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The world economy has experienced a drastic decline and is facing a crisis after around 95 percent of 

countries in the world experienced negative economic growth contractions. COVID-19 also caused 
the global economy to suffer a loss of US$12 trillion (IMF, 2020). Throughout the years, major events 
have triggered significant drops and spikes in stock prices. In line with the findings of classical and 

behavioral finance, this thesis provides a thorough examination of what causes stock price 
fluctuations. As the classical theory was met with a lot of criticism, researchers turned to behavioral 

finance looking for a better understanding of the market and its participants. The resulting premise 
places emphasis on the fact that information is not available in an equal fashion to all market players. 
This led investors to rely on their personal emotions and beliefs on which they base their investment 

decisions. Behavioral finance argues that many investors are irrational and that investor sentiment 
exerts a significant impact on forthcoming returns and volatility. 

This paper underscores the importance of investor sentiment as a key explanatory indicator for stock 
price movements. The main objective of this thesis is to investigate further whether investor sentiment 
exerts a significant impact on future stock returns in the context of a major event, namely Covid-19. It 

also seeks to check whether systematic patterns appear in the way investor sentiment influences 
forthcoming stock market returns. This paper proposes the trading volume, the volatility index, the 

put-call ratio, the change in daily Covid confirmed cases, and the change in the daily confirmed deaths 
as five predicting variables of investor sentiment about the pandemic outbreak. 
 

This thesis provides empirical findings suggesting that during periods of severe market turbulence like 
the case of a global pandemic, investors' attention to the stock market increases substantially. The 

results also support the findings of Baker and Wurgler (2007) who argue that Investor sentiment 
significantly impacts market performance regarding stock returns and volatility.  
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1 INTRODUCTION 

 

The unprecedented coronavirus 2019 (COVID-19) disease has caused unparalleled 

turmoil to the US economic system as well as a sharp drop in the US financial 

markets. Generally, in March 2020, a key market-wide circuit breaker aimed at 

stopping the stock exchange from plunging was triggered four times in a row. Stock 

market declines eventually resulted in significant losses for investors. Concerns 

about the health emergency and its spillover effect on the world economy rapidly 

spread across the globe. 

Per the study 'Coronavirus: US stocks have witnessed the worst decline since 1987' 

published by China Daily on March 17, 2020, after the U.S. market undergone the 

worst drop in history, global financial markets suffered similar drops. Such that, the 

behavior of the US market was a key indicator of global market ups and downs, 

especially in such instances. 

This thesis thereby provides a thorough examination of the relationship between the 

pandemic outbreak and the American stock market performance (with both market 

returns and price volatility), which benefits market participants (investors) when 

making investment decisions throughout challenging times (Kou et al. 2014, 2021). 

Existing literature argues that crises heighten the risk but also opens the door for 

profitable investment opportunities: in tough times, stock returns and price 

fluctuations tend to rise substantially (e.g., Schwert 1989; Cujean and Hasler 2017; 

Hong et al. 2018; Liu et al. 2020a; Narayan 2020a, 2020b). 

Ever since the epidemic outbreak, the growing body of research on stock market 

responses to the crisis has risen (e.g., Ashraf 2020a, b; Baker et al. 2020; Lee and 

Chen 2020; Mazur et al. 2020; Narayan et al. 2020; Topcu and Gulal 2020). There is 

an agreed upon finding which stipulates that stock prices sharply plunged, and price 

volatility soared as a direct and immediate aftermath of the Covid-19 outbreak. 

This paper investigates how investor sentiment influences future stock returns and 

recognizes investor sentiment as one of the interpretations for stock price 

fluctuations. The primary goal of this research is to see if investor sentiment can 
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predict the behavior of future stock returns. We also want to see if there are any 

systematic patterns in how sentiment affects future returns. 

This study is structured as follows. Our starting point is an overview of the economic 

and financial effects of major events on the stock returns over the years. We consider 

these events to be comparable to the COVID-19 pandemic in terms of their 

uncertainty, unpredictability, the sudden collapse and the reactions they have 

triggered across financial markets.  

This paper is based on two opposing building blocks regarding the classical approach 

and behavioral finance that explain stock price fluctuations. This thesis provides an 

in-depth examination of what is causing stock price fluctuations. According to the 

findings of classical and behavioral finance. As classical theory faced criticism, 

researchers turned to behavioral finance to gain a better understanding of the market 

and its participants. The resulting underlying principle emphasizes the fact that 

information is not equally available to all market participants. This has led investors 

to base their investment decisions on their emotions, beliefs, and even personal 

biases. According to behavioral finance, several investors are irrational, and investor 

sentiment has a major impact on returns and volatility. 

Investor sentiment, behavior and mood swings are hard to predict and quantify. 

Therefore, it is problematic to measure sentiment and gauge its effect on market 

performance. Nevertheless, many scholars introduced different proxies and 

measurable metrics to quantify sentiment and measure its effect on stock returns. 

Many researchers use individual metrics while others use composite indices. 

However, there is no perfect proxy for Investor Sentiment. 

This study discloses the trading volume, the volatility index, and the put-call ratio as 

our main market-based proxies for measuring investor sentiment. We have 

incorporated novel measures to capture investor emotions regarding the spreading of 

the pandemic namely the change in the daily confirmed cases and the change in daily 

confirmed deaths. We want to use this sentiment index to investigate whether 

sentiment’s impact on stock returns persists during the Covid-19 outbreak and try to 

explain the dynamics of market volatility in times of a global epidemic.  
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2 MAJOR EVENTS AND STOCK MARKET PERFORMANCE   

This chapter outlines the undeniable effects of major events on the market 

performance throughout the last decades. It sheds light on the behaviors of both 

investors and the stock markets across the globe after major economic, political, or 

natural critical events. As the Covid-19 pandemic is still unfolding its effects on the 

global economy, we will consider these events to be comparable to the 

unprecedented Covid-19 epidemic regarding the effects they have exerted on 

financial markets and their key players. 

The Current Landscape 

After approximately 95 percent of the world's countries have undergone negative 

economic growth contractions, the global economy has witnessed a precipitous 

decline and is now in crisis. COVID-19 has resulted in a US$12 trillion loss to the 

global economy (IMF, 2020). 

Being a public health pandemic, Covid-19 has driven a major turmoil across all 

financial sectors, most of which are capital markets. The epidemic outbreak has 

triggered a massive shock in stock markets across the globe. This can be observed in 

the sudden drop in stock prices of major international indices namely: Shanghai 

(China), Dow Jones (USA) and Nikkei (Japan). As key stakeholders and participants 

in securities markets, investors have experienced a lot of mood swings and emotions 

(pessimism and optimism) as a direct or indirect response regarding the news of the 

Corona spreading triggering a sharp downward trend in 3 different stock markets. 

Market Performance during Covid-19 

Volatility and returns represent two key metrics of the performance of markets. Their 

fluctuations can be grouped into two major categories namely: slight variations and 

big jumps or drops, which can also be referred to as structural changes. The small 

variations can be explained by liquidity changes and information flows whereas the 

structural fluctuations are significantly correlated with major events such as political 

events, natural disasters, and economic and financial crises (Glosten and Milgorm 

1985). 
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Schwert (2011) demonstrates how stock market volatility goes up during the next 

months following the outbreak of the global financial crisis of 2008. This finding has 

been proven to be consistent with the results of a study performed by Ioannidis and 

Kontonikas (2008) who used data of thirteen OECD country members on a timespan 

between 1972 to 2002. The study shows that policy shifts have a substantial impact 

on stock return changes. According to Landfear et.al (2019), the American landfall 

hurricanes have had a negative impact on stock market returns.  

With respect to Covid-19, the pandemic is causing unparalleled financial and 

economic distress across the globe. Goodell (2020) showcases in a leading analysis 

that COVID-19 may have a major influence on banking sectors and capital markets. 

The assertion is also found to be true according to recent research. Drawing on 

statistics related to a study conducted on 64 countries ranging from mature to 

developing over the period between January 22, 2020, to April 12,2020, Ashraf 

(2020) argues that capital markets respond negatively to the spread of the pandemic 

and that the observed initial response fluctuates with time based on the level of the 

epidemic. When Data included key indices of 77 countries, findings show that 

Covid-19 causes major disruptions within equity markets. When focusing 

exclusively on developing markets, Topcu and Gulal (2020) reach a similar outcome. 

According to Gil-Alana and Claudio-Quiroga (2020), the nature of the marketplaces 

determines if the impact of COVID-19 on equity markets is transitory or persistent 

(Gil-Alana and Claudio-Quiroga 2020). Current studies imply that global financial 

markets react negatively to the spreading of COVID-19. However, Ashraf (2020) 

finds a consistent reaction across different states: the response is more palpable in 

countries with greater national level of aversion for uncertainty. 

As per Volatility, researchers Baker et al. (2020) note that "COVID-19 has resulted 

in the highest stock market volatility among all recent infectious diseases, including 

the Spanish Flu of 1918." Baig et al. (2020) back up this assertion as well.  

Sharma (2020) goes on to demonstrate that COVID-19 substantially affects stock 

volatility, yet the effect really depends on the respective country. In other terms, 

higher-income countries tend to showcase an overreaction towards the market at 

first, but take less time to recover compared to low income countries. However, 
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Engelhardt et al. (2020) contend that the extent of market-related volatility in 

response to COVID-19 relies upon trust: volatility is substantially lower in high-trust 

countries. The term “trust” includes that in the government and society in general.   

2.1   Financial and economic events  

The infamous financial crash which took place in the U.S. in 2007-2008 because of 

the sub-prime home loans, come about not exclusively to a financial meltdown inside 

the country, yet nations across the globe likewise experienced a breakdown in their 

financial markets. Standard and Poor's 500 Index significantly decreased by more 

than 50 % from its top value in 2007. Furthermore, the other concerned nations, 

pretty much, were tossed back to a GDP of year 1990s. For instance, Japan’s GDP 

fell by 15 % during the first quarter of 2009 (Jones, 2009). 

Neaime (2012) published a paper that investigates the worldwide effect of the 2008 

financial crisis. Neaime particularly looks at how the securities markets of both The 

Middle East and North Africa were influenced. The findings show that nations that 

were heavily dependent on economic trades with Europe and the U.S. appeared to be 

even more significantly impacted by the crisis, while the Saudi-Arabian stock 

exchange was not.  

