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Abstract: 

Investor sentiment literature adds to asset pricing theory by assuming investors make 
biased investment decisions. When acting in concert, biased, noisy investors cause 
inefficient pricing patterns in the stock market. In contrast with the efficient market 
hypothesis, behavioral finance theory assumes that these inefficiencies remain a factor 
due to limits of arbitrage. Investor sentiment functions as the measure for this biased, 
emotional factor.  

In this thesis the relationship between investor sentiment and daily stock returns for 
Finnish publicly listed companies is investigated. Three sentiment indicators, the 
adjusted turnover rate, trading volume and overnight returns are used in a composite 
sentiment index fashion. The raw indicators are regressed against market and firm 
variables to isolate the irrational, noisy and unexplainable effect. Using Principal 
Component Analysis to reduce the dimensionality to one factor, firm- and portfolio-
specific sentiment indices are created. The relationship between sentiment and 
returns is examined with regression analyses.  

The regression results indicate that investor sentiment does not have a significant 
effect on next-day returns. When the sentiment indicator effects are separated, the 
relationship between trading volume and next-day returns is positive and significant. 
This finding potentially indicates that trading volume captures institutional investor 
behavior and that there are signs of herding behavior on the Finnish stock market. The 
reverse effect is found for the relationship between overnight returns and next-day 
returns, as the effect is negative and significant. This finding indicates that rational 
investors correct the pricing errors caused by retail investors in after-hours trading 
already on the following day. No conclusive results were found for the adjusted 
turnover rate.  

Furthermore, the relationship between trading volume and realized returns is more 
prominent for small, volatile and unprofitable stocks, indicating that speculative 
stocks are influenced by limits to arbitrage. A weak reverse effect was found for 
overnight returns and no such effect was found for the adjusted turnover rate. 
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Sammandrag: 

Investerarsentimentlitteratur utökar traditionella prissättningsmodeller med 
antagandet att investerare påverkas av kognitiva biaser i sina investeringsbeslut. När 
investerare påverkas av samma kognitiva biaser kan det förorsaka ineffektiva 
prismönster på aktiemarknaden. I motsats till vad den effektiva marknadshypotesen 
antar, antar beteendemässig finansiell teori att dessa ineffektiva prismönster förblir 
en faktor på aktiemarknaden på grund av arbitragekostnader. Investerarsentiment 
fungerar som ett mått för denna partiska, emotionella faktor på aktiemarknaden.  

I denna avhandling undersöks förhållandet mellan investerarsentiment och daglig 
avkastning för finländska börsnoterade företag. Tre sentimentindikatorer, justerad 
omsättningshastighet, handelsvolym och avkastning för eftermarknadshandel 
används i ett sammansatt sentimentindex. De ursprungliga indikatorerna regresseras 
mot marknads- och företagsvariabler för att isolera den irrationella, oförklarliga 
faktorn. Med principalkomponentanalys reduceras de tre variablerna till en faktor, 
som föreställer dagliga företags- och portföljspecifika sentimentvärden. Följaktligen 
undersöks förhållandet mellan sentiment och avkastning med regressionsanalyser. 

Regressionsresultaten indikerar att investerarsentiment inte har någon signifikant 
inverkan på framtida avkastningar. När sentimentindikatoreffekterna separeras 
noteras ett positivt och signifikant förhållande mellan handelsvolym och framtida 
avkastning. Resultatet indikerar potentiellt att handelsvolymen innehåller 
information om institutionella investerares beteendemönster och indikerar även 
flockbeteende på den finska aktiemarknaden. Förhållandet mellan avkastning för 
eftermarknadshandel och avkastning nästa dag är negativt och signifikant, vilket 
indikerar att rationella investerare korrigerar de felprissättningar som orsakats av 
enskilda investerare i eftermarknadshandeln. Inga slutgiltiga resultat hittas för den 
justerade omsättningshastigheten och framtida avkastning.  

Förhållandet mellan handelsvolym och framtida avkastning är mer framträdande för 
små, volatila och aktier med låg lönsamhet, vilket indikerar att spekulativa aktier 
påverkas mer av sentiment på grund av ökade arbitragekostnader. En svag motsatt 
effekt hittas för avkastning för eftermarknadshandel och ingen effekt hittas för den 
justerade omsättningshastigheten. 

Nyckelord: Beteendemässig finansiell teori, investerarsentiment, aktiespecifik 

investerarsentiment, investerarbeteende 
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1 INTRODUCTION 

Traditional finance theory considers market participants rational economic agents who 

make decisions in an optimal fashion by trading off costs and benefits weighted by the 

statistically correct probabilities and marginal utilities. In behavioral finance theory this 

is not the case. According to behavioral finance theory, market participants are irrational 

beings prone to psychological and sociological biases (Lo, 2005). They make mistakes 

and miscalculate probabilities leading to an (occasionally) inefficient stock market. 

Market frictions such as arbitrage costs and short-selling costs inhibit more informed 

investors from correcting the mistakes made by the irrational investors.  

The past few decades have been interesting in global capital markets. Record highs, 

trillion-dollar valuations, the worst financial crisis since the 1930s and a dot-com bubble 

where stocks earned abnormal returns simply because they had .com in their names 

(Cooper et al., 2001). Already in the late 90s, US FED chairman Alan Greenspan labeled 

the tech stock valuations of the time as irrational exuberance, suggesting that the market 

for tech stocks was oversaturated and overvalued. However, according to traditional 

finance theory the stock market cannot be overvalued. The efficient market hypothesis 

allows only for short-term price deviations before prices revert to their fundamental, 

intrinsic values. However, the dot-com bubble was all but a short-term price deviation. 

As such, researchers from multiple fields have tried to find an explanation. In behavioral 

finance researchers blame market emotions. Behavioral finance allows flawed decision-

making processes and psychological biases as explanations for market anomalies (e.g. 

the January effect), speculative market bubbles (e.g. the IT bubble) and stock market 

crashes (e.g. the global financial crisis) (Ricciardi & Simon, 2000). 

Inadvertently, when making decisions, one performs mental accounting. When 

performing mental accounting, research has shown that one is subject to outside 

influences in the form of heuristics and biases, which influence calculation outcomes. 

Especially when calculating risky scenarios humans often wrongly estimate true 

probabilities (Kahneman & Tversky, 1979). Evaluating probabilities is of great 

importance when making investment decisions and since biases lead to flawed intuitive 

statistical calculations, it is safe to assume that irrational economic decisions are made. 

When biases affect large groups of investors it can lead to flawed pricing patterns. 

Investor sentiment literature tries to capture these flawed patterns. Investor sentiment 

expands traditional asset pricing models with two assumptions: that investors are 
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subject to periods of optimism and pessimism which influences asset prices, and that 

limits to arbitrage hinder rational investors from correcting prices.  

Throughout the past decades, researchers have proposed and tested a multitude of 

market sentiment indicators trying to capture the irrational, largely unexplainable 

sentimental effects in the market. Several studies show that investor sentiment affects 

asset prices (Brown & Cliff, 2005; Schmeling, 2009), however the results from sentiment 

analyses are still controversial. Finding true indicators for the emotional state of the 

market is challenging and proving that the impact is caused by irrational optimism or 

pessimism is even more challenging. Previous studies have utilized market sentiment 

indicators, for instance, surveys, IPO returns and stock market liquidity. Recent 

methodological advancements have led to the development of a firm-specific manner of 

measuring investor sentiment. Measuring firm-specific investor sentiment allows for 

comparison of sentiment effects for different companies, which can be very informative 

since previous research has stated that speculative stocks are more exposed to 

sentimental traders. Also, firm-specific sentiment data are available at higher-frequency 

intervals and since acting on emotional responses is an impulsive action rather than a 

calculated action, rapid changes in investor sentiment are bound to occur. 

Few investor sentiment research papers have studied the effects on the Finnish stock 

market. Schmeling (2009) found an inconclusive relationship between sentiment and 

returns when studying the effects on 18 countries. In a survey of empirical research done 

on the Finnish stock market, Kallunki, Martikainen, Martikainen and Yli-Olli (1997) 

conclude that several previous studies suggest that market efficiency might not hold in 

Finland. Due to the lack of empirical evidence from the Finnish stock market, this thesis 

studies the impact of investor sentiment on Finnish publicly listed companies. 

1.1 Purpose 

The purpose of this study is twofold. First, to analyze the return-sentiment relationship 

and investigate the impact sentiment has on returns. Second, to analyze whether the 

return-sentiment relationship is stronger for speculative stocks, i.e. stocks considered 

more difficult to arbitrage.  

1.2 Scope and contribution 

Motivated by recent advancements in investor sentiment research methodology as well 

as the lack of investor sentiment literature studying the Finnish stock market, in this 
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thesis I investigate whether investor sentiment impacts short-term stock returns. I 

propose a new combination of firm-specific sentiment indicators; the adjusted turnover 

rate, which captures company-specific stock turnover; the trading volume, which 

captures liquidity; and overnight returns, which captures retail investor behavior. With 

these indicators I create firm-specific indices for all 102 publicly listed companies in my 

sample. Using these indices, I analyze the cross-sectional effects on next-day realized 

returns. In addition, I create stock portfolios based on four sorting characteristics and 

analyze whether speculative stocks are more exposed to sentiment. The time period 

utilized in my empirical study is 02.05.2007 until 28.02.2019 due to limited availability 

of one of the sentiment indicators prior to this period. I contribute to the growing body 

of research on investor sentiment by analyzing the effects on a largely unanalyzed market 

using methodology developed in the past years. 

1.3 Structure of the thesis 

The rest of this thesis is structured as follows:  

Chapter 2 presents and explains relevant theories, with brief explanations of traditional 

asset pricing theory and the efficient market hypothesis followed by an in-depth review 

of behavioral finance theory including biases and heuristics. Investor sentiment specific 

theories are discussed, and a walk-through of previous investor sentiment indicators is 

presented. 

Chapter 3 reviews five previous studies pertinent to investor sentiment literature and 

my study. 

Chapter 4 opens the empirical part of my study, starting with a presentation of the 

methodology employed. In the end of the chapter potential methodological fallacies are 

discussed. 

Chapter 5 presents the data utilized in my study, including the sentiment indicators 

and the portfolio sorting characteristics. 

Chapter 6 presents the results, including descriptive statistics, preliminary tests and 

results from linear regression analysis. 

Chapter 7 provides a summary of my thesis, a discussion of my findings and conclusions 

that can be drawn from my study. 
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2 THEORETICAL FRAMEWORK 

In this chapter I briefly discuss traditional finance theory, continue by discussing how 

behavioral finance theory differs from traditional finance theory and conclude by 

discussing the theories that support investor sentiment as a factor in asset pricing. 

2.1 Traditional finance theory 

The Capital Asset Pricing Model (CAPM) was developed and popularized by Sharpe 

(1964) and Lintner (1965). The CAPM is based on Markowitz (1952) theory of the 

efficient market portfolio. In the CAPM, asset returns are explained by only one factor, 

the market risk premium. The exposure of a stock or portfolio to market risk is measured 

by the beta, i.e. the relationship between the systemic risk inherent in the stock and the 

market portfolio. Systemic risk implies risk which cannot be removed via diversification. 

Assets with higher betas are expected to earn higher returns, while lower beta assets are 

associated with lower expected returns. In the CAPM, there is a clear risk-reward 

relationship and the only way to achieve higher returns is by more exposure to risk. To 

this day, the CAPM still serves as the base for asset pricing theory. However, the CAPM 

has since been expanded to include other known risk factors.  

Fama and French (1993) introduced the three-factor model which added two additional 

factors to the CAPM. The factors introduced were based on documented anomalies in 

asset pricing research, the size premium and the value premium. Historically, small 

companies have earned higher risk-adjusted returns than large companies, and value 

stocks, i.e. stocks with a high book-to-market ratios, have earned higher risk-adjusted 

returns than growth stocks. The first factor, SMB (small minus big), captures the size 

effect. SMB is calculated by taking the difference in returns for a portfolio of small 

companies with a portfolio of large companies. The second factor HML (high minus low), 

captures the value effect. HML is calculated by taking the difference in returns for a 

portfolio of value companies (high book-to-market ratios) with a portfolio made up of 

growth companies (low book-to-market ratios) (Fama & French, 1993).   

The Fama–French three-factor model explained over 90% of diversified portfolios 

returns compared to an average of 70% by the CAPM, which led it to be the new standard 

model in the industry. Today, the Fama-French three factor model has been extended by 

several other models, including the Carhart four factor model, which adds the 

momentum factor, MOM (previous high-return stocks, winners, continue to have higher 

returns more than previous low-return stocks, losers), and most recently the Fama-
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French five factor model, which adds a profitability factor, RMW (robust profitability 

minus weak profitability) and an investment factor, CMA (conservatively investing 

companies minus aggressively investing companies). Using the five-factor model, Fama 

and French (2015) have been able to explain between 71% and 94% of the variation in 

their sample portfolio returns.  

The efficient market hypothesis 

The efficient market hypothesis (EMH) was introduced by Fama (1970). The EMH is 

based on the notion that the market is efficient, i.e. that prices of securities fully reflect 

all available information when trading and information costs are zero. When new 

information arises, news spreads quickly and buyers and sellers come together to 

determine a new consensus price of securities without any delay (Fama, 1970). 

There are three variants of the efficient market hypothesis: 

1. The weak form, which claims that prices on traded assets reflect all past price 

information. 

2. The semi-strong form, which claims that prices reflect all publicly available 

information and that prices instantly change to reflect new public information. 

3. The strong form, which, in addition to the claims made in the semi-strong form, 

also claims that prices instantly reflect private company information. 

The central assumption under the EMH is the assumption of the perfect market. In a 

perfect market there are no transaction costs, information is costless and available to all 

investors, investors have homogenous expectations and investors are rational, profit-

maximizing agents (Fama, 1970). In reality, the perfect market does not exist, but 

markets are still seemingly efficient. A good indicator for market efficiency is that most 

professional investors are unable to outperform a passive index fund (Malkiel, 2003).  

