−1+v εt−1+δ ht−1+θ ∆ InvSent t+εi              (5) 

y t=μ+α y t−1+v εt−1+δ ht−1+εi              (6)

Where:y t represents the index returns; δ  denotes the risk premium; α  captures the effect of

past returns; ν captures the effect of past shocks; ΔInvSent t represents the changes in investor

sentiment in the mean and conditional variance equation. The conditional variance  ¿¿) for

GARCH (1,1), both with and without sentiment, respectively, were estimated as:

ht=ω+α εt− j
2 + βht−i+φ∆ InvSent t              (7)

ht=ω+α εt− j
2 + βht−i                                      (8)

A limitation of the GARCH (1,1) model of Bollerslev (1986) is that the estimated model may

violate the non-negativity conditions. Therefore, artificial constraints must be placed on the

model  coefficients  in  order  to  avoid  this.  The GARCH model  can  account  for  volatility

clustering and leptokurtosis as well as leverage effects (Brooks, 2014). According to Black

(1976), leverage effects is the notion of positive and negative shocks of the same magnitude

having different results on stock market volatility.

3.5. GJR-GARCH (1,1)

The GJR-GARCH model by Zakoian (1994) and Glosten, Jagannathan and Runkle (1993)

captures the asymmetry in terms of negative and positive shocks and adds a multiplicative

dummy variable to check whether there is a statistical difference when shocks are negative

versus when they are positive (Kumari and Mahakud, 2015). 



The mean equation estimated for Glosten, Jagannathan and Runkle (GJR) - GARCH (1,1) is

the same as  that  of  GARCH (1,1),  represented by equations  5 and 6,  for  both with and

without sentiment respectively. 

The  conditional  variance  ¿¿)  for  GJR-GARCH  (1,1)  both  with  and  without  sentiment

respectively, were estimated as:

                               ht=ω+α εt−1
2 +β ht− j+γ εt−1

2 d t−1+φ∆ InvSent t             (9)

ht=ω+α εt−1
2 +β ht− j+γ εt−1

2 d t−1            (10)

The  leverage  effect  in  Equation  9  is  denoted  by  a  positive  γ.  However,  since  the  non-

negativity constraints may still be violated under the GJR-GARCH model, the condition for

non-negativity where  ω>0,  α>0,  β≥0, and  α+γ ≥0 has to be satisfied. The model is still

admissible, even if γ<0, provided that α+γ ≥0.

3.6. E-GARCH (1,1)

Consequently,  the  GARCH  model  has  been  modified  a  number  of  times.  One  of  the

extensions is the Exponential GARCH (E-GARCH) model proposed by Nelson (1991). The

E-GARCH model also allows for asymmetric effects  between positive and negative asset

returns (Kumari and Mahakud, 2015). 

The mean equation estimated for  E-GARCH (1,1)  is  the same as that  of  GARCH (1,1),

represented by equations 5 and 6, for both with and without sentiment respectively. 

The  conditional  variance  ¿¿)  for  E-GARCH  (1,1)  both  with  and  without  sentiment

respectively, are estimated as:

log ⁡(h¿¿ t)=ω+α ¿¿ (11)

log ⁡(h¿¿ t)=ω+α ¿¿   (12)

With the E-GARCH in Equation 11, there is no need to artificially impose the non-negativity

constraints as it models conditional variance in logs. The log of conditional variance makes



the  leverage  effect  exponential  instead  of  quadratic,  and  therefore,  the  estimates  of  the

conditional variance are guaranteed to be non-negative. However, the following conditions

still need to be met where ω>0, α j+β i<1. The leverage effect under the E-GARCH is shown

when γ<0. 

Equations 8, 10 and 12 were estimated and using the GED. Seeing as financial time series

data  does  not  follow a  normal  distribution  and  the  t-distribution  is  most  efficient  when

dealing with a relatively small  sample size, the descriptive statistics were analysed and a

conclusion was drawn that the GED would be the most suitable option (Cappuccio, Lubian

and Raggi, 2004; Zuoxiang, Bin and Nadarajah, 2009). The GED is efficient when the errors

around the mean of a distribution are not normally distributed and are of special interest to

the subject  under  study – as is  in this  case (Statisticshowto, 2019).  The best  model  was

selected based on Schwarz’s Bayesian Criterion (SBIC) since SBIC is most efficient in a

large sample, while Akaike Information Criterion (AIC) is not. In a small sample, AIC is

efficient but SBIC is not (Brooks, 2014). The results from the estimated models are reported

in the section below.

4. Results and Findings

4.1. Analysis of Stationarity Tests
Table 1 below depicts the results of the stationarity tests – ADF and KPSS tests – employed

to determine the order of integration of the variables employed in this study. Evidence from

both tests show that the investor sentiment index (InvSent) is I(1), that is, it has unit roots.

