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ABSTRACT
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This thesis investigates investor strategies and volatility. Investors use different strategies to
trade in the stock markets, and especially individual investors are prone to behavioral biases.
There have been multiple attempts to cluster different investor strategies in the literature, and it
has been found that clusters of investors with similar trading strategies do exist. Market volatility
has also been shown to have an effect on trading activity as well as trading strategies.

We used data of Finnish large cap stocks to determine which factors affect the heterogeneity
of investor strategies. The data consisted of anonymized investor IDs, stock prices and announce-
ments per security ID. Methodically, we used multiple linear regression to study the relation be-
tween the heterogeneity of investor strategies and other factors, such as intra-daily volatility, total
volume and announcements. Security IDs and seasonality factors were also controlled. The
proxy for the heterogeneity of investor strategies was evaluated by calculating the degree of het-
erogeneity of investor strategies for each day. The intra-daily volatility was calculated for each day
by dividing each day into time buckets and evaluating standard deviation of logarithmic returns.

We found that there is a statistically significant negative correlation between the proxy for the
heterogeneity of investor strategies and the intra-daily volatility. This might be because investors
tend to revert to herding behavior when the stock markets turn volatile. In addition, when volatility
is low, investors apply a number of different non-homogeneous strategies. The total volume was
also highly positively correlated with the proxy. However, this correlation was expected considering
how the proxy was built. Announcements did not have a significant effect on the proxy.
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TIVISTELMA
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Téassé diplomitydssa tutkitaan sijoittajastrategioita ja volatiliteettia. Sijoittajat kayttavat erilai-
sia strategioita osakemarkkinoilla sijoittamiseen, ja erityisesti yksityisilla sijoittajilla on taipumus
kayttaytymisvaaristymiin. Kirjallisuudessa on kuvailtu useita yrityksia klusteroida erilaisia sijoitta-
jastrategioita ja on saatu ndyttéa sijoittajien klusteroitumisesta erilaisten sijoittajastrategioiden pe-
rusteella. Markkinavolatiliteetilla on myds havaittu olevan vaikutusta kaupankayntiaktiivisuuteen ja
-strategioihin.

Tassa tydssa kdytamme suomalaisten suuryritysten osakedataa maaritelldksemme mitka teki-
jat vaikuttavat sijoittajastrategioiden heterogeenisyyteen. Data koostuu anonymisoiduista sijoitta-
jatunnuksista, osakkeiden hinnoista ja pdrssitiedotteiden ajankohdista. Metodina kdytdmme usean
muuttujan lineaarista regressiota selvittddksemme sijoittajastrategioiden heterogeenisyyden ja mui-
den tekijéiden, kuten paivittaisen volatiiliteetin, kokonaisvolyymin ja pdrssitiedotteiden ajankohtien,
vélilla. My6és arvopaperikoodeja ja kausivaihteluja kaytettiin kontrollimuuttujina. Sijoittajastrategioi-
den heterogeenisyytta arvioitiin laskemalla sijoittajastrategioiden heterogeenisyyden aste jokai-
selle paivélle. Paivittainen volatiliteetti laskettiin jokaiselle paivélle jakamalla jokainen paiva aika-
véleihin ja laskemalla logaritmisten tuottojen keskihajonta.

Havaitsimme sijoittajastrategioiden heterogeenisyyden vaihteluvalin ja paivittaisen volatiliteetin
valilla tilastollisesti merkittdvan negatiivisen korrelaation. Taméa saattaa johtua siitd, ettd sijoitta-
jat palaavat laumakayttaytymismalleihin, kun osakemarkkinat muuttuvat epavakaiksi. Liséksi, kun
volatiliteetti on pieni, sijoittajat soveltavat useita erilaisia epdhomogeenisia strategioita. Kokonais-
volyymi korreloi myds erittdin positiivisesti kaytetyn proxymuuttujan kanssa. Tama korrelaatio oli
kuitenkin odotettua proxymuuttujan muodostusmetodista johtuen. Porssitiedotteilla ei ollut merkit-
tavaa vaikutusta proxymuuttujaan.

Avainsanat: sijoittaminen, volatiliteetti, sijoittajastrategiat, lineaarinen regressio
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1 INTRODUCTION

Trading is a field that attracts numerous investors with different backgrounds, capital, and
goals. Investors in the stock markets follow different trading strategies, because for every
investor there are different goals, and also information within the market may be unevenly
spread (Kaniel et al. 2012; Ozsoylev et al. 2014).