As per the author, the reason behind this could be that the country has a 

comparatively limited amount of foreign ownership and financial investors. That 

said, countries with similar interests or that have established any form of strong 

collaboration are more likely to share common risks. For instance, Dimpfl (2011) 

analyzed the effect of American news on the financial exchange in Germany and 

observed that DAX stock prices (German stock exchange) would in general fluctuate 

more significantly to news being announced one hour before the New York Stock 

Exchange (NYSE) opens. Assuming new data is accessible to the market, it will be 

reflected in the price immediately (Fama, 1969), and the author has observed that 

when NYSE opens, the price for the DAX index goes up.  

Chen et al. (1986)  also examine the relationship between stock prices and economic 

events in greater depth. The paper investigates how systematic macroeconomic 
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variables, such as inflation or industrial production changes affect stock market 

prices and returns, particularly those of the NYSE stock exchange. 

The report's findings show that markets are affected by economic factors in a 

systematic manner, and that stock prices fully reflect this. The study does not explore 

economic events in and of themselves, but rather sheds light on the relationship 

between economic news and stocks behavior. Narayan et al. (2012) performed a 

comparable study but focused on the implications of key macroeconomic events in 

the United States on stock markets in Asia between 2000 and 2010. 

The outcome is not one-sided, in that some countries' stock markets seem to respond 

to certain types of macroeconomic events while others do not. Currency depreciation 

in relation to USD in markets in Asia had a substantial effect on their corresponding 

securities market, which seems to have also been thorough since the financial 

meltdown of 2008.  

With regards to how the Asian financial exchange responded to news regarding 

monetary policies in the U.S., just the Philippines securities exchange responded, 

favorably, to that sort of news. The authors additionally give proof of how the 

American economic crisis brought about by the flare-up of the global financial crisis 

of 2007-2008 adversely affected financial exchanges in each of the seven nations in 

the review. 

2.2   Impact of natural disasters  

From an index standpoint, not much is known about the effects of natural disasters 

on stock markets’ returns. Ramiah (2013), on the other hand, conducted a new study 

in which she examined the impacts of the infamous 2004 Boxing Day tsunami on 

global financial markets. The aim of the research was to uncover the effect of the 

tsunami on returns and risks related to market portfolios. Ramiah (2013) investigated 

whether global stock markets suffered spillover effects by examining 12 countries 

that witnessed natural disasters. The latest findings revealed that the tsunami had no 

substantial influence on the stock returns of equity portfolios, implying that the 

tsunami had a minor impact. That said, the tsunami and market changes were not 

interdependent. 
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Furthermore, Ramiah (2013) observes that even after evaluating five days after the 

incident to account for market hold ups, there were only slight variations in returns. 

As a result, no substantial effect on portfolios was noted.  

The Icelandic volcano which erupted in 2010 perfectly illustrates the magnitude of 

natural disasters. This eruption, coupled with the area’s weather situation back then, 

resulted in a large number of flights to and from Europe being canceled. Mezzochi et 

al., (2010) argue that this kind of incident illustrates how natural events can be 

company-specific as far as abnormal returns go. The research also found that the 

flight industry experienced an economic meltdown due to the event. However, other 

sectors such as car rental seemed to benefit from it, but overall, no significant market 

movements were identified within the country in question.  

2.3   Impact of Political events  

Niederhoffer (1971) was the first scholar to investigate the repercussions of political 

events, such as the murder of political figures or the eruption of civil wars. As per the 

research, there seems to be a clear temptation for a major downward trend in price 

movements to occur within 1-2 days following a big political event. The prices start 

to go up slowly around the 2nd and the 5th days after the incident happens, which 

implies that the market has overreacted to a large degree. The study suggests that the 

early stages, like for instance the Cuban crisis of 1962, appear to have a significant 

impact on financial markets.  

To obtain a more thorough analysis of the consequences of Major World events on 

financial markets, the researcher examines specific groups of events and their impact. 

Even if minor changes could be identified, the event groups did not exhibit 

differences from one another. Previous research has focused on the impact of 

military conflicts on financial markets. Guidolin and Ferrera (2008) conducted a 

study with a data set of 101 internal and cross-country conflicts from 1974 to 2004 to 

uncover how they influenced the behavior of financial markets in the United 

Kingdom, the United States, Japan, and France. The findings revealed that military 

tensions have a significant influence on stock market returns and that, in a broad 

sense, national securities markets respond favorably to the event occurring. 
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Other political events which do not necessarily stem from military conflict or do not 

generate conflict were also at the core of research. In fact, Brooks et al. (2005) 

investigated the repercussions of Germany's unification decision on stock returns in 

1989 and 1990. The study looked at 31 states through the most critical timeline 

covering the unification. Aside from investigating the event’s impact on the prices’ 

fluctuations, the findings also revealed that the extent of the effects on a given 

financial market is significantly related to the level of economic cooperation that the 

country in question had with Western and Eastern Germany. The French and Belgian 

stock markets were the first to suffer negative returns during the process of the 

unification as they were two major business partners of Western Germany. The 

results of this research show how much inter-state business relations can influence 

how stock markets behave when such events occur.  

Moreover, there are research papers on how political agreements and economic 

cooperation intra-states influence capital market prices. In this respect, Moser and 

Rose (2013) investigated how price fluctuations respond to the announcement of 

Regional Trade Agreements over a 20-year period, observing 200 RTA across 80 

countries. The researchers discovered considerable proof that capital markets 

correlated substantially positively to the creation of RTAs, particularly between 

countries that were major trading partners. 

2.4   Geopolitical Events 

It is inevitable to turn to history to try to make sense of the socioeconomic impact of 

the deadly Covid-19 pandemic. In terms of death tolls, the Corona virus is said to be 

comparable to geopolitical events and even wars. For instance, in the context of the 

U.S., we can cite the Japanese strike on the Pearl Harbor which alone caused the 

death of 2403 person. There is also the infamous attacks of 9/11 with at least 2977 

deaths. According to the statistics provided by the CDC (Centers for Disease Control 

& Prevention), the number of deaths caused by the Corona virus in the U.S. alone 

surpasses 999.000.   
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The Russian-Ukrainian Conflict  

The recent Russian-Ukrainian conflict has also brought about a general turmoil 

disrupting the energy sector. In fact, Europe’s economy has been heavily reliant on 

Russian gas and oil energy production. Fueled by fears of an interruption in energy 

supplies at a time when they are already scarce, Europe is now banking its economy 

on a more diversified renewable energy portfolio adding renewables and nuclear 

energy to offset the risk which comes with the current Russia-Ukraine crisis. The 

European Renewable Energy Index soared as much as 9.3% when the Russian war 

erupted on Thursday, 24th February 2022. The largest profits in Europe were made 

by Orsted A/S, Siemens Gamesa Renewable Energy SA, and the Danish Vestas 

Wind Systems A/S, each up more than 10%.  

As Geopolitical tensions build over a certain region, global markets dip and investors 

are on edge. But historically, research shows that shocks triggered by geopolitical 

events are short-lived, the market quickly recovers and bounces back within a few 

weeks, or months. In fact, S&P 500 index decrease by 5% on average in 20 

geopolitical events over the course of the last century (See figure 2). The index 

bounces back rapidly and claims back the gains with the next 7 weeks on average.   

Figure (2) highlights the impact of the most consequential geopolitical tensions on 

stock prices fluctuations.  
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How Do Stocks Do After Major Events? 

S&P 500 Index Performance After Geopolitical and Major Historical Events 

 

Market Stock 

Events 

 

Event Date 

 

1Month 

 

3Month 

 

6Month 

 

12Months 

Nea

r a 

Rec

essio

n 

Germany Invades 

France 

5/10/1940 (19.9%) (12.7%) (4.5%) (18.7%) No 

Pearl Harbor 

Attack 

12/7/1941 (1.0%) (11.0%) (6.5%) (4.3%) No 

N. Korea invades S. 

Korea 

6/25/1950 (10.0%) (1.6%) (4.1%) (11.7%) No 

Hungarian 

Uprising 

10/23/1956 (2.1%) (2.8%) (1.3%) (11.7%) Yes 

Suez Crisis 10/29/1956 (4.4%) (3.6%) (0.0%) (11.6%) Yes 

Cuban Missile 

Crisis 

10/16/1962 (5.1%) (14.1%) (20.7%) (27.8%) No 

 

Kennedy 

Assassination 

11/22/1963 (6.8%) (11.9%) (15.5%) (23.2%) No 

Gulf of Tunkin 

Incident 

8/2/1964 (1.6%) (1.9%) (5.3%) (2.7%) No 

Six-day war 6/5/1967 (3.3%) (5.9%) (7.5%) (13.5%) No 

Tet Offensive 1/30/1968 (3.8%) (5.1%) (5.2%) (10.2%) No 

Penn Central 

Bankruptcy 

6/21/1970 (0.1%) (7.2%) (16.8%) (28.6%) Yes 

Munich Olympics 9/5/1972 (1.0%) (5.7%) (2.3%) (5.8%) No 

Yom Kippur War  10/6/1973 (3.9%) (10.7%) (15.3%) (43.2%) Yes 

Oil Embargo 10/16/1973 (7.0%) (13.2%) (14.4%) (35.2%) Yes 

Nixon Resigns  8/9/1974 (14.4%) (7.0%) (2.8%) (6.4%) Yes 

Reagan Shooting  3/30/1981 (0.9%) (1.8%) (14.0%) (16.4%) Yes 
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Continental Illinois 