However, the returns series on all the indices (Top40, MidCap and SmallCap) are I(0). This

means  that  only  the  sentiment  index  had  to  be  differenced  once  before  estimating  the

GARCH models to avoid spurious estimations.  

Table 1: Unit Root Tests (ADF)

Null Hypothesis: The variable has a unit root

At Level

INVSENT SMLCAP MIDCAP TOP40

Constant -1,7156 -25,6843*** -47,2006*** -52,9492***



Constant and Trend -2,6495 -25,6818*** -47,1928*** -52,9395***

At First Difference

Constant -37,9379***

Constant and Trend -37,9393***

***, ** and * denotes significance at the 1%, 5% and 10% levels of significance, respectively.

Table 2: Stationarity Tests (KPSS)

Null Hypothesis: The variable is stationary

At Level

INVSENT SMLCAP MIDCAP TOP40

Constant 2,8151*** 0,1148 0,0689 0,0416

Constant and Trend 0,2279*** 0,1172 0,0623 0,0403

At First Difference

Constant 0,1003

Constant and Trend 0,0543

***, ** and * denotes significance at the 1%, 5% and 10% levels of significance, respectively.

4.2. Analysis of Descriptive Statistics 

Table 3 below reports the descriptive statistics of the three-return series. From the table, there

is no evidence of an outlier in the data as the minimum and the maximum values from all

three market returns are more or less equal to each other. The mean returns are nearly equal

for the SmallCap and MidCap but are slightly higher for Top 40 data. Similarly, the standard

deviations for all market returns are relatively low but slightly higher for Top 40 returns. All

the returns series slightly negatively skewed and leptokurtic, which is reflective of abnormal

distribution. The null hypothesis is that data is normally distributed is rejected in the Jacque-

Bera,  consistent  with  the  skewness  and  leptokurtic  values.  This  suggests  that  a  linear

structural model such as Ordinary Least Squares cannot be used on Small Cap, Mid Cap and

Top 40 indices as it does not explain the mentioned features of the data (Brooks, 2014). This

explains why a non-linear data generating process (GARCH) is thus preferred in this study.

This departure from normality of return distribution has implications for GARCH models

through  the  introduction  of  the  leverage  effect  to  stochastic  bubbles  (Black,  1976  and

Christie, 1982) and the volatility feedback effect (Campbell and Hentschel, 1992). 



Table 3: Descriptive Statistics

SMLCAP MIDCAP TOP40

Minimum 0,987408 0,988958 0,979210

Maximum 1,016747 1,014135 1,023786

Mean 1,000097 1,000110 1,000124

Kurtosis 11,13747 4,830198 4,940825

Standard Deviation 0,001598 0,002390 0,004713

Skewness -0,393485 -0,279961 -0,159131

Jarque-Bera 7652,928*** 419,4291*** 442,8967***

ARCH LM Statistic 193,4757*** 83,55178*** 71,22517***
***, ** and * denotes significance at the 1%, 5% and 10% levels of significance, respectively.

4.3. Analysis of Autoregressive Conditional Heteroscedasticity (ARCH) Effects

Volatility clustering explains the likelihood of large changes in asset prices to follow large

changes, and small changes to follow small changes. Therefore, the current level of volatility

is  positively  correlated  with  its  level  during  the  immediately  preceding periods  (Brooks,

2014). Figure 1 below plots daily returns for the indices over the sample period. For the

SmallCap index, there appears to have been a prolonged period of relative stability during the

2007 to 2015 period, evidenced by only relatively small positive and negative returns until

that point. During mid-2015 to 2016, the volatility was significantly higher, when many large

positive  and large negative returns were  observed during a  short  space of  time.  When a

market suffers a volatile shock, more volatility should be expected. This can be seen by the

persistence of volatility shocks for both the MidCap and JSE Top 40, during the sample

period. Comparing all three indices, it can be seen that the MidCap and JSE Top 40 indices



exhibit  higher  volatility  clustering  than  the  SmallCap  index.  While  the  GARCH  model

captures  volatility  clustering  and leptokurtosis,  the  E-GARCH and GJR-GARCH models

capture volatility clustering, leptokurtosis and volatility persistence (Masinga, 2015).