Financial markets, especially their behavioral side, is quite difficult to study statistically
because the data does not tell why the investor did what they did. Also, data and the
calculative power for such analyses have not been available until recently. Nowadays
anonymous investor-level data is available and computers are able to crunch a large
amount of data. Many researchers have attempted to find answers for why investors
trade how they trade. For example, Grinblatt and Keloharju (2001) found multiple factors
that affect investment decisions, and Grinblatt and Keloharju (2006) show that different
attributes of individuals affect trading behavior.

Volatility plays an important role in the financial markets. Simply put, it tells how risky an
asset is, and how much profit or loss could therefore be realized. Multiple factors behind
stock market volatility have been found in the numerous studies on the subject (Aabo et
al. 2017; Mele 2007; Schwert 1989).

Musciotto et al. (2018) used network science methodology to analyze security data, and
they found that trading heterogeneity and market volatility are correlated. This means that
whenever there is high volatility on the stock markets, there is also a higher number of
different trading strategies.

This thesis aims at strengthening the claim by Musciotto et al. (2018). However, complex
methods from network science are not used, and we approach the problem by analyzing
historical security data using multi-linear regression model. The model works well when
there are multiple variables with fixed, non-random coefficients. We use this method
because it is simple yet powerful enough to capture the phenomenon we are studying.

We use data from Finnish large cap stock prices and trading volumes on investor level.
Data on news announcements is also used. The main objective of this thesis is to create
a proxy for investor strategy heterogeneity, e.g. how many different investment strategies
are in use, and investigate how stock volatility affects the proxy. Volatility and the proxy
are calculated from transaction-level data, which allows us to have more precision in our



statistical methods. This thesis does not use investor categories, meaning we do not use
different categories, e.g. institutional and household investors, to control for the results.

The research question is:
How does stock volatility correlate with the heterogeneity of investor strategies?

This thesis also tries to answer the question:
What are the most dominant factors driving the heterogeneity of investor strategies?

This thesis is structured as follows. Sections 2 and 3 are literature reviews of investor
strategies and volatility. Section 2 includes an introduction to trading in general, and
delves deeper into investor strategies and the reasons behind them. Section 3 explains
what volatility is and what are the factors affecting volatility in the stock markets. Section 4
explains the models and methods used in this thesis. This section also includes definitions
of the most important variables. In section 5, the data used in this research is described.
Results of the multi-linear regression runs are shown in section 6. The thesis is concluded
in section 7.



2 STOCK MARKETS AND INVESTOR STRATEGIES

Trading is defined as the buying and selling of goods, commodities, or services (Oxford
English Dictionary 2015). The subject of the transaction may be corn, steel, options,
stocks, or anything between. A trade always involves two counterparties, one selling and
another buying. Often there is a third-party participant between the buyer and seller con-
firming the deals and managing the trading overall. The third party can be an exchange
(for example, The New York Stock Exchange) or online service provider (a bank) taking
care of the transaction bureaucracy. Trading can be also executed over-the-counter with
two parties trading goods or market instruments that are not publicly available.

Trading is executed with many different assets in many different platforms. The most
prominent assets are stocks, but they can also be bonds, derivatives or commodities.

Stocks are traded in stock markets, also known as equity markets. Stocks are financial
instruments that are certificates of owning a part of a company. Stock owners may vote
in the company’s meetings. Stock owners are also eligible for dividends, if the company
decides to issue them. In a public limited company, a stock owner never loses more than
the price of the stock, and is therefore not liable of any liabilities if the company goes
bankrupt. (Joshi 2003)

Bonds are agreements of the bond owner being paid a principal amount at the maturity
date. In addition, coupon payments are usually paid for bonds of longer maturity terms,
for example annually (Joshi 2003). Corporate bonds are bonds emitted by a company to
finance its operations. Corporate bonds are usually riskier than government bonds, and
therefore their coupons are higher.

Derivatives are assets derived from other assets. For example, a European option gives
the owner the right to buy or sell an asset at a specific point in time at a fixed price (Joshi
2003). Derivatives are a diverse group that involve exotic derivatives where the pricing
process can be mathematically quite complex.