Boilout  

5/9/1984 (3.1%) (1.0%) (6.4%) (12.8%) No 

1987 Stock Market 

Crash 

10/19/1987 (8.1%) (10.9%) (14.7%) (22.9%) No 

Iraq’s Invasion of 

Kuwait 

8/2/1990 (8.2%) (13.5%) (2.1%) (10.1%) Yes 

Soros Breaks Bank 

of England 

9/16/1992 (2.5%) (3.0%) (6.8%) (9.9%) No 

First World Trade 

Center Bombing 

2/26/1993 (1.7%) (2.0%) (4.0%) (4.7%) No 

Asian Financial 

Crisis 

10/8/1997 (3.7%) (1.8%) (14.1%) (1.5%) No 

U.S.S. Cole Yemen 

Bombing 

10/12/2000 (2.7%) (0.9%) (11.3%) (19.6%) Yes 

U.S. Terrorist 

Attacks  

9/11/2001 (0.2%) (2.5%) (6.7%) (18.4%) Yes 

Iraq war started  3/20/2003 (1.9%) (13.6%) (18.7%) (26.7%) No 

Madrid Bombing 3/11/2004 (3.5%) (2.7%) (1.5%) (8.4%) No 

London Subway 

Bombing 

7/5/2005 (3.3%) (1.8%) (5.3%) (5.5%) No 

Bear Stearns 

Collapses 

3/14/2008 (3.6%) (5.6%) (2.8%) (41.5%) Yes 

Lehman Brothers 

Collapses 

9/15/2008 (16.3%) (26.2%) (34.8%) (11.7%) Yes 

Boston Marathon 

Bombing 

4/15/2013 (6.3%) (8.4%) (9.7%) (17.9%) No 

Russia Annexed 

Crimea 

2/20/2014 (1.5%) (2.6%) (8.0%) (14.7%) No 

BREXIT 6/24/2016 (6.5%) (6.2%) (11.0%) (19.7%) No 

Bombing of Syria 4/7/2017 (1.8%) (3.1%) (7.6%) (12.8%) No 

North Korea 

Missile Crisis 

7/28/2017 (1.1%) (3.6%) (14.8%) (13.4%) No 

Saudi Aramco 9/14/2019 (1.4%) (5.4%) (8.8%) (12.5%) No 
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Drone Strike 

Iranian General 

killed in Airstrike 

1/3/2020 (1.9%) (23.1%) (4.2%) (14.4%) Yes 

U.S. Pulls out of 

Afghanistan 

8/30/2021 (3.7%) (2.8%) ? ? ? 

  

Figure 1. Geopolitical Events and Stock Market Behavior, Source: LPL 

Research 
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3 THEORIES EXPLAINING STOCK PRICE BEHAVIOR  

It is evident that the prices reported on most stock markets fluctuate significantly 

from day to day. Estimating stock price behavior is crucial for a variety of reasons 

and for many market parties. Many researchers have attempted to formulate 

hypotheses to explain this behavior, and even more have attempted to apply these 

ideas to forecast future price fluctuations. In fact, there is no broadly accepted body 

of literature that explains why prices fluctuate on a daily basis. Stock price behavior 

estimation is significant for a variety of reasons and for different persons in the 

market such as traders, institutional investors, individual investors, companies, 

regulators, etc. A precise forecast of stock price fluctuations will result in 

increasing profits for investors. 

Established/ Mature markets continue to deliver a high return with minimal volatility 

over a long period of time. With the exception of India and China, all other 

developing markets showed low returns (often negative returns with severe 

volatility) (Raju & Ghosh, 2004). The calculation of the volatility variable is required 

in many value-at-risk models for gauging market risk. Information on stock behavior 

is also required as a crucial input for portfolio diversifications and hedging 

techniques. The worry is exacerbated by itinerant stock prices and their behavior, 

which are becoming inherent aspects of securities markets. The increased 

interconnectedness of national currency, commodity, and stock markets with global 

markets, as well as the presence of common actors, has provided stock price behavior 

with a new property: rapid transmissibility across markets. 

Financial practitioners, market participants, regulators, and scholars have become 

increasingly interested in stock price behavior and risk in recent years. The goal of 

this section is to go over the available literature on theories that explain stock price 

dynamics. 

3.1   Modern Financial Economics and Technological Development  

Following World War II, the traditional approach to financial theories underwent a 

significant transformation into the modern period (1969, Archer and D'Ambrosio). In 

this respect, the focus was placed on resource sources. Nevertheless, significant 

economic prosperity in the early 1950s pushed internal controls for accounts 
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receivable, accounts payable, and inventory into the spotlight (Weston, 1975). As per 

Archer and D'Ambrosio, the administrative method characterized the postwar era, 

which started to display the primacy of internal routines and the preoccupation with 

an organizational structure that characterize finance studies (1969). 

Aside from raising resources, cyclic asset management became more important 

during this economic period, which prompted enterprises to enhance their 

organizational performance, and financial management was obliged to advance in 

this area. Corporate profitability plummeted between the late 1950s and the early 

1960s, and the emergence of new businesses made resources scarce for established 

businesses. 

It was a time to investigate capital expenses in order to assess investment viability, as 

well as to try to gain a better understanding of the international economy; it was also 

an opportunity to delve into new markets (Weston, 1975). Two mainstreams created 

the underpinnings finance in the early 1950s. Modigliani and Miller proposed the 

first, which is termed Corporate Finance (1958). The other, which focuses on 

portfolio and risk and return research, was presented by Markowitz (1952) and has 

academics like Tobin (1958) and Sharpe (1964) as followers, but its impact was not 

acknowledged until the 1970s. 

3.2   Modern Portfolio Theory 

In 1952, Harry M. Markowitz wrote a ground-breaking article in which he advocated 

that one-dimensional investment metrics like the Net Present Value (NPV) criterion 

must be substituted by two dimensions: expected returns and risk defined as the 

standard deviation of the return distribution. 2013 (Balling & Gnan) In 1990, 

Markowitz was awarded the Nobel Prize in Economics for developing a solid 

analytical foundation for his insightful suggestion, which may be implemented by 

individuals, businesses, mutual funds, and institutional investors. 

Markowitz (1952) promoted the idea of constructing portfolios based on expected 

returns (desirable) and return variance (undesirable), with the goal of maximizing the 

former and minimizing the latter by diversifying assets with low covariance. 

Investors should not build their portfolios purely on the biggest predicted return, 
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according to Markowitz (1952), because this parameter may result in two assets with 

identical yields being allocated to the investment portfolio without consideration of 

their risk contribution. He also stressed that a portfolio with the highest predicted 

return does not necessarily have the lowest risk, and that a carelessly diversified 

portfolio, which ignores the link between assets (stocks) and simply analyzes their 

total value, does not necessarily have the lowest risk (Saito, Savoia, & Fama, 2013). 

According to Markowitz (1952), diversifying reduces portfolio risk but does not 

mitigate portfolio variance, i.e., diversification does not result in the total eradication 

of risk in an investment portfolio. Markowitz (1952) may be said to have indirectly 

advanced and deepened our knowledge of the ideas of systematic (non-diversifiable) 

and nonsystematic (diversifiable) risk, which were later examined extensively by 

Sharpe (1964). The Markowitz model (1952) was significant in that it helped to 

spread the idea that diversifying a portfolio by acquiring assets with lower 

correlation (covariance) is useful for reducing portfolio variance in respect to 

expected return (risk). Markowitz (1952) demonstrated in his essay that by 

integrating all assets and risks, the portfolios with the highest level of return for a 

specific level of risk may be determined from a collection of all potential portfolios. 

The efficient frontier was given this name. 

J.P. Morgan chose to create a portfolio model in 1989 that could assess and analyze 

the firm's risks on a daily basis. J.P. Morgan made the Risk Measures approach 

available to the public for free in 1992 (J.P. Morgan/Reuters, 1996). Daily updates of 

spot prices, volatility forecasts, and correlation estimates were made available via the 

internet by the firm's staff. They claimed that they did so because the company 

intended to promote more market risk transparency, as well as establish a baseline 

for market risk measurement and use the Risk Metrics approach to assist clients in 

understanding their portfolio risk. J.P. Morgan updated their technical report in 1993-

1994, promoting the notion of Value-at-Risk (VaR) as a portfolio risk metric to be 

used by financial firms in capital adequacy calculations to be provided to regulators. 

VaR is a downward metric that is calculated using historical volatility and correlation 

data across a selection of financial assets and focuses on the risk of insolvency. VaR 

is a threshold value that could be used to direct the portfolio manager to keep the 

chance of suffering financial losses below a specified level for a certain portfolio, 



23 
 

probability, and time span (Balling & Gnan 2013). With official approval from the 

Basel Committee in 1993 and the European Commission's Capital Adequacy 

Directive (93/6/EEC), VaR became the benchmark for measuring portfolio risk. 

Philippe Jorion has helped to spread VaR as a portfolio risk indicator (Jorion, 2006). 

3.3  Separation Theorem/Liquidity Preference Theory  

Tobin (1958) made a significant contribution to the development of Markowitz's 

ideas (1952). Tobin (1958) claimed that investors prefer scenarios that fall between a 

point of total liquidity and a state of total investment in high-risk assets, based on 

Keynesian Theory. Tobin (1958) observed that investors favor liquidity due to two 

factors: one, individual inelasticity toward the predicted interest rate, and another 

which concerns interest rate unpredictability in the future. 

To put it differently, investors prefer to reduce the risk of losing their capital as a 

result of unpredictably fluctuating asset prices (market risk). Furthermore, Tobin 

(1958) extended the finding that investors form opinions by mixing a risk-free asset 

with a portfolio placed at Markowitz's Efficient Frontier, resulting to the Separation 

Theorem, which stipulates that individual investment decisions are separate and 

independent. 

These investment decisions are as follows: 

 Determining the percentage of resources to be allocated between risk-free 

and risky assets (Saito, Savoia, & Fama 2013) 

 Determining the most efficient risky asset portfolio. 

Tobin's biggest contribution was the Separation Theory, which demonstrated that the 

most efficient portfolio that bears risks is independent of personal risk appetite, the 

main difference between two investors where one is more likely to bear risk and the 

other is risk averse is the fraction of risk-free assets they hold in their investment 

portfolios (Famá and Galdão, 1996; Elton and Gruber, 1997; Dimson and Mussavian, 

1999). 
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3.4  Efficient Market Theory  

The efficient capital market hypothesis has gained the most traction and momentum 

among the models for addressing stock behavior. This hypothesis is portrayed by 

attempts to make sense of stock price fluctuations using measurable time series 

models. According to Fama (1970), an efficient capital market is defined as "a 

market wherein prices continuously completely reflect accessible data." The efficient 

markets hypothesis (EMH), famously known as the “Random Walk Theory,” is the 

premise that ongoing stock prices completely reflect accessible data about the value 

of the company, and it is practically impossible to collect excess profits, (outperform 

the market), by utilizing this data. It addresses one of the most foundational and 

intriguing issues in finance - why prices fluctuate in security markets as well as the 

manner in which those changes occur. It has far-reaching repercussions for both 

financial managers and investors. The concept of "efficient market" was first 

introduced in a 1965 paper by E.F. Fama who argued that in an efficient market, 

overall, competition will cause the full impacts of new data on inherent values to be 

reflected "instantly" in prices. 