Figure 1: Daily returns for January 2007 – December 2017



4.4. Model Selection Criteria

Following  the  confirmation  of  the  presence  of  ARCH  effects  above at  all  levels  of

significance, the three models – GARCH (1,1), TGARCH (1,1) and EGARCH (1,1) – were

estimated.  These  models  were  estimated  under  three  distribution  assumptions  –  Normal,

Student’s t and GED. The SBIC from the outputs are reported in Table 3 (without sentiment

augmentation)  and  Table  4  (with  sentiment  augmentation).  The  market  indices  were

compared using SBIC information criterion due it being asymptotically efficient (Kumari,

2015). In both tables, the SBIC is minimised by the EGARCH (1,1) estimated using the GED

distribution.  Overall,  however,  the information criteria  is  optimally minimised for  all  the

distributions and markets, where there is sentiment. This suggests that sentiment does have an

impact on asset returns and volatility (Brooks, 2014). 

Table 4: Distribution without Sentiment

Variable Distribution GARCH TGARCH EGARCH

SMLCAP

Normal 2,846718 2,8496 2,846718

Student's t 2,849601 2,852522 2,852532
GED 1,423678 1,426559 1,423672

MIDCAP

Normal 2,846748 2,849629 2,846748

Student's t 2,849631 2,852534 2,852562

GED 1,423673 1,426555 1,423561

TOP40 Normal 2,846792 2,849673 2,846792

Student's t 2,849674 2,852587 2,852606



GED 1,442901 1,445783 1,442883

Table 5: Distribution with Sentiment

Variable Distribution GARCH TGARCH EGARCH

SMLCAP

Normal 2,630963 2,631362 1,636519

Student's t 2,697084 2,71077 1,639814

GED 2,514517 2,518262 1,115728

MIDCAP

Normal 2,62949 2,630828 1,643159

Student's t 2,697735 2,711908 1,639385

GED 1,392384 1,395142 1,106451

TOP40

Normal 2,630963 2,631362 1,636519

Student's t 2,697084 2,71077 1,639814

GED 2,514517 2,518262 1,115728

4.5. Analysis of Model Parameters for Models with Sentiment

Table 6 below lists the parameter values for the EGARCH model both with and without

sentiment. When comparing the coefficients of all three indices both with and without the

effects  of  sentiment,  the  results  obtained  suggest  that  the  ARMA  (1,1)  coefficients  are

statistically  significant  at  all  conventional  levels  of  significance  for  all  indices,  with

sentiment. This is as expected in accordance with literary evidence provided by Michelfelder

and Pandya (2005); Frazzini and Lamont (2008); (Kumari and Mahakud, 2015); Sayim and

Rahman (2015); and Rupande et al. (2019).  The studies all agree that investor sentiment does



need to be included in asset pricing models in order to provide results that are fundamentally

accurate. Accounting for irrational investors, noise traders and behavioural finance prevents

problems  associated  with  price  discovery,  portfolio  management  and  risk  management.

Therefore, correlation does exist between market index returns and its past  values, which

indicates that stock trading prices, historical returns and unexpected shocks eventually revert

to their long-term mean (Brooks, 2014). 

Now comparing the three indices with sentiment, it can be seen that the coefficient of risk

aversion (δ) is positive and significant for the MidCap. This indicates that higher risk leads to

higher returns, thus δ can be interpreted as a risk premium. The risk premium is negative and

significant  at  the  1% and 10% levels  of  significance  for  the JSE Top 40 and SmallCap

respectively, indicating that there is feedback from the conditional variance to the conditional

mean (Brooks, 2014). 

The parameters for all indices with sentiment are statistically significant in the conditional

variance equation.  This shows that  current volatility can be depicted by past  shocks (α),

volatility in the previous period (β) and changes in investor sentiment (φ),  with previous

period  volatility  accounting  for  the  majority  of  the  volatility.  The  results  for  all  indices

without sentiment show that α+β < 1 which indicates the stationary condition is satisfied and

persistence in  volatility  does  exist.  A shock in current  volatility  will  affect  the expected

volatility in future periods (Brooks, 2014). There is a negative effect on conditional volatility

and returns for changes in investor sentiment in the JSE Top 40 and MidCap markets. This

indicates that when sentiment is high there is an increase in mispricing in the market, this

results in a fall in the prices and returns. This is in accordance with the findings by Dalika

and Seetharam (2016) on the South African market.

Table 6: Results from the Various E-GARCH Specifications

  TOP40 SMLCAP MIDCAP
Mean -InvSent +InvSent -InvSent +InvSent -InvSent +InvSent
AR(1) 0,431078  1,000000*** 0,310963  1,000001***  0,228800  0,889773***
MA(1)  0,248792 -

0,998976*** 
0,346370 -

0,975171*** 
 0,591654  0,849470***

δ -   -
0,000310***

-  -9,66E-05*  - 0,030806*** 

           
Variance          

ω -0,021798 -3,224697 **
*

-0,000956  -
2,569091***

-0,002459  -2,324069*** 

α  -0,441175  0,140533*** -0,572311 0,319392***  -0,593743  -0,324750*** 
β -0,523693  -0,052542** -0,572104  -0,039140** -0,593558   -0,604385***
 у 0,391605  0,708576*** 0,203324 0,821783***  0,216717   0,427234***



φ -   -
0,052868***

- 0,000968  -  -0,038396*** 

α + β -0,964868  0,087991  -1,144415  0,280252  -1,187301  0,929135 
***, ** and * denotes significance at the 1%, 5% and 10% levels of significance, respectively. 