According to the EMH it is impossible to outperform the market. Neither technical 

analysis, which is the study of past stock prices to predict future prices, nor fundamental 

analysis, which is the analysis of financial information such as company earnings and 

asset values, would enable an investor to achieve returns greater than those that could 

be obtained by holding a randomly selected portfolio of individual stocks, at least not 

with comparable risk (Malkiel, 2003). 
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2.2 Behavioral finance theory 

As evident by traditional finance theory, investors are utility-maximizing, profit-

maximizing rational beings without flaws. When it comes to decision-making, investors 

will always make an unbiased, rational decision and consider all available data. 

Behavioral finance theory argues that humans do not function in this way and will not 

always make correct, rational investment decisions. 

Ricciardi and Simon (2000) define behavioral finance research as an “attempt to explain 

and increase understanding of the reasoning patterns of investors, including the 

emotional processes involved, and the degree to which they influence the decision-

making process.” In the behavioral finance model, market participants are perceived as 

irrational beings, prone to psychological and sociological biases (Lo, 2005). Simply put, 

biases are what hinder humans from making rational choices. Biases are what hinder 

investors from selling at a loss, biases are what compels investors to try to time the 

market and biases are what make investors believe that they can outperform the market.  

The field of behavioral finance has been around for a long time; however, it has recently 

seen an increase in popularity. This increase is in large part due to psychology research 

done by Daniel Kahneman and Amos Tversky in the mid to late 20th century. Kahneman 

and Tversky discovered that several of the assumptions made by traditional finance 

models were not consistent with the real-world results they achieved in their psychology 

lab experiments. In their research paper “Prospect Theory: An Analysis of Decision 

Making under Risk” (1979), Kahneman and Tversky set out to understand human 

behavior when faced with situations where the probabilities of outcomes are uncertain. 

According to the expected utility function, which acts as the base for many economic 

theories, humans will evaluate the expected utility of a series of prospects and choose the 

one that has the higher expected utility (utility maximization). Kahneman and Tversky 

were able to clinically show that individuals often violate this theory. They showed that 

humans exhibit loss aversion, i.e. that they would rather go for a certain outcome than a 

risky one, even when the expected utility of the risky prospect is higher than the certain 

one. Kahneman and Tversky were also able to show that framing plays a role in 

probabilistic circumstances. When equal expected utility prospects were shown, but 

framed in different ways, individuals reacted very differently (Kahneman & Tversky, 

1979).  
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Prospect theory was able to show that humans base their decisions on the potential value 

of losses and gains rather than the final outcome, and that there are heuristics involved 

in this mental evaluation. Heuristics, as defined by Kahneman and Tversky (1974) are 

“mental operations, that are employed in judgement under uncertainty”. Heuristics are 

a type of mental shortcut, that rely on patterns in decision-making created from other 

influences than the immediate problem at hand. Heuristics affect people’s perception of 

a problem, which often leads to sub-optimal, irrational decision-making, especially when 

the problems are difficult to assess (Kahneman & Tversky, 1974).  

In other words, Kahneman and Tversky were able to empirically show the research world 

that the predictions made by traditional economic theories do not tend to perfectly occur 

in reality. As such, Kahneman and Tversky were able to convince researchers in 

economics to question the assumptions made by traditional finance theory by conducting 

real-world experiments. This led to a large increase in behavioral finance research and 

today several biases have been clinically proven to affect human decision-making.  

Heuristics and behavioral biases 

Biases are a cornerstone of behavioral finance, since biases cause irrational behavior. A 

large body of evidence from cognitive psychology has proven that individuals tend to 

repeat behavioral patterns. Since humans are affected by biases, and biased reasoning 

patterns are difficult to resist, they will cause irrational decision-making and influence 

economic decisions (Barberis & Thaler, 2003). To understand how irrationality is 

formed, a short summary of systematic biases that arise when people form beliefs and on 

people’s preferences is presented next. 

Overconfidence: Placing to much trust in one’s own subjective judgement is referred to 

as overconfidence. Overconfidence appears in two distinct ways, underestimating risk 

and underestimating probabilities (Barberis & Thaler, 2003). An example from the stock 

market is overestimating one’s abilities in a bull market, i.e. believing that one’s 

investment decisions were above average when market returns were relatively high. 

Overconfidence can also appear as overestimation of one’s future returns, following a 

chain of good investments. This is known as the “hot hand fallacy” or believing that what 

often might be a lucky chain of investments, were smart and calculated investments.  

Optimism and wishful thinking: People tend to be optimistic about their own abilities 

and the future. Inherently, people want to believe that the future is going improve which 
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can lead to underestimating probabilities. Optimism can show itself in many ways in the 

stock market, for example believing that a stock with a recent price drop will increase 

back, even if the fundamentals do not agree. Diether, Malloy and Scherbina (2002) show 

that stocks with higher dispersion in analysts’ forecasts earn lower future returns than 

otherwise similar stocks. The investors holding the stocks do not sell when some analysts 

value the stock higher than others, since wishful thinking makes them believe in the 

analyst with the same valuation as them. 

Representativeness: Consists of two biases, base rate neglect – not accounting for the 

base rate of a probability and thus underestimating a more detailed probability; and 

sample size neglect – not believing that a large sample size will give more information 

about true probability than a small. Sample size neglect also leads to what psychologists 

call the gambler’s fallacy effect – believing that in a game of coin toss, after three heads, 

the next one must be tails (Barberis & Thaler, 2003). 

Conservatism: In contrast to representativeness, conservatism happens when base-rates 

are over-emphasized relative to sample evidence, for example if the probability of an 

event is high, people often underestimate the true probability (Barberis & Thaler, 2003). 

Belief perseverance: People tend to hold on to their beliefs, even when newly presented 

evidence contradicts it. This is in part due to people’s reluctance to search for 

contradictory evidence to their beliefs and in part because if they come across such 

evidence, they treat it with excessive skepticism. Belief perseverance often causes 

confirmation bias, which means people are more likely to agree with evidence that 

supports their views, than evidence contradicting their views (Barberis & Thaler, 2003). 

In the stock market this can affect how people process information, i.e. negative firm 

information is processed as less negative, if the base belief in the firm is high. 

Anchoring: When people form estimates they tend to start with some arbitrary initial 

value and then adjust away from that value. Usually this adjustment is not enough, 

meaning that the initial (arbitrary) estimate hurts the final estimate. In one experiment 

by Kahneman and Tversky (1974) people were asked to estimate the percentage of United 

Nations’ countries that are African. Before they could answer, they were given a 

randomly generated number between 0 and 100, and then they were asked whether their 

estimate was higher or lower than the randomly generated number. The people that were 

asked to compare their estimate to 10, estimated 25%, while those who compared to 60, 

estimated 45%. 
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Availability bias: When judging the probability of an event, people often search their 

memories for relevant information, which can produce biased estimates, because some 

memories are more easily accessible than others – for example when a negative event 

has affected the individual personally (Kahneman & Tversky, 1974). 

Quantifying and measuring the impact of behavioral biases is challenging. Behavioral 

models are not as easily testable as traditional asset pricing models because proper 

assessment of behavioral theories requires detailed information on the trading strategies 

of various market participants (Coval & Shumway, 2005). Despite this, some empirical 

evidence exists. Kahneman and Tversky (1974) study representativeness, availability 

bias and anchoring bias. They conclude that these heuristics are “highly economical and 

usually effective, but they lead to systematic and predictable errors”. Research has also 

documented that traders exhibit loss aversion (Coval & Shumway, 2005) and 

overconfidence (Scheinkman & Xiong, 2003). Chan, Frankel and Kothari (2004) find no 

conclusive evidence of representativeness.  

Herding 

For biases to affect the stock market they must affect a large group of investors in a 

similar manner, leading to systematic buy- and sell orders. In sociology, when large 

groups of people think the same way, or perform the same actions, it is known as herd 

behavior. In finance, herd behavior is the process where economic agents imitate each 

other’s actions and/or base their decisions upon the actions of others. Herding often 

appears as the result of an information cascade. A cascade is a process where people 

influence one another in such a manner that the people being influenced ignore their 

private knowledge and instead follow the judgments of others (Spyrou, 2013).  

There can be several reasons why this behavior happens in financial markets. Market 

participants may infer information from the actions of previous participants, i.e. if 

investors start buying or selling, others might follow the trend simply because they 

assume other investors have more and/or better information. This effect is most 

pronounced in retail investors, since retail investors often have less access to information 

and less capability to process the information. Individuals also tend to want to share 

risks, i.e. if retail investors can convince others to invest with them, they are more likely 

to take larger risks. There are also reasons why herd behavior might affect institutional 

investors. For example, institutional investors may mimic the actions of other 

institutional investors in order to preserve reputation and/or compensation, since the 
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risk of reputation loss might be smaller than the risk of the investment. Analysts just 

starting out in the industry know that if they make bold forecasts and deviate from the 

consensus, they are more likely to lose the jobs, thus the risk of them being let go is not 

worth the risk of going against the consensus (Spyrou, 2013). 

According to Bikhchandani and Sharma (2001), there are two types of herding behavior, 

spurious herding, where similar decisions are made because investors have the same 

fundamental-driven information set and thus make similar decisions, and intentional 

herding, where investors have the intention to copy others, without processing any 

information on their own. Spurious herding is normal, since it only leads to an efficient 

outcome (prices clear), but intentional herding may lead to a less efficient outcome and 

even to fragile markets, excess volatility and systemic risk.  

Noise traders and the limits of arbitrage 

Irrational, biased investors, acting in concert because of herd behavior are denoted as 

noise traders. The concept of noise traders was developed by Black (1986). Black defines 

noise traders as investors that do not follow the consensus advice of economists to buy 

and hold the market portfolio, but instead trade on their own speculative opinions and 

interpretations. Noise traders do not take advantage of diversification, rather, they hold 

only one or a couple of stocks at a time. They are called noise traders, since they often 

trade on noise and attention in media as if it was information, hoping that it will give 

them an advantage and generate excess returns. Noise traders often take advice from 

other speculative investors; and in a bull market, noise traders are more likely to 

participate.  

Noise is what makes our observations imperfect, however noise traders also have a 

necessary place in the functionality of the stock market. Black states that noise traders 

are beneficial to the market since they add liquidity. Even if the noise traders objectively 

had been better off not trading, since they choose to trade, they are allowing other, more 

informed trades to happen. Without noise traders, people would only hold individual 

assets and not trade them. With noise traders, it now pays for those with information to 

trade. Due to this, both noise traders and traders who trade on information are essential 

to the economy. Even though it can be quite difficult to discern who is a noise trader and 

who is an information trader, both parties support each other. Hence, Black argues that 

noise traders are not a problem in and of themselves (Black, 1986). 
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De Long, Shleifer, Summers and Waldmann (1990) argue against Black’s views. 

According to De Long et al., noise traders do increase risks in the market, because of 

limits of arbitrage. The unpredictability of noise traders make arbitrage less attractive 

for informed investors. When arbitrageurs have short time-horizons and must worry 

about liquidating their investment in a mispriced asset, they will be wary of arbitrage 

trading even in the absence of fundamental risk. In this case, noise trading can lead to a 

large divergence between market prices and fundamental values (De Long et. al, 1990). 

De Long et al.’s theory is in direct contrast with the efficient market hypothesis. The EMH 

assumes that whenever mispricing of a stock occurs, an opportunity for low-risk profit is 

created for rational traders.  

According to Shleifer and Vishny (1997) there seldom exists true arbitrage opportunities 

in the stock market. In one way or another, there is always a risk when trying to take 

advantage of a possible arbitrage trade. The first is that trading almost always requires 

capital, and capital is typically risky. The second is that the EMH assumes that arbitrage 

is conducted by all rational market participants, however, in reality, only relatively few 

professionals have the information and ability to engage in arbitrage with large positions. 

Arbitrage is especially ineffective as a market efficiency method in situations where 

prices are far from their intrinsic values and arbitrageurs are fully invested (Shleifer & 

Vishny, 1997). 

Another limit to arbitrage comes in the form of short-sales constraints. Selling short can 

be costly for an investor and is always more difficult than simply purchasing the asset. 

First of all, short selling involves a third party from which the stock must be borrowed, 

which can involve a fee. In addition to this direct cost, there is a risk that the short 

position will have to be involuntarily closed at a loss due to recall of the stock loan. Also, 

legal and institutional constraints inhibit or prevent investors from selling short (Jones 

& Lamont, 2002). 

Finally, speculative stocks are more difficult to arbitrage trade. Baker and Wurgler 

(2007) define speculative stocks as young, currently unprofitable companies with highly 

uncertain futures. Speculative stocks are more difficult to arbitrage trade, since they are 

inherently riskier. Because arbitrage is supposed to be risk-free, arbitrage trading on 

speculative stocks tends to be particularly risky and costly. In general, most stocks are 

able to be sold short, but tiny, illiquid stocks priced below five dollars are virtually 

impossible to borrow, and thus to sell short (D’Avolio, 2002). Speculative stocks also 
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have a high degree of idiosyncratic variation in their returns, which makes betting on 

them riskier (Wurgler & Zhuravskaya, 2002).  

2.3 Investor sentiment 

When irrational traders trading as a group on noisy signals cause a significant change in 

the price of a security and that change is not corrected by the market, Brown (1999) 

characterizes it as a change in investor sentiment. Baker and Wurgler (2007) define 

investor sentiment as “a belief about future cash flows and investment risks that is not 

justified by the facts at hand.” Investor sentiment assumes that traders are subject to 

periods of optimism and pessimism and that their optimism (pessimism) will influence 

the way information is perceived even though there is no fundamental difference in the 

information content. Investor sentiment expands traditional asset pricing theory with 

two new assumptions. The first assumption is that investors are subject to sentiment. 

This assumption is based on the research done on noise traders. The second assumption 

is that betting against sentimental investors is a costly and risky affair. This assumption 

is based on the limits of arbitrage theory (Baker & Wurgler, 2007). 

