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1. Introduction 

The growing participation of retail investors in financial markets has renewed academic interest 

in how individual behavior shapes short-term market dynamics. As digital platforms have 

lowered the cost of trading and information has become increasingly accessible through online 

search, social media, and financial news, the question of how investor attention influences price 

formation, trading activity, and market stability has become more pressing. This thesis 

examines these questions in the context of the Swedish large-cap market, using Google search 

volume as a proxy for retail investor attention to study its association with abnormal returns, 

trading volume, and realized volatility in the OMXS30 on Nasdaq Stockholm. 

1.1 Background 

The modern financial landscape has been reshaped by the increasing accessibility of markets 

through low-cost trading platforms and the rapid spread of information through digital media 

(Bontadini et al., 2024). Traditionally viewed as secondary participants, retail investors have 

demonstrated a renewed potential for market influence, as illustrated by recent episodes of 

intensified trading activity such as the 2021 meme-stock phenomenon (U.S. Securities and 

Exchange Commission, 2021). In Sweden, this development is also reflected in rising 

household participation in equity markets. Euroclear Sweden (2026) reports that more than 2.8 

million unique shareholders were registered at the end of 2025 in Sweden, the highest number 

recorded, and that millennials had become the largest shareholder group in the country. This 

development has increased academic interest in the role of individual investors in relation to 

price formation, trading volume, and short-term volatility. 

At the same time, the informational environment surrounding financial markets has changed 

significantly. Investors are now exposed to a constant flow of market news, social media 

content, company information, and search-based information channels (Da et al., 2011). In 

such an environment, the challenge is no longer only to gain access to information, but also to 

filter, prioritize, and interpret it. This makes investor attention an increasingly relevant concept 

in financial research, particularly when studying short-term market behavior. 

1.2 Problem Discussion 

Against this background, an important issue is whether increased investor attention reflects 

efficient information processing or whether it contributes to temporary distortions in financial 
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markets. According to the Efficient Market Hypothesis, publicly available information should 

be incorporated rapidly into prices, which implies that search activity should not systematically 

predict abnormal returns, unusual trading volume, or excess volatility (Fama, 1970). At the 

same time, research in behavioral finance suggests that investors do not process all available 

information simultaneously because attention and cognitive capacity are limited (Simon, 1955; 

Kahneman, 1973). If investor attention is limited, stocks receiving unusually high attention 

may attract temporary buying pressure, higher trading activity, and increased price fluctuations. 

Since professional investors may not always fully offset such effects in the short run (Shleifer 

& Vishny, 1997), the relationship between investor attention and market outcomes remains 

theoretically and empirically uncertain. 

A further issue concerns measurement. Investor attention is not directly observable, which 

means that earlier empirical research relied on indirect proxies such as extreme returns, 

abnormal trading volume, or news coverage (Barber & Odean, 2008; Da et al., 2011). Although 

these measures are useful, they do not capture attention itself, but rather events that may attract 

attention. Da et al. (2011) therefore introduced Google Search Volume Index (SVI) as a more 

direct proxy for active information demand. This represented an important methodological 

shift, since search data made it possible to approximate when investors actively turn their 

attention toward a security. At the same time, search activity does not automatically reflect 

financial interest alone, which means that the challenge of separating investor attention remains 

central to the analysis. 

Previous research also leaves room for further study regarding stock returns. Earlier U.S. 

evidence suggests that abnormal search volume may be followed by short-term price pressure 

and later reversal, but more recent and international studies show less consistent results for 

returns (Da et al., 2011; Bijl et al., 2016; Swamy & Dharani, 2019; Ekinci & Bulut, 2021). This 

means that the return channel remains theoretically interesting, but empirically uncertain across 

markets and periods. In a market such as OMXS30, where large, listed firms are closely 

followed and market efficiency would generally be expected to be relatively high, it therefore 

becomes relevant to ask whether abnormal retail investor attention is associated with short-

term abnormal returns? 

The literature also suggests that investor attention may be more informative for market activity 

than for pricing. Across several markets, the relationship between attention and trading activity 

appears more stable than the relationship between attention and returns (Bank et al., 2011; 
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Takeda & Wakao, 2014; Kim et al., 2019). If attention affects which stocks retail investors 

notice and trade, it may be reflected more clearly in changes in trading volume than in abnormal 

returns. This makes it relevant to ask whether abnormal retail investor attention is associated 

with short-term changes in trading volume in the OMXS30? 

A similar point applies to volatility. Several studies suggest that attention is linked not only to 

trading activity, but also to short-term price instability, particularly when investors react 

quickly to salient signals and information shocks (Vlastakis & Markellos, 2012; Kim et al., 

2019). The Swedish market provides a relevant setting for examining this issue. Sweden is a 

highly digitalized environment with widespread internet access and frequent internet use (SCB, 

2025), while the OMXS30 consists of the thirty largest and most actively traded stocks on 

Nasdaq Stockholm (Nasdaq, n.d.). At the same time, the OMXS30 represents a demanding 

empirical setting, since large-cap stocks are closely followed by institutional investors and 

other professional market participants who may absorb retail-driven effects relatively quickly. 

Moreover, while the relationship between search-based investor attention and stock market 

outcomes has been studied in the United States, Germany, Japan, Norway, India, and Turkey, 

research examining retail investor attention in the Swedish large-cap market remains limited, 

particularly using post-2022 Google Trends data. In this context, it becomes relevant to ask 

whether abnormal retail investor attention is associated with excess stock price volatility in the 

OMXS30? 

1.3 Purpose 

The aim of this study is to test the relationship between retail investor attention and short-term 

stock market dynamics in the OMXS30 on Nasdaq Stockholm. Using Google SVI as a proxy 

for attention, the study focuses on the association between changes in search intensity and 

abnormal returns, trading volume, and stock price volatility. 

By focusing on the Swedish large-cap market, the study contributes to the literature on investor 

attention by providing evidence from a Swedish setting. More specifically, it addresses the 

following research questions: 

- Under what conditions is abnormal retail investor attention (ASVI) associated with short-

term abnormal returns for the OMXS30? 

- To what extent is abnormal retail investor attention associated with short-term changes in 

trading volume in the OMXS30? 
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- To what extent is abnormal retail investor attention associated with excess stock price 

volatility in the OMXS30? 

1.4 Structure of the Thesis 

The remainder of the thesis is structured as follows: Section 2 presents the theoretical 

framework, Section 3 describes the method and empirical models, Section 4 reports the 

empirical results, Section 5 discusses the results, and Section 6 concludes the thesis. 
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2. Theoretical Framework 

This chapter is built on the tension between traditional asset pricing theory and behavioral 

finance, particularly in relation to how investors process and act on information under cognitive 

constraints. While the Efficient Market Hypothesis assumes that publicly available information 

is rapidly incorporated into prices (Fama, 1970), behavioral finance emphasizes that investors 

face limits in attention, information processing, and decision-making (Simon, 1955; 

Kahneman, 1973). The chapter first presents the main theoretical perspectives used to explain 

the relationship between retail investor attention and returns, trading activity, and volatility. It 

then reviews the previous empirical literature on investor attention to position the study within 

existing research and motivates the hypotheses developed at the end of the chapter. 

2.1 Efficient Market Hypothesis 

The starting point for analyzing market dynamics is the Efficient Market Hypothesis (EMH), 

formalized by Fama (1970). EMH states that security prices reflect all available information, 

allowing prices to function as reliable signals for the allocation of capital. 

Fama (1970) distinguishes between three forms of market efficiency. Under weak-form 

efficiency, prices reflect all information contained in past prices and returns. Under semi-strong 

efficiency, prices adjust rapidly to all publicly available information, such as earnings 

announcements, stock splits, or new security issues. This form is most relevant to the present 

study, since it concerns the market response to publicly available search data. Under strong-

form efficiency, prices reflect all information, including private information held by specific 

groups. 

To make the theory testable, Fama (1970) formulates expected return, or “fair game,” models, 

which imply that no trading strategy should systematically generate abnormal returns based 

solely on a given information set. He also notes that perfect market efficiency rests on highly 

restrictive assumptions, such as low transaction costs, wide information availability, and a 

common interpretation of information among investors. Since these conditions are not fully 

met in practice, actual market efficiency becomes an empirical question rather than a purely 

theoretical one. 
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2.2 Bounded Rationality 

While the Efficient Market Hypothesis assumes that information is rapidly and correctly 

incorporated into prices, this depends on the idea that investors possess near-perfect knowledge 

and unlimited computational ability (Fama, 1970). Simon (1955) challenged this assumption 

by arguing that human decision-making is constrained by limited cognitive capacity. His 

concept of bounded rationality emphasizes that individuals cannot evaluate all available 

information or all possible alternatives in a fully rational way. 

Instead, decision-makers simplify complex environments to make them manageable. Simon 

(1955) argues that individuals often search not for the best possible choice, but for a satisfactory 

one. This process, known as satisficing, reflects the idea that people stop searching once they 

find an option that is good enough under the circumstances. 

Building on this perspective, Kahneman (1973) describes attention as a limited mental resource 

that must be allocated across competing tasks. Similarly, Simon (1971) argues that in an 

information-rich environment, attention becomes scarce because an abundance of information 

places increasing demands on the individual’s ability to process it. In the context of this thesis, 

bounded rationality helps explain why investors do not process the full range of publicly 

available information but instead focus on a narrower set of assets and signals that capture their 

attention. 

2.3 Attention Theory 

A central premise of this thesis is that attention constraints are especially relevant for retail 

investors. Compared with institutional investors, retail investors generally operate with fewer 

analytical resources, less access to screening tools, and more limited ability to process large 

amounts of firm-specific information. As a result, they are more likely to rely on observable 

cues and attention-grabbing signals when selecting stocks (Barber & Odean, 2008; Da et al., 

2011). 

This argument is developed further by Barber and Odean (2008), who show how attention 

constraints affect trading behavior. Their central claim is that individual investors become net 

buyers of attention-grabbing stocks, such as stocks in the news, stocks with unusually high 

trading volume, or stocks with extreme one-day returns. This shifts the discussion from general 

cognitive limits to a concrete mechanism through which attention affects market outcomes. 
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The explanation rests on the search problem investors face when deciding what to buy. Since 

individual investors cannot evaluate the full set of available stocks, they focus on those that 

have recently become salient. Attention therefore acts as a filter that narrows the choice set 

before preferences shape the final decision. In this sense, attention is not only a cognitive 

constraint, but also a mechanism that directs trading toward specific stocks. 

A key part of this argument is the asymmetry between buying and selling. Barber and Odean 

(2008) show that individual investors do not face the same search problem when selling, 

because they usually choose from a small set of stocks they already own and rarely engage in 

short-selling. Buying decisions, by contrast, require scanning a much broader market, which 

makes attention more influential on the purchase side. This asymmetry helps explain why 

investor attention generates buying pressure more easily than selling pressure. 

