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Abstract

This study assesses the impact of investor sentiment on the volatility of the PSI 20 and IBEX 35 from time series
data from January 1988 to May 2019. The impact of investor sentiment on market and portfolio selection has aroused
great interest in the literature, however the results obtained are not consensual, considering the different
methodologies used to build sentiment indices, as well as the various levels of institutional development in the
market.

Asymmetric volatility behaviours according to good or bad news were evaluated using the TGARCH model. The
results indicate that there is an asymmetric effect of good versus bad news on the volatility of IBEX 35. It was also
noted that for Portugal and Spain investor sentiment presents statistical significance with a negative sign, suggesting
that market volatility is more sensitive to negative shocks in the conditional variance. In Portugal, contrary to Spain,
sentiment has no relevance on return. The study reveals that investor sentiment is a key factor in selecting investment
in the market. The relationship that this establishes with volatility, can help to implement policies that allow to
minimize future shocks” impact on return. The study reveals for the first time that investor sentiment is a key factor
in selecting investment in the market for Portugal.

Keywords: investor sentiment, volatility, stock market
1. Introduction

The study of financial markets has been gaining importance over time, and the behaviour and influence of investors
on the global financial market has become particularly important in recent years, as a better understanding of how it
works and how stakeholders interact can help improve profitability. To this end, a number of studies have been
developed to assess how investor sentiment influences the market and portfolio selection (Baker & Wurgler 2006).
The increasing importance that the role of investor sentiment has assumed in behavioural finance has led its
influence on the volatility of the PSI 20 to be assessed. Moreover, to the best of our knowledge, no study with this
scope has yet been carried out for the Portuguese market. The consumer confidence index proposed by Charoenrook
(2006), Qiu & Welch (2006), Lemmon & Portniaguina (2006), Schmeling (2009), Finter, Niessen-Ruenzi & Ruenzi
(2012), Chang, Faff & Hwang (2012) and Aydogan (2016) were taken into account in undertaking this study.

Based on the methodology advocated by Aydogan (2016), we intend to analyse the impact of sentiment on volatility
in the PSI 20 and to establish a comparative study with the results obtained by the author in a paper on the IBEX 35.
Positive and negative news have distinct impacts on market volatility and to understand their effect on volatility the
TGARCH model developed by Glosten, Jagannathan & Runkle (1993) and Zakoian (1994) was applied.

In addition to this introductory section, the body of the work is composed of four sections. Section 2 seeks to
contextualize the problem of sentiment and its impact on volatility. Section 3 covers the methodology and data
collection. The estimation of the results is the subject of section 4, and section 5 presents the main conclusions.

2. Literature Review

The predictive power of investor sentiment in the return on shares has aroused great interest and a growing volume of
literature devoted to this subject; however, the results obtained have not always engendered a consensus around this
topic, bearing in mind the different methodologies used to build indices of sentiment as well as the various levels of
institutional development of the market.
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Lee, Shleifer & Thaler (1991), Han (2007) and Schneller, Heiden, Heiden & Hamid (2017) describe the investor
sentiment as the expectation of return on investments in the absence of logical grounds, expressed in the aggregate
errors of their beliefs. This sentiment is associated with the irrational part of investor expectations not related with
logical fundamentals, and linked with the difference between the fundamental value of an asset and the its value to
an investor with irrational expectations. For Khan & Ahmad (2018) investor sentiment stems from the conception
that incorporates the way investors develop their preferences and beliefs, keeping in mind the mood, emotions,
prejudice and cognitive biases and the way they subsequently predict future asset prices.

Lee, Jiang & Indro (2002), Fisher & Statman (2003) highlight the prevalence of a contemporary relationship between

investor sentiment and the return on developed markets, especially in the US, leading Lemmon & Portniaguina (2006)
to affirm that consumer confidence plays a relevant role in the return on markets, particularly in small ones. The results

corroborate the principles of behavioural finance, validating that investor sentiment influences stock returns

Baker & Waurgler (2006, 2007) developed an index to measure investor sentiment based on the following proxies:
closed-end discount, transaction volume measured by NYSE turnover, number of Initial Public Offerings (IPOs) and
the average return on the first day of the IPOs, share participation in new issues, and the dividend premium. This
indicator allowed the authors to conclude that regardless of whether sentiment at some point is high or low, US stock
returns reflect practically contrasting patterns. Later, Baker, Wurgler & Yuan (2012) develop an investor sentiment
index that aggregates four proxies: volatility premium, number of IPOs, average first day returns on IPOs and trading
volume in six stock markets: Germany, Canada, the United States of America, France, Great Britain and Japan.

Dergiades (2012) identifies statistical evidence that supports the idea that sentiment has significant predictive power
within a framework of nonlinear causality in the American stock market. Kumar & Lee (2006) and Sayim, Morris &
Rahman (2013) analyse the effect of investor sentiment on stock returns and US industry volatility, finding that
investor sentiment has a significant positive impact on stock returns and industry volatility.

Several studies (Tsuji, 2006, Wang, Li & Lin, 2009, Lux, 2011, Finter et al. 2012 and Yu, Huang & Hsu, 2014)
conducted in different contexts support the hypothesis that sentiment conditions share price and plays a significant
influence on expected return. Existing literature has focused on developed markets, so there is little empirical evidence
on the role of investor sentiment on stock profitability, particularly in emerging markets.