Investor sentiment literature adds to traditional pricing methods by adding the investor 

sentiment factor. The investor sentiment factor attempts to capture the irrational, noisy 

factor in stock prices that is unexplained by traditional asset risk-return measures. There 

is no consensus way of measuring investor sentiment, and finding a clean, clear indicator 

is nearly impossible. The indicator should capture optimism and pessimism in the stock 

market, not business cycles or asset risks. Capturing this irrational factor is difficult, 

since different indicators can cause different reactions to different investors. Also, since 

the concept is still evolving, researchers have put forward many alternatives for 

calculating and quantifying investor sentiment, both across the market and firm-

specifically. 

Today, utilized sentiment indicators can be summarized in four different approaches of 

measurement; financial market-based indicators, survey-based sentiment indicators, 

relevant sources of textual data, and non-economic sentiment indicators. 

Financial market-based indicators 

Most investor sentiment indicators are formed using financial data. Financial market-

based indicators measure how eager investors are to trade, which reveals how many 

opportunities they see in the market. Research thus far has used many different market-
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based indicators. Per Brown and Cliff (2004), financial market-based indicators can be 

summarized in (i) performance measures, (ii) type of trading activity, (iii) derivatives 

variables and (iv) other financial measures. 

(i) Performance measures: Technical indicators are often used to measure how 

recent performance of the stock market has been. Today, there are many 

technical indicators that supposedly signal positive/negative investor sentiment. 

Brown and Cliff (2004) use the advance/decline index, measured as the ratio of 

advancing equity issues to declining equity issues in the stock market. Brown and 

Cliff also use the high/low index, which captures the relative strength of the 

market calculated as the number of new highs to the number of new lows. More 

recently, Seok et al. (2019) use modified versions of these to indicators, the 

psychological line index (PLI) and the relative strength index (RSI) in a firm-

specific investor sentiment index. 

(ii) Type of trading activity:  Brown and Cliff (2004) use the ratio of short sales 

to total sales, which captures how (mostly institutional) investors feel about the 

market. Since noise trader theory suggests that stocks with large retail ownership 

are the ones most sensitive to shifts in investor sentiment, capturing retail 

investor behavior is also of interest. Brown and Cliff (2004) use the ratio of odd-

lot sales to purchases. Odd-lots are order amounts for a security that is less than 

the normal unit of trading for that particular asset. More recently, Aboody, Even-

Tov, Lehavy and Trueman (2018) use overnight returns to capture retail investor 

trades. Individuals working normal hours are less likely to trade during working 

hours than professional traders and instead more likely to place trades after 

hours when they have free time to read up on news and company information. 

(iii) Derivatives variables: Brown and Cliff (2004) use the ratio of CBOE equity 

put to call trading volume as a measure from the derivatives market. Another 

commonly used measure is option implied volatility. The prices of options rise 

when the underlying asset has greater expected volatility and by inverting options 

pricing models, implied volatility can be calculated. The Market Volatility index 

(VIX) shows the option implied volatility and is commonly used as a sentiment 

indicator (Whaley, 2000). 

(iv) Other financial measures: Closed-end funds are disproportionately held by 

retail investors, making the closed-end fund discount a commonly used 
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sentiment indicator. The closed-end fund discount is calculated as the difference 

between the net asset value of a fund’s actual security holdings and the fund’s 

market price (Baker & Wurgler, 2007). Mutual fund flows are used as an overall 

market sentiment measure based on how fund investors are moving into and out 

of safe and risky assets (Baker & Wurgler, 2007). Another common indicator is 

trading volume. Since short-selling is costlier than opening and closing 

positions, liquidity can be good measure for investor sentiment. When investors 

add liquidity to the market, they appear to be optimistic, and when trading 

volumes are lower, they are unable to sell short even though they are pessimistic 

(Baker & Stein, 2004). Commonly used proxies for liquidity are market turnover 

(Baker & Wurgler, 2007), and more recently the logarithm of the trading volume 

and the adjusted turnover rate (Seok et al., 2019).  

Dividend paying securities are seen as a stable and predictable income stream, 

and thus the dividend premium is a commonly used sentiment indicator (Baker 

& Wurgler, 2004). IPO (initial public offering) first-day returns and IPO volumes 

are used as sentiment indicators since IPO returns have historically been higher 

in periods where investors are optimistic about the prospects. The volume of IPOs 

increases in certain “windows of opportunities”, which can indicate increased 

sentiment periods (Baker & Wurgler, 2007). And finally, insider trading can be 

used as a sentiment indicator since corporate executives have better information 

about the true value of their firms than outside investors. Hence, their portfolio 

decisions could be used as a proxy for investor sentiment (Baker & Wurgler, 

2007). 

Survey-based sentiment indicators 

The most direct way to measure how individuals feel about the stock market and the 

economy is to ask them. This can be done via surveys and market research. There are 

many publicly available surveys and most of them are measured monthly. Investor 

sentiment surveys can be aimed at either institutional investors, retail investors or the 

general public. Since different types of investors might have different opinions on the 

state of the economy, the results from the three types of investor sentiment surveys can 

display different data.   

Typical surveys used as a proxy for investor sentiment are the consumer confidence 

index (Lemmon & Portniaguina, 2006; Schmeling, 2009) and various investor surveys 
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such as the AAII survey (American Association of Individual Investors). Most of the 

variation present in survey data are due to macroeconomic conditions, but by way of 

regression, the impact of these can be removed (Schmeling, 2009).  

Relevant sources of textual data 

Another indirect way of measuring investor sentiment is using relevant sources of textual 

data. Through recent advances in data availability and software, textual data, text mining 

and media sentiment has become an important sentiment indicator. Since humans are 

affected by their influences and many influences come from news and the media, 

searching for investor sentiment indicators in the media is becoming a popular 

sentiment indicator.  

Tetlock (2007) measured investor sentiment by the frequency of positive and negative 

words in a daily column, the Wall Street Journal’s “Abreast the Market”. Other sources 

of textual data can be social media posts, for example Bollen, Mao and Zeng (2011) use 

company Twitter mentions as a sentiment indicator and Preis, Moat and Stanley (2013) 

use Google search volumes for keywords relating to financial markets as a sentiment 

indicator. 

Non-economic sentiment indicators 

Every day many non-economic events influence our mood, which, in term influences risk 

aversion levels and trading behavior. As such, sentiment can also be measured using 

non-economic indicators. Kamstra, Kramer and Levi (2003) use seasonal affective 

disorder as a sentiment indicator. Edmans, Garcia and Norli (2007) use international 

soccer results as a sentiment indicator. Kaplanski and Levi (2010) use aviation disasters 

as a sentiment indicator. 
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3 PREVIOUS LITERATURE 

Historically, most investor sentiment studies have been done on US stock market data. 

Since I have chosen to study investor sentiment on the Finnish market, the previous 

literature is quite limited. I have chosen to highlight five important investor sentiment 

studies: Baker and Wurgler (2006); Schmeling (2009); Brown and Cliff (2004); Baker, 

Wurgler and Yuan (2012); and Seok, Ryu and Cho (2019). 

3.1 Investor sentiment and the cross-section of returns (2006) 

Baker and Wurgler (2006) proposed a new way of measuring investor sentiment by 

combining several indicators together to form a composite sentiment index. Using 

several indicators is preferable in investor sentiment literature since combining multiple, 

possibly error-prone, indicators, will yield a more conclusive, less noisy investor 

sentiment score.  

The purpose of Baker’s and Wurgler’s study was twofold. First, they wanted to determine 

whether investor sentiment could be measured. Using their experience as long-time 

followers of behavioral finance and the financial markets, they begin their study by 

theorizing about the history of investor sentiment. Baker and Wurgler construct an 

anecdotal sentiment index, which in theory shows what periods were subject to high 

sentiment and what periods were subject to low sentiment. Next, a sentiment index 

based on known anomalies was created. Baker and Wurgler chose six indicators, trading 

volume as measured by NYSE turnover, the dividend premium, the closed-end fund 

discount, the number and first-day returns on IPOs, and the equity share in new issues. 

By way of linear regression, Baker and Wurgler removed business cycle variation from 

their sentiment indicators. They regress each of the six raw indicators on five different 

macro-economic variables; growth in the industrial production index, growth in 

consumer durables, nondurables, and services and a dummy variable for NBER 

recessions. According to linear algebra, the residuals from the regression are 

uncorrelated (orthogonal) to the independent variables. Thus, by using known proxies 

for business cycles, Baker and Wurgler were able to construct sentiment proxies 

uncorrelated with normal business cycle variation. They were left with known anomalies 

that traditional finance theory cannot explain, uncorrelated with business cycles, as 

proxies for the irrational, emotional state of the market. To isolate the common effect of 

all the indicators, Baker and Wurgler used Principal Component Analysis (PCA) to 

compute the first principal component. Finally, the sentiment index was plotted and 

compared to their anecdotal sentiment index. The similarities in variation were clear and 
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they deemed their sentiment index made up of six individual indicators as an acceptable 

way of measuring investor sentiment in the aggregate stock market.  

The second purpose of their study was to analyze the effect investor sentiment has on 

returns. This was done by comparing effects of sentiment for speculative stocks and safe 

stocks. Baker and Wurgler define speculative stocks as stocks that are difficult to value. 

Stocks that are more difficult to value are more difficult to arbitrage trade, and thus 

sentiment effects should theoretically be more prominent for such stocks.  

In a follow-up article, Baker and Wurgler (2007) presented the following figure to 

demonstrate. 

Figure 1 Theoretical effects of investor sentiment on different types of stocks 

 

On the x-axis, stocks are ordered on how difficult they are to value and arbitrage. 

Towards the left, are safe, bond-like stocks. Towards the right, are newer, smaller or 

extreme growth companies. The y-axis measures prices, with P* denoting fundamental 

values. The lines illustrate Baker and Wurgler’s hypothesis that high sentiment is 

associated with high stock valuations, particularly for speculative stocks, and low 

sentiment is associated with the reverse effect. In the absence of sentiment, stocks are, 

on average, assumed to be correctly priced at P*.  
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Baker and Wurgler test this theory with a cross-sectional analysis of the impact of 

sentiment on returns. The results show that when sentiment is low (below sample 

average), small stocks earn particularly high subsequent returns, but when sentiment is 

high (above average), there is no size effect. Baker and Wurgler also find evidence for 

other firm characteristics affecting the conditional patterns. When sentiment is low, 

subsequent returns are higher for newly listed stocks than for older stocks; higher for 

high-return volatility stocks than low-return volatility stocks; higher for unprofitable 

stocks than profitable ones; and higher for nonpayers than dividend payers. The reverse 

pattern is found when sentiment is high.  

Baker and Wurgler conclude their research paper by addressing the implications their 

findings might have for asset pricing, suggesting that “to achieve descriptively accurate 

models of prices and expected returns, researchers need to incorporate a prominent role 

for investor sentiment” (Baker & Wurgler, 2006). 

3.2 Investor sentiment and stock returns: Some international evidence 
(2009) 

In Investor sentiment and stock returns: Some international evidence, Schmeling 

(2009) examines whether consumer confidence affects expected stock returns 

internationally in 18 industrialized countries (Australia, Austria, Belgium, Denmark, 

Finland, Germany, Ireland, Italy, Japan, Netherlands, New Zealand, Norway, Spain, 

Sweden, Switzerland, United Kingdom & United States). Since most of the earlier 

research had focused on US stock market data, Schmeling set out to broaden the scope 

and compare sentiment impact on returns in different countries.  

Based on previous literature, Schmeling constructs three hypotheses in his study:  

1. International investor sentiment predicts future aggregate market returns. The 

relation between sentiment and expected returns is significantly negative and 

robust to controlling for fundamental factors. 

2. The effect of sentiment on returns is stronger for stocks that are hard to value 

and/or hard to arbitrage, e.g. growth stocks, value stocks, and small stocks.  

3. The impact of sentiment on returns is stronger for countries that have less well-

developed market institutions and for countries that are culturally more prone to 

investor overreaction. 
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For each of the 18 countries Schmeling collects a monthly measure of consumer 

confidence and monthly returns for the aggregate stock market, a portfolio of value 

stocks and a portfolio of growth stocks.  

In the first part of Schmeling’s study, Schmeling uses a test of Granger causality to 

determine whether sentiment (consumer confidence) Granger-causes returns and vice 

versa. The results show that there is two-way causality, i.e. that sentiment depends on 

previous returns and that returns depend on previous sentiment movements. Schmeling 

interprets this finding as investors being overly optimistic or pessimistic due to good or 

bad news, returns, or macro developments.  

To test for sentiment effects on future returns, Schmeling estimates long-horizon return 

regressions. Using panel fixed-effects regressions Schmeling is able to assign different 

regression constants to each of the 18 countries. The results show that investor sentiment 

has a significantly negative impact on future stock returns at all forecast horizons (1 to 

24 months), in line with previous literature. The results also show that the marginal 

impact of noise trading does wash out over longer time horizons, which Schmeling 

interprets as limits to arbitrage not having as large of an impact on longer-horizon 

periods. Further, Schmeling notes that the results suggest that value stocks are more 

heavily influenced by sentiment than growth stocks, but sentiment effects can be seen in 

both groups of stocks.  

Country-specifically, Schmeling finds that sentiment is a significant predictor of 

expected returns on average across countries. Here, the predictive power of sentiment is 

most pronounced for short and medium-term horizons of one to six months and washes 

out over longer horizons of 12 to 24 months, similarly to earlier results. Further, the 

results show some variation between countries, and for some of the individual country 

regressions sentiment does not contain any predictive power. The evidence also does not 

seem to be obviously related to geographical locations or the size of a country. 