To identify attention empirically, Barber and Odean (2008) use three main proxies: news 

coverage, unusual trading volume, and extreme price moves. They also show that individual 

investors display a U-shaped buy-sell imbalance in response to returns, becoming net buyers 

of both extreme winners and extreme losers. This indicates that investor attention is drawn not 

only by positive salience, but by unusual market movements more generally. 

Although attention-driven buying reduces search costs, Barber and Odean (2008) argue that it 

also creates suboptimal outcomes. When many investors are drawn to the same salient stock, 

buying pressure pushes prices above fundamental value, creating temporary price pressure that 

is later followed by reversal. 

However, several aspects of this framework deserve scrutiny. Barber and Odean's (2008) 

evidence is drawn from U.S. retail brokerage data from the late 1990s, predating social media, 

algorithmic trading, and low-cost digital platforms, making its direct applicability to Swedish 

retail investors in 2022–2026 uncertain. The buying asymmetry assumption may also be 

weaker in modern markets where retail access to short-selling instruments such as CFDs and 

inverse ETFs has expanded. Finally, and most directly relevant to this thesis, Barber and Odean 

(2008) measure attention through market outcomes rather than search behavior. The 

assumption that Google search activity captures the same mechanism is theoretically plausible 

but not directly established, and the link between searching for a stock and actually trading it 

remains assumed rather than demonstrated.  
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Despite these limitations, the attention asymmetry framework remains the most coherent 

behavioral explanation for why abnormal retail attention should be associated with increased 

trading activity and temporary market distortions, and it provides the theoretical foundation for 

the hypotheses developed in Section 2.11. 

2.4 Extrapolative Expectations and Trend-Chasing 

While bounded rationality and attention theory explain which stocks investors focus on, they 

do not fully explain how investors interpret recent price movements once attention has been 

directed toward a stock. To understand why retail attention can generate asymmetric price 

pressure, it is necessary to consider how investors form expectations about future returns. 

A central insight from behavioral finance is that investors often extrapolate recent price trends 

rather than relying fully on fundamental valuation. Barberis et al. (1998) show that investors 

may place too much weight on recent patterns and come to expect trend continuation even 

when the underlying process is mean reverting. This helps explain why momentum can arise 

in the short run and later be followed by reversal. 

De Long et al. (1990) provide a related market-level mechanism through positive feedback 

trading. In their model, some investors buy assets whose prices have recently risen and sell 

assets whose prices have recently fallen, regardless of changes in fundamental value. Rational 

traders may even reinforce this behavior in the short run by anticipating trend-chasing demand 

rather than immediately offsetting it. As a result, momentum can persist for a period even in 

the presence of more sophisticated market participants. 

For the present thesis, these mechanisms imply that abnormal retail attention should have a 

stronger effect when it is directed toward stocks that already exhibit positive momentum. This 

motivates the inclusion of an interaction term between ASVI and a binary momentum variable. 

A positive and significant coefficient on this interaction term would be consistent with 

extrapolative expectations and positive feedback trading. 

2.5 Noise Trader Theory and Limits to Arbitrage 

To explain how retail-driven attention can translate into broader market distortions, this thesis 

draws on noise trader theory and the concept of limits to arbitrage. De Long et al. (1990) argue 

that financial markets contain noise traders who act on noise as if it were valuable information. 

Because such traders may react strongly to salient but not necessarily fundamental signals, their 

trades can push prices away from fundamental value. In the context of this thesis, attention-
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driven retail investors fit this framework when abnormal search activity leads to buying 

pressure not fully justified by fundamentals. 

Traditional asset pricing theory suggests that rational arbitrageurs should quickly correct such 

mispricing. Shleifer and Vishny (1997), however, show that real-world arbitrage is constrained 

by risk and limited capital. De Long et al. (1990) also emphasize noise trader risk, meaning 

that irrational beliefs can become even more extreme in the short run before prices eventually 

reverse. These constraints help explain why attention-driven price effects may persist long 

enough to become visible in short-run market data. 

2.6 Investor Attention and Volatility 

Another theoretical perspective relevant to this study connects investor attention to market risk 

and price fluctuations. While the previous sections focus on how attention influences trading 

behavior and short-term returns, Andrei and Hasler (2015) explain why attention also affects 

stock market volatility. Their model examines the joint role of investor attention to news and 

learning uncertainty in asset pricing. 

A central mechanism in this framework is the speed at which information is incorporated into 

prices. Andrei and Hasler (2015) argue that attention determines the accuracy of the news 

signals investors observe. When attention is low, learning is slow and information enters prices 

gradually, which results in lower return volatility. When attention is high, investors process 

news more quickly and prices adjust faster. This faster incorporation of information increases 

stock-return volatility. 

The model generates two main predictions. First, return variance increases with both attention 

and uncertainty. Second, this relationship is quadratic, meaning that volatility rises at an 

increasing rate as attention becomes stronger. Andrei and Hasler (2015) also show that 

although attention reduces uncertainty over time through faster learning, sudden increases in 

attention can coincide with high uncertainty in the short run and thereby amplify price 

movements. This makes attention relevant not only for trading activity, but also for the stability 

of the market environment. 

For the present thesis, this framework provides the main theoretical explanation for why 

abnormal search volume should be associated with volatility, as well as with returns and trading 

volume. By using ASVI as a proxy for investor attention, the study applies this logic to the 
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Swedish market and examines whether periods of heightened retail focus are linked to stronger 

short-term price fluctuations. 

This mechanism is also supported by empirical literature. Vlastakis and Markellos (2012) show 

that Google search activity is positively related to both trading volume and volatility in major 

U.S. stocks, even after controlling for news-based measures of information supply. Similarly, 

Kim et al. (2019) find that Google searches predict higher volatility and trading volume in 

Norway, even though they do not predict abnormal returns. Taken together, these studies 

provide empirical support for the view that search-based attention is associated with both 

volatility and trading activity. 

2.7 Measuring Investor Attention 

Having outlined the main theoretical perspectives, the chapter now turns to the empirical 

literature on investor attention. A central challenge in this literature is how to measure attention 

directly. Earlier studies typically relied on indirect proxies such as news coverage, abnormal 

trading volume, and extreme returns. Although these measures are useful, they do not observe 

attention itself, but rather events that may attract attention. Barber and Odean (2008), for 

example, use news, unusual trading volume, and extreme returns to identify attention-grabbing 

stocks, while Da et al. (2011) argue that such measures remain indirect because they infer 

attention from observable market events rather than from investors active search behavior. 

An important methodological shift therefore occurred with the introduction of the Google 

Search Volume Index (SVI) as a more direct proxy for investor attention. SVI is derived from 

Google Trends and is a metric that measures the relative popularity of a search query over a 

specific time and location (Google, n.d.). Da et al. (2011) argue that Google searches constitute 

a revealed measure of attention: if investors search for a stock, they are actively allocating 

attention to it. This makes SVI conceptually different from older passive attention proxies, 

which only capture events likely to have drawn attention. They further show that SVI is 

positively correlated with traditional attention proxies, yet still contains substantial 

independent variation, suggesting that it gathers a distinct dimension of investor behavior. 

This distinction matters for the present thesis. If investor attention is measured only through 

returns, news, or turnover, it becomes difficult to separate attention from other market 

mechanisms. Search-based measures move the literature closer to observing what investors are 
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trying to learn before they trade. In that sense, Barber and Odean (2008) explain why attention 

matters, while Da et al. (2011) provide a more direct way of identifying it empirically. 

2.8 Attention, Retail Behavior and Short-Run Market Effects 

An important starting point in the empirical literature is Barber and Odean (2008), whose 

findings on attention-grabbing stocks provide the basis for later studies of retail attention and 

short-run market effects. However, their attention proxies, news coverage, extreme returns, and 

abnormal volume, are indirect in the sense that they capture events likely to attract attention 

rather than attention itself, making it difficult to separate the attention effect from the 

underlying market event that triggered it. 

Da et al. (2011) build directly on this argument by introducing abnormal search volume as a 

more direct proxy for investor attention. Using an American index, Russell 3000, they show 

that abnormal search volume predicts positive abnormal returns over the following two weeks, 

followed by a later reversal within the year. However, this interpretation rests on the 

assumption that SVI primarily captures retail rather than institutional attention, an assumption 

that is plausible but not directly verified. The Russell 3000 also includes a large share of small 

and mid-cap firms with limited institutional coverage, which may explain why price pressure 

persists long enough to be detectable, a pattern that may not generalize to large-cap settings. 

However, later studies show that the return effect is not equally strong across markets and 

periods. Swamy and Dharani (2019) find that high Google search volume is positively 

associated with returns in the Indian market, which supports a price-pressure interpretation 

outside the original U.S. setting. Ekinci and Bulut (2021), using Turkish data, also report a 

positive relationship between search volume and returns, especially for smaller firms, but show 

that current-period search volume is not reliably associated with positive next-period returns. 

Taken together, these results suggest that the return effect is most visible in markets or firm 

segments where institutional arbitrage is limited, and weakens as market efficiency and 

institutional presence increase, a pattern with direct implications for the large-cap OMXS30 

setting examined in this thesis. 

2.9 Trading Activity 

Compared with the mixed evidence on returns, the link between investor attention and trading 

activity appears more consistent. Da et al. (2011) show that increases in search activity are 
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strongly linked to retail trading, which strengthens the interpretation of SVI as a measure of 

retail investor attention. 

Evidence from non-U.S. markets points in the same direction. Bank et al. (2011) find that 

higher Google search volume for German firms is associated with more trading activity, 

measured both by the number of trades and by euro-denominated trading volume. They also 

show that search intensity is linked to improved stock liquidity, including lower illiquidity and 

narrower trading frictions. Their results suggest that greater search activity makes stocks more 

visible to investors and improves trading conditions, especially for less informed market 

participants. 

Takeda and Wakao (2014) report a similar pattern for Japanese stocks. They find that search 

intensity is strongly positively related to trading volume, while the relation with stock returns 

is much weaker. Kim et al. (2019) reach a similar conclusion in Norway, where Google 

searches are associated with future trading volume and volatility, but not with abnormal returns. 

Fink and Johann (2014) also show that high-attention days are characterized by increased 

turnover and volatility, shifting the literature away from a narrow focus on returns and toward 

the broader question of how attention affects the trading process itself. 

2.10 Summary and Research Gap 

Taken together, the empirical literature suggests that search-based investor attention is not 

equally informative for all market outcomes. While the relationship between attention, trading 

activity, and volatility appears relatively consistent, the return evidence is mixed and the 

reasons for this divergence are theoretically meaningful. Return effects appear weaker in 

institutionally dominated and liquid markets, where professional arbitrageurs absorb retail-

driven price pressure more quickly (Kim et al., 2019; Bank et al., 2011). More recent samples 

may also find attenuated return effects as algorithmic trading and lower transaction costs have 

increased the speed at which attention shocks are priced in. Additionally, cross-study 

comparability is complicated by differences in search term construction, since ticker-based 

queries systematically undercount retail searches in European markets where investors 

predominantly search by company name (Bank et al., 2011). The present thesis contributes to 

this literature by examining under what conditions search-based retail attention in Sweden is 

associated with abnormal returns, and whether it is more strongly associated with trading 

activity and volatility. 
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These considerations motivate the Swedish setting. The OMXS30 is institutionally dominated 

and highly liquid, which leads to the theoretical prior that volume and volatility effects should 

be more robust than return effects. The present thesis therefore does not simply test whether 

Da et al. (2011) replicates in Sweden but examines whether the pattern of stronger activity 

effects and weaker return effects holds in a modern Swedish large-cap market.  