Corredor, Ferrer & Santamaria (2013) assessed the effect of investor sentiment on four developed stock markets:
Germany, Spain, France and Great Britain, concluding that sentiment has a significant and positive influence on return,
varying in intensity from market to market. Later, Corredor, Ferrer & Santamaria (2015) analysed the effect of
sentiment on stock returns in three emerging markets in central Europe: Hungary, Poland and the Czech Republic,
concluding that sentiment has a significant negative effect on stock returns, although there is a dispersion in intensity
between countries.

Horta & Lob& (2018) analysed the relationship between sentiment and market return in seven European markets
(Germany, Belgium, France, Greece, the Netherlands, Portugal and the United Kingdom) and, unlike previous studies
that focused on the causal relationship between the variables, they focused their analysis on the structure of dependence
between investor sentiment, represented by the Economic Sentiment Indicator (ESI) proxy and market return,
expressed by the Morgan Stanley Capital International (MSCI) index. Based on the copulation model, a statistical
technique used to formulate multivariate distributions (Nelsen, 1999) and the bootstrap procedure (Bootstrapping is a
resampling method used to approximate the sample distribution of a statistical survey proposed by Efron in 1979) to
test six hypotheses, the results suggest the relevance of investor sentiment in determining market prices.

Regarding the Portuguese case, in a study analyzing the impact of sentiment on market returns in Portugal, using the
return on the Portuguese stock market, Fernandes, Gonglves & Vieira (2013) state that the Portuguese Economic
Sentiment Indicator (ESI) and the European Union (EU) Consumer Confidence Index for Portugal are driven by
rational and irrational factors. The authors only used the irrational component of sentiment, concluding that sentiment
has a negative impact on future market returns and may be justified by the fact that Portugal is a market prone to the
influence of sentiment as a result of its high degree of collectivism, revealing the extent to which individuals are driven
to act in groups rather than individually (Hofstede, 2001). The authors also conclude that there is no contagion of US
investor sentiment on the Portuguese market return.

Given the relevance of investor sentiment in the behaviour of markets, the following is a brief review that helps to
contextualize this issue within the framework of financial theory.

According to Baker & Wurgler (2006), classical finance does not attach any importance to investor sentiment,
arguing that competition among rational investors with diversified investments allows for efficient portfolios, which
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in turn leads to a balance where prices reflect the discounted value of expected cash flows. In the presence of
irrational investors, classical theory advocates that the presence of arbitrators will be sufficient to prevent a
significant deviation in prices. Thus, the impact of investor sentiment on prices becomes irrelevant as they tend to
their fundamental value if markets function efficiently. According to Fama (1970), in an efficient market, prices fully
reflect the available information. From the above, it appears that traditional finance does not recognize the role that
investor sentiment plays in the behaviour of markets. In view of this constraint, a new current is developing within
financial theory that seeks to recognize the role of this, called behavioural finance.

Between 1979 and the mid-1980s behavioural finance assumed particular relevance, seeking to address the
difficulties traditional finance had in justifying the anomalies that historically characterized the market (Barberis &
Thaler 2002).

For Ritter (2003) and De Bondt, Muradoglu, Shefrin & Staikouras (2008) behavioural finance uses models that seek
to incorporate the non-rational behaviour of agents, particularly when taking into account personal preferences or
less well-founded beliefs, evaluating the behaviour of investors and the way their conduct conditions the market and
financial institutions (This approach takes into account the existence of “normal” investors who, unlike rational
investors, are not immune to cognitive errors or false emotions and decision-making are shaped by agents’ emotions,
especially in periods of strong volatility (Statman, 2014; Nofsinger, 2005). Investors convey the social mood to the
capital market, thereby incorporating sentiment in price formation. The capital market moves according to social
mood, increasing in periods of optimism, satisfaction, confidence and decreasing in pessimistic or conservative
periods (Nofsinger, 2005).

Ritter (2003) states that behavioural finance is structured on two pillars, investor cognitive psychology and the limit
of arbitrage. The first refers to the way people think, and there is a significant literature documenting the errors
systematically made by individuals regarding the way they think: they are overconfident, attach too much weight to
recent experience, and their preferences can create distortions. Behavioural finance incorporates these principles by
taking advantage of them in future situations. The second, the limit of arbitration, assesses the extent to which it
becomes effective. In the presence of price imbalances, resulting from irrational decisions made by agents,
arbitrators seek gains by driving prices to equilibrium.

In short, behavioural theory takes into account individual psychological aspects, considering that the conduct of
some investors is conditioned by biases and emotions. Additionally, it acknowledges the prevalence of limits on
arbitration, so that, under these circumstances, the price of assets may change relative to their fundamental values, so
that returns may be conditioned by factors other than risk (De Long, Shleifer, Summers, & Waldmann 1990).

Given the importance that investor sentiment plays in returns on securities, it is important to identify instruments that
allow them to be quantified, namely through the volatility index. Volatility is present in financial markets and is
associated with the feeling of uncertainty in the decisions that are taken daily, despite the fact that these decisions
have associated risks. It is in this context that volatility is paramount, providing important information to investors,
guiding decision making regarding a particular asset.