The results for the Finnish market show that for the aggregate market, there is no 

significant effect of investor sentiment. For value stocks, the results are significant, 

suggesting a negative impact on future stock returns. For growth stocks, the mean 

coefficient is positive, but not significant. Schmeling’s results for the Finnish stock 

market remain inconclusive due to these ambiguous results. 
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3.3 Investor sentiment and the near-term stock market (2004) 

In Investor sentiment and the near-term stock market, Brown and Cliff investigate the 

relationship between investor sentiment and short-term stock market returns. More 

specifically, Brown and Cliff test whether new sentiment indicators perform in the same 

way that traditional sentiment indicators (investor surveys) do. They also test the 

predictive power sentiment has on future stock returns.  

Brown and Cliff utilize two surveys as their proxies for investor sentiment, the American 

Association of Individual Investors (AAII) survey and the Investors Intelligence survey. 

The plots of these sentiment indicator indices are compared with 13 individual sentiment 

indicators, mostly technical market-based indicators. Brown and Cliff denote these as 

indirect sentiment measures and divide them into four categories, market performance 

indicators, type of trading activity, derivatives variables and other sentiment proxies. 

When testing whether their sentiment indicators perform like the surveys, they 

demonstrate that they are indeed related to each other. Thus, Brown and Cliff are able to 

isolate common features of these indicators and generate two separate measures that 

they believe represent institutional and retail investor sentiment.  

The results for Brown and Cliff’s predictive regressions show that there is no real short-

run predictability in returns, and they conclude that using sentiment indicators as a 

trading strategy does not appear to be profitable. Brown and Cliff also find evidence that 

contradicts the notion that only retail investors are affected by investor sentiment, since 

they find that the strongest relationship is between institutional sentiment and large 

stocks.  

3.4 Global, local, and contagious investor sentiment (2012) 

In Global, local and contagious investor sentiment, Baker, Wurgler and Yuan (2012) 

study investor sentiment on a global level. Baker et al. construct investor sentiment 

indices for six major stock markets (Canada, France, Germany, Japan, the United 

Kingdom and the United States) and decompose them into one global and six local 

indices. The methodology in constructing the sentiment indices is the same as in Baker 

and Wurgler (2006), however due to country-specific data limitations they utilize only 

three of the original indicators, number and first-day returns on IPOs and the market 

turnover rate. They also add a fourth sentiment indicator, the volatility premium, which 

identifies times when valuations on high idiosyncratic volatility stocks are high or low 

relative to valuations on low idiosyncratic volatility stocks. They derive this indicator 
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from earlier research showing that the volatility premium is highly inversely related to 

the dividend premium, which is a classic investor sentiment indicator. 

The purpose of the Baker et al.’s study was to see if similar return predictability could be 

found on international markets as the return predictability found on the US stock 

market. Baker et al. also examine whether speculative stocks exhibit similar patterns in 

international markets as they did on the US stock market. Finally, they examine whether 

sentiment is contagious across markets. 

The results of the predictive regressions show that global sentiment is a statistically and 

economically significant contrarian predictor of market returns. Baker et al. find 

evidence that both global and local indicators of sentiment help to predict the time-series 

of the cross-section. Due to these results, Baker et al. draw the conclusion that the results 

found in earlier research extends to an international context. Baker et al. also find 

evidence that sentiment, at least in part, is contagious across markets.  

3.5 Firm-specific investor sentiment and daily stock returns (2019) 

In Firm-specific investor sentiment and daily stock returns, Seok, Ryu and Cho (2019) 

deviate from the normal sentiment literature via constructing firm-specific investor 

sentiment indices. Using firm-specific methodology, Seok et al. can capture rapid 

changes in investor sentiment. Seok et al. motivate their choice of using daily return data 

with the hypothesis that investors’ expectations are sensitive to even slight information 

changes in the market. Market-wide sentiment indicators cannot capture these rapid 

changes, however firm-specific sentiment indicators can. Thus, Seok et al. are able to 

determine whether sentiment effects are immediately corrected by the market, or 

whether sentiment effects linger over a longer time period.   

Seok et al. carry out their study on the Korean market. The Korean market is 

characterized by high liquidity and an active participation of individual investors, who 

are usually uninformed, noisy, and sensitive to market sentiment. As such, they 

hypothesize that the Korean market will be more subject to sentiment than other 

markets. Seok et al. utilize four investors sentiment indicators, the relative strength 

index (RSI), which indicates whether a stock is overbought or oversold, the psychological 

line index (PLI), which captures short-term price reversals and the psychological 

stability of investors, the adjusted turnover rate (ATR), which indicates optimistic or 

pessimistic expectations regarding the stock price and the logarithm of the trading 

volume (LTV), which reflects investors’ opinions regarding the stock market. Using these 
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four technical indicators, they create a firm-level sentiment index. To remove market- 

and firm variation the raw indicators are regressed against three market variables; the 

excess market return, the term spread and the default spread, and three firm variables; 

market cap, the book-to-market ratio and the earnings-to-price ratio. The regression 

residuals are viewed as cleaner versions of the raw sentiment indicators. Lastly, the 

indicators are used in firm-specific principal component analyses to isolate the common 

effect of the four indicators. The first principal component is treated as the daily 

sentiment score and captures about 41% of the variation found in the four original 

indicators. 

After modeling firm-specific investor sentiment they determine the impact it has on 

short-term returns. Using daily data from the Korean stock market they find evidence 

that stock returns on the Korean stock market increase after periods of high sentiment, 

which contradicts earlier findings by e.g. Baker and Wurgler (2007). They conclude that 

this is due to inefficiencies in the Korean stock market, which are not as prevalent in the 

US stock market. Their findings reinforce the idea that there are limits to arbitrage and 

that the market is not completely efficient in the short run. 

Seok et al. also measure whether harder-to-value firms are more subject to sentimental 

traders, and whether sentiment trading could be a useable trading strategy. They use 11 

variables to measure the how difficult a stock is to value, firm size (market equity), stock 

volatility (standard deviation of returns over one quarter and idiosyncratic volatility), 

profitability (earnings on book equity), growth opportunities (book-to-market ratio,  

growth of assets and growth of sales), the leverage ratio (debt-to-equity ratio), the inverse 

of the bankruptcy probability (from multivariate discriminant analysis), the institutional 

trade ratio and the short sales ratio. 

Seok et al. conclude that the effect of sentiment is stronger for firms that are difficult to 

arbitrage. This is measured by the difference between the realized next-day returns 

following periods of positive and negative sentiment. The next-day returns increase as 

firm size, earnings, and trades of arbitrageurs decrease and as volatility, financial 

distress, and the opportunity for growth increase. 
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Table 1 Summary of previous literature 

Author: Baker and 

Wurgler (2007) 

Time period: 

1935 - 2001 

Method: Predictive time-

series regressions 

Stock market: USA 

Sentiment indicators Results 

Trading volume as measured by NYSE 

turnover; the dividend premium; the 

closed-end fund discount; the number 

and first-day returns on IPOs; and the 

equity share in new issues. 

Negative relationship between lagged sentiment 

and returns. The effect is most prominent for 

stocks that are difficult to arbitrage trade.  

  
Author: Schmeling 

(2009) 

Time period: 

1985 - 2005 

Method: Panel fixed-

effects regressions, cross-

sectional regressions 

Stock market: 18 

countries 

Sentiment indicators Results 

Consumer confidence indices Negative predictive relationship. When sentiment 

is high, future stock returns tend to be lower and 

vice versa. Same relationship for value, growth and 

small stocks. 

  
Author: Brown and 

Cliff (2004) 

Time period: 

1965 - 1998 

Method: Predictive time-

series regressions 

Stock market: USA 

Sentiment indicators Results 

Two survey indicators and 13 technical 

indicators 

No conclusive short-run predictability in returns, 

strongest relationship between institutional 

sentiment and large stocks. 

  
Author: Baker, 

Wurgler and Yuan 

(2012) 

Time period:  

1980 - 2005 

Method: Predictive time-

series regressions 

Stock market: 

Canada, France, 

Germany, Japan, the 

UK and the US 

Sentiment indicators Results 

Number and first-day returns on IPOs, 

the market turnover rate, the volatility 

premium 

Global sentiment is a statistically and economically 

significant contrarian predictor of market returns. 
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Author: Seok, Ryu 

and Cho 

Time period: 

2001-2018 

Method: Predictive time-

series regressions 

Stock market: 

Korea 

Sentiment indicators Results 

The relative strength index, the 

psychological line index, the adjusted 

turnover rate, the logarithm of the 

trading volume. 

Stock returns on the KOSPI market increase after 

periods of high sentiment. The effect of sentiment 

is stronger for firms that are difficult to arbitrage. 
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4 METHODOLOGY 

In this chapter, I first present the three main steps involved in creating a sentiment 

index; second, I present the methodology used to create my portfolios; and third, I 

present the empirical test methodology utilized to determine the impact of sentiment on 

stock returns. 

4.1 Constructing the sentiment index 

There are three main steps involved in creating the investor sentiment index.  

1. The raw sentiment indicators are regressed against market and firm 

characteristics. This step is performed to remove overall market and firm 

variation from the raw sentiment indicators.  

2. The residuals from the linear regression are used in a Principal Component 

Analysis (PCA). This step is performed to isolate the common component for each 

stock in the sample. 

3. The first component from the PCA is computed and is used in representation of 

the individual sentiment indicators.  

Once all steps are complete, I have a firm-specific investor sentiment index for each stock 

in my sample. Since different stocks have different sentiment exposures, creating a firm-

specific sentiment index would allow me to study each individual stock in my sample. 

However, this study is not interested in individual case studies, but rather the overall 

impact of sentiment. Nevertheless, since sentiment exposure varies between companies, 

firm-specific methodology still functions as an advantage.  

Step 1: Removal of risk-based explanations 

When measuring sentiment in the stock market, one is trying to measure irrationality. 

Measuring irrationality is near impossible, however by removing exposure to market and 

firm variation, one can approximate irrationality. This is done by linear regression, as 

one of the properties of the linear regression is that the regression residual is 

uncorrelated with the independent variables in the regression.  The residuals are known 

as the orthogonalized versions of the dependent variables.  

According to previous literature, this can be done in two different ways. When studying 

the entire stock market, the raw sentiment indicators are most often regressed against 
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macro-economic data. When studying individual stocks, the raw sentiment indicators 

can be regressed against firm-specific variables. In Seok et al. (2019) they use three 

market variables; the excess market return, the term spread and the default spread, and 

three firm variables; market cap, the book-to-market ratio and the earnings-to-price 

ratio. In this study, five out of the six variables are included as independent variables,  

(i) Excess market return: captures the exposure to the stock market, 

calculated as the difference between the OMXH index return and the risk-

free rate (the two-year daily bond yield). 

(ii) Term spread: captures the exposure to the bond market, calculated as 

the difference between the long-term (10-year bond yield) and the short-

term (2-year bond yield). 

(iii) Market cap: captures the size premium, calculated as the product of 

outstanding shares and the closing price. 

(iv) Book-to-market ratio: captures the value premium, calculated as the 

difference between the previous periods assets and liabilities divided by 

the market cap. 

(v) Earnings-to-price ratio: captures the growth premium, calculated as 

the previous periods earnings per share divided by the stock price. 

The default spread has been left out of the study, as no approximation for the Finnish 

market was available. The variables are chosen because they represent added risk to an 

asset. Equation (1) shows the detailed regression. 

(1) 𝐶𝑜𝑚𝑝𝑖,𝑡 =  𝛼0 +  𝛽1 ∗  𝑀𝐾𝑇𝑡 +  𝛽2 ∗ 𝑇𝐸𝑅𝑀𝑡 + 𝛾1 ∗  𝑆𝐼𝑍𝐸𝑖,𝑡 +  

                                    𝛾2 ∗  𝐵𝑀𝑖,𝑡 + 𝛾3 ∗  𝐸𝑃𝑖,𝑡 +  𝜀𝑖,𝑡 ,  

where Compi,t  becomes each one of the sentiment indicators, α0 is a constant, MKTt  is 

the market return at time t adjusted for the risk-free rate at time t, TERMt is the term 

spread at time t, SIZEi,t is the market cap for stock i on day t, BMi,t is the book-to-market 

ratio for stock i on day t, and EPi,t is the earnings to price ratio for stock i on day t.  

The residuals 𝜀�̂�,𝑡, are cleaner proxies for investor sentiment and are labeled using the 

superscript ⟂. The regressions residuals are hereafter referred to as the orthogonalized 

sentiment proxies. 
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Step 2: Principal component analysis  

The next step in the process is performing principal component analysis (PCA) on the 

orthogonalized proxies, in accordance with Baker and Wurgler (2006) and Seok et al. 

(2019). A PCA is done to reduce the dimensionality of a data set that consists of many 

interrelated variables, while retaining as much of the variation as possible in the data set. 

This is done by an orthogonal transformation to a new set of uncorrelated variables, the 

principal components, which are ordered so that the first couple retain as much of the 

variation as possible present in the original variables (Jolliffe, 2002). In this thesis, 

principal component analysis is done to isolate the common component of the chosen 

sentiment indicators for each stock in the sample. 

The PCA produces several results, two of which are important for this thesis. First, the 

eigenvalues are of importance. The eigenvalues are values that depict the principal 

components ability to explain the common variance of the variables. In this thesis, the 

eigenvalues are used to calculate the variance explained by the first principal component. 

Second, the factor loading matrix is used. The factor loading matrix displays the factor 

loadings of all variables on each factor. Factor loadings are correlations between the 

original variables and the factors, and the key to understanding the underlying nature of 

a particular factor. Squared factor loadings indicate the communalities, i.e. what 

percentage of the variance in an original variable is explained by a factor (Seok et al., 

2019; Comrey & Lee, 2013).  