2.11 Hypothesis Development 

Drawing on the theoretical framework reviewed above, three hypotheses are formulated to 

evaluate the impact of abnormal retail attention on short-term market dynamics across three 

dimensions which are abnormal returns, trading volume, and realized volatility. These 

hypotheses are tested through three panel regression models specified in Sections 3.4 and 3.5. 

2.11.1 Hypothesis 1: Attention, Trend-Chasing and Abnormal Returns 

Boundedly rational investors often extrapolate recent price trends rather than relying on 

fundamental valuation, a phenomenon known as positive feedback trading (De Long et al., 

1990; Barberis et al., 1998). When an attention shock targets a stock already exhibiting positive 

momentum, it acts as a behavioral catalyst that amplifies existing trends rather than generating 

uniform price pressure across all stocks. 

• H0: Abnormal retail attention (ASVI) has no asymmetric effect on abnormal returns for 

equities exhibiting positive historical momentum.  

• H1: The effect of abnormal retail attention (ASVI) on abnormal returns is asymmetric, with 

stronger return effects for equities exhibiting positive historical momentum. 

2.11.2 Hypothesis 2: Attention and Trading Volume 

Because retail investors face cognitive constraints and are largely limited to buying rather than 

short selling, a surge in collective attention naturally translates into coordinated buying orders, 

increasing trading volume and market liquidity (Barber & Odean, 2008). Consequently, 

heightened search volume should overcome psychological hurdles and manifest directly as a 

measurable increase in trading volume and market liquidity. 

• H0: ASVI has no significant relationship with the weekly trading volume of OMXS30 

equities. 

• H1: ASVI has a significant positive relationship with the weekly trading volume of 

OMXS30 equities. 
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2.11.3 Hypothesis 3: Attention and Volatility 

Clustered attention-driven retail buying introduces behavioral noise that temporarily 

disconnects prices from fundamental value, generating excess short-term price fluctuations 

before prices revert to equilibrium (Barber & Odean, 2008; Da et al., 2011). Ultimately, this 

coordinated demand creates inconsistent short-term price swings, generating excess market 

volatility within the affected asset before prices revert to equilibrium. 

• H0: There is no significant relationship between ASVI and the realized volatility of 

OMXS30 equities. 

• H1: There is a significant positive relationship between ASVI and the realized volatility of 

OMXS30 equities. 
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3. Method 

This chapter outlines the empirical framework employed to investigate the relationship 

between retail investor attention and short-term stock market dynamics in the OMXS30. In line 

with the study’s purpose, the methodology is designed to evaluate whether abnormal retail 

investor attention, measured through the Abnormal Search Volume Index, is associated with 

abnormal returns, trading volume, and stock volatility. To systematically address the research 

questions, the thesis adopts a quantitative deductive research design and applies a Panel 

Ordinary Least Squares (OLS) regression framework. This approach enables the empirical 

testing of established theories of bounded rationality, attention theory, and noise trader theory 

within the context of the OMXS30.   

3.1 Research Approach 

A quantitative and deductive research design was employed to investigate the microstructure 

of the Swedish equity market. A deductive approach is utilized as the research begins with 

established theoretical frameworks, specifically within behavioral economics and the 

economics of attention, and constructs an empirical model to test their applicability in 

contemporary financial markets. Rather than generating new theories from observed market 

anomalies, this research formulates hypotheses based on the premise that bounded rationality, 

attention theory and noise trader theory influence retail trading behavior (Simon, 1955; 

Kahneman, 2003). This study uses longitudinal panel data to test these behavioral theories 

empirically. Specifically, it combines market data from the OMXS30 with Google Trends SVI 

to determine whether attention-driven market frictions are present in Swedish large-cap 

equities. 

Central to this methodology is the principle that human attention is a scarce resource. In an 

environment where the cost of acquiring information is low, retail investors face constraints in 

processing the continuous flow of market data, necessitating a reliance on cognitive heuristics 

(Stigler, 1961; Barber & Odean, 2008). Historically, the impact of such psychological 

constraints on financial markets has been difficult to observe empirically. By utilizing 

longitudinal panel data, specifically, the Abnormal Search Volume Index (ASVI), this study 

operationalizes   into a quantifiable proxy metric (Da et al., 2011). This quantification allows 

for an empirical analysis of the relationship between psychological attention dynamics and 

subsequent variations in market liquidity and volatility (Da et al., 2011). This 

operationalization allows behavioral theory to be tested empirically. By applying this metric to 
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the OMXS30, the study examines whether retail investor attention is significantly associated 

with returns, liquidity, and volatility in Swedish large-cap equities. 

3.2 Data Collection 

The data sample comprises the thirty firms constituting the OMXS30 as of March 2026, and 

this composition was held fixed across the entire 222-week observation period. Missing 

observations, resulting from the construction of the independent variable, were excluded from 

the final dataset, as detailed in Section 3.4.1. Ultimately, yielding a total of 6 360 firm-week 

observations. From an econometric perspective, constructing a panel with a large time 

dimension (T) relative to the cross-sectional dimension (N) satisfies the asymptotic 

requirements for normality. According to standard panel data theory, a sample of this 

magnitude provides substantial degrees of freedom, suggesting that the estimated standard 

errors are robust and that the fixed or random effects estimators remain consistent and unbiased 

(Baltagi, 2013). Therefore, this large-sample framework suggests that any observed 

relationships between retail attention and market volatility are statistically robust, effectively 

mitigating the risk of false positives driven by small-sample bias. 

3.2.1 Sample Selection 

The OMXS30 was selected because it contains the most traded and most capitalized stocks on 

Nasdaq Stockholm, which improves data availability and comparability across firms. 

Historically, asset pricing literature posits that large-cap indices are highly efficient 

environments dominated by institutional investors, pension funds, and algorithmic market 

makers, where retail noise is rapidly absorbed by rational arbitrageurs (Fama, 1970; Shleifer & 

Vishny, 1997). Consequently, utilizing the OMXS30 subjects the research hypothesis to the 

most stringent conditions possible. Statistical significance within this institutionally dominated 

sample therefore implies that the retail attention signal is sufficiently robust to overcome the 

baseline noise generated by professional market participants. 

No adjustments were made to reflect historical changes in index membership during the sample 

window, meaning that firms which were constituents of the OMXS30 at some point between 

January 2022 and March 2026 but are not present in the March 2026 composition are excluded 

from the sample entirely. The sample therefore reflects a static endpoint snapshot of the index 

rather than its actual evolving membership over time. This introduces a form of selection bias 

in that the thirty included firms are, by construction, those that survived and remained large 
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enough to retain index membership through the full period, while firms that were demoted or 

restructured during the window are absent (Brown et al, 1992).  

However, the practical severity of this bias is limited for two reasons. First, OMXS30 

constituent turnover is infrequent given the dominance of large institutionally established 

Swedish firms (Nasdaq, n.d.), meaning the March 2026 composition closely approximates the 

actual membership for most of the observation period. Second, the focus of the study is on the 

relationship between attention shocks and market outcomes rather than on the level of returns, 

and there is no strong theoretical reason to expect that the excluded firms would exhibit 

systematically different attention dynamics than those retained (Da et al., 2011). Future 

research would nonetheless benefit from constructing the sample using point-in-time index 

membership records to eliminate this selection concern entirely. 

3.2.2 Timeline Justification 

The temporal scope of this study is strictly confined to a 222-week window starting from the 

first week of January 2022 to the last week of March 2026. While macroeconomic panel studies 

benefit from extended historical timelines, the use of Google Trends (SVI) as the primary 

independent variable requires a precise structural cutoff to preserve measurement consistency. 

On January 1, 2022, Google implemented a fundamental improvement to its internal data 

collection and aggregation systems. Google Trends explicitly warns that this algorithmic 

update created a permanent structural break in the time-series data (Google Trends, n.d.). 

Consequently, SVI data extracted prior to 2022 is structurally incomparable to data generated 

after the update. By intentionally restricting the dataset to the post-update (2022 onwards), this 

methodology helps control that all 222 weeks of search volume are standardized, consistently 

scaled and free from algorithmic structural breaks, thereby separating behavioral impact.  

3.2.3 Financial Data 

To construct the dependent and control variables for the econometric model, financial market 

data was systematically extracted from S&P Capital IQ Pro. The extracted data included daily 

and weekly closing prices, daily and weekly trading volume, and the OMXS30 and OMXSPI 

indices values for the selected 222-week observation period. S&P Capital IQ Pro was selected 

due to its reliability and its standardized methodology for adjusting historical price data. In 

empirical finance, utilizing fully adjusted closing prices, which retroactively account for 

corporate actions such as stock splits, dividend distributions, and rights issues, is critical to 
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preventing artificial price jumps that could be mathematically misinterpreted as market 

volatility or abnormal returns (Campbell et al., 1997). Therefore, utilizing fully adjusted data 

indicates that observed market shocks reflect trading behavior and not corporate accounting. 

Following extraction, the raw daily data was exported to Microsoft Excel for preliminary 

preprocessing, structuring, and temporal alignment. The initial phase of data handling involved 

the synchronization of trading calendars. Because financial markets are closed on weekends 

and national holidays, while Google Trends (SVI) data is generated continuously over a seven-

day week, the financial data required chronological alignment to match the week structure of 

the independent variables.  

Within Excel, the structured data was utilized to calculate the dependent variables prior to the 

panel regression analysis. To measure price fluctuations, daily logarithmic returns were 

calculated to induce time-series stationarity and to satisfy the assumption of continuous 

compounding (Brooks, 2019). The weekly realized volatility for each equity was derived by 

computing the sample standard deviation of these daily logarithmic returns within each trading 

week. Trading volume was aggregated on a weekly basis, and the logarithmic first difference 

was computed to measure week-over-week percentage changes in liquidity, mitigating the 

influence of extreme outliers and normalizing the distribution of the volume data (Karpoff, 

1987). Once the financial variables were calculated and standardized, the Capital IQ dataset 

was merged with the Google Trends dataset using the company name and week number, 

creating a unified balanced panel data for econometric testing. 

3.2.4 Google Trends Data Extraction 

To quantify the theoretical construct of retail investor attention, empirical search data was 

extracted utilizing the Google Trends platform. To maintain high construct validity and 

measurement reliability, the extraction process was strictly parameterized. First, the geographic 

parameter was restricted exclusively to "Sweden" to separate the domestic retail base and 

mitigate international search noise. Second, the data from each stock was manually extracted 

on its own. Third, the Google Search Volume Index (SVI) data was extracted at a weekly 

frequency to synchronize with the Capital IQ financial panel. 