Commodities can also be traded. Raw or primary products, such as oil, coffee or gold,
are traded in the commodity markets. Derivatives are commonly used in the commodity
markets, including forwards, futures and options. There are far more financial transactions
than transactions involving the real products in the commodity markets. (James 2017)



Stocks are created when a company wishes to raise more capital to run its operations
(Hobson 2012). The stocks are then bought by the public at a price that the investors
think the stock is worth. In theory, the stock price is based on the discounted future cash
flows of the company, and the price changes when there is new information available.
This concept relates to market efficiency, which means that the prices always reflect the
information available in the markets (Joshi 2003). However, for this to be true, some
market participants, arbitrageurs, must take advantage of incorrect prices for the prices
to eventually represent the available information correcily.

Companies list to a stock market to have their shares become more liquid and accessible,
which makes it easier to raise capital (Hobson 2012). Stocks of public companies are
exchanged in stock exchanges where buyers and sellers are matched. Buyers make
offers and sellers make bids, and when these two match, a trade is executed.

Stocks and stock markets are a significant element in modern economics. The stock
market could be viewed as a way to make company ownership financially liquid and public.
Levine and Zervos (1998) found that stock market liquidity is correlated with a company’s
economic performance in the future.

Trading is a part of the stock markets, and people have different reasons to trade. The
reasons for an individual to trade can be explained by sensation-seeking, overconfidence
and possibly many other characteristics (Grinblatt and Keloharju 2001, 2006). Because
trading is based on decisions of actual people or algorithms coded by people, the stock
market can be viewed as a system of human interactions (Hirschey 2008).

2.1 Investor Categories

Markets involve many different investors and participants. Market participants take on
different roles that define how they act in the markets. Investors can be divided into
different groups by size or any other meaningful characteristic. Joshi (2003) classifies
three different market participants: hedger, speculator, and arbitrageur.

A hedger reduces the financial risk by using financial instruments, a speculator increases
their risks to create more profit, and an arbitrageur tries to make profit without any risk by
exploiting differences in prices. Investors in the stock markets are typically speculators;
however, arbitrageurs must also exist in the markets.

Investor categories do matter when studying trading activity. Investors can be catego-
rized into two broad categories of institutional investors and retail or household investors.
Institutional investors can be defined as not being physical persons but for example pen-
sion funds, mutual funds and insurance companies (Gelik and Isaksson 2013). Retall
investors are physical persons, typically holding a much smaller investment portfolio than
institutional investors.



Institutional investors are the biggest players in the equity markets (Basak and Pavlova
2013). It is obvious that their trading decisions affect markets the most because of their
large portfolios. Holdings of institutional investors has risen from 37.5% percent to 56.7%
between 1980 and 2006 in the U.S. market (French 2008). The role of institutional in-
vestors has therefore risen during the last few decades. Barber and Odean (2000) note
that institutional investors prefer stocks of large companies.

While institutional investors hold larger volumes of stocks, the largest amount of investors
fall into the household investors category (Musciotto et al. 2018). According to Barber
and Odean (2000), household investors tend to pick small stocks with high market risks.
They also trade too much, generating high trading costs that are not offset by their profits.
Kaniel et al. (2012) found that after an earnings announcement, individuals trade in the
opposite direction of returns before the news, and in the opposite direction of the earnings
news. They call these irrational strategies as "return-contrarian" and "news-contrarian”.
Campbell (2006) claim that households make a lot of investment mistakes. These findings
are not surprising, as households are compared to institutional investors, who are a lot
more professional and sophisticated in their trading decisions. Households are not a
homogeneous pack of people, and people with high income and wealth invest more in
stocks (Campbell 2006).

Retail, or individual investors’ trading activity affects the markets in many different ways.
Individual investors’ buying and selling activity correlates with the stock prices of the fol-
lowing month (Kaniel et al. 2008). When some retail investors are buying a share, other
individuals will also buy the same stock, creating higher returns for the stocks that are
popular (Kumar and Lee 2006). While institutional investors are the biggest players in
stock markets, individuals are also significant.

While investors can be categorized, as by Baltakys et al. (2018), it is important to note
that investors are very heterogeneous in their attributes. Musciotto et al. (2018) show that
investors have different frequencies for trading, reactions to earnings announcements,
types of portfolios, and patterns of trading decisions, even if their legal entities are similar.