Volatility is associated with the dispersion of underlying asset prices relative to their average over a given period of
time (Ferreira, 2009). This measure is usually measured by the annualized standard deviation of the percentage
change in daily, weekly, monthly or very small time intervals, usually irregular intraday time scales, often referred to
as high frequency data expressed as a percentage. This measure quantifies the risk of an asset traded in the financial
market over a period of time by measuring the dispersion of its yields and ultimately the market itself. The higher the
value of the standard deviation, the higher the volatility and the greater the uncertainty associated with the security.

Time series within financial markets have specific characteristics that seek to translate a return pattern for different
assets (stocks, bonds, options, futures, other derivatives), all of which fit into at least one of the stylized facts (Taylor,
1994; Ridberg, 2000). Among the most studied “stabilized facts” in the literature are fat tails in the distribution of
returns, volatility in clusters, leverage or asymmetry effect, the long memory of chronological financial successions
and co-movements.

In the middle of the last century, Mandelbrot (1963) and Fama (1965) refer, by identifying homogeneous groups in
describing the behaviour of chronological financial successions, the first cluster volatility. This is characterized by
the fact that periods of high volatility are followed by periods of large fluctuations; similarly, that small changes in
prices lead to small changes (Campbell & MacKinlay, 1997).

The leverage effect or asymmetric effect occurs when stock prices tend to be negatively correlated with volatility
changes, i.e., when volatility is higher after negative shocks rather than positive shocks of equal magnitude

Published by Sciedu Press 15 ISSN 1923-4023 E-ISSN 1923-4031



http://ijfr.sciedupress.com International Journal of Financial Research \ol. 11, No. 5; 2020

(Aydogan, 2016). There are often periods of intense volatility in financial markets after periods of price declines,
which are not felt so intensely in periods when prices rise (Silva, S&adi & Castro, 2005). From the foregoing, we can
state that positive and negative shocks tend to have distinct impacts on volatility.

The long-term memory effects (long memory) detected for the first time in non-financial contexts are related to a
high degree of persistence in observations, i.e., the volatility of financial markets is influenced by very distant shocks
that reverberate over time to the present (Bollerslev & Mikkelsen, 1996). Finally, co-movements denote
synchronization of behaviours in different markets, i.e., there is a tendency towards similar behaviours. Traditionally,
correlation has been used to quantify the size of joint movements and to define the degree of contagion among
financial markets (Barberis, Shleifer & Wurgler, 2005).

Following a brief description of the stylized facts of volatility, it is important to identify the main models for
measuring volatility. Volatility modelling has been the subject of different studies over the years, given the difficulty
in observing it directly in the market and the difficulty in describing its behaviour and reducing uncertainty. The
definition of volatility is associated with asymmetric movements over a period of time without it being possible to
predict its evolution. Kendall & Hill (1953) was the first author to be interested in this topic, concluding that the
movements were completely random, leading Bowerman & O’Connell (1979) to argue that volatility represented a
series of random residues over a time series, with a zero mean and uniform variance, in context characterized by the
reduction of components and seasonality cycles.

Engle (1982) proposes two models to measure volatility, which symmetrically treat the effects of positive and
negative returns on volatility, namely:

e Autoregressive Conditional Heteroscedasticity (ARCH): in this, the variance of a time series
changes over time, conditioned to the forecast errors observed in the past;

e Generalized Autoregressive Conditional Heteroscedasticity (GARCH): further developed by
Bollerslev (1986), allowing the treatment of conditioned variance to be generalized over a given
period of time, depending also on the conditioned variances observed in the past and observations
of the past.

Later, Glosten et al. (1993) and Zakoian (1994) developed a new variant of the GARCH model called Threshold
Generalized Autoregressive Conditional Heteroscedasticity (TGARCH). Thus, it is possible to compare the impact
of “good news” and “bad news”, allowing us to conclude that they affect future volatility: “bad news” has a stronger
negative leverage effect than “good news”, revealing the clear prevalence of an asymmetric effect.

Volatility appears as an instrument for gauging market sentiment and has been the subject of much theoretical debate
to identify the relationship between sentiment and volatility. For Smidt (1968) and Zweig (1973) sentiment gives rise
to speculative situations in which investors try to speculate market trends based on personal intent, associated with
the investors' cognitive effects.

Bentes (2011) identifies two distinct currents in the causal relationship between sentiment and volatility: one that
supports a cause-and-effect relationship between sentiment and volatility used to predict future returns and the other
in the opposite direction. However, literature review allows us to identify a set of studies (Solt & Statman,1988;
Brown & CIiff, 2004; Wang, Keswani & Taylor; 2006) in which it is difficult to reach a consensus regarding the
results obtained, questioning the way sentiment is generated and witch stems from the volatility of financial markets.
Furthermore, Fisher & Statman (2000) state that the causal relationship between sentiment and volatility can be
significant in both directions. The study of sentiment is relevant, so it should be studied as it persists over time, and
optimism or pessimism spreads as more people share this sentiment. Added to this is the fact that arbitrage can
eliminate short-term profit strategies; however, it is unable to correct long-term deviations.

Thus, it is important to measure this variable, identify and quantify market sentiment, as well as predict the future
evolution of movements and trends, thereby market sentiment indices emerge, allowing us to quantify the levels of
pessimism and optimism existing at every moment in the market.