3.3 Choice of Search Terms 

A critical methodological challenge in utilizing Google Trends for financial econometrics is 

distinguishing financial intent from general consumer interest. If generic corporate names are 
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queried (e.g., "Volvo" or "H&M"), the resulting Search Volume Index introduces severe 

measurement error by capturing product-seeking consumer behavior rather than capital-

allocating investor behavior. To help control for construct validity and distinguish the 

psychological variable of retail investor attention, a systematic linguistic filtering protocol was 

required. 

Utilizing ticker symbols as primary search identifiers aligns with established conventions in 

equity research in the US, where these codes serve as the standard proxy for retail investor 

interest (Da et al., 2011). However, directly applying this specification to the Swedish market 

introduces a risk of systematic under-sampling. Methodological adaptations in European equity 

research indicate that retail investors in these markets predominantly query search engines 

using corporate names rather than formal alphanumeric tickers (Bank et al., 2011). 

Consequently, enforcing a ticker-only constraint in a European context fails to capture the true 

magnitude of retail attention. 

Therefore, to mitigate consumer noise, the search term methodology exclusively employed 

financial identifiers. For each of the thirty equities within the OMXS30 panel, the search 

queries were strictly constructed by combining the company’s primary corporate name with 

the Swedish financial suffix "aktie" (stock). 

This linguistic filtering strategy is an established methodological convention within empirical 

asset pricing literature concerning investor attention. By appending specific financial qualifiers 

to search queries, the methodology mitigates excess consumer search noise. This refinement 

reduces measurement error, allowing the extracted SVI data to serve as a more robust proxy 

for retail investor attention. Therefore, fluctuations in the index are primarily attributable to the 

information-gathering behavior of market participants, rather than general macroeconomic 

consumption trends (Da et al., 2011; Takeda & Wakao, 2014; Bijl et al., 2016). Hence, by 

implementing this Swedish-specific linguistic filter, the methodology suggests that the 

empirical models are evaluating financial capital allocation rather than retail consumption. 

3.4 Variable Construction 

To empirically test the relationship between retail attention and market microstructure, the 

theoretical constructions discussed in previous sections must be operationalized into stationary 

quantifiable econometric variables. All continuous financial and attention-based variables were 

logarithmically transformed to normalize their distributions, mitigate the influence of outliers, 
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and induce time-series stationarity prior to regression analysis. Initial data preprocessing, 

temporal alignment, and the calculations of the variables were executed within Microsoft Excel 

prior to importing the panel into Python for econometric estimation. 

3.4.1 Independent Variable: Abnormal Search Volume Index (ASVI) 

The primary independent variable, measuring periodic shocks in retail investor attention, is the 

Abnormal Search Volume Index (ASVI). Raw Google Search Volume Index (SVI) data is 

fundamentally non-stationary and structurally constrained between 0 and 100, where 100 

represents the peak search interest for that term during the selected time frame and 0 means 

there was not enough data for the term (Google, n.d.). This makes it unsuitable for direct linear 

regression. Since the study uses a similar weekly sample structure to Da et al. (2011), ASVI is 

constructed in the same way, namely as the first logarithmic difference of weekly SVI data. 

Rather than calculating a simple week-over-week difference, ASVI is constructed by taking 

the natural logarithm of the current week’s search volume and subtracting the natural logarithm 

of the median search volume over the preceding eight weeks. This eight-week rolling median 

establishes a stable, two-month baseline of normal search behavior, helping establish that the 

resulting variable is associated with abnormal deviations rather than momentary single-week 

anomalies. Because of this construction, the first eight observations for each firm are excluded 

from the dataset, since no complete eight-week baseline period exists prior to those weeks.  

To execute this, the abnormal retail attention for each company (𝑖) in the current week (𝑡) is 

calculated as the logarithmic deviation of current search volume from its preceding eight-week 

median, using the following equation: 

𝐴𝑆𝑉𝐼𝑖,𝑡 = ln(1 + 𝑆𝑉𝐼𝑖,𝑡 ) − ln(1 + 𝑀𝑒𝑑𝑖𝑎𝑛(𝑆𝑉𝐼𝑖,𝑡−1 , … , 𝑆𝑉𝐼𝑖,𝑡−8 ) 

A mathematical constant of 1 is systematically added to the raw SVI values prior to the natural 

logarithm transformation. This is a structural adjustment designed mitigate the risk of non-

stationarity common in panel data (Mavruk, 2025). Additionally, the adjustment prevents 

mathematical undefined errors (ln(0) is undefined) in instances where a stock registers a search 

volume of zero during a given week, thereby preserving the integrity of the continuous dataset. 

A one-week lagged abnormal return variable was included to control for short-term mean 

reversion, suggesting that the ASVI coefficients are not upwardly biased by the market's natural 

mechanics of price correction (Da et al., 2011).  
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Lastly, to test trend-chasing behavior, a binary momentum variable (𝑀𝑜𝑚𝑒𝑛𝑡𝑢𝑚𝑖,𝑡) was 

constructed, taking a value of 1 if the stock's cumulative abnormal return over the trailing four 

weeks was positive, and 0 otherwise. This four-week window was selected to capture short-

term price momentum consistent with the behavioral extrapolation mechanisms described in 

Section 2.4, where boundedly rational investors use recent performance as a heuristic for future 

expectations (Barberis et al., 1998; De Long et al., 1990). 

3.4.2 Dependent Variables: Market Microstructure 

To evaluate the impact of retail attention on the trading environment, three primary dependent 

variables were constructed: Abnormal Returns, Trading Volume and Realized Volatility. 

Abnormal Returns: To extract the firm-specific pricing impact of retail attention shocks, it is 

necessary to strip out general macroeconomic market movements. Therefore, the model utilizes 

Abnormal Returns rather than raw stock returns. Following standard event-study and asset-

pricing methodology (MacKinlay, 1997), the market-adjusted return model was applied. 

First, the continuous compounding logarithmic return for each individual equity (𝑅𝑖,𝑡) and the 

OMXSPI benchmark (𝑅𝑚,𝑡) were calculated for each week using the weekly closing price and 

index level (𝑃):  

𝑅𝑖,𝑡 = ln(𝑃𝑖,𝑡) − ln(𝑃𝑖,𝑡−1) 

𝑅𝑚,𝑡 = ln(𝑃𝑚,𝑡) − ln(𝑃𝑚,𝑡−1) 

The weekly Abnormal Return is defined as the difference between the realized return of the 

specific stock and the realized return of the OMXSPI: 

𝐴𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑅𝑒𝑡𝑢𝑟𝑛𝑠𝑖,𝑡 = 𝑅𝑖,𝑡 − 𝑅𝑚,𝑡 

By utilizing this market-adjusted metric, the regression helps control the idiosyncratic price 

variations attributable to the ASVI shocks, suggesting that the coefficients are not biased by 

overarching market rallies or corrections (Campbell et al., 1997). 

Trading Volume: Absolute trading volume is heavily skewed by the market capitalization of 

the firm. To standardize liquidity across the OMXS30 equities and capture the rate of change 

rather than absolute scale, the trading volume variable is defined as the logarithmic first 

difference of weekly stocks traded (Karpoff, 1987). 
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Δln(𝑉𝑜𝑙𝑢𝑚𝑒)𝑖,𝑡 = ln(𝑉𝑜𝑙𝑢𝑚𝑒)𝑖,𝑡 − ln(𝑉𝑜𝑙𝑢𝑚𝑒)𝑖,𝑡−1 

Realized Volatility: To measure price instability, realized weekly volatility was calculated. 

Daily continuous compounding returns were computed using the natural logarithm of the ratio 

between consecutive daily (𝑑) closing prices (𝑃): 

𝑅𝑖,𝑑 = ln(𝑃𝑖,𝑑) − ln(𝑃𝑖,𝑑−1) 

Weekly realized volatility for each stock is calculated as the sample standard deviation of its 

daily logarithmic returns (𝑅𝑖,𝑑) within a given trading week (Brooks, 2019). Letting 𝑁 represent 

the number of trading days and 𝑅̅ the mean daily return, the volatility is computed as: 

𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 = √
1

𝑁 − 1
∑(𝑅𝑖,𝑑

𝑁

𝑑=1

− 𝑅̅𝑖,𝑡)2 

3.4.3 Control Variables 

To isolate the effect of retail attention and prevent omitted variable bias, the econometric 

models incorporate macroeconomic and autoregressive control variables. 

• Core Macro-Controls (𝑀𝑎𝑟𝑘𝑒𝑡 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑡): Market-level risk is utilized across return, 

volume, and volatility models to control systematic market frenzies, preventing 

simultaneity bias (Campbell et al., 2001; Wooldridge, 2010). Market volatility is calculated 

using the same sample standard deviation methodology applied to the OMXSPI index. This 

variable controls systematic market risk, separating the individual effect of retail attention 

from market-wide volatility shocks (MacKinlay, 1997; Campbell et al., 2001). 

• Model-Specific Autoregressive Lags (𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡−1, 𝐴𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑅𝑒𝑡𝑢𝑟𝑛𝑠𝑖,𝑡−1 and 

Δln(𝑉𝑜𝑙𝑢𝑚𝑒)𝑖,𝑡−1): Financial time-series data naturally exhibit autocorrelation. In 

particular, volatility is associated with the well-documented phenomenon of volatility 

clustering, whereby turbulent trading weeks are often followed by continued instability 

(Cont, 2001). By incorporating one-week lagged dependent variables, the models account 

for short-term persistence and reduce the risk that the ASVI coefficients simply reflect past 

market movements (Da et al., 2011). 
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3.5 Econometric Specification 

To estimate the impact of retail investor attention on market microstructure, the empirical 

analysis employs a Panel OLS regression framework. Panel data models are utilized because 

they effectively capture both the cross-sectional heterogeneity across the OMXS30 equities 

and the time-series dynamics over the 222-week observation period (Wooldridge, 2010). To 

determine the appropriate model specification, a Hausman test was conducted to compare fixed 

and random effects (Wooldridge, 2010). Based on Hausman tests (see Appendix B), fixed-

effects estimators are applied to the return and volatility models to control for unobserved time-

invariant characteristics. For the trading volume model, the Hausman test failed to reject the 

null hypothesis, allowing for the random-effects estimator (Wooldridge, 2010). Finally, 

financial panel data frequently exhibit cross-sectional dependence and within-entity serial 

correlation. To mitigate these issues and obtain standard errors that are robust and unbiased, all 

regressions were estimated utilizing firm-level clustered standard errors (Petersen, 2009). 

A persistent challenge within empirical asset pricing is the risk of endogeneity, specifically 

reverse causality between market events and investor attention. It is plausible that significant 

price shocks induce search behavior, rather than search behavior strictly predicting market 

movements. To mitigate this concern, the econometric models in this study incorporate one-

week lagged dependent variables (e.g., lagged abnormal returns and lagged volume). By 

controlling for historical momentum, the regressions actively absorb the influence of past 

market events on current search activity, thereby reducing the most immediate form of reverse 

causality (Da et al., 2011; Brooks, 2019). However, this dynamic panel specification does not 

fully resolve endogeneity, and in the absence of a suitable instrumental variable, the estimated 

coefficients should be interpreted as associations rather than causal effects. 