Most investors seek out financial products that are underpriced and whose value is 

supposed to go up over time, especially ones that will rise more than the others. 

Several investors such as managers genuinely think that they can choose 

combinations of stocks that will beat the market. They utilize a wide range of 

predicting and valuation procedures to help them in their investing choices. Clearly, 

any edge that an investor has can generate significant profits (Clarke, Jandik and 

Mandelker, 2001) 

The efficient market hypothesis (EMH) proposes that it is extremely challenging to 

benefit from foreseeing price changes furthermore, improbable. The fundamental 

driver behind price fluctuations is the appearance of new data. A market is supposed 

to be “efficient” if -all things considered-, prices fully reflect new data in a rapid and 

unbiased fashion. Accordingly, the current stock prices fully reflect all information at 

any moment. Thus, there are no grounds to assume that prices are excessively high or 

excessively low. Stock prices change before an investor can make an investment 

decision based on the new snippet of information. The extreme competition among 

investment firms to generate profits from new information is the primary justification 



25 
 

for the presence of an efficient market. The capacity to recognize over-and 

undervalued securities is extremely significant, it would allow investors to get a few 

stocks for not exactly their true value while selling others for more than they were 

worth. Therefore, many market players invest a lot of energy and time with the end 

goal of identifying "mispriced" securities. Normally, as an ever-increasing number of 

financial analysts go up against each other in their work to capitalize on over-and 

underestimated stocks, the probability of finding such assets and leveraging them 

decreases. In fact, in equilibrium, just a limited number of investors will benefit from 

the recognition of mispriced assets, generally by some coincidence. The data 

investigation result would likely not offset the exchange costs for the larger part of 

investors. 

Bachelier is credited with conducting the first proper review of stock market 

efficiency (1900). His research on the prices of commodities in France convincingly 

argued that commodity speculation is a “fair game”. Simply put, the normal future 

cost of an item based on past and current costs rises to the current cost. Uninformed 

about Bachelier's work, the Russian market analyst Slutsky carried out a study on the 

random walk hypothesis in 1927, and the results were published 10 years after the 

fact (Slutsky, 1937). His review affirmed the legitimacy of the fair game hypothesis 

of stock price movements. Yet, in addition, it also argued for the existence of 

recurring patterns.  

3.5  The Winner’s Curse Hypothesis  

The winner's curse hypothesis was first introduced by Capen, Clapp and Campbell 

(1971). It asserts that in every bidding situation, a player who unintentionally 

overestimates the value of a given asset is more likely to bid higher than its 

opponents and thereby win it. The discrepancy between the successful bidder's bid 

premium and the highest offerable premium conditional on the capital market's 

estimate of prospective takeover profits is the extent of the winner's curse in a 

takeover. The amount of the winner's curse is expected to grow when: the difference 

of opinion among purchasers about the size of takeover profits grows, or the intensity 

of competition for control of the target firm grows, and the winning bidder's pre-

acquisition profitability grows. 
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4 TRADITIONAL VS. BEHAVIORAL APPROACH 

In view of efficient market premises, Classical theories argue that investors hold 

diversified and optimal portfolios which implies that they are rational and risk 

averse. This suggests how investors ought to make investment decisions using 

statistical models and mathematical theories. Be that as it may, this does not 

necessarily work out in practice.  

Conversely, Behavioral finance is founded on understanding how investors really 

settle on investment choices. According to Behavioral Finance, psychological and 

emotional biases along with cognitive errors can affect investment decisions 

negatively. Cognitive errors can occur as a result of poor reasoning also known as 

“belief perseverance”, or because of impaired memory which is usually related to 

how individuals process and store information. Emotional biases, on the other hand, 

come from thinking that is affected by sentiments or feelings rather than relevant 

facts. Behavioral finance questions the foundations and findings of classical finance 

hypotheses, noting that most investors do not make financial decisions in a rational 

fashion. Investors are for the most part loss averse, and on the grounds that their 

feelings of fear and greed can disrupt their decision-making process, they do not hold 

diversified optimal portfolios.  

4.1  Behavioral Finance  

As per Barberis and Thaler (2003), at the core of the behavioral foundation, there is 

the fact that irrational investors exist in the market and play a major role in it, and 

they bank most of their trading activities and investment choices on their personal 

biased feelings and cognitive errors. Simply put, investor sentiment plays an essential 

part in understanding market behavior. Existing literature provides different terms to 

refer to describe these players: "sentiment investors", "Unsophisticated investors" or 

"noise traders". 

Shiller (1990), for example, puts together an overview and attempts to comprehend 

the financial exchange crash of 1987 and investors’ perspectives about it. To collect 

the necessary data, he sends 1000 surveys to institutional investors and 2000 polls to 

regular investors. Around 30% of both groups send their responses. According to 
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Shiller, the greater part of the respondents feel that the market went down since it 

was overpriced. About a quarter of respondents alludes to high investor irrationality 

at that point. Furthermore, roughly one-third of investors presume that they knew 

when the market’s recovery would occur, and the vast majority argued that they 

knew it based on their instinct and intuition. These findings suggest that investor 

sentiment exists in the market on plays a significant part. 

In his article, Dark (1986) strongly advocates that “noise” refers to the uncertain part 

of future outcomes. He proposes that because of the absence of information and lack 

of expertise, market players exchange to a great extent on noise and thus the author 

argues for the existence of noise trading in stock markets.  For Dark (1986), without 

noise financial trading would be significantly limited and it would be good for 

nothing to exchange for informed investors. He suggests that individuals sell or 

purchase as per the data or feelings they have about the stock. Assuming members 

from the two sides of the exchanging system have equal access to data and beliefs 

about the stock they trade, it implies that one of them commits an error. Dark 

proceeds with that within the sight of data and noise exchanging the market, stock 

prices reflect both information and noise. 

As indicated by Barberis and Thaler (2003), rational investors are typically proficient 

portfolio managers who make investment decisions on behalf of clients. On the other 

hand, irrational investors are individual market participants that manage their own 

portfolios. Behavioral theories help break down the impact of sentiment on the 

managers’ investment strategies and to assess the effect of investor sentiment to 

forecast the stock price behavior.  

Schiller (2000) argued that the stock market is heavily influenced by market 

information, which has an immediate impact on investors' investment decisions.  

Hong et al. (2001) performed a study in which they strongly advocate that social 

interactions have a significant impact on financial exchange investment. As per them, 

when a greater amount of his peers takes an interest in the market, a "social" investor 

would find it more appealing. They found this to be true for social families. The 

people who communicate with their neighbors or attend social events- are 
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significantly bound to invest in the market compared to non-social families even 

when academic and racial backgrounds are completely controlled for. 

Meng Chen Gong et al. (2004) investigated the impact of investor experience on 

investor’s behavior and investing performance. The review’s findings show that 

accomplished investors are more disposed toward committing trading errors and 

experiencing representative bias. Chandra (2008) investigated the effect of 

behavioral factors and investor psychology on investment decision-making. The 

results argue that retail investors do not necessarily make rational decisions. 

Investment choices are impacted by numerous behavioral variables like fear, greed, 

heuristics, mental accounting, anchoring, and so forth. The study suggests that these 

behavioral factors must be accounted for when making investment choices. 

Chaudhary (2013) investigated how behavioral finance explains why investors make 

irrational investment choices. The review shows how feelings and cognitive errors 

impact investors’ financial decisions. According to this research, overconfidence, 

anchoring, herd behavior and loss aversion are some of the driving factors leading to 

behavioral finance. One more review led by Barberis and Huang (2001) indicates 

that loss aversion - Investor’s urge to mitigate losses- and narrow framing- the 

fixation on narrow losses and gains- assume a significant part in deciding how 

individuals assess risky bets. 

4.2  Behavioral factors affecting investor behavior  

In this section, the light will be shed on the most common behavioral factors that 

influence investment decisions in financial markets.  

As per Shefrin (2007), there are ten major cognitive factors that influence noise 

traders’ beliefs and decisions. They can be grouped into three groups:  

 Biases  

 Heuristics  

 Framing effects.  
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They can be used in tandem to forecast investors’ behavior and the overall market 

conditions.  

Biases, also known as predispositions towards error include the following:  

4.2.1 Overconfidence  

This financial phenomenon refers to when investors’ confidence is blown out of 

proportion. Some investors tend to overestimate their predictive abilities or think 

they are more knowledgeable about the market’s behavior than they really are. Self-

confidence can be a major driver of investors’ success, but overconfidence can lead 

to biased and unsuccessful investment decisions.  

4.2.2 Confirmation bias  

Also known as “self-fulfilling prophecy” in psychology, this phenomenon refers to 

investors’ tendency to seek out information that confirms their preconceived beliefs 

and opinions and disregard information that does not back up their biased investment 

decisions.  

4.2.3 Optimism bias  

This bias indicates that investors tend to overestimate their odds of succeeding 

against their chances of failing. This implies that managers would disregard risks and 

not account for all available information including negative input about their future 

investment strategies.   

4.2.4 Illusion of control  

This phenomenon describes how much control investors think they have over the 

outcomes of their investment decisions when, they do not.  

As for heuristics, or experience-based methods used when making investment 

decisions, they are as follows:  
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4.2.5 Representativeness 

This phenomenon occurs when investors make investment decisions based on 

previous experiences which are also called stereotypes/analogs. Debont (1998) 

argued that analyses are one-sided towards previous gains or losses in their profits’ 

forecasts, which is a feature of stereotype decisions. 

4.3.1 Anchoring  

It portrays the tendency to over-rely or “anchor” on one particular characteristic or 

piece of data at during the decision-making process. When confronted with new data, 

investors will often than not take a lot of time to adjust and tend to stick to their 

initial assessment. 

4.3.2 Availability 

Investors tend to base their decisions on easily accessible information. They place 

greater importance on available information.  

4.3.3 Affect 

Portrays investors’ tendency to act on intuition and instinct. That said, managers base 

their investment decisions on their gut feelings, they can act intuitively and not 

rationally.  