The literature identifies a set of indicators that can be used to gauge sentiment, but it has been difficult to gather
consensus on which one is most appropriate. Generally, sentiment indicators can be divided into direct and indirect
indicators (Brown & CIiff, 2004). Direct indicators result from surveys that seek to question individuals about their
expectations and opinions about the evolution of the economy and the financial market, or through the use of
consumer confidence index. Indirect indicators use economic and financial variables to check investor sentiment.
Several studies (e.g., Fisher & Statman, 2000, Brown & Cliff, 2005, Verma & Soydemir, 2006), use surveys to gauge
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sentiment; on the other hand, the Consumer Confidence Index (CCl), as an alternative in other studies (e.g.,
Charoenrook, 2006, Qiu & Welch, 2006, Lemmon & Portniaguina, 2006; Schmeling, 2009).

Qiu & Welch (2006) state that the CCl is intrinsically associated with investor sentiment, as investors are optimistic
about the economy when they share the same sentiment about the stock market and vice versa. This includes the
rational and emotional components of consumer sentiment and the link with consumer sentiment stems from the
significant presence of individual investors in the financial markets (Lemmon & Portniaguina, 2006).

As for indirect indicators, different authors (Lee, Shleifer & Thaler, 1991, Hughen & McDonald, 2005) use the
closed-end investment fund discount (CEFD), and the number of new initial public offerings (IPOs) is another
alternative indicator (Lee et al. 1991, Wang, et al. 2006) expressed by trading volume ratio put-call.

Recently new composite indices have been proposed to measure sentiment. Glushkov (2006) developed an index
consisting of the bull-bear spread (Investors Intelligence (I1) from financial market journals. Every week every
journal is consulted from the perspective of future market movements and is marked with bullish, bearish and
neutral), dividend premium, closed-end discount, percentage change in lending margin, ratio of short sales by
financial experts to total short sales, new cash flows US equity mutual funds, and the number and average of day one
returns on IPOs. Baker & Wurgler (2006), in turn, use the closed-end discount, the volume of transactions measured
by the NYSE’s turnover, the number and average of first day returns on IPOs, the share of new issues and dividend
premiums to build a new index.

According to Fernandes, et al. (2013), it is difficult to gather a consensus on the indicators that best measure
sentiment. One of the problems associated with its construction is that the sentiment indicator may only be an
indicator or a proxy for macroeconomic factors already identified in the literature. (Lee et al. 1991).

Chen, Rool & Ross (1986) and Baker & Wurgler (2007) report that indicators may have a common component
related to sentiment and macroeconomic factors. The macroeconomic variables systematically condition stock prices,
identifying those that affect asset returns, suggesting others that should be removed from sentiment indicators such as
annual growth in industrial production and return on the New York Stock Exchange (NYSE) weighted index. In its
turn Baker & Wurgler (2007) to remove economic factors from proxies, perform regressions for each proxy based on
macroeconomic indicators, using the residuals obtained from regression as a proxy for sentiment.

Brown & Cliff (2005) and Feldman (2010) take a different approach by incorporating control variables in regression,
thus removing the influence of macroeconomic factors from the analysis, as opposed to directly excluding these
factors.

The macroeconomic variables used in our study similarly to other authors are: the industrial production index
(Brown & Cliff, 2004; Baker & Wurgler, 2007; Schmeling, 2009; Fernandes, et al. 2013; Corredor, 2015; Aydogan,
2016; Khan, 2018), short-term interest rates (Fama & Schwert, 1977; Schmeling, 2009; Baker, Wurgel &Yuan, 2012;
Fernandes, et al. 2013; Kumari & Mahakud 2015; Aydogan, 2016) monthly variation in the consumer price index
(Zouaoui, 2011; Fernandes, et al. 2013; Sayim, Morris & Rahmam 2013, Aydogan, 2016).

In short, investor sentiment influences market volatility, which in turn conditions the evolution of the market and its
returns. There are two types of indicators for measuring investor sentiment. On the one hand, there are direct
indicators obtained from surveys and the Consumer Confidence Index; and on the other hand, there are indirect
indicators that use economic and financial variables to capture investor sentiment. With the help of models such as
ARCH and GARCH, it becomes possible to model and predict market volatility movements.

3. Data and Methodology

The study used time series data with monthly frequency from January 1988 to May 2019 for the Portuguese and
Spanish market, with two purposes: i) to assess the effect of investor sentiment on the volatility of the Portuguese
stock market, the PSI 20 index and, ii) broaden its scope by comparing it with the Spanish stock market, the IBEX 35
index. The quotation of the PSI 20 and IBEX 35 index was obtained from OECD's Main Economic Indicators
database (1961). In order to study the effect of investor sentiment on market volatility, a methodology similar to that
proposed by Aydogan (2016), Glosten et al. (1993), and Zakoian (1994) was applied. We used the consumer
confidence index as a proxy to measure investor sentiment, macroeconomic variables as control variables, and a
linear regression was performed using the least squares method (Ordinary Least Squares - OLS) in order to remove
the effect of the macroeconomic news in our sentiment proxy. Consumer confidence measures have been largely
deployed as proxies of investor sentiment (Reis and Pinho 2020a, 2020b; He, Zhu, and Gu ,2017; Spyrou, 2013;
Simdes, 2011; Chui, Titman, and Wei 2010). This measure captures the consumer prospect mood and thus a lead
indicator of a future behavior of the stock market return and volatility. Most findings report a negative relationship
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between sentiment and returns and a positive relation with volatility (risk). Macroeconomic variables that were
considered are: the industrial production index (to measure economic growth), the monthly money market rates
(namely short-term interest rates) and inflation (monthly variation in the consumer price index). The consumer
confidence index and macroeconomic variables were also taken from the OECD's Main Economic Indicators
database. The equation for estimating the “purified” investor sentiment is as follows:

SENT;; = a + B; X7-; MACRO;, + D, + &;; 1)
Where SENT;, represents investor sentiment for country i (Portugal or Spain) at time t- the consumer confidence
index, MACRO;, expresses the following macroeconomic indicators: industrial production index, consumer price
index and short-term interest rates for country i (Portugal or Spain) at time t, a is the constant and ¢;, the error
term. To analyze the impact of the global financial crisis, a dummy variable D, was introduced (with a value of 1 if
the period is in crisis and 0 in the absence of a crisis). The global financial crisis started in July 2017 (Dungey 2009)
and the end was consensually considered in December 2009 (Bhimjee, Ramos, & Dias, 2016).
As previous requirements for obtaining the residuals of equation (1), some assumptions of the OLS estimation must
be verified in time series, namely: stationarity, the absence of autocorrelation and homoscedasticity, issues addressed
in a later point of this work. The residuals of expression (1) translate the original sentiment index orthogonalized by
the macroeconomic variables and, thus, free of this effect. The objective of the new sentiment measure seeks to
capture the pure investor sentiment, which can only be measured through a proxy. After estimating investor
sentiment, we applied the Autoregressive Conditional Heteroscedasticity (ARCH) model developed by Engle (1982).
The ARCH model assesses the short-term impact of shocks that occurred in the market in the previous period on
current volatility. More specifically, the Generalized Autoregressive Conditional Heteroscedasticity (GARCH)
model developed by Bollerslev (1986), which is widely referenced in the literature, was used to test the volatility of
the markets, assessing the persistence of shocks occurred in past volatility and its impact on present volatility. This
type of model allows us to capture stylized facts such as volatility clustering characterized by the fact that periods of

high volatility follow periods of large fluctuations, similarly, periods with small changes in prices give rise to small
fluctuations (Campbell, & MacKinlay, 1997).

In many circumstances, it is observed that the positive and negative news from the markets have different impacts on
their volatility. To understand the asymmetric behaviours of volatility according to good or bad news Glosten et al.
(1993) and Zakoian (1994) developed the Threshold Generalized Autoregressive Conditional Heterocedastic
(TGARCH) model. In this study, the TGARCH model has the advantage of incorporating the three arch effects
(ARCH, GARCH and TGARCH) with the specificity of being composed of two equations: i) mean equation that
defines the impact of sentiment on profitability and ii) the volatility equation that defines the impact of sentiment on
volatility and the arch effects.

The first equation has the following algebraic expression:

Yi = ag+ BoYi1 + BLSENT,_; + &
%~i.i.d.(0, h,) )

where Y, represents the profitability of the shares (of the Portuguese or Spanish Index), calculated from the
logarithm of the recent quotation and the quotation of the previous period of the PSI 20 or IBEX 35, depending on
the cases, at time t, SENT,_, represents the investor sentiment, obtained from the residuals of equation 1, calculated
for the moment t-1.
The second equation, that of volatility, is expressed as follows:

hr,t =pu+ Z?=1 a; 8t2—1 + Z(]Z=1 ﬁj ht—j + V5t2—1dt—1 + ISENT,. ;4 (3)
where h, . translates the conditional variance of the stock return index (PSI120 or IBEX 35) for country r (Portugal
or Spain) at time t, SENT, ,_, represents the residuals estimated in expression 1, which allowed determining the
sentiment for country r (Portugal or Spain) at time t-1. The asymmetric response to good and bad news, called the
leverage effect, is being captured by the variable d,, with d, =1 if € <0 (bad news) and 0 otherwise (¢> = 0 good
news). Good news has an impact on «;, and bad news on «a; + y, meaning that bad news has a greater effect on
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volatility when y> 0, indicating the presence of the leverage effect and if y# 0 news impact becomes asymmetrical.
The coefficient a represents the ARCH effect with p=1 (first order arch effect) and the GARCH effect is expressed
by B where g=1 (first order arch effect). The § coefficient shows the impact of the lagged effect of investor
sentiment on the conditional variance of the stock profitability index, after removing the vector effect of the
macroeconomic variables.

The estimation of the TGARCH maodel requires the following assumptions, inherent to this type of heteroscedastic
modelling, to be verified in advance: the stationarity of the variables, the lack of autocorrelation of the residues, and,
the hypothesis of heteroscedasticity. The stationarity assumption is verified through the widely used test, the
Augmented Dickey Fuller (ADF) developed by Dickey & Fuller (1979). The assumption of autocorrelation is
verified through two tests, the Durbin Watson test developed by Durbin & Watson (1950), and the Breusch-Godfrey
LM test, developed by the authors Breusch (1978) and Godfrey (1978). Finally, in order to fulfil the assumption of
heteroscedasticity, the Breusch Pagan tests proposed and developed by Breusch & Pagan (1979) and the White test
developed by White (1980) are performed.