Based on this econometric foundation, three distinct regression models were specified to 

evaluate the relationship between retail investor attention and the OMXS30. To assess the 

dynamic structure of the variables and examine potential multicollinearity concerns, a 

preliminary correlation analysis was conducted (see Appendix C). This analysis indicated weak 

serial correlation between the variables, suggesting that multicollinearity is unlikely to be a 

major concern in the models (Wooldridge, 2010). 
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Model 1: Abnormal Returns 

To test the price pressure hypothesis and determine if attention shocks drive temporary 

deviations from fundamental value, the following regression is estimated: 

𝐴𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑅𝑒𝑡𝑢𝑟𝑛𝑠𝑖,𝑡 = 𝛼 + 𝛽1𝐴𝑆𝑉𝐼𝑖,𝑡 + 𝛽2𝐴𝑆𝑉𝐼𝑖,𝑡−1 + 𝛽3𝐴𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑅𝑒𝑡𝑢𝑟𝑛𝑠𝑖,𝑡−1 +

𝛽4𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 + 𝛽5𝑀𝑎𝑟𝑘𝑒𝑡 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 + 𝛽6(𝐴𝑆𝑉𝐼𝑖,𝑡 × 𝑀𝑜𝑚𝑒𝑛𝑡𝑢𝑚𝑖,𝑡 ) + 𝜀𝑖,𝑡   

Model 2: Trading Volume 

To investigate whether retail attention translates into liquidity, the second specification models 

the logarithmic change in trading volume:  

Δln(𝑉𝑜𝑙𝑢𝑚𝑒)𝑖,𝑡 = 𝛼 + 𝛽1𝐴𝑆𝑉𝐼𝑖,𝑡 + 𝛽2𝐴𝑆𝑉𝐼𝑖,𝑡−1 + 𝛽3Δln(𝑉𝑜𝑙𝑢𝑚𝑒)𝑖,𝑡−1 +

𝛽4𝑀𝑎𝑟𝑘𝑒𝑡 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑡 + 𝛽5(𝐴𝑆𝑉𝐼𝑖,𝑡 × 𝑀𝑜𝑚𝑒𝑛𝑡𝑢𝑚𝑖,𝑡 ) + 𝜀𝑖,𝑡   

Model 3: Realized Volatility 

Finally, to assess the impact of retail attention on market stability, the third model specifies 

realized weekly volatility as the dependent variable: 

𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 = 𝛼 + 𝛽1𝐴𝑆𝑉𝐼𝑖,𝑡 + 𝛽2𝐴𝑆𝑉𝐼𝑖,𝑡−1 + 𝛽3𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡−1 +

𝛽4𝑀𝑎𝑟𝑘𝑒𝑡 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑡 + 𝛽5(𝐴𝑆𝑉𝐼𝑖,𝑡 × 𝑀𝑜𝑚𝑒𝑛𝑡𝑢𝑚𝑖,𝑡 ) + 𝜀𝑖,𝑡   

The computational execution of the methodology, including data structuring, aggregation, and 

econometric estimation, was performed using the Python programming language within a 

Jupyter Notebook environment. The Jupyter framework was selected to maintain a transparent, 

documented, and fully reproducible computational workflow. The pandas software library was 

utilized to construct a dimensional MultiIndex, which allowed for the precise chronological 

and cross-sectional alignment of the Capital IQ financial metrics with the ASVI data 

(McKinney, 2010). The core econometric regressions, including the diagnostic Hausman test 

and the panel OLS estimators, were computed using statsmodels and linearmodels statistical 

packages. These packages provide standard estimation methods for panel data, facilitating the 

calculation of the model coefficients and clustered standard errors (Seabold & Perktold, 2010). 

3.6 Summary of Variables 

To provide a clear overview of the econometric framework, Table 1 summarizes the dependent, 

independent, and control variables utilized in the three panel data models.  
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Table 1: Description of Variables 

Variable Type of Variable Description Calculation / Construction 

𝐴𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑅𝑒𝑡𝑢𝑟𝑛𝑠𝑖,𝑡 Dependent (Model 1) 

Abnormal Return: The firm-

specific price movement 

isolated from overarching 

macroeconomic trends. 

The difference between the 

equity's logarithmic return 

and the OMXSPI market 

logarithmic return for week 

𝑡. 

Δln(𝑉𝑜𝑙𝑢𝑚𝑒)𝑖,𝑡 Dependent (Model 2) 

Trading Volume Change: The 

week-over-week percentage 

change in liquidity. 

The logarithmic first 

difference of total shares 

traded between week 𝑡 and 

week 𝑡 − 1. 

𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡 Dependent (Model 3) 

Realized Volatility: The 

degree of price instability and 

variance within a specific 

trading week. 

The sample standard 

deviation of daily continuous 

compounding returns within 

week 𝑡. 

𝐴𝑆𝑉𝐼𝑖,𝑡  Independent 

Abnormal Search Volume 

Index: The contemporary 

proxy for abnormal retail 

attention shock. 

The natural logarithm of 

current weekly Google SVI 

minus the natural logarithm 

of the preceding 8-week 

median SVI. 

𝐴𝑆𝑉𝐼𝑖,𝑡−1  Independent 

Lagged Abnormal Search 

Volume Index: Measures the 

delayed market reaction and 

tests for attention exhaustion. 

The one-week autoregressive 

lag of the 𝐴𝑆𝑉𝐼 variable. 

𝑀𝑜𝑚𝑒𝑛𝑡𝑢𝑚𝑖,𝑡  Independent (Dummy) 

Positive Momentum: A 

behavioral proxy for an equity 

exhibiting a recent "positive 

trend" in abnormal returns. 

A binary variable taking the 

value of 1 if the trailing 4-

week cumulative abnormal 

return is positive, and 0 

otherwise. 

𝐴𝑆𝑉𝐼𝑖,𝑡 × 𝑀𝑜𝑚𝑒𝑛𝑡𝑢𝑚𝑖,𝑡  Interaction 

Trend-Chasing Effect: The 

asymmetric impact of attention 

on positive-trending stocks. 

The product of the 

contemporary 𝐴𝑆𝑉𝐼 

magnitude and the 

𝑀𝑜𝑚𝑒𝑛𝑡𝑢𝑚 dummy 

variable. 

𝑀𝑎𝑟𝑘𝑒𝑡 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑡  Macro-Control 

Systematic Risk: Controls for 

overarching market frenzies 

and prevents simultaneity bias 

in volume/volatility models. 

The sample standard 

deviation of the daily returns 

of the OMXPI benchmark 

index within week 𝑡. 

𝐴𝑏𝑛𝑜𝑟𝑚𝑎𝑙 𝑅𝑒𝑡𝑢𝑟𝑛s𝑖,𝑡−1 Micro-Control 

Return Mean Reversion: 

Controls for the natural 

tendency of prices to correct 

after a movement. 

The one-week autoregressive 

lag of Abnormal Returns. 

Δln(𝑉𝑜𝑙𝑢𝑚𝑒)𝑖,𝑡−1 Micro-Control 

Lagged Volume: Controls the 

baseline trajectory of trading 

liquidity. 

The one-week autoregressive 

lag of Trading Volume 

Change. 

𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖,𝑡−1 Micro-Control 

Volatility Clustering: Controls 

the phenomenon where chaotic 

weeks follow chaotic weeks. 

The one-week autoregressive 

lag of realized volatility. 
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3.7 Reliability and Validity  

This section evaluates the research design against reliability and validity criteria to maintain 

accurate, reproducible, and theoretically sound results (Bryman et al., 2022). 

3.7.1 Reliability 

Data reliability was maximized by extracting all financial metrics from S&P Capital IQ Pro 

and constraining the sample to the post-2022 regime to avoid a known algorithmic structural 

break in Google Trends data (Google Trends, n.d.). Full replicability is established by 

executing and documenting the entire estimation process within a Python Jupyter Notebook. 

To address cross-sectional dependence and serial correlation in the panel data, all models were 

estimated using firm-level clustered standard errors (Petersen, 2009). Although the cross-

sectional dimension is relatively small (N = 30), the extended time dimension (T = 222) 

provides sufficient large-sample stability to induce robust statistical inference (Baltagi, 2013). 

3.7.2 Validity 

Construct validity relies on accurately translating attention into a quantifiable metric (Bryman 

et al., 2022). Building upon the methodology of Da et al. (2011), ASVI serves as a direct proxy 

for active investor attention. To filter out general consumer noise, search queries strictly 

combined corporate names with the Swedish suffix "aktie" (stock), with the aim of isolating 

investor attention. 

Internal validity is protected through a dual control structure where OMXSPI volatility controls 

for systematic macroeconomic shocks, while autoregressive lags account for historical 

momentum and volatility clustering. Additionally, Hausman tests directed the appropriate use 

of fixed and random effects to control for unobserved firm heterogeneity (Bryman et al., 2022). 

Finally, regarding external validity, the OMXS30 limits absolute generalizability to large-cap 

Swedish firms (Bryman et al., 2022). However, because large-cap markets are highly efficient 

and institutionally dominated, separating behavioral anomalies within this segment suggests 

that these retail frictions are highly resilient market phenomena. 

3.8 Ethical Considerations 

This study adheres to strict ethical standards across data privacy, analytical integrity, and 

academic independence. Since the research relies solely on quantitative secondary data, 

concerns around respondent consent are avoided, and privacy is protected through Google 

Trends' inherently aggregated and anonymized Search Volume Index data, which cannot be 
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traced to individual users (Google Trends, n.d.; Bryman et al., 2022). Analytical bias was 

mitigated through predefined methodological constraints, including a fixed post-2022 

observation window and uniform search filters across all thirty equities, while the use of Python 

Jupyter Notebook is consistent with full transparency and reproducibility. Finally, the study 

was conducted with complete autonomy, receiving no external funding or commission, helping 

control the findings remain free from commercial bias or conflicts of interest. 

3.9 Methodological Limitations 

First, the panel OLS specification assumes a linear relationship between ASVI and each 

dependent variable. This assumption may not fully capture the true functional form of the 

attention-volatility relationship. Andrei and Hasler (2015) predict that volatility increases with 

attention at an increasing rate, implying a quadratic rather than linear association. The present 

study does not test for this non-linearity, and the linear coefficient on ASVI in Model 3 may 

therefore understate the volatility response at high levels of attention. 

Second, while the inclusion of lagged dependent variables addresses the most immediate form 

of reverse causality, whereby past market events drive current search activity, it does not fully 

resolve the endogeneity concern. A more rigorous approach would employ an instrumental 

variable strategy, using an instrument that affects search volume independently of 

contemporaneous market conditions. The absence of a suitable instrument within the available 

data means that the estimated coefficients should be interpreted as associations rather than 

causal effects. 