Framing effects include:  

4.4.1 Loss Aversion  

Investors tend to mitigate risks of loss. They prefer situations with low uncertainty to 

those with high uncertainty. This phenomenon refers to the bias toward safety and 

the underpinning possibility of suffering a loss.  

4.4.2 Aversion to a certain loss 

This phenomenon describes investors’ tendency to choose known probabilities 

As introduced by the Prospect Theory, Kahneman and Tversky gather a set of 

illusions that tend to heavily influence the decision-making process within investors. 
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The authors describe how certain states of mind can have a significant impact on the 

way investors make decisions. In addition to the aforementioned framing effects, the 

Prospect theory introduces the following:  

4.5.1 Regret Aversion 

This phenomenon stems from investors’ urge to mitigate the anguish of regrets 

which arise from making bad investment decisions. This aversion leads the investor 

to hold underperforming stocks. Regret aversion represents an inefficient way to 

reduce taxes as investors can include their realized losses in their taxable income. 

4.5.2 Mental Accounting 

It can be defined as a series of cognitive activities that investors use to plan, assess, 

and records their capital investments.  The three most important aspects of mental 

accounting are: the first element encapsulates how investors regard results, as well as 

how investment decisions are made and then assessed.  Assigning activities to their 

corresponding accounts is the second component. The third aspect of mental 

accounting can be determined by the rate at which accounts are assessed as well as 

“choice bracketing”. Real and Mental accounting follow the same funds labeling 

rules.   

4.5.3 Self-Control 

It is extremely important for an investor to mitigate risks and protect their assets. 

According to Thaler and Shefrin (2013), investors are susceptible to temptation and 

seek techniques to be enhance self-control. Investors can manage their desire to 

overbuy by mentally dividing their financial assets into “available for expenditure” 

and capital pools.  
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5 DATA DESCRIPTIONS AND METHODOLOGY  

This section describes the data and methods used in this paper. This paper 

investigates the influence of investor sentiment on forthcoming stock returns and 

volatility, and how these dynamics change in the context of a global pandemic 

(Covid-19), we employ a set of analyses and models to describe the behavior of our 

data since the outbreak of the pandemic 

5.5  Data Description  

Being a qualitative metric, there is no universal, agreed-upon factor for capturing 

investor sentiment. Therefore, this paper adopts the framework of Baker et al. 

(2012). We construct the investor sentiment index using five proxies including three 

market-based indices and two variables related to Covid-19. In contrast to the work 

of Baker et al. (2012), we have added two novel proxies, namely the variation in the 

confirmed cases of Corona and the variation of confirmed Deaths. These variables 

are introduced in the model to gauge the investor’s behavior towards the news about 

the spreading of the pandemic.  

Table 1. Investor Sentiment Variables 

Proxy Variable Description Source 

TV Trading Volume in Nasdaq. Yahoo Finance 

PCR The trading volumes of put options to call 

options 

CBOE 

VIX Volatility Index. CBOE 

Δ CC Variation in the daily confirmed cases. CDC website 

Δ CD Variation in the daily confirmed deaths. CDC website 

 

This study includes daily observations of the Nasdaq stock market, from January 20, 

2020, to April 20, 2022. The reasons for the market and data span selection were 

twofold. First, we want to gauge the impact of the pandemic on investor sentiment. 

Second, we want to investigate how Covid-19 influenced the market behavior in 

terms of market returns and the stock prices’ volatility.  
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The Data used in this research are secondary and were retrieved from Yahoo finance 

for data related to the trading volume in the Nasdaq Stock Exchange, Market-based 

data about the trading volumes of put options to call options and the Volatility index 

were collected from the CBOE website. The CDC’s (Centers for disease Control and 

Prevention) website was used to collect data about the updated daily confirmed cases 

and confirmed deaths in the U.S. 

5.6  Methodology 

5.6.1  Construction of Investors’ sentiment Index 

This paper introduces the following Sentiment Index (SMI) models: 

𝑆𝑀𝐼𝑚,𝑡,𝑖
1 = 𝛼1𝑇𝑉 + 𝛼2𝑉𝐼𝑋 + 𝛼3𝑃𝐶𝑅 + 𝜀𝑡            (1) 

𝑆𝑀𝐼𝑚,𝑡,𝑖
2 = 𝛼4𝛥𝐶𝐶 + 𝛼5𝛥𝐶𝐷 + 𝜀𝑡            (2) 

𝑆𝑀𝐼𝑚,𝑡,𝑖
3 = 𝛼1𝑇𝑉 + 𝛼2𝑉𝐼𝑋 + 𝛼3𝑃𝐶𝑅 + 𝛼4𝛥𝐶𝐶 + 𝛼5𝛥𝐶𝐷 + 𝜀𝑡            (3) 

In equation (1), SMIm,t refers to the first principal component presented as  a linear 

equation combing a set of standardized proxies. The Trading volume (TV) is a 

market-based metric that refers to the daily trading volume of the stock index, The 

volatility Index (VIX) is another market-related indicator which forecast constant 30-

day expected volatility of the U.S. Stock market. The put-call ratio (PCR) indicates 

whether the market sentiment is bullish (in case the PCR is high) or bearish (when 

the PCR is low).  

 

In equation (2), SMIm,t refers to the first principal component presented as  a linear 

equation combing a set of standardized proxies where (ΔCC) depicts the variation in 

the number of daily confirmed cases, and (ΔCD) states the change in daily confirmed 

deaths in the U.S. according to the CDC.  

 

In equation (3), SMIm,t refers to the first principal component presented as  a linear 

equation combing a set of standardized proxies. For this index we chose to 

incorporate each one of the investor sentiment measures that we previously 

introduced to capture their impact and role in explaining the variance of the 

sentiment index in the presence of other non-market related metrics. 
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Trading Volume (TV) 

TV introduces another important factor for measuring investor sentiment. It refers to 

the Nasdaq daily trading volume. Active trades generate more volume and liquidity 

in a given market. Researchers like Qiang and Shue-e (2009), Chuang et al.2010, 

Zhu (2012), and Li (2014) have provided proof that Trading volume gives substantial 

insights into investors’ sentiment.  

Volatility Index (VIX) 

The Volatility index (VIX) is meant to generate an estimate of the stock market's 

constant, 30-day expected volatility in the United States. The VIX index is calculated 

using real-time, mid-quote prices for S&P 500 Index call and put options. Baker and 

Wurgler (2007) include implied volatilities in their sentiment proxy measure. They 

point out that the short history of implied option volatility data limited the Data's 

usefulness in 2007. However, with 10 more years of data in 2017, we presume the 

VIX index will produce a prompt and reliable proxy to measure investor sentiment as 

a real-time measure relying on publicly observable market values. 

Put-Call Ratio (PCR) 

Another predictor for measuring secondary market patterns is the put-call ratio 

(PCR). This sentiment predictor is calculated as the ratio of exchanges on all 

market put and call options. A higher (lower) ratio indicates a bullish (bearish) 

market sentiment. Using PCR to calculate the sentiment index produces reliable 

findings because it mirrors market players' preconceptions. When market players 

anticipate a bearish trend, they attempt to protect their trades. When the quantity of 

put options traded exceeds the volume of call options traded, the ratio rises (Brown 

and Cliff 2004; Finter and Ruenzi 2012; Wang et al. 2006). This market proxy is 

regarded as a bullish index. 

Change in Daily Confirmed and Death Cases 
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The variations in daily confirmed cases and death regarding COVID-19 are 

employed to highlight and gauge investors’ behavior towards the evolution of the 

spreading pandemic. Simply put, these two variables are used as mood swing proxies 

following the work of Chen et al. (2010, 2014) who performed a study to capture the 

effect of market index fluctuations on investors’ overall mood and appetite.  

The changes in daily confirmed cases and daily confirmed deaths are measured using 

the following calculations: 

 𝛥𝐶𝐶 = 𝐶𝐶𝑡 −  𝐶𝐶𝑡−1            

 𝛥𝐶𝐷 = 𝐶𝐷𝑡 −  𝐶𝐷𝑡−1            

Following the findings of the aforementioned research, we are applying 2 Covid-

based variables and 3 Market-based factors to measure the investor sentiment index 

and accurately gauge investors’ sentiment about the market and the global pandemic. 

We then investigate further the impact of the sentiment on both the returns and the 

market’s volatility.  

  



36 
 

 

6 EMPIRICAL RESULTS 

This chapter outlines the empirical findings on how the dynamics of the market along 

with those of Covid-19 influenced investor sentiment as well as the returns and the 

volatility. To yield accurate results, we construct three different investor sentiment 

indices using the Principal Component Analysis Model by incorporating three 

market-based variables for the first one, two covid-related metrics for the second, 

and combine all three proxies for the last one to try to capture each component’s 

predictive and explanatory power regarding investor sentiment. Next, we run a 

regression analysis on the Nasdaq returns and investor sentiment to exhibit their 

influence on one another. The last step is running the GARCH Model to first 

describe the variance of our data and estimate the volatility of the Nasdaq returns. 

6.5 Descriptive Statistics 

The main goal of running a descriptive statistics analysis is to investigate the 

behavior of the chosen investor sentiment proxies, i.e., Trading volume (TV), 

Volatility index (VIX), Put to call ratio (PCR), change in the daily confirmed cases 

𝛥𝐶𝐶, and the daily confirmed deaths 𝛥𝐶𝐷, over the period of January 2020- April 

2022. For this we analyze the distribution of each investor sentiment measure, and 

we summarize the results in Table 1. 

The analysis began with the distributional properties of investor sentiment measures. 

According to results shown in table 3., the distributional properties of the trading 

volume (TV) show that the mean value is 4,603,497,000, with a high value of 

standard deviation that equals 1,229,326,000. Standard deviation indicates how much 

variation the returns have from the average value. The high value of the trading 

volume's standard deviation suggests that the data points are widely spread out 

around the mean. 

The distributional properties of the Volatility index (VIX) and the Put-Call ratio 

(PCR) report that the mean values are respectively 24.49 and 0.8582, with a max 

value of 86 for the VIX. This indicates a historic peak since the financial crisis of 

2008. This observation speaks to the sentiment of the market as the (VIX) is usually 

referred to as a fear index.  The PCR’s max value equals 1.83 which shows that 
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investors have been pessimistic at times during the studied time span. However, the 

min value implies that ecstatic investors may have bid up stock prices beyond 

what profits truly justify. 