After verifying the assumptions described and before estimating the TGARCH model, it is necessary to verify
whether the time series under study includes the presence of ARCH effects, that is, to verify whether the time series
has cluster volatility. For this purpose, the ARCH-LM test is performed, which was developed by the author Engle
(1982), whose null hypothesis is that there are no ARCH effects.

4. Results

This study investigates the impact that investor sentiment has on the volatility of PSI 20 and IBEX 35, based on the
methodology used by Aydogan (2016). Consumer Confidence Index data attempted to capture the effect that investor
sentiment would have on conditioned volatility. In order to study the influence that sentiment has on the volatility of
the Portuguese and Spanish market, it is necessary to calculate the sentiment as referred in equation 1, fulfilling the
assumptions of stationarity, no autocorrelation and of absence of heteroscedasticity. To fulfil with the assumption of
stationarity, the variables were transformed into their first temporary differences, and using the Augmented Dickey
Fuller (ADF) test it can be verified that with this step all variables become stationary, thus achieving the assumption
of stationarity.

The descriptive statistics of the variables under study are shown in the following Table 1, with the upper part of the
Table representing the variables used in the Portuguese market and the lower part representing the variables used in
the Spanish market. By observing the standard error value, we can see that the volatilities of the markets under study
are similar, since the value of the return log in both markets does not differ significantly. The standard error values
are similar to the values obtained by Aydogan (2016) for the Spanish market.

Table 1. Descriptive statistics

Country Variable Obs Mean Std.Dev. Min Max
cci 377 99.90377 1.38275 96.3199 102.279
indprod 377 112.0309 11.8557 91.5487 135.278
stint 377 5.221057 5.6507 -0.4077 18.254
Portugal cpi 377 3.889914 3.78075 -1.6648 14.6335
logreturn 376 0.002784 0.04915 -0.2209 0.21039
sen 373 -3.08E-11 0.05814 -0.1756 0.18815
e 372 -0.00131 0.0445 -0.2071 0.18001
cci 377 99.96457 1.27264 96.4808 101.767
indprod 377 109.1365 12.4494 89.7731 136.636
stint 377 4,821987 4.86261 -0.3304 15.979
Spain cpi 377 3.043779 1.98418 -1.3684 7.39318
logreturn 376 0.003581 0.04874 -0.1752 0.13704
sent 373 5.07E-12 0.06626 -0.2354 0.24651
e 372 -9.73E-04 0.0462 -0.1621 0.12808

Note: cci is Consumer confidence index; indprod is Industrial production index, stint is Short-term interest rate; cpi
is the Consumer price index; logreturn is the Logarithm return of PSI 20 and IBEX 35, sent is the Consumer
sentiment derived from the residuals of equation 1 and e are the residuals of equation 3.
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After verifying compliance with stationarity (unit root) it was necessary to test the presence of autocorrelation using
Durbin Watson (Durbin and Watson, 1950) and Breusch-Godfrey LM (Breusch, 1978 and Godfrey, 1978) tests, so
that the assumption is fulfilled it is necessary that there is no autocorrelation.

To correct the problem of pre-existing autocorrelation, an autoregressive AR (p) model (autoregressive model) was
adjusted to remove any type of autocorrelation, opting for an AR (4) model, that is, with 4 lags of the dependent
variable. The regression adjusted with the AR (4) model is as follows (equation 4): where dCClI; is the first
temporary difference of the Consumer confidence index; [(1/4)CCI; are the 4 lags of the Consumer confidence
index; dCPI; is the first temporary difference of the Consumer price index; dINDPROD; is the first temporary
difference of the Industrial production index; dSTINT; is the first temporary difference of the Short term interest
rate; dt isthe dummy variable.

dCCI; = I(1/4)CCI; + dCPI; + dINDPROD; + dSTINT; + dt )

The application of the lags helped to eliminate the existing autocorrelation, since the values of the test statistic by
Durbin Watson (Durbin and Watson, 1950) are close to 2, thus not rejecting the null hypothesis of non-existence of
autocorrelation. According to the Breusch-Godfrey LM autocorrelation test (Breusch, 1978 and Godfrey, 1978) the
null hypothesis is also not rejected, therefore there is no autocorrelation.

After all the assumptions to perform the regression were achieved, it was possible to obtain the investor sentiment
orthogonalized by the macroeconomic variables and proceed to the estimation of the ARCH family model to study
the influence of investor sentiment on the volatility of the PSI 20 and the IBEX 35.

Before proceeding with the estimation of the TGARCH model, it is necessary to check whether the stationarity
assumptions in the mean equation are met, the lack of autocorrelation and in this specific case, the presence of
heteroscedasticity because we are facing auto-regressive and heteroscedastic models. In the next tables the
accomplishment of the assumptions for the Portuguese and Spanish market are shown.