Third, Google Trends normalizes SVI data to a scale of zero to one hundred within each 

individual extraction window, which in principle raises concerns about cross-sectional 

comparability when stocks are extracted separately. However, since ASVI is constructed as the 

natural logarithm of the current week's SVI minus the natural logarithm of the eight-week 

rolling median, the absolute scaling of the raw SVI cancels out in the transformation. The 

resulting variable is associated with the relative deviation of search activity from each firm's 

own recent baseline rather than its absolute level, which renders cross-firm comparisons of 

ASVI magnitude valid. The normalization of the underlying raw data therefore does not 

constitute a material limitation of the empirical design. 
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4. Empirical Results 

This chapter presents the empirical findings from the quantitative analysis and relates them to 

the behavioral finance framework developed in the previous chapters. To address the research 

questions formulated in Chapter 1 and the hypotheses developed in Chapter 2, three panel data 

regressions were estimated. The models use clustered standard errors and include 

autoregressive lags to account for short-term dependence on the data. The chapter is structured 

as follows: Section 4.1 displays the descriptive statistics of the study’s variables. Section 4.2 

examines the relationship between retail attention and abnormal returns, including the role of 

momentum. Section 4.3 analyzes the association between attention and changes in trading 

volume. Section 4.4 evaluates the relationship between attention shocks and realized volatility. 

4.1 Descriptive Statistics 

Table 2: Summary of Various Statistics for the Variables 

Variable Obs. Mean Median Std. Dev. Min Max Skewness 

Abnormal Return 6360 0.0006 0.0008 0.0324 -0.2212 0.2003 -0.1402 

Δln(Volume) 6360 -0.0027 -0.0017 0.6865 -3.2998 3.8573 0.005 

Volatility 6360 0.0154 0.013 0.0099 0.0004 0.1116 2.244 

ASVI 6360 -0.0038 0 0.73 -4.4967 5.3148 0.3127 

Market Volatility 6360 0.0096 0.0085 0.0051 0.0019 0.0393 1.6289 

Momentum 6360 0.5209 1 0.4996 0 1 -0.0837 

 

Table 2 presents the descriptive statistics for the 6 360 firm-week observations, and the dataset 

constitutes a well-balanced panel. As anticipated by standard asset pricing theory, firm-level 

Volatility (mean = 0.0154) exhibits a higher baseline magnitude than systematic Market 

Volatility (mean = 0.0096) (Campbell et al., 2001). Furthermore, both volatility metrics display 

significant positive skewness, confirming the presence of right-tailed variance shocks and 

justifying the deployment of clustered standard errors (Petersen, 2009). Crucially, the ASVI 

presents a median of exactly 0 and a mean close to zero (-0.0038), validating the effectiveness 

of the 8-week rolling median baseline in successfully separating temporary attention shocks 

from static consumer noise (Da et al., 2011). Finally, the momentum dummy indicates that 
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52.09% of the firm-week observations occurred during periods of positive trailing returns, 

providing a well-balanced distribution for interaction testing. 

4.2 Model 1: Abnormal Returns 

Table 3: Abnormal Returns 

 
(1) 

Abnormal Returns 

(2) 

Abnormal Returns 

(3) 

Abnormal Returns 

Constant 0.0006*** 0.0046*** 0.0044*** 

 (2.026e-06) (0.0015) (0.0015) 

ASVI 0.0007 0.0013* -0.0019*** 

 (0.0006) (0.0007) (0.0007) 

ASVIt-1 -0.0001 -0.0003 -0.0002 

 (0.0003) (0.0004) (0.0004) 

Abnormal Returnst-1  -0.0310*** -0.0347*** 

  (0.0111) (0.0108) 

Volatility  -0.4367*** -0.4327*** 

  (0.0986) (0.0975) 

Market Volatility  0.2910*** 0.2999*** 

  (0.1035) (0.1023) 

ASVI × Momentum   0.0067*** 

   (0.0025) 

Estimator PanelOLS PanelOLS PanelOLS 

No. Observations 6360 6360 6360 

Cov. Est. Clustered Clustered Clustered 

R2 (Overall) 0.0002 0.0126 0.0191 

F-statistic 0.6656 17.455 20.564 

P-value (F-stat) 0.5140 0.0000 0.0000 

Fixed Effects Entity Entity Entity 

Note: Firm (i) and week (t) subscripts are omitted from the variables for readability. Variables denoted with (t-1) 

represent one-week autoregressive lags. Standard errors are in parentheses. ***, **, * indicate significance at 1%, 

5%, 10% respectively. Column 1 displays the regression results of the fixed-effects Model 1 using only Abnormal 

Returns, ASVI and one-week lagged ASVI, column 2 includes the control variables, and lastly, column 3 includes 

the control variables and the interaction variable. 
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Table 3 reports the fixed-effects panel regression estimating the relationship between retail 

investor attention and weekly abnormal returns. The three specifications show that the 

explanatory power of the model improves when control variables and the interaction term are 

introduced, and the full model is jointly significant. 

In the full model, the coefficient on attention variable, ASVI, is negative and statistically 

significant (-0.0019, p < 0.01), while the lagged attention variable, ASVIt-1, is not statistically 

significant. On its own, this suggests that abnormal search activity does not translate into a 

general positive effect on abnormal returns. Instead, the return effect appears to depend on the 

market context in which attention arises.   

The most important result in Model 1 is therefore the interaction term between ASVI and 

Momentum. The coefficient on ASVI × Momentum is positive and statistically significant 

(0.0067, p < 0.01), indicating that attention amplifies existing trends rather than creating new 

ones. When abnormal attention is directed toward stocks that have already exhibited positive 

recent momentum, the combined effect on abnormal returns becomes positive. In the full 

model, this net effect is approximately 0.0048 (-0.0019 + 0.0067), which suggests that attention 

is associated with stronger short-term returns in stocks that are already trending upward. 

Economically, this implies that a one-unit increase in abnormal attention increases abnormal 

returns by roughly 0.48% (weekly) in stocks with positive momentum.  

The control variables further help interpret this pattern. The lagged abnormal return variable is 

negative and highly significant (-0.0347, p < 0.01), indicating a 3.47% weekly mean reversion, 

which is consistent with short-term mean reversion in returns. At the same time, market 

volatility is positive and statistically significant (0.2999, p < 0.01), indicating that broader 

market conditions remain important for short-term price dynamics. These controls reduce the 

risk that the interaction effect simply reflects general market drift or mechanical reversal.   

At the same time, the relatively low R2 suggests that abnormal returns remain influenced by 

many factors beyond retail attention, which means that the estimated attention effect should be 

interpreted as one relevant mechanism rather than a complete explanation of short-term return 

variation. 

Taken together, the results provide support for Hypothesis 1, but in a conditional rather than 

general sense. The findings do not show that abnormal retail attention systematically raises 

abnormal returns across all observations. Instead, they indicate that attention is more strongly 
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associated with positive abnormal returns when it coincides with stocks that already display 

positive momentum. This pattern is consistent with theories of positive feedback trading and 

trend-chasing, where investor attention appears to reinforce ongoing price trends rather than 

affect all stocks in the same way. 

4.3 Model 2: Change in Trading Volume 

Table 4: Change in Trading Volume 

 
 

(1) 

Δln(Volume) 

(2) 

Δln(Volume) 

(3) 

Δln(Volume) 

Constant -0.0025*** -0.0675*** -0.0664*** 

 (0.0005) (0.0083) (0.0084) 

ASVI 0.0883*** 0.0883*** 0.1081*** 

 (0.0307) (0.0299) (0.0350) 

ASVIt-1 -0.0789*** -0.0468*** -0.0473*** 

 (0.0264) (0.0171) (0.0171) 

Δln(Volume)t-1  -0.4729*** -0.4732*** 

  (0.0072) (0.0072) 

Market Volatility  6.8680*** 6.7994*** 

  (0.8659) (0.8746) 

ASVI × Momentum   -0.0402** 

   (0.0189) 

Estimator RandomEffects RandomEffects RandomEffects 

No. Observations 6360 6360 6360 

Cov. Est. Clustered Clustered Clustered 

R2 (Overall) 0.0116 0.2326 0.2331 

F-statistic 37.282 481.57 386.18 

P-value (F-stat) 0.0000 0.0000 0.0000 

Note: Firm (i) and week (t) subscripts are omitted from the variables for readability. Variables denoted with (t-1) 

represent one-week autoregressive lags. Standard errors are in parentheses. ***, **, * indicate significance at 1%, 

5%, 10% respectively. Column 1 displays the regression results of the random-effects Model 2 using only 

Δln(Volume), ASVI and one-week lagged ASVI, column 2 includes the control variables, and lastly, column 3 

includes the control variables and the interaction variable. 
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Table 4 reports the random-effects panel regression estimating the relationship between retail 

investor attention and the week-over-week change in trading volume. The explanatory power 

of the model increases substantially once the control variables are included, and the full 

specification explains 23.31% of the variation in weekly volume changes (R² = 0.2331). The 

overall model is also highly significant, which suggests that the specification is associated with 

an economically meaningful part of the short-term variation in trading activity.  

The main result in Model 2 is the strong positive coefficient on the attention variable, ASVI. 

In the full model, the coefficient is 0.1081 (p < 0.01). Economically, this indicates that a one-

unit increase in abnormal search activity is associated with an approximately 10.8% increase 

in weekly trading volume. This supports the view that attention shocks are translated into 

immediate market participation and increased liquidity at the stock level. In that sense, the 

result is consistent with Hypothesis 2 and with earlier literature linking investor attention to 

trading activity rather than to returns alone.   

At the same time, the lagged attention variable is negative and statistically significant (-0.0473, 

p < 0.01). This suggests that the liquidity effect of attention is short-lived. Implying a "cooling-

off" period where roughly 44% of the initial volume surge (0.0473 / 0.1081) is reversed in the 

following week. A plausible interpretation is that attention shocks trigger temporary bursts of 

trading activity that fade once investor focus shifts elsewhere.   

The interaction term between ASVI and Momentum is also negative and significant (-0.0402, 

p < 0.05). This indicates that although attention generally increases trading volume, the strength 

of this effect is weaker for stocks that already exhibit positive recent momentum. One possible 

interpretation is that attention directed toward already rising stocks contributes more to 

directional buying pressure than to raw turnover, while attention directed toward non-trending 

or less established stocks generates relatively more short-term trading activity. This result 

should, however, be interpreted with some caution, since the interaction effect is associated 

with a more specific behavioral mechanism than the main volume effect itself.   

The control variables reinforce the overall interpretation of the model. Lagged trading volume 

is strongly negative (-0.4732, p < 0.01), which is consistent with short-term reversal in weekly 

changes in liquidity. Market volatility is positive and highly significant (6.7994, p < 0.01), 

showing that broader market conditions remain an important driver of trading intensity. Even 

after controlling for these factors, the ASVI variables remain significant, which indicates that 

investor attention retains an independent association with stock-level trading activity. Taken 
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together, the findings provide support for Hypothesis 2 which is that abnormal retail investor 

attention is positively associated with short-term changes in trading volume in OMXS30. 