The skewedness high and positive values of both the change in daily confirmed cases 

and daily confirmed deaths suggest that our data points are skewed right, this means 

that the left tail of the distribution is shorter than the right one.  The distribution of 

both metrics is positively skewed, and this means that the average is greater than the 

median. 

Investor measures' high values in terms of the standard deviation, kurtosis and 

skewness can imply that our forecasting model must account for the time series' 

possible nonlinear effects and heterogeneous nature. If the data has a heavy-tailed 

probability distribution, the GARCH model assumes that both the conditional 

heteroscedasticity and the heavy-tailed distribution patterns of the daily growth rate 

of each measure are modelled. 

From table 3. we can see the distributional properties of Nasdaq returns. They show 

that the mean value is 0.0003 with a standard deviation of 0.0078. Standard deviation 

shows how much variation the returns have from the mean. The high value of 

returns’ standard deviation being 0.0078 (more than 100 times the mean) implies that 

the data points are widely spread out around the mean. This said, we can expect the 

volatility of returns to be high. The median exhibits a value which cuts the dataset 

into two halves. The median of our returns is 0.0007 which means that half of the 

time over the studied period Nasdaq stock returns exceed 0.0007.  

The skewness coefficient is -0.8402, this negative value shows that our data points 

are skewed left, this means that the left tail is longer compared to the right one.  The 

distribution of stock returns is negatively skewed, and this means that the median is 

greater than the mean. The kurtosis coefficient is a quantity measuring the thickness 

of the tails of the distribution, it is 8.5538 which means that the tails are thicker than 

those of the normal distribution. Therefore, the distribution of the returns does not 

quite follow that of a normal distribution. 



Table 2. Summary Statistics of Investor Sentiment Measures 2020-2022 

Variable Mean Median Min Max STDV Skewedness Kurtosis 

TV 4,60* 4.39*           2.16*    11.10*         1.23* 3.08 1.17 

VIX 24.49 22.18 12.10 82.69 9.75 8.84 2.50 

PCR 0.86 0.84 0.6 1.83 0.15 4.06 1.29 

𝜟CC 7,775 2467 -511,656 769,033 64,997 72.32 4.48 

𝜟CD -7,358 2 -1,214,312 559,395 94,822 100.45 -7.81 

*These numbers are expressed in Billions. 
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Table 3. Summary Statistics of Nasdaq log returns 2020-2022 

Variable Mean Median Min Max STDV Skewedness Kurtosis 

Nasdaq  0.0003 0.0007 -0.0571 0.0388 0.0078 -0.8402 8.5538 

  



6.6  Correlation Matrix 

Table 4. Correlation Matrix of Investor Sentiment Measures 

Investor 

Sentiment 

Measures  

 

TV 

  

VIX 

 

PCR 

 

𝜟CC 

 

𝜟CD 

TV 1 0.050837 -0.093697  0.056519 0.001503 

VIX  0.050837 1  0.538906 -0.028339 0.022622 

PCR -0.093597 0.538906 1  0.049890 0.008992 

𝜟CC  0.056519 -0.028339 0.0048980 1 0.507072 

𝜟CD  0.001503 0.022622 0.008992  0.507072 1 

 

Table 2 displays the correlation matrix results, which are used to test for 

multicollinearity between all the independent variables. Because inter-correlation 

between independent variables in a multiple regression model could indeed yield 

biased results, the multicollinearity test is critical for accuracy. When the regressor 

has a value greater than 0.80, the data series is multicollinear. The correlation matrix 

ranges from −0.0937 to 0.5389, ensuring that the data series is free of 

multicollinearity. 

Simply put, we study the correlation between the investor sentiment measures to 

investigate the level of dependence between them. The correlation matrix range 

shows a low level of dependence between investor proxies. The results that this 

paper produces using one proxy cannot forecast the results that the other proxies will 

generate. Weak linear relationships among investor sentiment measures boost the 

paper’s choice of applying the five sentiment variables as individual sentiment 

proxies.  

To further investigate the dynamics within our sentiment measures, we have drawn 

time plots for each investor sentiment variable and combine them in three different 

graphs. The first graph is shown in figure 2., it displays the fluctuations of each 



41 
 

variable namely the volatility index (VIX) and the trading volume (TV) from January 

2020 to April 2022. The bar chart on the right shows the daily closing price of the 

(VIX). The left axis displays the daily trading volume (TV).  

The VIX usually ranges between 10 and 20, with a random jump in the middle. The 

index soared to historic highs far above 50s by the end of March 2020. To put this in 

perspective, the previous high of 59 occurred at the end of October 2008, during the 

global financial crisis. Nonetheless, by summer, VIX levels had fallen back into the 

20s. They increased dramatically as the virus spread in the winter of 2020, but only 

reached the low 30s in January 2021.  

To put it another way, after the panic caused by COVID-19 just about two years ago, 

the VIX has signaled that the market is slowly getting less responsive and more 

rational – shifting from a focus on short-term pandemic recipients and downfalls to 

recognizing that the virus has become a more manageable phenomenon. 

Because noise traders influence the stock market through trading, sentiment, as a 

sensor of noise, may be related to trading volume. The increase in trading volume 

(TV) can be explained by an increase in the Volatility Index (VIX), especially during 

high VIX periods. Furthermore, higher VIX levels are likely to be correlated with 

higher volatility in trading volume. As liquidity volatility rises, noise traders add 

liquidity to the market and give investors more opportunities to time their trades. 

These two types of impact reduce the required return for rational investors. Noise 

traders not only drive price deviations from fundamental value, but also have an 

impact on liquidity dimensions. 

The second graph is shown in figure 3., it presents the fluctuations of the PCR ratio 

as a third market-based investor measure from January 2020 to April 2022. The 

CNOE equity PCR is a widely used indicator for bullish or bearish trends on the 

options market. The higher (lower) the ratio, the more pessimistic (optimistic) 

investors tend to be.  

As per Zweig's contrarian hypothesis, volume disparities between put options and 

call options speak to market sentiment. When put options make up the largest part in 

the market, a state of panic inevitably follows, and this is an excellent time to 
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purchase stocks. When demand for call options considerably surpasses demand for 

put options, complacency rules, indicating a speculative pinnacle. 

The PCR was proven to send warning signals prior to major financial meltdowns 

such as the Black Monday of 1987 when it was first invented by Zweig who warned 

that a massive selloff was imminent. After that, the PCR hit another low of 0.46 in 

October 2007 sending warning indicators prior to the global financial crisis of 2008. 

The most recent time it came very close was in January 2020, when it reached 0.44, 

just before the Covid stock-market crash. 

Like the dynamics of the volatility index (VIX) during the last two years. The PCR 

ratio skyrocketed around March 2020. The curve shows several peaks, the most 

prominent one reaches 1.83, it can be observed right around the time the WHO 

declared the outbreak of Covid-19. This result shows that investors were 

considerably pessimistic about the market.  

The last graph is shown in figure 4., it displays the daily confirmed cases and daily 

confirmed deaths from January 2020 to April 2022 in The U.S. The bar chart on the 

right shows the daily confirmed deaths and the left axis displays the daily confirmed 

cases. This graph can be used as a comparison point.  

All through 2020, as regulations shifted and more information about the virus 

became available, we can see peaks and plunges in confirmed cases and deaths, 

which peaked in November and December around holidays and during winter 

months, when people tend to stay indoors.  

The number of deaths start to decline around January 2021 until April of the 

same year, the USA had seen a decrease in deaths, which corresponded to a rise in 

vaccinations. However, this drop was short-lived, as the Delta variant 

triggered another sharp rise in deaths in summer.  Deaths continued to fall in the fall, 

but the Omicron variant appeared just when holiday travel resumed in December 

2021.



 

 

 

 

 

Figure 2. Time Plots for TV and VIX 
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Figure 3. Time Plots for PCR
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Figure 4. Time plots for changes in CC and CD 



 

 

6.7  Principal Component Analysis 

Principal component analysis (PCA) is a multivariate method tool for analyzing 

multiple interconnected quantitative factors that describe observations. PCA seeks to 

find and retrieve the most important information from data by compacting and 

streamlining the data without sacrificing critical info (Abdi and Williams 2010). It 

involves a series of steps for performing linear transformations on a large set of 

correlations in order to obtain a small number of unrelated elements. 

Multicollinearity is eliminated as information is gathered into narrow sets in this 

manner. The primary goal of PCA is to encapsulate the indicator data effectively 

using a common set of parameters. 

For the first PCA, we have computed three orthogonal market-based investor 

sentiment measures namely: Trading Volume (TV), Put-to Call ratio (PCR), and the 

volatility index (VIX) and their first lags were regarded as factor loadings to measure 

the first sentiment index. The PCA measures the initial principal component of the 

three indicators along with their lags, which yields a first-stage index with six 

loadings factors, namely the three measures and their lags. Next, we computed the 

correlation between the initial index and the measures’ current and lagged values.  

In the final step, we measure the sentiment as the principal component of the 

correlation matrix of three variables which refer to either the proxy’s corresponding 

lead or lag. We ended up choosing the one with a larger correlation with the first-

stage index. This analysis generated the investor sentiment index in equation (1). We 

have plotted all the values related to the variance explained by each principal 

component on a scree plot in Figure 5.  

Table 5. shows the principal component analysis of the chosen measures of the first 

sentiment index. As per Kaiser criterion, the principal component with an eigenvalue 

larger than 1 will be used. (Yeomans and Golder, 1982; Cioca et al., 2014; Braeken 

https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B45
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B10
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B4
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and Van Assen, 2017; Rehman et al., 2017). The eigenvalue of the first principal 

component fulfills the requirement of maximal variation (51%) and meets the Kraiser 

criterion. Therefore, the PC1 will be used to create the first investor sentiment index.  