Table 2. Assumptions for the Portuguese market

Stationarity Augmented Dickey Durbin Breusch-Godfrey White test
Fuller (ADF) test Watson test LM test
Variables P-value Test estatistic P-value Test P-value
estatistic

logreturn 0.0000
I.logreturn ~ 0.0000
l.sen 0.0000

Autocorrelation 1.993107 0.8801

Heteroscedasticity 11.26 0.0465

Table 3. Assumptions for the Spanish market

Stationarity Augmented Dickey Durbin Breusch-Godfrey White test
Fuller (ADF) test Watson test LM test
Variables P-value  Test estatistic P-value Test P-value
estatistic

logreturn_esp  0.0000
I.logreturn_esp ~ 0.0000
I.sent 0.0000
Autocorrelation 1.952082 0.2871
Heteroscedasticity 16.15 0.0064

Once validated the assumptions, it was necessary estimating the TGARCH model, to test whether the time series
under study includes the presence of ARCH effects, that is, to verify whether the time series has volatility clustering.
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For this purpose, the ARCH-LM test was performed (Engle, 1982) showing that there are ARCH effects, which
allows us to execute the TGARCH model.

Table 4. Arch effects assumptions for the Portuguese and Spanish market

ARCH-LM test Test estatistic P-value
Portugal 14.662 0.0021
Spain 13.182 0.0402

In order to analyse the impact of investor sentiment on market volatility and capture the asymmetric effect of the
impact of good and bad news, the TGARCH model was applied, obtaining the following results.

Table 5. TGARCH Model for Portugal and Spain

logreturn Coef. Std.Err. z P>|z| [95% Confid. Interv.]
Portugal:
logreturn
I.logreturn 0.3844076 0.5156812 0.75 0.456 -0.6263089 1.395124
l.sen 0.0566481 0.0382462 1.48 0.139 -0.0183131 0.1316093
cons 0.0036165 0.0039077 0.93 0.355 -0.0040424 0.0112755
HET
sen(9) -9.250741 4.736036 -1.95 0.051 -18.5332 0.0317196
cons(n) -8.861193 0.5651157 -15.68 0.000 -9.968799 -7.753587
ARCH
arch(a) 0.1721096 0.0602954 2.85 0.004 0.0539327 0.2902865
tarch(y) -0.062802 0.0741645 -0.85 0.397 -0.2081617 0.0825578
garch(B) 0.7784334 0.0726824 10.71 0.000 0.6359785 0.9208883
logreturn Coef. Std.Err. z P>|z| [95% Confid. Interv.]
Spain:
logreturn
I.logreturn 0.2310829 0.1936875 1.19 0.233 -0.1485376 0.6107034
l.sent 0.1188392 0.037231 3.19 0.001 0.0458679 0.1918105
cons 0.0035615 0.0027001 1.32 0.187 -0.0017305 0.0088536
HET
sent(9) -9.344329 2.817595 -3.32 0.001 -14.86671 -3.821945
cons(p) -7.858267 0.439818 -17.87 0.000 -8.720294 -6.99624
ARCH
arch(a) 0.2063002 0.0687996 3.00 0.003 0.0714555 0.3411449
tarch(y) -0.1842943 0.0756293 -2.44 0.015 -0.332525 -0.0360637
garch(p) 0.6609599 0.1006894 6.56 0.000 0.4636123 0.8583074

Empirical data support that there is no asymmetric effect of good and bad news on the PSI 20 volatility since the y
coefficient is not statistically significant, but the asymmetric effect of good and bad news is shown in the IBEX 35
since the y coefficient is statistically significant and has a negative value, we can say that there is evidence that the
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impact of news is asymmetric once that y # 0, concluding that the impact of positive news on volatility is greater
than negative news of the same magnitude, confirming the existence of a leverage effect. According to Fernandes
(2013), the percentage of individual investors in Portugal is inferior to the Spanish market, what would explain why
there is no asymmetric effect of good and bad news on the PSI 20 volatility, since that the individual investors are
more prone to the influence of irrational factors than of the rational ones. Furthermore, Portuguese stock market has
small liquidity and a small dimension (around 50 billion market cap). Accordingly, it is not strange that sentiment
measured by the Consumer sentiment proxy indicator barely influence PSI20 volatility and there is no TARCH effect
of good or bad news on volatility. The results also corroborate the study by Lee et al. (2002), who states that the
asymmetry coefficient is negative since positive shocks cause a downward trend in volatility. The same conclusion
was obtained by Sudha (2014) who states that since the coefficient of negative asymmetry, the intensity of volatility
tends to have a downward rather than an upward trend. One explanation for why the value of the asymmetry
coefficient is negative rather than positive according to Aydogan’s (2016) results may be due to the fact that the
temporal amplitude of our study is much larger and the database includes more information.

The sum of the ARCH and GARCH coefficients is 0.950543 for the Portuguese market and 0.8672601 for the
Spanish market, which is very close to one, and is an indicator that the volatility shocks are persistent in both the
short and long term, in line with the results obtained by Aydogan (2016). The B coefficient is positive and
statistically significant, which shows that there is a strong GARCH effect in the markets, indicating a long memory
in the variance, which means that after a shock the volatility remains for a considerable period. The investor
sentiment coefficient, ¥, is statistically significant and has a negative value, which highlights the greater persistence
of negative shocks in the conditioned variance (the lower the sentiment, higher the volatility of the PSI20 and IBEX
35 return) corroborating Aydogan’s (2016) study in which the German and French markets also show negative and
statistically significant values concluding that they are more sensitive to the negative shocks of investor sentiment.
The influence of the investor sentiment can be explained by the collectivistic culture evidenced by Hofstede (2001),
and according to Schmelling (2009) stock markets in collectivistic countries are more heavily influenced by investor
sentiment. Portugal and Spain are largely dominated by institutional investors and according to Aydogan (2016)
institutional investors, pessimism among investors will generally cause stock market volatility to rise and eventually,
the impact of institutional investors sentiment on stock market volatility will have a substantial economic effect.