4.4 Model 3: Realized Volatility 

Table 5: Volatility 

 
(1) 

Volatility 

(2) 

Volatility 

(3) 

Volatility 

Constant 0.0154*** 0.0070*** 0.0070*** 

 (2.669e-06) (0.0006) (0.0006) 

ASVI 0.0015** 0.0015** 0.0017** 

 (0.0007) (0.0006) (0.0007) 

ASVIt-1 -0.0006*** -0.0005*** -0.0005*** 

 (0.0002) (0.0001) (0.0001) 

Market Volatility  0.7322*** 0.7316*** 

  (0.0583) (0.0584) 

Volatilityt-1  0.0885*** 0.0884*** 

  (0.0157) (0.0157) 

ASVI × Momentum   -0.0003* 

   (0.0002) 

Estimator PanelOLS PanelOLS PanelOLS 

No. Observations 6360 6360 6360 

Cov. Est. Clustered Clustered Clustered 

R2 (Overall) 0.0135 0.1991 0.2013 

F-statistic 42.668 398.07 318.75 

P-value (F-stat) 0.0000 0.0000 0.0000 

Fixed Effects Entity Entity Entity 

Note: Firm (i) and week (t) subscripts are omitted from the variables for readability. Variables denoted with (t-1) 

represent one-week autoregressive lags. Standard errors are in parentheses. ***, **, * indicate significance at 1%, 

5%, 10% respectively. Column 1 displays the regression results of the fixed-effects Model 3 using only Volatility, 

ASVI and one-week lagged ASVI, column 2 includes the control variables, and lastly, column 3 includes the 

control variables and the interaction variable.  

Table 5 reports the fixed-effects panel regression estimating the relationship between retail 

investor attention and realized weekly volatility for OMXS30 equities. The explanatory power 
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of the model increases substantially once the control variables are included, and the full model 

explains 20.13% of the variation. The model is also jointly significant, which indicates that the 

specification is associated with an important part of short-term price instability at the firm level.   

The main result in Model 3 is the positive and statistically significant coefficient on the ASVI 

variable. In the full model, the coefficient is 0.0017 (p < 0.05). This indicates that a one-unit 

increase in abnormal retail attention is associated with a 0.17% increase in realized weekly 

volatility. This finding is consistent with Hypothesis 3 and supports the view that sudden 

increases in retail attention are linked to stronger short-term price fluctuations. In this sense, 

the result aligns with earlier literature suggesting that search-based attention is associated not 

only with trading activity, but also with market instability. 

The lagged attention variable is negative and highly significant (-0.0005, p < 0.01). This 

suggests that approximately 29% of the initial volatility surge is reversed in the following week. 

A reasonable interpretation is that attention shocks create temporary fluctuations that diminish 

once the initial surge in investor focus fades. 

The interaction term between ASVI and Momentum is negative and weakly significant (-

0.0003, p < 0.10). This indicates that the volatility response to attention is somewhat weaker 

for stocks that already exhibit positive recent momentum. One possible interpretation is that 

attention directed toward already trending stocks generates more one-sided trading behavior 

and therefore slightly less short-term volatility than attention directed toward stocks without a 

clear prior trend. However, this interaction effect is comparatively small and only marginally 

significant and should therefore be interpreted with caution. 

The control variables confirm that the volatility model is well specified. Lagged volatility is 

positive and highly significant (0.0884, p < 0.01), which is consistent with standard volatility 

clustering in financial markets. Market volatility is also positive and strongly significant 

(0.7316, p < 0.01), showing that broader market conditions remain an important driver of stock-

level volatility. Even after controlling these factors, the attention variables remain significant, 

which suggests that retail attention retains an independent association with realized volatility. 

Taken together, the findings provide support for Hypothesis 3 which is that abnormal retail 

investor attention is positively associated with excess short-term volatility in OMXS30. 
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5. Discussion 

The purpose of this study was to describe the relationship between retail investor attention and 

short-term stock market dynamics in the OMXS30 on Nasdaq Stockholm, using Google search 

activity as a proxy for attention. The three research questions asked whether abnormal retail 

investor attention is associated with short-term abnormal returns, changes in trading volume, 

and realized volatility. This chapter discusses the empirical findings in relation to the 

theoretical framework developed in Chapter 2, before addressing the limitations of the study 

and its broader societal implications. 

5.1 Retail Attention and Abnormal Returns 

The results for abnormal returns provide only partial support for the return-based attention 

story and offer partial support for rejecting the first null hypothesis. In the full return model, 

the direct contemporaneous ASVI coefficient is negative and statistically significant, while the 

lagged ASVI effect is not statistically significant. Taken at face value, this suggests that 

abnormal search activity does not translate into a general positive effect on abnormal returns 

across OMXS30 stocks, which is more consistent with the Efficient Market Hypothesis than 

with the price-pressure mechanism proposed by Da et al. (2011). Under semi-strong form 

efficiency, publicly available search data should be rapidly incorporated into prices and should 

not systematically predict abnormal returns (Fama, 1970), and the absence of a broad positive 

ASVI effect is consistent with this prediction in a large-cap institutionally dominated market. 

However, the most important result in the return model is the interaction between ASVI and 

Momentum, which is positive and highly significant. This indicates that the return effect of 

retail attention is not uniform but asymmetric, attention is more strongly associated with 

positive abnormal returns when directed toward stocks that already exhibit positive recent 

momentum. This finding is consistent with the extrapolative expectations mechanism 

developed in Section 2.4. Barberis et al. (1998) argue that boundedly rational investors place 

excessive weight on recent price sequences and extrapolate past trends into future expectations, 

generating short-term momentum that is driven by behavioral rather than fundamental forces. 

De Long et al. (1990) further show that positive feedback traders systematically buy stocks 

with recent positive performance, and that rational speculators may reinforce rather than correct 

this trend in the short run by trading ahead of anticipated feedback demand. The significant 

interaction term therefore suggests that retail attention in the OMXS30 functions as a 
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behavioral catalyst that amplifies existing momentum rather than generating independent price 

pressure across all stocks equally. 

This more conditional return result is also consistent with the broader international literature. 

Earlier U.S. evidence, especially Da et al. (2011), suggests that abnormal search volume may 

be followed by short-term price pressure and later reversal. However, the later international 

literature shows that the return effect is less stable across countries and sample periods, with 

studies in Norway, Turkey, and Germany finding weaker or inconsistent return predictability 

(Bank et al., 2011; Ekinci & Bulut, 2021; Kim et al., 2019). The OMXS30 results fit this 

broader pattern: search-based investor attention does not appear to produce a strong and 

universal return effect in a mature large-cap setting but still emerges conditionally when 

attention interacts with specific price patterns such as recent momentum. 

5.2 Retail Attention and Trading Volume 

The results for trading volume are considerably stronger and more direct, providing support for 

rejecting the second null hypothesis. The volume model shows a positive and highly significant 

contemporaneous relationship between ASVI and weekly changes in trading volume, while the 

lagged ASVI variable is negative and significant. This suggests that abnormal search activity 

is associated with a short-term increase in market participation that fades in the following week, 

pointing to the temporary nature of the attention shock. 

This pattern is closely aligned with the theoretical framework developed in Chapter 2. Barber 

and Odean (2008) argue that attention affects buying decisions more strongly than selling 

decisions because individual investors face a large search problem when deciding what to buy, 

while selling decisions are made from a much narrower set of already-held stocks. This 

asymmetry implies that attention shocks should first and foremost affect market participation 

rather than prices, since retail investors respond to salient stocks primarily by buying rather 

than by shorting. The strong positive ASVI coefficient in the volume model is consistent with 

the asymmetric attention mechanism where abnormal search activity translates into 

coordinated retail order flow that increases turnover in the short run before fading as investor 

focus shifts elsewhere. 

The negative interaction term between ASVI and Momentum in the volume model further 

suggests that the volume response to attention is somewhat weaker for stocks that already 

exhibit positive recent momentum. A plausible interpretation, grounded in the noise trader 

framework of De Long et al. (1990), is that when attention is directed at already-trending 
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stocks, a larger share of the behavioral effect is reflected in directional price pressure rather 

than in raw turnover, since investors in those stocks are more likely to be trend-chasing in a 

coordinated direction rather than generating two-sided trading activity. This interaction should 

however be interpreted with caution, as it is associated with a more specific behavioral 

mechanism than the main volume effect. 

The finding that attention is more robustly connected to trading volume than to returns receives 

consistent empirical support from international literature. Bank et al. (2011) find that higher 

Google search volume for German firms is associated with increased trading activity and 

improved liquidity. Takeda and Wakao (2014) report a similar pattern for Japanese stocks, 

where search intensity is strongly positively related to trading volume while the relation with 

returns is much weaker. Kim et al. (2019) reach the same conclusion in Norway. The OMXS30 

evidence therefore fits a well-established cross-market pattern: investor attention functions as 

a trigger for retail trading activity more reliably than as a predictor of abnormal returns. 

5.3 Retail Attention and Realized Volatility 

The volatility model provides meaningful support for rejecting the third null hypothesis. ASVI 

is positively and significantly associated with realized volatility, while the lagged ASVI effect 

is negative and significant. This again points to a short-lived attention effect, where abnormal 

search activity coincides with stronger price fluctuations in the same week but a partial reversal 

in the following one. 

This result is directly consistent with the theoretical framework of Andrei and Hasler (2015), 

developed in Section 2.6. Their model predicts that attention determines the speed at which 

information is incorporated into prices: when attention is high, investors process news more 

quickly and prices adjust faster, which increases return volatility in the short run. The positive 

ASVI coefficient in the volatility model aligns with this prediction, suggesting that periods of 

heightened retail search activity coincide with faster and more volatile price adjustment in 

OMXS30 stocks. The negative lagged ASVI coefficient further suggests that this volatility 

effect is temporary, consistent with Andrei and Hasler's argument that increased attention 

reduces uncertainty over time through faster learning, that the initial volatility spike is followed 

by stabilization. 

The noise trader framework of De Long et al. (1990) and the limits to arbitrage argument of 

Shleifer and Vishny (1997) provide a complementary explanation. When attention shocks drive 

coordinated retail buying, the resulting behavioral noise temporarily disconnects prices from 
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fundamental value. Professional arbitrageurs may not fully correct this mispricing in the short 

run due to capital constraints and noise trader risk, allowing the attention-driven price 

fluctuations to persist long enough to be visible in weekly realized volatility measures. The 

volatility effect therefore reflects not only faster information processing, as Andrei and Hasler 

predict, but also the market instability generated by attention-driven behavioral noise. 

The interaction between ASVI and Momentum in the volatility model is negative and only 

weakly significant, suggesting some moderation of the volatility response for stocks already 

exhibiting positive recent trends. This part of the result should not be overstated, but it is 

broadly consistent with the idea that attention directed at already-trending stocks generates 

more one-sided and therefore slightly less volatile trading behavior than attention directed at 

stocks without a clear prior trend. The stronger and more reliable finding remains that abnormal 

retail attention is associated with short-term increases in stock-level volatility even after 

controlling for lagged volatility and broader market conditions. 