In order to conduct a PCA the variables must be correlated with one another. To test 

whether the PCA is suitable to reduce the dimensionality of one’s variables there are two 

main tests: Bartlett's test of sphericity and Kaiser-Meyer-Olkin (KMO) test of sampling 

adequacy. The null hypothesis for Bartlett’s test is that the variables of interest are 

independent. If the significance value of the test score is low, the null hypothesis can be 

rejected and thus the data are appropriate for analysis. For large samples, the result for 

Bartlett’s test is often significant. The KMO test indicates whether a particular variable 

fits into the others. The KMO measure of sampling adequacy generates a value between 

0 and 1. If the KMO measure generates low values, it can be concluded that the bivariate 

correlations cannot be explained by the other variables tested. According to Kaiser 

(1974), a value of less than 0.5 is unacceptable, 0.5-0.6 is miserable, 0.6-0.7 is mediocre, 

0.7-0.8 is middling, 0.8-0.9 is meritorious and 0.9-1.0 is marvelous. This means that if 

the value is under 0.5 the PCA is not suitable to reduce the dimensionality of the variables 

(Dziuban et al., 1974).   
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Step 3: The final firm-specific sentiment index  

The final step is constructing the firm specific investor sentiment indices. This is done 

by extracting the first component from the principal component analysis, which has been 

computed in the following way by the PCA.  

(2) 𝑆𝑖,𝑡 = 𝐹𝑖,𝐶𝑜𝑚𝑝1 ∗ 𝐶𝑜𝑚𝑝1𝑖,𝑡
⟂ + 𝐹𝑖,𝐶𝑜𝑚𝑝2 ∗ 𝐶𝑜𝑚𝑝2𝑖,𝑡

⟂ + 𝐹𝑖,𝐶𝑜𝑚𝑝3 ∗ 𝐶𝑜𝑚𝑝3𝑖,𝑡
⟂  , 

where Si,t is the sentiment score for company i on day t, Fi, Comp is the rotated loading for 

the first principal component for sentiment indicator Comp for company i and 𝐶𝑜𝑚𝑝𝑖,𝑡
⟂  is 

the orthogonalized sentiment proxy for company i on day t. In this thesis there are three 

sentiment indicators, hence the three parts of the equation. After calculating the 

sentiment score for each day, the sentiment index is normalized with a mean of zero and 

a standard deviation of one, per Seok et al. (2019). 

4.2 Creating the portfolios 

To analyze whether sentiment effects vary across stock types, I create portfolios sorted 

on firm characteristics. Each portfolio will have an equal number of companies each year 

and the portfolios are rebalanced yearly. In practice, the portfolios are created by first 

calculating the individual necessary calculations for each company for each year. Next, 

the companies are ordered according to their rank in each sorting characteristic (for 

example smallest market cap to largest market cap). The bottom 20% of the companies 

are then given the value 1, indicating that they are part of the first portfolio (the one 

theory expects to be the most difficult to value). The next 20% are given the value 2, and 

so on up to 5, until all companies are included in a portfolio. The same procedure is 

repeated each year using data from the previous year. To ensure that the portfolios mimic 

portfolios that could be constructed in reality, the portfolios are rebalanced every year 

on the 2nd of May when most of the companies surveyed have presented the previous 

year’s financial statements.  

The next step is transforming the individual returns to portfolio returns. Portfolio 

returns are calculated using equally-weighted methodology, since in some instances the 

number of companies in a portfolio might be small and thus equally weighted returns is 

more suitable than value-weighted returns. The orthogonalized sentiment proxies 

computed earlier using linear regression are extracted and assigned back to their 

company and trading day. The sentiment indicators are subsequently averaged based on 

the number of companies in the portfolio that were traded on that day. Once this step is 
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complete, the portfolios have an equally weighted return value and a daily score for each 

of the orthogonalized sentiment proxies. 

Following the methodology used when creating the firm-specific sentiment indices, the 

next step is to run a portfolio-specific PCA on the averaged orthogonalized sentiment 

proxies. Once that is complete, the portfolio sentiment index is created in the same 

fashion as earlier by computing the first principal component.  

(3) 𝑆𝑝,𝑡 = 𝐹𝑝,𝐶𝑜𝑚𝑝1 ∗ 𝐶𝑜𝑚𝑝1𝑝,𝑡
⟂ + 𝐹𝑝,𝐶𝑜𝑚𝑝2 ∗ 𝐶𝑜𝑚𝑝2𝑝,𝑡

⟂ + 𝐹𝑝,𝐶𝑜𝑚𝑝3 ∗ 𝐶𝑜𝑚𝑝3𝑝,𝑡
⟂  ,  

where Sp,t is the sentiment score for portfolio p on day t, Fp, Comp is the loading for the first 

principal component for sentiment indicator Comp for portfolio i, 𝐶𝑜𝑚𝑝𝑝,𝑡
⟂  is the 

orthogonalized sentiment proxy for portfolio p on day t. After calculating the sentiment 

score for each day, the sentiment index is normalized with a mean of zero and a standard 

deviation of one, per Seok et al. (2019). 

4.3 Linear regression approach 

Once all the firm- and portfolio-specific investor sentiment indices have been 

constructed the next step is to analyze the data. Following previous literature, the 

analysis is in the form of predictive linear regressions.  

Regression analysis is a tool for describing and evaluating the relationship between a 

given variable, the dependent variable, and one or more other variables, the independent 

variables. The goal of regression analysis is to produce coefficients for the independent 

variables. These coefficients serve as estimates that bring the values predicted from the 

regression equation as close as possible to the values obtained by measurement. The 

most common method used to fit a line of the data in 2-d is known as OLS (ordinary least 

squares) (Brooks, 2013). In this thesis, the significance of the sentiment coefficient, 

measured with a t-test, and the explanatory power of the regression, measured by the 

adjusted R-squared, are examined to determine the return-sentiment relationship. 

The regression analysis follows a simple pattern, with realized returns as the dependent 

variable on the left-hand side of the equation and the one-day lagged sentiment 

component as the independent variable, on the right side of the equation. The excess 

market return is used as a control variable, following Seok et al. (2019).  

(4) 𝑅𝑖,𝑡 =  𝛼0 + 𝛼1𝑆𝑖,𝑡−1 +  𝛽1𝑅𝑀𝑘𝑡,𝑡  + 𝜀𝑖,𝑡 ,  
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where Ri,t is the logarithmic return for company i on day t, 𝛼0 is a constant, 𝑆𝑖,𝑡−1 is the 

sentiment score for company i on day t, 𝑅𝑀𝑘𝑡,𝑡 is the excess market return on day t, and 

𝛼1 and 𝛽1 are regression coefficients.  

According to previous literature, there is no consensus on whether sentiment has a 

positive or negative impact on subsequent returns making the first statistical hypothesis 

two-sided. Impact is measured by the significance values of the t-statistics. 

Statistical Hypothesis 1 

 H0: Lagged sentiment has no impact on subsequent returns 

 H1: Lagged sentiment has a positive or negative impact on subsequent returns 

As for the portfolio regressions, the regression analysis follows the same logic as for the 

entire sample. The analysis is done on the first (theoretically most difficult-to-value) and 

the fifth (theoretically simplest-to-value) portfolio. In the portfolio regression the risk-

free rate is removed from the portfolio return, in accordance with Seok et al. (2019).  

(5) 𝑅𝑝,𝑡 −  𝑅𝑓,𝑡 =  𝛼0 + 𝛼1𝑆𝑝,𝑡−1 + 𝛽1𝑅𝑀𝑘𝑡,𝑡 +  𝜀𝑖,𝑡 ,  

where Rp,t is the equally weighted daily return for portfolio p on day t, Rf  is the risk-free 

rate, represented by the daily yield for the Finnish two-year bond, and Sp,t is the 

sentiment score for the portfolio p on day t-1,  𝑅𝑀𝑘𝑡,𝑡 is the excess market return on day 

t, and 𝛼1 and 𝛽1 are regression coefficients. 

According to previous literature, firms that are more speculative and thus more difficult 

to value and arbitrage trade are more sentiment-prone. The second statistical hypothesis 

is as follows: 

Statistical Hypothesis 2 

 H0: Speculative and non-speculative stocks are equally affected by sentiment 

 H1: Speculative stocks are more affected by sentiment 

In addition, since previous literature has stated that the effect of sentiment is more 

pronounced for high-sentiment days, i.e. that investors are more likely to be optimistic 

than pessimistic and they are more inclined to buy winners than they are to sell losers, I 

utilize sentiment dummy variables in my analysis. The dummy variables are used as 

numeric stand-ins for the sentiment component. I construct two dummy variables based 
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on the first and third quartile, as found in the descriptive statistics. A dummy for very 

high (above the value for the third quartile) and a very-low sentiment dummy (below the 

value for the first quartile) are created.  

The first regression including the sentiment dummy is in the form of: 

(6) 𝑅𝑖,𝑡 =  𝛼 + 𝛼1𝑆𝑒𝑛𝑡𝐷𝑢𝑚𝑚𝑦𝑖,𝑡−1
𝐻 + 𝛼2𝑆𝑒𝑛𝑡𝐷𝑢𝑚𝑚𝑦𝑖,𝑡−1

𝐿 +  𝛽1𝑅𝑀𝑘𝑡,𝑡 + 𝜀𝑖,𝑡 ,  

where Ri,t is the logarithmic return for company i on day t, 𝛼0 is a constant, SentDummy 

is the sentiment dummy, either H for high or L for low, 𝑅𝑀𝑘𝑡,𝑡 is the excess market return 

on day t, and 𝛼1 and 𝛽1 are regression coefficients. 

Based on previous research the third statistical hypothesis is as follows: 

Statistical Hypothesis 3 

H0: Sentiment has an equal effect on returns following low- and high-sentiment 

days 

H1: Sentiment has a larger effect on returns following high-sentiment days than 

low-sentiment days 

Finally, I test the sentiment effects on a slightly longer-term return, two-day returns and 

five-day returns. Since it is possible that the sentiment effect is not corrected 

immediately by the market, the effect might linger or even become stronger. This 

hypothesis is tested with the following regression for the two-day return: 

(7) 𝑅𝑖,𝑡 + 𝑅𝑖,𝑡+1 =  𝛼0 + 𝛼1𝑆𝑖,𝑡−1 + 𝛽1𝑅𝑀𝑘𝑡,𝑡 + 𝑅𝑀𝑘𝑡,𝑡+1 +  𝜀𝑖,𝑡 , 

where Ri,t is the logarithmic return for company i on day t, 𝑅𝑖,𝑡+1  is the logarithmic return 

for company i on day t+1, 𝛼0 is a constant, 𝑆𝑖,𝑡−1 is the sentiment score for company i on 

day t, 𝑅𝑀𝑘𝑡,𝑡 is the excess market return on day t, 𝑅𝑀𝑘𝑡,𝑡+1 is the excess market return on 

day t+1 and 𝛼1 and 𝛽1 are regression coefficients. For the five-day return, returns on days 

t+2, t+3 and t+4 are added to the dependent variable. 

Based on the efficient market hypothesis, short-term price deviations are corrected by 

the market immediately and there is no prolonged sentiment effect. Thus, my fourth 

statistical hypothesis is as follows: 
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Statistical Hypothesis 4 

H0: Sentiment has no effect on multi-period returns 

H1: Sentiment has an effect on multi-period returns 

 

4.4 Potential methodological fallacies 

The method chosen is based on previous literature, however that does not indicate that 

it is the best method available. First, the sentiment indicators that I have chosen might 

not be the best sentiment indicators for the Finnish stock market. The Finnish stock 

market is small and very different from the US and Korean stock markets, where most of 

the indicators were first studied and invented. Second, preliminary testing shows that a 

PCA is not a perfect method in reducing the dimensionality of my data, since the 

correlations between my variables is quite small. Third, I ran into issues when finding 

opening prices for my sample, since I could not find opening prices for companies that 

have been de-listed during the sample period. Thus, there is a chance that survivorship 

bias will influence my results. As distressed companies are more difficult to arbitrage, 

this might influence my results, however there is no certain way of determining the 

impact. Fourth, the Fama-French factors, which are commonly used as control variables, 

are not available for the Finnish stock market. Due to this, I am not able to draw 

conclusions on whether my sentiment indicators add explanatory power, i.e. whether a 

model including the sentiment component is better than a model without it. As I have 

included the excess market return as a control variable, I can at least draw conclusions 

on whether my model adds to the capital asset pricing model.  
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5 DATA 

In this chapter I present the data for my thesis; first, the databases I have utilized; 

second, the variables that will be created with the data; and third, the return data, the 

sentiment indicators I have chosen, and the sorting characteristics utilized in the 

portfolio part of my study, are presented. 

5.1 Databases   

This study is conducted using Finnish stock market data. The data necessary, along with 

the data availability frequency and the database from which the data have been extracted 

is summarized in Table 2. 

Table 2 Database breakdown 

Variables Frequency Database 

Opening and closing prices Daily Nasdaq 

Trading volume Daily Nasdaq 

Index price (OMXHPI) Daily Nasdaq 

Shares outstanding Daily Compustat - Capital IQ 

Total assets and total liabilities Annually Compustat - Capital IQ 

Earnings per share Annually Compustat - Capital IQ 

Revenue Annually Compustat - Capital IQ 

10-year bond yield and 2-year bond yield Daily Eikon 

 

The data have been downloaded from three different databases, since I could not find 

one database that could provide all the data necessary for my study. Random cross-

reference tests have been conducted to ensure that the data matches that from other 

databases. 

5.2 Variables to be created from the data 

Using the extracted data several new data points are created. Table 3 summarizes the 

variables to be created from the data and how they are utilized in my study.  

Table 3 Variables to be created from the data  

Data point Frequency Usage 

Returns Daily Dependent variable 

Adjusted turnover ratio Daily Sentiment indicator 

Logarithm of the trading volume Daily Sentiment indicator 

Overnight returns Daily Sentiment indicator 
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Index return Daily Control variable 

Term spread Daily Control variable 

Market capitalization Daily Control variable 

Book-to-market ratio Daily Control variable 

Earnings-to-price ratio Daily Control variable 

Market capitalization Annually Portfolio sorting variable 

Standard deviation of returns Annually Portfolio sorting variable 

Book equity/Market equity Annually Portfolio sorting variable 

Sales growth Annually Portfolio sorting variable 

 

5.3 Exclusions and the final sample 

My final sample includes all companies listed on the Nasdaq OMXH stock exchange, 

excluding; companies cross-listed to Finland, due to limited availability of the firm data; 

financial firms, due to differences in accounting principles; companies that have been 

de-listed during the sample period, due to opening prices not being available; and, 

companies listed in 2018 or 2019, due to lack of firm data availability in the year prior to 

them being listed on the stock exchange. The final sample consists of 102 publicly listed 

companies, with 1 141 annual firm data values and 241 167 daily return values (max 2 950 

observations per company). 