 

Table 5. Principal component analysis (Sentiment Index 1) 

The Eigenvalues 

Number Value Difference Proportion Cumulative 

proportion 

PC1 1.53932 0.52111 0.5131 0.5131 

PC2 1.01821 0.57573 0.3394 0.8525 

PC3 0.44248  0.1475 1.0000 

 

Table 6. The eigen vector loadings (sentiment index 1) 

The Eigen Vector Loadings 

Variable PC1 PC2 

TV 0.03453 0.99222 

VIX 0.87927 0.10840 

PCR 0.87465 -0.14815 

 

𝑆𝑀𝐼𝑚 ,𝑡,𝑖
1 = 0.0345𝑇𝑉 + 0.8792𝑉𝐼𝑋 + 0.8746𝑃𝐶𝑅           (1) 

In table 5. we can see that the trading volume (TV) explains more than 51% of the 

variance of the sentiment, the second indicator which captures almost 34% of the 

https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B4
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B29
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changes in the investor sentiment’s variance is the volatility Index (VIX). The rest of 

the variance is explained by the Put-call ratio with a percentage of 14.75%. 

 

Figure 5. Scree plot for Investor Sentiment Index 1 

In the second PCA, we have computed two orthogonal Corona-related investor 

sentiment indicators namely: the changes in the daily confirmed cases, the changes in 

the daily confirmed deaths and their first lags were regarded as factor loadings to 

measure the second sentiment index. The PCA measures the initial principal 

component of the two indicators along with their lags, which yields a first-stage 

index with four loadings factors, namely the two measures and their lags. Next, we 

computed the correlation between the initial index and the measures’ current and 

lagged values.  

Finally, we measure the sentiment as the principal component of the correlation 

matrix of two variables which refer to either the proxy’s corresponding lead or lag. 

We ended up choosing the one with a larger correlation with the first-stage index. 

This process produced the investor sentiment index in equation (2). Table 7. exhibits 

the values related to the variance explained by each principal component, figure 7. 

displays its visual presentation on a scree plot.  

Table 7. displays the principal component analysis of the chosen measures of the 

second sentiment index. According to Kaiser criterion, the principal component with 
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an eigenvalue larger than 1 will be used. (Yeomans and Golder, 1982; Cioca et al., 

2014; Braeken and Van Assen, 2017; Rehman et al., 2017). The eigenvalue of the 

first principal component meets the requirement of maximal variation (75%) and 

fulfills the Kraiser criterion. Thus, the PC1 will be used to create the second investor 

sentiment index.  

 

Table 7. Principal component analysis (Sentiment Index 2) 

The Eigenvalues 

Number Value Difference Proportion Cumulative 

proportion 

PC1 1.50707 1.01414 0.7535 0.7535 

PC2 0.49293  0.2465 1.0000 

 

Table 8. The eigen vector loadings (sentiment index 2) 

The Eigen Vector Loadings 

Variable PC1 

𝜟𝑪𝑪 0.86806 

𝜟𝑪𝑫 0.86806 

 

𝑆𝑀𝐼𝑚,𝑡,𝑖
2 = 0.868𝛥𝐶𝐶 + 0.868𝛥𝐶𝐷          (2) 

Table 7. shows that the changes in the daily confirmed cases explain up to 75% of 

the variance of our sentiment index whereas the change in the daily confirmed deaths 

only explains 25% of its variance. These variables illustrate the magnitude of the 

spreading of Covid in the Unites States and its repercussions.   

https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B45
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B10
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B10
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B4
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B29
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Figure 6. Scree plot for Investor Sentiment Index 2 

In the third and final PCA we ran, we have gone through the same process of 

calculating five orthogonal investor sentiment measures including the two Corona-

related variables used in PCA 2, and the three Market-based metrics based in PCA 1. 

We have computed their first lags which were considered as factor loadings to 

measure the third sentiment index. The PCA measures the initial principal 

component of the five measures and their lags, which generates a first-stage index 

with ten loadings factors, namely the five measures and their lags. Next, we 

computed the correlation between the initial index and the indicators’ current and 

lagged values.  

At last, we estimate the sentiment as the principal component of the correlation 

matrix of five variables which refer to either the proxy’s corresponding lead or lag. 

We picked the one with a larger correlation with the first-stage index. This process 

generated the investor sentiment index in equation (3). Figure 7. shows the values 

related to the variance explained by each principal component on a scree plot shown 

below.  

Table 9. exhibits the principal component analysis of the chosen measures of the 

third sentiment index. As for the Kaiser criterion, the principal component with an 

eigenvalue larger than 1 will be used. (Yeomans and Golder, 1982; Cioca et al., 

2014; Braeken and Van Assen, 2017; Rehman et al., 2017). The eigenvalue of the 

https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B45
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B10
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B10
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B4
https://www.frontiersin.org/articles/10.3389/fpsyg.2021.626934/full#B29
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first principal component meets the requirement of maximal variation (31%) and 

fulfills the Kraiser criterion. Thus, the PC1 will be used to create the third investor 

sentiment index.  

 

Table 9. Principal component analysis (Sentiment Index 3) 

The Eigenvalues 

Number Value Difference Proportion Cumulative 

proportion 

PC1 1.55543 0.06130 0.3111 0.3111 

PC2 1.49414 0.47515 0.2988 0.6099 

PC3 1.01899 0.49495 0.2038 0.8137 

PC4 0.52404 0.11664 0.1048 0.9185 

PC5 0.40740  0.0815 1.0000 

 

Table 10. The eigen vector loadings (sentiment index 3) 

The Eigen Vector Loadings 

Variable PC 1 PC 2 PC 3 

TV 0.06825 0.05426 0.98884 

VIX 0.74772 -0.46330 0.10895 

PCR 0.76486 -0.42478 -0.14318 

𝜟𝑪𝑪 0.44947 0.74535 0.00652 

𝜟𝑪𝑫 0.45239 0.73523 -0.009366 

 

𝑆𝑀𝐼𝑚,𝑡 ,𝑖
3 = 0.0682𝑇𝑉 + 0.7477𝑉𝐼𝑋 + 0.7649𝑃𝐶𝑅 + 0.4495 𝛥𝐶𝐶

+ 0.4524𝛥𝐶𝐷           (3) 



52 
 

Figure 7. shows that, unlike in the first index, the Trading Volume only explains 31% 

of the sentiment variance, this could be explained by the presence of the new Covid-

19 related measures.  

 the VIX did not lose a significant amount of its explanatory power, on the other 

hand, the PCR gained a considerable percentage of the investor sentiment’s variance. 

However, the change in the daily confirmed cases explain only 10.5% of the variance 

of our sentiment index whereas the change in the daily confirmed deaths now 

explains 8% of its variance.  

The explanatory power of the Covid-driven metrics used in table 9. has significantly 

decreased, this can be because of the added market measures. Covid-related 

sentiment measures yield better results when used alone to capture the variance in 

investor sentiment.    

 

Figure 7. Scree plot for Investor Sentiment Index 3 

For the next models, we will be using the third SMI as our main sentiment index as it 

includes all our chosen sentiment measures and gauges the most of sentiment in the 

context of Covid-19. According to the PCA results each measure captures a 

substantial amount of the variance of our investor sentiment. Therefore, it is a good 

fit for both the Garch (1.1) and the Granger Causality models. 
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Relationship Between Investor Sentiment and Stock Market Volatility 

Consistent with the theoretical and empirical framework of Brown and Cliff (2004), 

Baker and Warbler (2007), and Baker and al. (2012), the present paper employed 

five proxies, three of which are closely related to the market for measuring investor 

sentiment. The sentiment index model was constructed using five metrics including 

the first principal component and other lagged ones. The first component serves as an 

indicator of the variance of data. Scholars proved that some proxy variables can take 

more time to exhibit their predictive power regarding investor sentiment. Therefore, 

we follow the steps of both Baker and Wurgler (2006) and Ding and al (2017) to 

properly capture the investor sentiment.   

Stock market volatility can be predicted using two methods: market-determined 

option prices or time series modeling. We chose the time-series method to avoid data 

scarcity regarding option prices. The dynamics and characteristics of the American 

stock market can be measured using a variety of indices. Nasdaq, being one of the 

most prominent indices in the U.S. includes over 2500 companies from various 

industries. We chose Nasdaq as an instrument for measuring market volatility 

because of its integration of diverse sectors and wider market capitalization. The 

volatility clustering was observed in the indicator of market returns and the 

constructed sentiment index (Fig. 2), This fulfilled the requirements for using the 

GARCH model. 

6.8  GARCH  

This paper introduces the GARCH (1,1) model to gauge the effect of sentiment on 

market volatility and stock returns. The GARCH model, which has the distinctive 

properties of heteroscedasticity and volatility clustering, helps in analyzing the 

volatility properties of datasets, particularly financial data. Because of the unique 

nature of financial time series data, conventional econometric models cannot be used 

to produce an estimate. The GARCH model helps in capturing volatility clustering 

and managing heteroskedasticity concerns. 
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The GARCH (p,q) model, first introduced by Engle (1982) and Bollerslev (1986) can 

be stated as follows:  

𝑟𝑡 = 𝑐0 + γ𝑟𝑡−1 + 𝜀𝑡, 

𝜀𝑡|𝐼𝑡−1~𝑁(0, ℎ𝑡), 

ℎ𝑡 = ω + 𝛼𝜀𝑡−1
2 + 𝛽σ

𝑡−1
2, 

where 𝑟𝑡  is the log return of Nasdaq, if   𝑟𝑡  displays positive value, it means that the 

market is experiencing a bullish trend, whereas a negative value of 𝑟𝑡  indicates a 

bearish trend in the market. The Nasdaq return can be expressed as follows:  

𝑟𝑡 =
𝑃𝑡−𝑃𝑡−1

𝑃𝑡−1
, 

with 𝑃𝑡−1 and 𝑃𝑡 refer to the closing price of the Nasdaq index at times t-1 and t. 𝑐0 is 

the constant of the mean equation, and γ indicates the coefficient of the lagged value 

of the Nasdaq return 𝑟𝑡−1.  𝜀𝑡 represents the error term, 𝐼𝑡−1 is the information 

available to the participants in the market.  

In the variance equation, ω is the constant, 𝜀𝑡−1
2  represents the ARCH term and 

σ𝑡−1
2  is the GARCH term which indicates the instantaneous variance at time t-1. 𝛼 + 

𝛽 >1,  𝛽 ≥ 0, indicate the persistence of volatility. A value close to one indicates that 

volatility persists, and that the system has a low level of mean reversion. The model 

can be generalized to a GARCH (p,q) model by raising the number of ARCH and 

GARCH terms. ω > 0, 𝛼 > 0, and 𝛽 ≥ 0, must be satisfied for a well-specified 

GARCH model. 