5.4 Overall Interpretation 

Taken together, the three models point toward a coherent overall interpretation. In the 

OMXS30, abnormal search volume appears to be more informative for explaining when stocks 

are traded more intensively and when their prices become more volatile than for explaining a 

general short-term abnormal return premium. This pattern is consistent with the broader 

theoretical tension between market efficiency and behavioral finance that motivates the study. 

The OMXS30 is a highly institutionalized and liquid market where the conditions for semi-

strong efficiency are relatively well met, which limits the ability of retail attention to generate 

persistent pricing anomalies. At the same time, the bounded rationality of retail investors and 

the limits to arbitrage facing professional traders suggest that attention shocks are not fully 

absorbed without trace. Instead, they leave visible marks in trading activity and short-term 

price instability, even if they are not associated with a general abnormal return effect. 

This overall pattern also represents the main contribution of the thesis relative to existing 

literature. The study does not simply examine whether the classic U.S. price-pressure result of 

Da et al. (2011) can be replicated in Sweden. Instead, the findings suggest that in a modern 

Swedish large-cap setting, search-based investor attention is more clearly associated with 

market activity and short-term instability than with a general abnormal return effect, and that 

any return effect that does emerge is conditional on momentum rather than general. This 

distinction is important because it suggests that investor attention can still matter in relatively 
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efficient and highly liquid markets, but that its effects are most visible in the trading process 

and price stability rather than in a persistent pricing anomaly. 

5.5 Limitations 

The results should be interpreted with appropriate caution considering several limitations. First, 

retail investor attention is measured indirectly through Google search activity rather than 

through direct observations of retail trading behavior. Although the search term construction 

using the Swedish financial suffix "aktie" was designed to separate investor-specific queries 

and reduce general consumer noise, Google SVI remains a proxy measure that cannot perfectly 

separate financial information demand from other forms of search activity. 

Second, the sample reflects the OMXS30 composition as of March 2026 rather than the index's 

evolving historical membership, meaning firms that were constituents during the observation 

window but exited before March 2026 are excluded entirely, as discussed in Section 3.2.1. This 

introduces a form of selection bias based on endpoint membership, in that the included firms 

are, by construction, those that retained sufficient size and liquidity to remain in the index 

through the full observation period, while firms that were demoted or restructured during the 

window are absent. Given the relative stability of OMXS30 constituent membership and the 

fact that the study focuses on the relationship between attention shocks and market outcomes 

rather than on return levels, this selection is unlikely to materially distort the main findings. 

Nevertheless, it represents a constraint on the generalizability of the sample definition that 

future research could address by constructing the panel using point-in-time index membership 

records. 

Third, the abnormal return variable is constructed using a market-adjusted model that implicitly 

assumes a beta of one for all firms, meaning that each stock's return is benchmarked directly 

against the OMXSPI market index without adjusting for firm-specific systematic risk exposure. 

This is a simplifying assumption that may not hold uniformly across the heterogeneous firms 

of the OMXS30, where factor exposures vary considerably across sectors. Stocks with betas 

substantially above or below one may therefore have their abnormal returns systematically 

over- or understated, which could affect the precision of the return model estimates. A risk-

adjusted model such as the Fama-French three-factor framework would provide a more precise 

benchmark, and future research would benefit from adopting such an approach. 

Fourth, the models identify short-term statistical associations rather than definitive causal 

effects. Even with lagged controls and clustered standard errors, the possibility that search 
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activity and market outcomes are jointly driven by common underlying events, such as earnings 

announcements, index rebalancings, or macroeconomic news, cannot be fully ruled out without 

a valid instrumental variable strategy. These limitations do not invalidate the findings, but they 

mean that the results are best interpreted as consistent and robust short-run associations rather 

than evidence of strictly one-directional causal mechanisms. 

5.6 Societal Implications 

Beyond the academic contribution, these findings carry significant societal implications, 

particularly within the highly digitalized Swedish economy where retail equity participation, 

especially among younger people, is at record levels (Euroclear Sweden, 2026). If attention-

driven trading systematically generates short-term price instability and reinforces momentum 

without fundamental backing, retail investors face a heightened risk of wealth destruction 

during attention-induced market corrections. The incentivization of retail trading through low-

cost platforms and the rapid dissemination of digital information mean that cognitive 

constraints are increasingly manifesting as tangible financial risks for ordinary households 

(Bontadini et al., 2024). Consequently, these results are relevant for regulatory bodies such as 

the Swedish Financial Supervisory Authority (Finansinspektionen), where monitoring 

alternative digital data streams such as search volume intensity could serve as an early-warning 

mechanism for identifying localized market overheating and periods of elevated risk for non-

professional market participants. 
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6. Conclusion 

This thesis shows that retail investor attention, to some extent, is associated with short-term 

stock market dynamics in the OMXS30 on Nasdaq Stockholm. The starting point of the study 

was the tension between traditional asset pricing theory and behavioral finance. While efficient 

market theory suggests that publicly available information should already be reflected in prices, 

behavioral finance implies that limited attention may create temporary distortions in returns, 

trading activity, and volatility. The central problem was therefore not only whether investor 

attention matters, but also which market outcomes it is most useful for explaining in a modern 

Swedish large-cap setting. 

The first research question asked whether abnormal retail investor attention is associated with 

short-term abnormal returns in OMXS30. The results provide only limited support for a general 

return effect. The direct relationship between abnormal search volume and abnormal returns is 

not consistently strong across specifications. However, the positive and significant interaction 

between abnormal search volume and momentum suggests that retail attention is more relevant 

when it is directed toward stocks that already exhibit a positive recent trend. The return effect 

therefore appears to be conditional rather than general. 

The second research question asked whether abnormal retail investor attention is associated 

with short-term changes in trading volume. Here, the results are clearer. Abnormal retail 

attention is positively associated with changes in trading volume, while the lagged effect is 

negative. This suggests that attention shocks are translated quickly into market activity, but 

that the effect weakens over time. 

The third research question asked whether abnormal retail investor attention is associated with 

excess stock price volatility in OMXS30. The results also support this relationship. Abnormal 

retail attention is positively associated with realized volatility, while the lagged effect is 

negative, indicating that attention shocks are linked to short-term price instability rather than 

to persistent volatility over longer horizons.  

The main contribution of this thesis is that it provides evidence from a Swedish large-cap 

setting, where no previous study has examined search-based retail investor attention using post-

2022 Google Trends data. The study also contributes by showing that investor attention does 

not affect all market outcomes equally. In the OMXS30, search-based attention appears to be 

more useful for understanding trading activity and short-term volatility than for identifying a 
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broad abnormal return effect. This adds to the existing literature suggesting that retail attention 

is more consistently reflected in market participation and instability than in predictable price 

movements. 

An important lesson from the analysis is therefore that retail attention should not be understood 

only as a possible return predictor. In a highly digitalized and institutionally followed market, 

its stronger role may instead lie in explaining how intensely stocks are traded and how unstable 

prices become in the short run. This is relevant not only for academic research, but also for 

market participants, analysts, and regulatory actors interested in how retail attention is 

transmitted into observable market behavior. 

Furthermore, the study has important limitations. Retail investor attention is measured 

indirectly through Google search activity rather than through direct observations of retail 

trading. The analysis is also limited to OMXS30 firms, which means that the findings are most 

directly relevant to large and liquid Swedish equities. In addition, the study identifies short-

term statistical relationships rather than definitive causal effects, which means that the results 

should be interpreted with appropriate caution. 

Future research could extend the analysis to Swedish mid-cap and small-cap firms, where 

attention effects may be stronger. It would also be valuable to combine search-based attention 

measures with direct retail trading data or alternative proxies such as news coverage and social 

media activity. Overall, the main conclusion of this thesis is that in the Swedish OMXS30, 

abnormal retail investor attention is clearly associated with trading volume and volatility, while 

its relationship with abnormal returns is weaker and depends more on momentum conditions. 
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Appendix 

Appendix A: Companies included in the sample and their Google Trends search terms 

Company Ticker Search term used 

ABB Ltd ABB Abb aktie 

Addtech AB  ADDT B Addtech aktie 

Alfa Laval AB ALFA Alfa laval aktie 

ASSA ABLOY AB ASSA B Assa abloy aktie 

AstraZeneca PLC AZN Astrazeneca aktie 

Atlas Copco AB  ATCO A Atlas copco aktie 

Boliden AB BOL Boliden aktie 

Epiroc AB ser. A EPI A Epiroc aktie 

EQT AB EQT Eqt aktie 

Ericsson, Telefonab. L M ERIC B Ericsson aktie 

Essity AB  ESSITY B Essity aktie 

Evolution AB EVO Evolution aktie 

Hennes & Mauritz AB  HM B Hm aktie 

Hexagon AB HEXA B Hexagon aktie 

Industrivärden AB  INDU C Industrivärden aktie 

Investor AB  INVE B Investor aktie 

Lifco AB  LIFCO B Lifco aktie 

NIBE Industrier AB  NIBE B Nibe aktie 

Nordea Bank Abp NDA SE Nordea aktie 

Saab AB SAAB B Saab aktie 

Sandvik AB SAND Sandvik aktie 

Skandinaviska Enskilda Banken  SEB A Seb aktie 

Skanska AB SKA B Skanska aktie 

SKF AB SKF B Skf aktie 

Svenska Cellulosa AB SCA SCA B Sca aktie 

Svenska Handelsbanken  SHB A Handelsbanken aktie 

Swedbank AB SWED A Swedbank aktie 

Tele2 AB  TEL2 B Tele2 aktie 

Telia Company AB TELIA Telia aktie 

Volvo AB VOLV B Volvo aktie 
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Appendix B: Hausman tests results 

Model 1: 

======================================== 

        HAUSMAN TEST RESULTS 

Chi-Squared Statistic: 17.4088 

P-Value:               0.0149 

---------------------------------------- 

Reject Null Hypothesis. 

Conclusion: Fixed Effect is appropriate. 

 

Model 2: 

======================================== 

        HAUSMAN TEST RESULTS 

Chi-Squared Statistic: 0.0935 

P-Value:               1.0000 

---------------------------------------- 

Fail to Reject Null Hypothesis. 

Conclusion: Random Effects are appropriate. 

 

Model 3: 

======================================== 

        HAUSMAN TEST RESULTS 

Chi-Squared Statistic: 40.8810 

P-Value:               0.0000 

---------------------------------------- 

Reject Null Hypothesis. 

Conclusion: Fixed Effect is appropriate. 
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Appendix C: Correlation table 

 

Appendix D: Usage of AI 

In accordance with institutional guidelines, generative AI was employed in this thesis solely for language editing, proofreading, 

and identifying structural inconsistencies in early drafts. We confirm that all underlying ideas, econometric analyses, and final 

conclusions remain our exclusive intellectual property, and every citation and empirical reference has been independently 

verified for accuracy. 
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