The sample period of my thesis is from May 2007 to February 2019. This time period has 

been chosen due to limited availability of sentiment indicator data before July 2006 and 

limited availability of firm data prior to 2006. The data utilized are daily data for the 

sentiment indicators and the returns and annual data for the firm characteristics and 

sorting criteria. 

As for the statistical software, Excel is used to match the return data with the firm data 

and remove missing values and R is used to turn the raw sentiment indicators into the 

sentiment index and run the regressions. The sorting and portfolio construction is also 

done manually in Excel and the empirical tests are done in R. 

5.4 Return data 

Returns are calculated using daily adjusted price data. Adjusted price data assumes that 

potential dividends are reinvested and that prices are adjusted according to firm specific 

events, for example stock splits, buybacks and secondary equity offerings. Using already 
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available adjusted stock price data simplifies the return calculation and ensures that no 

cosmetic firm-specific events have impacted the return data.  

The daily logarithmic stock returns were calculated as follows,  

(8)       𝑅𝑖,𝑡 =  𝑙𝑛 (
𝑃𝑖,𝑡

𝑃𝑖,𝑡−1
) 

where Ri,t is the return on stock i on day t and Pi,t is the closing price for stock i on day t 

and Pi,t-1 is the closing price for company i on day t minus one.  

Portfolio returns are calculated using equally weighted daily returns. Deviating from 

Seok et al. (2019), I have chosen to use equally weighted returns rather than value-

weighted returns due to the fact that in some instances the portfolios constructed consist 

of rather few companies, which warrants using equally-weighted returns rather than 

value-weighted returns. Portfolio returns are calculated as simple returns rather than 

logarithmic returns since logarithmic returns are not portfolio additive.   

5.5 Sentiment indicators 

As apparent by the literature review in this thesis, there are a wide array of different 

investor sentiment measures that can be utilized when trying to capture investor 

sentiment. When deciding which sentiment indicators to utilize in my study, several were 

considered. Early literature on the topic of investor sentiment utilized only one indicator, 

however in most recent literature multiple sentiment indicators are used and averaged 

to more accurately capture sentiment as different indicators might point to the actions 

performed by different noise traders. As such, I have chosen three indicators to capture 

firm-specific investor sentiment.  

The motivation for my choice of indicators relies on the principles that the data are easily 

accessible, that the calculation is not too technical and that there is a clear and 

understandable justification for why it functions as a sentiment indicator. In such, I 

deviate from Seok et al. (2019), by omitting two of the sentiment indicators that were 

utilized in their study (the psychological line index and the relative strength index), and 

instead using overnight returns, as recently suggested and tested by Aboody, Even-Tov, 

Lehavy and Trueman (2018). 
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The adjusted turnover rate 

The first sentiment proxy utilized in my study is the adjusted turnover rate (ATR). This 

measure of liquidity is based on the turnover rate, as employed by Baker and Wurgler 

(2007). Seok et al. (2019) transform this ratio to a firm-specific ratio by using stock 

trading volumes and numbers of shares outstanding, instead of the stock market 

turnover, as employed by Baker and Wurgler. 

Seok et al. (2019) calculate the adjusted turnover rate is by dividing the number of shares 

traded on day t with the number of shares outstanding. As adjusted price data have been 

used, the number of shares outstanding is fixed over time, so the variation comes from 

the number of shares traded on each day. As it is quite uncommon that the number of 

shares traded on a certain day exceeds the number of shares outstanding the first part of 

the equation very infrequently takes a value over 1. The second part of the equation 

consists of a return factor. The return factor is calculated by dividing the return with the 

absolute value of the return, yielding either a value of 1 or -1. By multiplying the first part 

with the second, the ATR is able to distinguish between optimistic and pessimistic 

sentiment (optimistic sentiment when positive, pessimistic sentiment when negative). 

To remove dividing by 0, the positive sign has been used on days where the observed 

return was zero. The calculation for the ATR is presented in Equation (9). 

(9) 𝐴𝑇𝑅𝑖,𝑡 =  
𝑉𝑖,𝑡

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠ℎ𝑎𝑟𝑒𝑠 𝑜𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖,𝑡
∗  

𝑅𝑖,𝑡

|𝑅𝑖,𝑡|
  ,  

where Vi,t is the trading volume (number of trades) for stock i at the time t and Ri,t is the 

return on stock i at the time t, calculated as 𝑅𝑖,𝑡 =  (
𝑃𝑖,𝑡

𝑃𝑖,𝑡−1
) − 1.  

The logarithm of the trading volume 

The second liquidity measure in my study is the logarithm of the trading volume (LTV), 

following Baker and Stein (2004) and Seok et al. (2019). As the second measure of 

liquidity, the reasoning for including the logarithm of the trading volume is a bit different 

than for the ATR. A large trading volume indicates positive sentiment and a small trading 

volume indicates negative sentiment. This is based on the assumption that optimistic, 

irrational investors are more likely to invest, and thus add liquidity, when sentiment is 

high, but not sell, when sentiment is low (Baker & Stein, 2004). While the ATR uses the 

return sign to distinguish between positive and negative sentiment, the LTV assumes 

that low trading volume equals low sentiment.  
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As companies in my sample vary a lot in size and thus in number of shares traded each 

day, the raw values for LTV paint a rather skewed picture since they assume that large 

companies have high sentiment scores and small companies have low sentiment scores. 

After orthogonal transformation, this problem should disappear.   

Overnight returns 

The third variable used in my study is overnight returns (ONR), as proposed by Aboody, 

Even-Tov, Lehavy and Trueman (2018). Previous literature states that retail investors 

are more likely to be subject to noise trading, as they are less likely to have enough 

information. To capture this phenomenon, Aboody et al. suggest after-hours trading as 

a sentiment measure. Individuals working normal hours are less likely to trade during 

stock market opening hours than professional traders and instead more likely to place 

trades after hours when they have free time to read up on news and company information 

(Aboody et al., 2018). 

As such, this measure relies on very short-term limits to arbitrage, as it assumes 

professional traders correct prices the following day, rather than trying to correct 

“sentimental pricing” after hours. Since Nasdaq tracks opening prices for the Finnish 

stock market, I felt it would add to my contribution if I tested this indicator in a 

composite index fashion.  

To enhance the statistical usability of overnight returns the natural logarithm of the 

return has been used.  

(10) 𝑂𝑁𝑅𝑖,𝑡 =  𝑙𝑛 (
𝑃𝑖,𝑡

𝑜𝑝𝑒𝑛𝑖𝑛𝑔

𝑃𝑖,𝑡−1
𝑐𝑙𝑜𝑠𝑖𝑛𝑔 ) 

where Pi,t is either the closing of opening price for stock i on day t. 

5.6 Portfolio sorting characteristics 

In line with previous literature I create portfolios based on their theoretical proneness to 

speculative, sentimental trading. Previous studies have used a variety of different sorting 

characteristics for what makes a company difficult to value, so choosing what 

characteristics to sort my portfolios on is no easy task either. Previous literature states 

that examples of stock portfolios with high sentiment exposure are small, high volatility, 

non-dividend paying, unprofitable, distressed, or extreme growth portfolios (Baker et al., 
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2012). In order to limit the scope of my study I have chosen four of these indicators to 

function as the basis for my portfolio sort.  

Based on their values for the previous period the stocks have been sorted from e.g. 

smallest market cap to largest market cap. The same procedure is repeated for each year 

in the sample, i.e. a stock can be part of the first portfolio in year one and then be part of 

the second portfolio in year two. The four sorting characteristics I have chosen to use in 

my study come from Baker et al. (2012) and are firm size, return volatility, profitability 

and growth. 

Firm size: In general, small firms are more difficult to value than large firms. Small 

firms are less likely to be covered by analysts and also less likely to divulge as much 

information as their larger counterparts. Smaller firms are more likely to have larger 

competitors that impact their returns. In my portfolio construction firm size is 

represented by the previous year’s market cap.  

Stock return volatility: Volatile assets are riskier to arbitrage trade and should likely 

have less interest due to this. Since valuation models rely on predicting future growth 

rates, mostly using historical data, the growth rate of a volatile asset will be more 

insecure. In my portfolio construction volatility is represented by the standard deviation 

of the previous year’s daily returns.  

Profitability: Less profitable firms are expected to be harder to value, since many 

valuation models use cash flows as their primary valuation model. A low or negative 

profitability thus makes it harder for investors to understand the intrinsic value of the 

company and if the company is making money or will make money in the future. In my 

portfolio construction profitability is represented by the previous period’s book equity 

divided by market equity. The date for the market equity is the last trading day in the 

previous year.  

Growth: Predicting the future cash flows of growing firms is more difficult than 

predicting the future for stable companies. In my portfolio construction growth is 

represented by the sales (revenue) growth. 
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Table 4 details the expected effect of the firm characteristics and the way they are 

ordered. Small, volatile, unprofitable and extreme growth companies are expected to be 

more speculative, harder-to-value and more difficult to arbitrage trade. 

Table 4 Portfolio sort 

Sorting 

characteristic 

Sentiment predictor Portfolio 

Firm size Low – high 1-5 

Volatility High – low 5-1 

Profitability Low – high 1-5 

Growth High - low 5-1 
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6 RESULTS 

In this chapter I present some descriptive statistics and intermediate results pertaining 

to my sentiment index construction and then I present and discuss the regression 

analysis results. 

6.1 Preliminary tests 

Before conducting any formal tests, I decided to plot the raw sentiment indicators in 

order to get a clearer view of the spread from company to company. When plotting ATR, 

there were three distinct outliers skewing the variability. Figure 2 shows the raw plot for 

ATR. While plotting LTV and ONR, I did not notice any clear outliers or problems with 

the data, hence the plots are not included.  

Figure 2 Plot: ATR and company (id) 

As apparent from the chart, the outliers in question are very far from the rest of the 

spread. The outliers in question refer to days when announcements of purchases of the 

company had been revealed. One can also note that there are other outliers, which are 

closer to the spread, but still far away. To reduce the influence of the outliers on my 

results, ATR was winsorized on a 0.1% level on each end. Winsorizing is a transformation 

done to limit the effect of possible spurious outliers. In practice, the outliers take the last 
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value specified by the chosen interval i.e. if there are ten values and a 10% winsorization 

in each end is performed, the largest value would take the value of the second largest and 

the smallest value would take the value of the second smallest value. Thus, the extreme 

values do not have to be deleted, but will not harm the results of a linear regression. Since 

I am winsorizing on a 0.1% level only a few ATR values are affected, and the variability 

should not be negatively affected. By transforming ATR, the kurtosis was decreased 

significantly, meaning that the data are now more suitable for linear regression. 

6.2 Step 1: Removal of normal market variation  

The next step is to remove normal market variation from the raw sentiment indicators 

and compute the residuals from the regression analysis. The residuals are 

orthogonalized, meaning that they are uncorrelated with the variation found in the 

control variables used in the regression. Before running the regression, the correlations 

between the variables are presented in Table 5. 

Table 5 Correlation matrix, raw sentiment indicators and market & firm variables 

 ATR LTV ONR MKT TERM SIZE BM EP 

ATR 1        

LTV 0.02 1       

ONR 0.16 0.03 1      

MKT 0.23 0.00 0.13 1     

TERM 0.01 -0.02 0.01 0.03 1    

SIZE 0.00 0.41 0.00 0.00 -0.05 1   

BM -0.01 -0.02 0.01 0.00 0.07 -0.08 1  

EP 0.00 -0.01 0.00 0.00 0.01 0.04 0.04 1 

 

The results from the correlation matrix show that the raw sentiment indicators have 

weak positive correlations with one another. ATR and ONR correlate more strongly than 

LTV correlates with the other sentiment indicators. The correlations with the 

independent variables follow a similar pattern, showing weak positive and negative 

correlations with the sentiment indicators. The largest, most noteworthy correlation 

comes from LTV and the Size variable. This was expected since larger companies have a 

larger raw LTV value.  

Next, each of the three sentiment indicators were regressed against the control variables. 

The results obtained from the regression are not included here but can be found in 

Appendix 1. Per Seok et al. (2019), the orthogonalized proxies were scaled to have a mean 
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of 0 and a standard deviation of 1. Table 6 details the descriptive statistics for the scaled, 

orthogonalized sentiment proxies. 

Table 6 Descriptive statistics for the scaled, orthogonalized proxies 

    ATR⟂ LTV⟂ ONR⟂ 

Observations 241 167 241 167 241 167 

    

Minimum -9.23 -8.38 -36.29 

Maximum 9.74 3.40 38.02 

1. Quartile      -0.28 -0.67 -0.21 

3. Quartile       0.27 0.76 0.25 

Mean     0.00 0.00 0.00 

Median -0.01 0.05 -0.01 

Skewness  0.24 -0.60 0.54 

Kurtosis 20.54 1.55 87.83 

 

The descriptive statistics show that ATR and ONR are positively skewed, and that LTV is 

negatively skewed. The variables have rather high skewness and kurtosis values. This is 

also apparent by the first and third quartiles being small, minimum being small and 

maximum being large. As such, many days may have low to moderate sentiment, but 

there are days with sentiment peaks.  

6.3 Step 2: Principal component analysis  

The next step in the process is to run a principal component analysis on the 

orthogonalized proxies. To determine whether a PCA is able to reduce the dimensionality 

of the sentiment indicators, I first run Bartlett’s test for sphericity and the Kaiser-Meyer-

Olkin test of sampling adequacy. I run the test on the entire sample, even though the 

PCAs will be individual. The fact that the PCA could be run for all companies hopefully 

reveals enough about the individual possibilities for PCA. 