The ARCH effect is also felt through the short-term impact of shocks that occurred in the markets in the previous
period on current volatility. An increase in consumer sentiment is associated with a decrease in volatility. The results
support the behavioural theory of finance, which suggests that volatile markets are more prone to changes in investor
sentiment.

Regarding the mean equation, we found that lagged sentiment does not influence Portuguese stock market returns but,
on the opposite, has a positive relation with returns forecast on Spanish markets. Higher sentiment leads to lower
volatility and higher returns. Similar results even with different proxy measures were achieved by Sayim & Rahman
(2015) who show that a positive investor sentiment tends to increase Turkish stocks returns, and that optimism
produce positive expectations, tumbling uncertainty, and reducing the volatility of stock returns. Also, Anusakumar
et al. (2017) conclude that there is a positive relationship between market sentiment and returns however the
relationship does not verify at the country level. Frugier (2016) defends that portfolios composed of shares of large
European companies, present a link between investor sentiment, stock volatility and future returns. Da et al. (2015)
used an internet text sentiment and find that it predicted short-term return reversals and increases in volatility. Labidi
& Yaakoubi (2016) argue that exposure to aggregate volatility risk is negatively associated to returns when sentiment
is low. This connection loses its significance when sentiment is high. Kumari and Mahakud (2015) show that higher
market excess returns are positively associated with the lower conditional volatility that results from bullish
alterations in investor sentiment for the market as the opposite also verifies.

But other authors found a negative relation of sentiment with future returns. Among them Baker and Wurgler (2006)
discovered that when sentiment is low, following returns are higher on newly listed stocks than older stocks and also
in high return volatility than low-return volatility stocks, as in nonprofit stocks than profitable ones, and in dividend
nonpayers than dividend payers. When sentiment is high, those patterns change. Smales (2017) defend that firms that
are more subjective to value, difficult to arbitrage react more to changes in investor sentiment. The author also
concludes that lower sentiment produces a greater influence on market returns during a recession for speculative
shares.

Asymmetric results are also found as in the works of Lutz (2016) who defends that the effects of sentiment are
asymmetric stating that during investor sentiment contractions, high sentiment predicts low future returns for the
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cross-section stocks return and for the market, overall. The relation between sentiment and future returns is positive
in the case of sentiment expansions.

Regarding the results of the study carried out by Aydogan (2016), whose research encouraged this work to be carried
out, our study has a broader scope, 31 years (in monthly data) from January 1988 to May 2019 compared to the study
of Aydogan (2016) 11 years, from January 2004 to June 2015, and covers the Spanish and Portuguese markets. As
our analysis covers a longer period, it makes our conclusions more solid because it includes more information.

The difference observed in the signs of the asymmetry coefficient values verified in this study in relation to the work
developed by Aydogan (2016) can be explained by the database used in this study to include data even after the
Black Monday crisis that occurred on October 19, 1987 and, therefore, have data that reflect the improvement of
stability in international markets.

A policy implication of these results is that key market players could use communication strategically and get the
media to report their confidence to increase investor sentiment and, therefore, avoid feeding negative thoughts about
the state of the economy. Despite the previous idea the fact is that the investor's feeling, or his pessimism or
optimism conditions the growth and development of capital market activities. At same time, investors can improve
the performance of their portfolio, considering investor sentiment as an important determinant of stock market
volatility in asset pricing models. The results can also contribute to formulating policies that allow investors to
stabilize their feelings, reducing the volatility and uncertainty of the stock market.

5. Conclusion

The aim of this study was to investigate the impact that investor sentiment has on the volatility of PSI 20 and IBEX
35, based on the methodology used by Aydogan (2016). Consumer Confidence Index data attempted to capture the
effect that investor sentiment would have on conditioned volatility. As respect to the asymmetric effect of good and
bad news the results show that in the case of the Portuguese market the asymmetric effect couldnt be detected, but
for the Spanish market the asymmetric effect was shown concluding that the impact of positive news on volatility is
greater than negative news of the same magnitude, also confirming the presence of a leverage effect. Regarding the
investor sentiment, the conclusions are that the Portuguese and Spanish market are more sensitive to the negative
shocks of investor sentiment, showing that a lower investor sentiment provides a higher volatility.

The so-called ARCH effects are the short-term impact of shocks on market volatility in the previous period that are
transmitted in current volatility, showing that Portugal and Spain have ARCH effects. In comparison to the study by
Aydogan (2016) France, Germany, Italy, Ireland, Spain and Greece also have ARCH effect.

The results of this study can be used by investors and policymakers. The investors could improve their results by
considering the investor sentiment as an important factor to take into consideration when making market investment
choices. The policymakers could with the effect of the investor sentiment on the volatility, gain new perspectives and
so try to stabilize future volatility shocks.

One of the main limitations of the study stems from considering only the Portuguese and Spanish markets in
comparative terms, despite the high time horizon contemplated.

Future work should frame other non-OECD countries by broadening the benchmark, using another alternative
indicator to measure consumer sentiment beyond the Consumer Confidence Index, and using other macroeconomic
variables to calculate sentiment.
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