2.2 Investor Strategies

There is a number of analytical methods that are widely used when making investment
decisions, but that does not mean the results are used in the same way. Different peo-
ple and institutions have dissimilar requirements for their investments. According to the
efficient-market hypothesis, prices always follow information (Fama 1970). Many theo-
retical models claim that if investors were rational, there should not be any trade at all
(Aumann 1976; Milgrom and Stokey 1982). However, it is known that investors are not
rational and investors tend to have limited understanding of their own strategies (Gonza-
lez 2017). This suggests that investors do not follow a simple set of rules and formulas



to make the best decisions. According to some empirical research (Odean 1999), often
active trading does not even cover the transaction costs of the trade, and therefore is
not beneficial at all. French (2008) estimated that an average investor in the U.S. stock
market would have created 0.67% more profit within 1980—2006 if they did not invest ac-
tively. However, trading does occur, and some investors do it very regularly. To find out
why, there is a need to understand the motivation of traders and why such motivation has
rooted in their behavior. (Grinblatt and Keloharju 2001)

There may be infinite views on what is the best possible investment strategy in a trading
situation. Behavioral biases affect traders along with other factors (Musciotto et al. 2018).
Especially for individuals, trading is based on human behavior, making it difficult to predict
the outcomes of news, for example. In addition, investors have limited capacity when
executing their strategies and managing their portfolios (Yuan 2015). Investor strategy
is linked to the investor themselves, and there could be as many investor strategies as
there are investors (Celik and Isaksson 2013). However, different investor strategies can
be categorized, and there are many ways to do that.

2.2.1 Contrarian and Momentum Trading

One way to categorize investor strategies is to divide them into contrarian and momentum
strategies. Momentum traders buy stocks that have performed well and sell stocks that
have performed poorly. Jegadeesh and Titman (1993) found that momentum strategies
generate positive returns for multiple different intermediate (3—12 months) time horizons.
For example, selecting stocks based on their 6-month performance and holding them for
6 months generated 12.01% extra annualized returns as compared to a general strategy
in their study. Momentum investors can be seen as traders who believe the stock price
is going into the right direction and is not going to change direction in the intermediate
future.

Contrarian traders are the opposite of momentum traders. They buy stocks when the
prices are low and sell when the prices are high. Household investors are thought to be
contrarian (Foucault et al. 2011; Kaniel et al. 2008; Kumar and Lee 2006). In a study
about trading strategies in Chinese stock markets, Kang et al. (2002) found that short-
term (1-12 weeks) contrarian strategies are profitable, while intermediate-term (12—26
weeks) momentum strategies are profitable. The result on the momentum strategy in
the Chinese markets is consistent with Jegadeesh and Titman (1993). However, the
author notes that the Chinese stock markets are different from other markets where there
are more individual investors who tend to herd, and are more reliant on the available
information on firms. It is probable that stock market differences affect investor strategies.

Another study on contrarian and momentum strategies by Yao (2012), two prominent
strategies are tested: long-term contrarian strategy and intermediate-term momentum



strategy. They found that a long-term contrarian strategy, where past losers are bought
and held for a longer period, is profitable only due to the January effect, which will be ex-
plained later in this chapter. The author found that contrarian strategies outside January
are unprofitable. They also claim that the other prominent strategy, intermediate-term
momentum strategy, is correlated with the past January performance. These results un-
derline the importance of how seasonality affects investor strategies.

Farmer and Joshi (2002) distinguished three archetypal strategies in the markets: value
investors, trend followers and market makers. Value investors are contrarians and trend
followers are momentum investors. Market makers provide liquidity into the markets by
buying and selling securities and profiting from the bid-ask spread.

2.2.2 Sell, Hold and Buy Decisions

Grinblatt and Keloharju (2001) present that there is a wide range of determinants behind
the sell and buy decisions. They show that past returns, reference price effects, tax-loss
selling, life cycle effect, and the size of holding period for capital gain or loss all determine
trading behavior.

The weight of the impact of past returns on the decision to either sell or buy depends
on the investor’s standing point. It has been shown that sophisticated investors tend to
give less weight on past returns in the decision whether to buy or to sell. Less sophis-
ticated investors (general government, nonprofit institutions, and households) are also
more inclined to sell than buy stocks with large past returns (Grinblatt and Keloharju
2001). Gonzalez (2017) came to a similar conclusion, where past gains or losses were
the most significant driver of trading decisions. Yet, individual investors act differently in
similar investment situations.

A sell versus hold decision is one of the basic trading decisions. This decision always
requires the investor owns the stocks in their portfolio. An investor can decide to sell
all the stocks they own or some of them. For some investors, the decision to hold is
a passive decision. However, when comparing with the decisions to sell, to hold is an
extremely important decision. The reasoning behind the sell versus hold decision can
be diverse. Grinblatt and Keloharju (2001) have proposed multiple reasons and factors
between sell versus hold decisions. The two major ones contributing to the sell decision
are the disposition effect and tax-loss selling.