We introduced the sentiment variable in the initial GARCH model equation, the new 

equation can be expressed as follows: 

𝑟𝑡 = 𝑐0 + γ𝑆𝑒𝑛𝑡𝑡 + 𝜀𝑡, 

𝜀𝑡|𝐼𝑡−1~𝑁(0, ℎ𝑡), 

ℎ𝑡 = ω + δ𝑆𝑒𝑛𝑡𝑡 + 𝛼𝜀𝑡−1
2 + 𝛽σ

𝑡−1
2, 
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where δ refers to the sentiment index’ coefficient.  

Table 11 Estimated GARCH Model  

Mean Equation 

𝒄𝟎  

Prob. 
T-statistic 

1,1103  

0,0007 

(3,3911) 

𝛄 

Prob. 
T-statistic 

-0.3495* 

0,001 

(-3,3101) 

Variance Equation 

Variable Coefficient 

𝛚 0.0402 

𝜶 0.4190 

𝜷 0.4135 

𝛅 0.1402 

*Significant at 10% level 

Table 3. shows the estimated outcome of the GARCH (1,1) model using the third 

sentiment index. The ARCH (𝛼 = 0.419) and GARCH (𝛽 = 0.414) coefficients are 

statistically significant and different from zero. Furthermore, the sum of 𝛼 +𝛽 is 

close to 1. This implies that volatility has a high persistence, suggesting that the 

mean reversal process is very slow due to the persistent shocks. 

All the other coefficients are different from zero.  According to the results shown in 

the P-values and t-statistic values, the coefficients are statistically significant at the 

level of 10%. In the mean equation, our dependent variable is the stock returns of the 

Nasdaq Composite, and our independent variable is the investor sentiment index. the 

negative coefficient of the sentiment γ = −0.3495 provides a statistical significance 

of a negative correlation between sentiment and stocks. It also indicates that a one 

unit change in the sentiment will lead to a decrease of 35% in stocks returns. 
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The sentiment coefficient in the variance equation is different from zero and 

statistically significant at the 10% level. This indicator shows that as sentiment 

increases, market volatility is expected to display an upward trend. During the 

COVID-19 period, Sentiment was found to have a unidirectional causal relationship 

with Market volatility, implying that as sentiment rises, so will volatility. These 

results show that sentiment presents a valuable measure in forecasting market 

volatility especially during times of crises. 

Investor sentiment is an important factor that has a direct impact on market behavior. 

As per the conventional capital asset pricing model theory, investors must be paid 

based on their risk-taking habits. The effect of sentiment on market volatility, on the 

other hand, might very well create market uncertainty and lower returns. If market 

players do not receive a market risk premium for their expected volatility, they will 

withdraw from the market, increasing volatility. This vicious loop may result in a 

bearish trend and sluggish market development and growth.  

We find that by integrating the new sentiment measures into the extended GARCH 

model, investor sentiment is reflected in the stock returns in a timely fashion. The 

model, which includes the VIX, the PCR, the TV, and Covid-related data can 

dramatically increase forecasts, especially during times of market turbulence. As a 

result, investor sentiment reflected in this piece of data is a useful source of 

information for forecasting future fluctuation. Data of such kind can boost investor 

returns and assist regulators in tracking epidemic patterns in real time. 

Conditional Volatility and Stock Returns 

The graph in figure 7. show that COVID-19 has caused a significant decline in stock 

prices. Investors reacted immediately to COVID-19 by selling their securities, 

causing returns to plunge. 

The fluctuations of the Nasdaq stock market return over the past two years seem to 

be sensitive to the sentiment index. The indicator of market returns and the sentiment 

index show volatility clustering. An increase in the sentiment index is followed by a 

decrease in stock returns. We find that investor sentiment is reflected in the stock 

returns in a timely manner. We also find that during periods of severe market 

turbulence, investors' attention to the stock market increases substantially. 
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In figure 8. and 9. we can see that volatility and Returns reach their highest value 

around March 2020, which can easily be traced back to the Covid-19 outbreak, it 

being declared a global pandemic by the world health organization, and the start of 

lockdowns in major countries like Germany, the UK, and the US.  

The second notable increase can be observed during January 2021, a lot of things 

were happening in the US, most notably the Presidential elections, another high was 

reported right after that in February 2021, which can be explained by the Death Toll 

that exceeded 500.000 in the U.S. by that time. Volatility started to decrease by the 

end of February 2021 which coincides with the FDA authorizing the use of Johnson 

& Johnson’s vaccine. Other vaccines were granted use authorization after that, and 

businesses and schools reopened again. We can say that as governments pull out all 

the stops to soften, if not eradicate the impact of the pandemic, American stock 

investors appear to relatively gain market confidence. 

6.9 GANGER CAUSALITY  

The Granger causality test investigates the direction of cause in various data series 

(Granger 1969). A time series 𝑥𝑡 Granger-causes another time series 𝑦𝑡  if series 𝑦𝑡 

can be estimated with greater precision by using previous data of 𝑥𝑡. The purpose of 

this research is to investigate the relationship between our sentiment index and stock 

market return. To understand the leading and lagging factors, tests were performed 

between the sentiment index and stock returns.  

Table 12. Granger Causality Results 

Null Hypothesis 𝑯𝟎 F-statistic p-value 

stock returns do not Granger cause Sentiment 0.9128 0.4345 

Sentiment does not Granger cause Stock 

returns 

2.3514 0.0714* 

*Significant at 10% level 

Table 13. displays the results of the Granger Causality Test. The F-test statistic, 

along with the p-value show that we can reject the null hypothesis that sentiment 

fails to Granger-cause stock returns at the 10% level. This means that investor 
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sentiment triggers volatility of market returns, however returns do not cause 

sentiment.  

 

  



59 
 

 

Figure 8. Sentiment Index and Stock Returns 2020-2022 
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Figure 9. Conditional Volatility 
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7 SUMMARY AND CLOSING THOUGHTS 

COVID-19 has afflicted most of the globe's financial markets, including established 

equity markets such as the American stock market, as indicated by the high volatility 

that has led to a drastic drop in stock prices as well as the loss incurred by most 

investors. In this time of turmoil, research on the volatility of stock price fluctuations 

has come to the forefront, and the discussion over these findings has become a 

fascinating one. This research demonstrates the theoretical and empirical advantages 

of checking the efficient market hypothesis in the context of the United States, which 

is an established stock market, by assessing stock price volatility using the GARCH 

model. 

The effect of investor sentiment on stock market price creation has sparked the 

interest of academics and professionals alike. Soon after the emergence of the 

behavioral finance literature, scholars have produced extensive empirical work to 

verify the possibility of a connection between aggregate investor sentiment and stock 

returns in mature markets. In this paper, our main objective is to investigate whether 

this linkage stands in a developed securities market like that of the U.S. during a 

global pandemic. This report introduces different indirect investor sentiment 

measures previously used in literature to capture investor behavior and make sense of 

the current global health and socioeconomic context regarding market and investor 

behavior.  

Daily data for investor sentiment variables were drawn from the CBOE website and 

Yahoo finance for market-based metrics, and Corona-related data were retrieved 

from the CDC website covering a time period from January 2020 until April 2022 to 

build three different investor sentiment indices using the PCA Model. The data we 

used yielded empirical results that displayed the dynamics of returns as well as the 

market price volatility since the pandemic outbreak throughout the last two years in 

the U.S.  

The empirical chapter includes a set of analyses and models to provide an in-depth 

review of the dynamics of our investor measures. In this chapter we investigate the 

relationship between investor sentiment, and both returns and volatility. As a starting 



62 
 

point we run a descriptive statistics analysis, the results show that both stock returns 

and investor measures have a significant scatter of our data points around the means. 

The results support the fact that stock market exhibits pretty high movement over the 

studied time period.  

Next, we use the Correlation Analysis to test for any multicollinearity between 

investor variables. The results exhibit a weak correlation enhancing our choice of 

applying the different sentiment measures. Next, we apply the PCA to construct our 

investor indices. The PCA shows that the third index including all five sentiment 

proxies is a good fit for capturing investor sentiment as it maintains a high predictive 

power. Therefore, we run the Garch (1.1) Model to forecast volatility using the third 

sentiment index. Empirical findings show that sentiment has a significant impact in 

triggering market volatility. The last model we used is the Granger causality to 

determine the direction of causality between our time series. The results show that 

sentiment leads to stock return volatility. 

Empirical results show that COVID-19 has caused a significant decline in stock 

prices. Investors reacted immediately to COVID-19 by selling their securities, 

causing returns to plunge. During the COVID-19 period, Sentiment was found to 

have a unidirectional causal relationship with Market volatility, implying that as 

sentiment rises, so will volatility. When the COVID-19 issue arises, the GARCH 

model can be used to estimate volatility and forecast returns on American stocks. 

GARCH (1,1) is an appropriate model that can be used.  

Implications:  

The stock market downturn triggered by the COVID-19 global epidemic outbreak, in 

the case of market inefficiency, unlocks speculative opportunities for investors to 

make considerable gains. When anxiety contaminates investors, especially noise 

traders, it becomes harder for arbitrageurs to correct stock price trajectories.   

The report's empirical findings show that volatility decreased after two notable high 

values. As time went by, volatility went back down as major policies were set to 

contain the negative effects of the pandemic on the American economy. This is 
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because investor confidence started to slowly increase as governments exerted 

considerable efforts to protect the interests of investors. This said, that to sustain 

investor confidence and lower stock market volatility throughout massive and 

unpredictable events, a country ought to have strong investor protection and 

good governmental policies. As a result, our findings support ongoing policy 

initiatives to improve country governance and investor protection.  

Limitations: 

The pandemic is still unfolding its effects on economic systems and financial 

markets across the globe. A bulk of research is dedicated to gaining a better 

understanding of the dynamics of Sentiment and market performance in such 

contexts.  

To check the accuracy of our results, we suggest a thorough examination of the 

impact of investor sentiment on stock returns and market volatility during different 

time periods. In this paper, we investigated the behavior of the American stock 

market as well as investors during an economic meltdown triggered by a global 

health crisis. Our chosen investor sentiment index was mainly constructed using 

market-based data and Covid-related data, it could also be interesting to capture 

investor sentiment using Search engines’ input during periods of market turbulence.  
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