Bartlett’s test investigates whether the values of the correlation matrix are zero, in other 

words whether the correlation matrix is an identity matrix. If the p-value for Bartlett’s 

test is less than 0.05, the correlation matrix is suitable for PCA. The results for Bartlett’s 

test reveal a p-value of 0.00, indicating that the correlation matrix is not an identity 

matrix. The Kaiser-Meyer-Olkin test measures whether the partial correlations among 

the variables are small. If the KMO measure computes a low value (a value under 0.5) 
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the PCA is not able to reduce the dimensionality. The KMO test computed a value of 

0.5045, which is about as close to not acceptable as it can be. It does however indicate 

that a PCA is possible for this sample, even if the results were in fact “miserable”. Since 

the results were this close, I will first compute the PCA and present the results. The 

variables I am interested in is the variance explained (by the first component) and the 

communalities (how much the PC accounts for in the original variables). 

Table 7 Descriptive statistics for the first component from the PCA analysis 

    F_ATR F_LTV F_ONR VARPC1 

Observations 102 102 102 102 

     

Minimum 0.18 0.00 0.12 36.04 

Maximum 0.55 0.42 0.55 55.43 

1. Quartile      0.43 0.02 0.37 38.71 

3. Quartile       0.50 0.22 0.49 42.44 

Mean     0.46 0.13 0.42 41.01 

Median 0.48 0.09 0.45 40.70 

 

The communalities from the PCA show that the first component receives a lot of its 

influence from ATR and ONR, and less from LTV. This is indicated by the mean of the 

individual component’s communalities. On average, the first component accounts for 

41.01 percent of the variance, which is in line with the results in Seok et al. (2019). One 

worrying thing from the results is that the minimum (and first quartile) results for LTV 

are very low. This indicates that for some of the companies the first principal component 

is not even remotely able to explain the variance found in LTV. In these types of cases 

two principal components can be used. The results for the second principal component 

show that it on average accounts for 33% of the variance. Reducing the dimensionality 

of my data from three variables to two seems like a rather pointless exercise and 33% of 

the variance explained is equal to what one sentiment indicator would explain, so I will 

not be using two principal components in my study. 

6.4 Step 3: The final firm-specific sentiment index  

Next, the first principal component, i.e. the scores, are extracted from the PCA. The score 

computed for the first principal component is now treated as the sentiment score for that 

company on that day. The sentiment index is then scaled to have a mean of 0 and a 
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standard deviation of 1. Summary statistics for the final sentiment index are presented 

in Table 8 and a plot of sentiment and company (id) is presented in Figure 3. 

Table 8 Descriptive statistics for the sentiment indices 

    The sentiment index 
Observations 241 167 
  
Minimum -29.16 
Maximum 26.17 
1. Quartile      -0.50 
3. Quartile       0.48 
Mean     0.00 
Median -0.02 
  
Variance 1.22 
Standard deviation 1.10 
Skewness 0.47 
Kurtosis 29.20 

 

The descriptive statistics for the sentiment index reveal highs and lows in sentiment. The 

first and third quartile values reveal that most days have been rather neutral in sentiment 

score.  

Figure 3 Plot: Sentiment and id 
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Plotting sentiment and id reveals that all companies have had internal sentiment 

variation. The variability between companies seems reasonable and even though most of 

the variability is found around zero, all companies seem to have had sentiment peaks and 

troughs. As it is rather difficult to discern which bar belongs to which company, the plot 

does not reveal much else. There are some outliers, which hopefully will not cause 

problems. 

Finally, the correlation matrix with the sentiment index and the orthogonalized proxies 

is presented in Table 9. 

Table 9 Correlation matrix for the sentiment index and the orthogonalized proxies 

Correlation with sentiment index Correlation with sentiment proxy 

  ATR⟂ LTV⟂ ONR⟂ 

ATR⟂ 0.319 1   

LTV⟂ 0.069 0.018 1  

ONR⟂ 0.309 0.137 0.029 1 

 

As expected, the correlations between the sentiment index reveal that the first principal 

component was not able to explain much of the variation found in the individual proxies 

(for the entire sample). The correlations for ATR and ONR are fine, 0.319 and 0.309 

respectively, but the between LTV and the sentiment index is weak. Each individual 

proxy is correlated with the investor sentiment index with the expected sign and the 

correlations are all significant on the 1% level.  

As for the continuation of my study, I have decided to run the regressions using the 

sentiment index as-is, but also run the same regressions using the original 

orthogonalized sentiment proxies.  

Once the firm-specific sentiment indices have been computed, the next step is 

constructing the portfolio sentiment indices. As detailed in the methodology chapter, the 

process is the same as firm-specifically, except that the orthogonalized proxies are 

averaged over the portfolio. Then, portfolio-specific principal component analyses are 

performed.   

6.5 Same-day and next-day returns 

First, I present the same-day returns when sentiment is high and when sentiment is low 

for the entire sample as well as the created portfolios. The returns for portfolios 2-4 are 

not presented, since my analysis is focused on the two portfolios theoretically simplest 
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to value and most difficult to value. The portfolio named portfolio_1 is the one hardest-

to-value and the portfolio named portfolio_5 is the one simplest-to-value. 

Table 10 Same-day and next-day returns 

Portfolio 

 

Same-day 

returns (H) 

Same-day 

returns (L) 

Next-day 

returns (H) 

Next-day 

returns (L) 

     

Entire sample 0.40 -0.42 -0.04 0.02 

     

Size_1 -0.13 0.05 0.07 0.05 

Size_5 0.85 -0.01 0.05 -0.01 

     

Vol_1 0.50 0.02 0.09 0.02 

Vol_5 -0.03 -0.06 0.06 -0.06 

     

Profit_1 -0.28 -0.00 0.06 -0.00 

Profit_5 -0.28 0.04 0.00 0.04 

     

Growth_1 0.31 0.04 -0.03 0.04 

Growth_5 -0.31 0.04 0.03 0.04 

 

For the entire sample the effect of sentiment is clear. Same-day returns when sentiment 

is high is 0.40%, and when sentiment is low is -0.42%. On the next-day, there is a small 

correction, but still a correction, as returns are -0.04% post a high-sentiment day and 

0.02% post a low-sentiment day. This is in line with previous research, for example Baker 

and Wurgler (2006) showed that the relationship was negative, i.e. that for period t+1 

the return will be negative. The inverse is also expected for low sentiment and is apparent 

in the test results.  

The results for the portfolios are not in line with the results obtained for the entire 

sample, rather, the only portfolio exhibiting a similar relationship is Growth_1. On 

multiple occasions the same-day return is negative when sentiment is high and for some 

of the portfolios the same-day return is positive when sentiment should be low. Same-

day returns are more volatile when sentiment is high. For all portfolios except for Vol_5, 

the return is much more negative or positive when compared with low sentiment. When 

sentiment is low, the returns are low and indistinguishable from zero. For Size_5, the 

same-day returns are 0.85 when sentiment is high. Hypothetically, this might be due to 
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illiquidity in the Finnish market, i.e. that high sentiment affects only the companies that 

can be viewed as liquid rather than the small companies which are very rarely traded. 

When sentiment is high, next-day returns are positive for seven out of eight portfolios. 

When sentiment is low, next-day returns are also positive for five out of eight portfolios. 

This indicates that sentiment does have an effect, but that the effect is not very apparent 

or pronounced. As for the different sorting characteristics, the effect seems rather 

random. The portfolios that technically should be most affected by sentiment are no 

more affected than their counterparts, according to this preliminary return test. 

6.6 Regression results 

In the following couple of tables, the regression results are presented. Here, the lagged 

sentiment variable is used to try to explain next-day (excess) returns. The excess market 

return is included as a control variable. The superscripts *, ** and *** denote statistical 

significance at the 10%, 5% and 1% levels, respectively. The t-statistics computed are 

shown in parentheses under the estimates.  

Table 11 Regression results (A)  

Firm-level sentiment and stock returns. This table shows the results of regressions of stock and portfolio returns on 

firm-specific sentiment scores obtained with principal component analysis, with the excess market return as a control 

variable. 

 Intercept Sentiment 

(PC1) 

MKTdayone Adjusted  

R-squared 

Entire sample -0.016** 

(3.129) 

-0.007 

(-1.336) 

0.623*** 

(162.87) 

0.0990 

     

Size_1 0.058*** 

(3.190) 

0.013 

(0.718) 

0.329*** 

(24.88) 

0.173 

     
Size_5 0.012 

(1.278) 

0.014 

(1.493) 

1.050*** 

(152.36) 

0.887 

     

Vol_1 0.048** 

(2.303) 

0.038* 

(1.858) 

0.644*** 

(42.641) 

0.382 

     
Vol_5 -0.00 

(-0.032) 

0.051*** 

(5.381) 

0.474*** 

(68.871) 

0.621 

     

Profit_1 0.021 

(1.332) 

0.004 

(0.230) 

0.686*** 

(59.530) 

0.546 

     
Profit_5 0.016 

(1.106) 

-0.049*** 

(-3.507) 

0.593*** 

(58.096) 

0.534 
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Growth_1 -0.000 

(-0.005) 

-0.0146 

(-0.996) 

0.5997*** 

(56.201) 

0.518 

     
Growth_5 0.027 

(1.623) 

-0.030* 

(-1.779) 

0.612*** 

(50.306) 

0.462 

 

For the entire sample, the sentiment effect on next-day returns is insignificant on the 

10% level. The estimate is negative, but since it is insignificant it is inconclusive. The 

adjusted R-squared displays weak explanatory power of returns by the previous days’ 

sentiment score and the market return. A possible explanation for the weak explanatory 

power is that daily returns tend to be noisy and company-specific and thus move 

randomly. The adjusted R-squared values are much larger in the portfolio regressions.  

The portfolio regression results display a negative sentiment coefficient for three out of 

the eight portfolios, and a positive coefficient for five out of the eight. There are two 

portfolios with a statistically significant negative relationship between sentiment and 

next-day returns and two portfolios with a statistically significant positive relationship. 

For both portfolios sorted on volatility, the influence sentiment has on next-day returns 

is significantly positive. For the portfolio with high profitability (Profit_5) and the 

portfolio with low growth (Growth_5), the influence is significantly negative. The results 

indicate no significant speculative trading effect. Only the portfolio sorted on volatility is 

significantly affected by sentiment, and in that case low-volatility stocks are more 

significantly affected by sentiment when comparing the significance levels. 

Since the results are ambiguous and reveal very little about the return-sentiment 

relationship, in Table 12 I present the same regression looking at the sentiment proxies 

separately. Here, the intercept coefficient is not reported to increase the legibility of the 

important results.  

Table 12 Regression results (B) 

Firm-level sentiment and stock returns. This table shows the results of regressions of stock and portfolio returns on 

lagged firm sentiment proxies and the excess market return. 

 ATR⟂ LTV⟂ ONR⟂ MKTdayone Adjusted  

R-squared 

Entire sample -0.005 

(-1.007) 

0.038*** 

(7.363) 

-0.041*** 

(-7.894) 

0.626*** 

(162.85) 

0.0995 

      

Size_1 -0.137** 

(-2.147) 

0.028*** 

(3.667) 

-0.023 

(-0.561) 

0.328*** 

(24.811) 

0.178 
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Size_5 0.053*** 

(3.259) 

0.068 

(1.362) 

-0.033 

(-1.193) 

1.049*** 

(152.247) 

0.888 

      

Vol_1 0.119** 

(2.013) 

0.140* 

(1.901) 

-0.028 

(-0.651) 

0.645*** 

(42.651) 

0.382 

      
Vol_5 -0.098** 

(-2.267) 

0.041 

(1.011) 

-0.186*** 

(-4.644) 

0.474*** 

(68.883) 

0.621 

      

Profit_1 -0.005 

(-0.079) 

0.143** 

(2.035) 

-0.043 

(-1.049) 

0.686*** 

(59.462) 

0.546 

      
Profit_5 0.197*** 

(4.815) 

0.054 

(1.103) 

-0.021 

(-0.503) 

0.592*** 

(58.156) 

0.536 

      

Growth_1 0.029 

(0.655) 

0.051 

(1.274) 

-0.103** 

(-2.267) 

0.600*** 

(56.269) 

0.518 

      
Growth_5 0.087* 

(1.663) 

0.360*** 

(4.593) 

-0.072* 

(-1.659) 

0.612*** 

(50.428) 

0.466 

 

For the entire sample, both LTV and ONR are significant. Contrary to what was expected, 

LTV is statistically significant and positive, i.e. the day after a high-trading volume day 

returns are positive. The effect seems rather intuitive from a herding perspective, since 

it could indicate that first the information reaches some institutional investors and on 

the next day it reaches other institutional investors and retail investors, thus resulting in 

increased returns. As for the ONR, the coefficient is statistically significant and negative. 

This is as expected and indicates that the day after a high after-hours return, the return 

is negative. Retail investors might be significantly affecting returns after-hours, but the 

market corrects the pricing errors on the next day (to clarify, not the same day as the 

overnight return, but the following). The adjusted R-squared is slightly higher than in 

the previous regression, indicating that some explanatory power was lost when using the 

first principal component.  

Moving on to the portfolios, the results are quite interesting. For each portfolio in the 

sample, the ONR coefficient is negative, which is in line with the results for the entire 

sample. It is statistically significant for three out of the eight portfolios, Vol_5, Growth_1 

and Growth_5. For LTV the coefficient is always positive, which is also in line with the 

results for the entire sample. For small, volatile, unprofitable and low-growth companies, 

LTV has a positive and significant effect on next-day realized returns, i.e. after a high 

trading day, returns are high on the following day. For LTV there also seems to be a 
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speculative trading effect, since the returns for small, volatile and unprofitable firms are 

significantly affected by sentiment, but the returns for large, stable and profitable 

companies are not. The effect is reversed for the portfolios sorted on growth, indicating 

that low-growth companies are more affected by sentiment (measured by LTV) on the 

Finnish stock market. For ONR there is a weak reverse speculative trading effect, since 

the results are significant for Growth_5 and Vol_5.  