-InvSent denotes ‘without investor sentiment’ and +InvSent denotes ‘with investor sentiment.’

Ω represents the E-GARCH term. The results satisfy the assumption of the coefficient to be negative and significant.

4.6. Residual Diagnostics

Following the estimation of the E-GARCH models, model diagnostics were conducted with

the null hypothesis of no serial correlation in the residuals versus an alternative that there is

serial correlation. All the residual diagnostic tests - Q Statistics, Squared Residuals and Serial

Correlation  Tests  –  indicated  that  there  was  no  more  serial  correlation  in  the  residuals

following the estimation of the E-GARCH model.

5. Conclusions, Limitations and Future Research

This study aimed to determine whether investor sentiment affects market returns and volatility on the

SmallCap, MidCap and the JSE Top 40 indices; whether any impact noted was different for the South

African  market  in  particular;  and  whether  sentiment-augmented  models  are  superior  to  non-

augmented  models.  GARCH models  were  employed  over  the  period  2007  –  2017.  A sentiment

measure  constructed  by  Rupande  et  al.  (2019)  was  introduced  in  both  the  mean  and  variance

equations of the models. 

From the results, GARCH models performed better when investor sentiment was included, which

suggested  a  significant  relationship  between  market  returns  and  investor  sentiment.  Investor

sentiment, therefore, did affect returns and volatility. Results showed that the SmallCap index with

investor sentiment gave the best results from all GARCH models employed and can be supported with

evidence from a study by Baker and Wurgler (2006). Their study tested and verified that stocks of

smaller companies belonging to the SmallCap index are more likely to be disproportionately affected

by sentiment, because they have valuations that are highly subjective and difficult to arbitrage (Baker

and Wurgler, 2006). 

The  findings  of  this  study  were  as  expected  due  to  South  Africa  being  an  emerging  market.

Michelfelder and Pandya (2005) suggested that volatility shocks last longer in emerging markets than

in developed countries and information systems in mature markets do not allow volatility shocks to

persist. A possible reason for this as explained by Charitou, Vafeas and Zachariades (2005) is that a

large proportion of investors in emerging markets are often irrational. Therefore, emerging market

investors lack the ability to understand and correctly interpret market announcements, indicators and



movements – making them more likely to be driven by sentiment rather than fundamentals (Charitou,

Vafeas and Zachariades, 2005). In favour of behavioural finance, market returns and volatility in the

SmallCap, MidCap and the JSE Top 40 were influenced by investor sentiment.  

Since  the  JSE  markets  were  affected  by  investor  sentiment,  it  is  important  that  investors  also

incorporate  such  sentiment  to  measure  risk  when  constructing  their  portfolios  and  making

investments. More diversified portfolios will then be preferred in order to reduce the risk associated

with behavioural finance and maximise returns on investments. From this study, policymakers may

realise that market volatility is not only affected by the fundamentals, but also by investor sentiment.

Including  sentiment  in  asset  pricing  models  may  contribute  to  reducing  market  volatility  and

uncertainty as it  will  ensure that  participants  supersede traditional  asset  pricing models,  and true

fundamental values are reflected (Yang and Copeland, 2014). Accounting for investor sentiment in

analysis increases the accuracy with which volatility is measured and forecasted, which in turn will

result in better portfolio management, price discovery and measurement of risk. 

An earlier study by Rupande et al. (2019) has also been conducted on the South African market.

However, while the work of Rupande et a. (2019) was based on the broad JSE ALSI, this study delves

deeper and analyses the SmallCap, MidCap and JSE Top 40 indices as opposed to the broad market

indices previously employed. Focusing only on the three headline indices can however, still be seen as

a limitation to this study. Future studies should consider analysing individual stocks and/or a portfolio

of similar stocks. This is because returns and volatility of an individual company’s shares may each be

affected differently by investor sentiment and therefore, this may not be well captured when focusing

on different markets. An additional factor to consider for future studies is one of structural breaks. A

structural break is a sudden shift in a macroeconomic time series (Hailegiorgis, 2018). Seeing as this

study involved time series analysis, it is based on the assumption of stationarity and constancy of

parameters over time. Therefore, a structural break could affect any or all of the model parameters and

each case would in turn have its own respective impact (Hansen, 2001).
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