For ATR, the returns of small and non-volatile companies are negatively affected by a 

high-volume day with high returns, while large, volatile, highly profitable and non-

growth companies are positively affected. For all the portfolios except for the portfolio 

sorted on volatility, the value of the estimate is higher for the speculative portfolio than 

for the safe. Among the three sentiment proxies, the results for ATR are the most 

ambiguous. Returns are significantly affected by the previous days adjusted turnover 

rate, however different portfolios are affected differently and there is no discernable 

pattern. 

In summary, it is safe to say that more information was revealed from the individual 

sentiment indicator regressions than the sentiment index regressions. Nevertheless, the 

sentiment index is still used to create the dummy variables. In Table 13 I have presented 

the results for the sentiment dummy variable regressions.  

Table 13 Regression results (C) 

Sentiment dummy variables and stock returns. This table shows regression results for stock and portfolio returns on 

lagged high and low sentiment dummy variables, with the excess market return as a control variable. 

 SentHigh SentLow MKTdayone Adjusted  

R-squared 

Entire sample -0.014 

(-1.095) 

0.028** 

(2.248) 

0.626*** 

(162.85) 

0.0991 

     

Size_1 0.036 

(0.820) 

0.027 

(0.605) 

0.329*** 

(24.837) 

0.173 

     
Size_5 0.045* 

(1.917) 

-0.027 

(-1.138) 

1.050*** 

(152.49) 

0.888 

     

Vol_1 0.110** 

(2.143) 

0.020 

(0.394) 

0.644*** 

(42.643) 

0.382 

     
Vol_5 0.052** 

(2.250) 

-0.046* 

(-1.927) 

0.474*** 

(68.689) 

0.618 
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Profit_1 0.072* 

(1.830) 

0.025 

(0.631) 

0.686*** 

(59.54) 

0.546 

     
Profit_5 -0.047 

(-1.371) 

0.062* 

(1.748) 

0.593*** 

(58.014) 

0.533 

     

Growth_1 -0.044 

(-1.163) 

-0.019 

(-0.539 

0.600*** 

(56.164) 

0.518 

     
Growth_5 0.012 

(0.299) 

0.086** 

(2.079) 

0.612*** 

(50.282) 

0.462 

 

The results for the entire sample show that very high sentiment leads to lower returns, 

however the coefficient is not significant. For very low sentiment, the coefficient is 

positive and significant. This indicates that low sentiment affects next-day returns more 

than high sentiment, in contrast to what was expected. One possible explanation for this 

might be risk-averse investors overreacting to negative news. Risk-averse investors on 

day t-1 might sell their shares which leads to a very-low sentiment day. On the next day 

more informed investors buy once prices are lower and correct the overly risk-averse 

behavior on the previous day.  

For the sorted portfolios there are significant positive estimates for Size_5, Vol_1, Vol_5, 

Profit_1 after a high-sentiment day. This might be indicative of the herding effects seen 

in previous regression results, since all statistically significant estimates are positive. 

There is no discernable speculative trading effect. After a low-sentiment day, the 

coefficient is negative and significant for Vol_5. For Growth_5 and Profit_5, the 

coefficient is positive and significant after a day of low sentiment. The results indicate a 

reverse speculative trading effect when sentiment is low, suggesting that safe, profitable 

and non-growth companies are more affected by low sentiment than volatile, 

unprofitable and extreme growth companies.  

In Table 14 I present the last results computed, the results for the impact of sentiment 

on two-day returns and five-day returns. These results have only been computed for the 

entire sample and only using the individual sentiment proxies. The excess market return 

is computed in the same fashion as the multi-period returns. The results from the 

regression on next-day returns is included for comparison.  
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Table 14 Regression results (D) 

Firm-level sentiment and multi-period stock returns. This table shows the results of regressions of multi-period stock 

returns on lagged firm sentiment proxies and the excess market return. 

 ATR⟂ LTV⟂ ONR⟂ MKT Adjusted  

R-squared 

Next-day returns -0.005 

(-1.007) 

0.038*** 

(7.363) 

-0.041*** 

(-7.894) 

0.626*** 

(162.85) 

0.0995 

Two-day returns  -0.110 

(-1.545) 

0.052*** 

(7.371) 

-0.030*** 

(-4.158) 

0.400*** 

(108.240) 

0.0466 

Five-day returns -0.043*** 

(-4.139) 

0.091*** 

(8.910) 

-0.034*** 

(-3.323) 

0.615*** 

(177.220) 

0.116 

 

The results for the multi-period regressions reveal that the sentiment effect lingers. For 

ATR, the effect is insignificantly negative with the one-day and the two-day returns, 

however for five-day returns, the estimate is negative and significant. Contrary to what 

was expected, this indicates that sentiment effects increase over a longer time period. 

For LTV, the effect is positive and significant over all time periods. The t-statistics 

suggest that the effect increases slightly. For ONR, the effect is negative and significant 

over all time periods. The t-statistics suggest that the effect decreases over time, however 

the effect is still present even after five days.  

It is difficult to conclude whether the results are lingering sentiment effects or whether 

one-day returns are noisy and contain a lot of other information than the cleaner multi-

period returns. These results suggest that using weekly averages of returns and 

sentiment indicators might be beneficial in future research.  
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7 SUMMARY AND CONCLUSIONS 

In this chapter I summarize my study, discuss my results and compare them with the 

results found in previous literature. In the very end I discuss areas for future research on 

the topic of investor sentiment.  

Summary 

In the past few decades, research on the behavioral side of finance has increased 

substantially. Recent stock market bubbles and crashes have created a demand for a 

deeper understanding of market movements, rather than assuming perfect market 

efficiency. This has spread to asset pricing literature and in the recent past, many 

investor sentiment studies have been published and a lot of attention has been devoted 

to the emotional side of the market. Investor sentiment is defined as excessive optimism 

or pessimism in the stock market. Investor sentiment research extends traditional asset 

pricing literature with two new assumptions, that traders are prone to sentiment and use 

it in their decision-making, and that limits to arbitrage hinder more rational traders from 

consistently reverting prices back to their intrinsic values. Further, investor sentiment 

theory assumes that some stocks are more difficult to arbitrage. Small, volatile, 

unprofitable, extreme growth companies are inherently riskier which makes them more 

difficult to value, and thus riskier to arbitrage trade. Such stocks are targets for 

speculative sentimental traders, which is theoretically reflected in their pricing. 

Historically, most investor sentiment studies have found a negative sentiment-return 

relationship. Previous studies have utilized market-wide sentiment indicators and used 

one to three months of lagged sentiment as an explanatory variable for returns. Recently, 

using firm-specific investor sentiment methodology, researchers found a positive 

sentiment-return relationship. In this case, only a one-day lagged sentiment indicator 

was used as an explanatory variable. As there is ambiguity in the field and there hasn’t 

been much research done for the Finnish stock market, in this thesis I have investigated 

the relationship between firm-specific investor sentiment stock returns. 

To investigate whether investor sentiment affects returns on Finnish publicly listed 

companies, 102 firm-specific investor sentiment indices were created, and eight 

portfolios sentiment indices were created. The sentiment indices were comprised of 

three sentiment measures, the adjusted turnover rate, the logarithm of the trading 

volume and overnight returns. To control for market and firm variation the raw 

sentiment indicators were regressed against several market and firm characteristic 
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variables and the regression residuals were computed. The residuals are uncorrelated 

with the market and firm factors and are cleaner proxies for sentiment. In line with 

previous literature a PCA was conducted. The first principal component explained about 

41% of the variance found in the three individual sentiment indicators. A correlation 

matrix revealed that the correlation between the trading volume and the sentiment index 

was low, indicating that the variation found in the trading volume was not represented 

in the sentiment index variation. Hence, I present results for the individual indicators as 

well as for the principal component sentiment index.  

Result analysis 

The first statistical hypothesis studied in this thesis was whether one-day lagged 

sentiment impacts returns. The null hypothesis that sentiment does not influence 

returns cannot fully be rejected, since inconclusive results were found when using the 

sentiment index. The results suggest that there is not a lot of predicative power in my 

sentiment index. Ambiguous results such as the ones found in this study have previously 

been found by Brown and Cliff (2004).  

In the regression using the individual sentiment indicators as explanatory variables, two 

of indicators, trading volume and overnight returns, displayed a highly significant 

influence on next-day returns. Contrary to the theoretical expectation, the relationship 

between trading volume and returns was positive. The results exhibit a similar pattern 

to the one found in Seok et al.’s (2019) results. On the other hand, overnight returns 

displayed a negative relationship, more in line with the findings of Schmeling (2009) and 

Baker & Wurgler (2006, 2007). One possible explanation for these results is that the 

trading volume captures institutional investor behavior and overnight returns captures 

retail investor behavior. In this case, it would indicate that the positive relationship 

found for the trading volume is due to herding, i.e. that the sentiment effect is due to 

institutional investors and the return effect is due to retail investors. Retail investors buy 

the assets on the following day when they notice that the stock is performing well, hoping 

not to miss out on returns. On the other hand, the reverse pattern happens for overnight 

returns, with the sentiment effect being due to retail investors and the return affect being 

due to institutional investors. Noisy retail investors increase asset prices after hours, and 

the price increase is corrected by institutional investors on the following day. 

Unfortunately, this theory is difficult to prove without proper data on the trading 

patterns of retail and/or institutional investors. However, the finding is interesting and 
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could explain, at least in part, why Seok et al. (2019) found a positive return-sentiment 

relationship.  

The second statistical hypothesis studied was whether speculative stocks are more 

subject to sentimental traders than safe stocks. The null hypothesis that all stocks are 

affected equally cannot be fully rejected, since the results were rather ambiguous. Seok 

et al. (2019) found very conclusive results that showed that speculative stocks are more 

affected by sentiment. In my thesis only one of the components demonstrated this 

speculative trading effect, the trading volume. For the trading volume, small, volatile and 

unprofitable companies exhibit a larger sentiment effect than large, stable, profitable 

companies. This reinforces the explanation that the return effect provided by the trading 

volume is due to retail investors. Retail investors are more likely to positively affect the 

returns of speculative assets once they see that institutional investors have invested in 

the same assets. In a similar fashion, overnight returns exhibit the reverse effect, as low 

volatility and low growth companies are negatively affected. Thus, safe stocks are more 

affected by sentiment since institutional investors are causing the price reaction. 

The third statistical hypothesis was whether the return effect of sentiment is more 

pronounced for high-sentiment days than for low. The null hypothesis cannot be 

rejected, since the results for high sentiment was inconclusive. Rather, the results found 

indicate that low sentiment has a larger effect than high sentiment. This finding is 

inconsistent with the theoretical expectation that high sentiment is the driver for returns 

and investors are unwilling to sell. A possible explanation could be that Finnish investors 

are risk-averse and try to time their buy-orders and buy stocks only when prices are low, 

which would be after a low-sentiment day.  

The fourth statistical hypothesis was whether the sentiment effect is corrected by 

rational investors. The null hypothesis can be rejected, since the results show that both 

two- and five-day returns are affected by sentiment. This finding indicates that the effect 

of sentiment on returns is not corrected immediately by the market, implying that the 

Finnish market is not entirely efficient. Since the multi-period returns reviewed were 

only up to five-day returns, it is possible that the market is efficient in the slightly longer-

term, and that this effect is merely a short-term price deviation. 
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Suggestions for future research 

Since investor sentiment as a research area is continuously growing there are a lot of 

interesting research possibilities. First, one lesson from my study is that sentiment 

indicators do not always behave according to their theoretical effect. I would not advise 

future researchers to use the same sentiment components I have in a composite 

sentiment index, since trading volume and overnight returns seemingly measure 

different behaviors. Further, the adjusted turnover rate is not a good sentiment indicator 

for the Finnish market, as results are very ambiguous. The adjusted turnover rate might 

be better suited for larger markets.  

If my theory that trading volume captures institutional investor behavior and overnight 

returns captures retail investor behavior is correct, it could be useful in future literature 

on other stock markets. Separating the effects can yield interesting results and could 

reveal information on trading strategies. 

Broadly speaking, I think there is a lot of room for more research on firm-specific 

sentiment indicators. As of now, this are is quite untapped for many stock markets, and 

since both my study and Seok et al.’s study produced interesting results, broadening the 

scope to other stock markets would be interesting. Also, it would be of interest to test 

new firm-specific sentiment indicators, like Aboody et al. (2018) did with overnight 

returns. Possible firm-specific sentiment indicators that could be tested are insider 

trading, put-call ratios, various instruments from the derivatives markets etc.  

As for research areas, for example Seok et al. (2019) have a follow-up research paper 

where they investigate the earnings response in periods of high (low) sentiment. 

Researching sentiment and earnings response is an area where I think more research 

could be conducted because earnings periods are very volatile, emotional experiences. 

Investors must make quick decisions based on a lot of new information, because if they 

miss their shot to buy or sell, they could be losing out on a large amount of money. Thus, 

I believe that earnings periods are events that really bring out heuristics and biases in an 

investor.  
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APPENDIX 1 RESULTS, MARKET AND FIRM VARIATION REGRESSIONS 

Table 15 Market and firm variation regression results 

This table details regression results for the removal of normal market and firm variation regressions run on 

the individual sentiment indicators. Further regression details in chapter 4.1. 

 ATR LTV ONR 

Intercept 7.223e-05 *** 9.989e+00*** 1.809e-02* 

MKT 5.838e-04 *** 3.659e-04 1.735e-01*** 

TERM 2.988e-05 *** -5.244e-03 1.957e-02*** 

SIZE 4.068e-16 1.738e-10*** 5.636e-13 

BM -2.913e-05 *** 5.172e-02*** 3.146e-02*** 

EP -9.769e-06 -1.202e-01*** -4.932e-03 

    

Adj R-squared 0,055 0,171 0,016 

 