The disposition effect has been defined by Shefrin and Statman (1985): "sell winners too
early and ride losers too long", meaning the tendency to hold onto losing investments
in hopes of a turnaround. Grinblatt and Keloharju (2001) found that after a stock price
decrease, investors tend to hold the position even if it were beneficial to sell. A potential,
even unlikely rise in the price offsets the possibility of a bigger loss. The other side of



the effect is that when there is a price increase, investors tend to sell even though it
were beneficial to hold, as the value could get higher. The effect also affects reacting
to news. Investors who are reluctant to realize losses do not react to news in a rational
way (Frazzini 2006). The disposition effect is one example of irrational behavior among
investors.

In their study, Grinblatt et al. (2012) reinforced the previous studies by proving the disposi-
tion effect to be true. They also found that traders with a high 1Q are less likely to hold onto
losers for too long, therefore being more sophisticated in terms of the disposition effect.
In a thorough individual-level study, Feng and Seasholes (2005) found that investor so-
phistication does indeed protect from the propensity to sell too late. The study also claims
that experienced and sophisticated individual investors are immune to the loss side of the
disposition effect, but their propensity to sell winners too early is not wholly eliminated.
Grinblatt et al. (2012) state that disposition effect traders are effectively contrarian traders,
as they indeed buy low and sell high.

Volatility affects the disposition effect. Short-term winners are traded more actively in
volatile markets, while losers are traded less (Agapova and Kaprielyan 2020). However,
Grinblatt and Keloharju (2001) did not find a correlation between the past-return volatility
and sell and hold decisions, with possible exceptions in government investors. According
to Ahmed and Doukas (2020), investors behave as the disposition effect predicts when the
returns are below or at the median of expected returns. However, they found that at higher
returns, investors prefer to hold. Investors could see these unexpectedly high returns as
a new normal for the stock, and perceive selling as unwise. Ben-David and Hirshleifer
(2012) suggest that the profit-related probability of selling is V-shaped but asymmetrical,
as illustrated in figure 2.1. This means that an increase or decrease in the price does not
affect the probability to sell in the same way. Instead, the selling decision is made earlier
for winning stocks, while losing stocks are sold when the losses are already too high.

Grinblatt and Keloharju (2001) found that a previous rise in the security value increases
investors’ propensity to sell. This probability increases if the increase is more recent.
They also claim that especially household investors tend to sell if the stock has hit its
maximum value within a month. This is further bolstered by Grinblatt et al. (2012). Calvet
et al. (2009) had the same finding, and they also claim that the probability to be sold after
an increase in value is higher for individual, directly held stocks, while mutual funds do
not have the same tendency. They propose that individual investors buy stocks that they
think are undervalued, and sell them when the value rises. Mutual funds are thought to
be well managed if the investor invests in one in the first place. This kind of behavior is
easy to understand, as it is preferable to win fast. The fear of a decrease in price might
also increase an investor’s willingness to sell after a price increase.

Counter-intuitive to the disposition effect, households tend to sell when the price of a



Figure 2.1. V-shaped function of the selling probability related to profits (edited from
Ben-David and Hirshleifer (2012))

stock is at its monthly low (Grinblatt and Keloharju 2001). This might be a special case
for households only, when the investors try to minimize losses. The effect where trading
decisions are based on periodical high or low prices is also called the reference price
effect.

Tax-loss selling, or the January effect, is a phenomenon where under-performing stocks
are sold in December and bought back in January (Grinblatt and Keloharju 2004; Lynch
et al. 2014). The buy-back is not a part of sell or hold decision-making but an integral
part of the phenomenon. Tax-loss selling is one example of seasonality effects in trading.
Losses realized at the end of the fiscal year generate less profit and therefore the taxes
paid also become smaller. Grinblatt and Keloharju (2001) and Agapova and Kaprielyan
(2020) found that tax-loss selling indeed occurs mostly in December, and it offsets the
opposing disposition effect for that month. This means that while in other months investors
tend to hold on to losing stocks in hopes of an increase in the price, they sell the losing
stocks to decrease their taxable income in December. Especially high-1Q investors have
a tendency to realize losses in order to pay less taxes (Grinblatt et al. 2012). Grinblatt and
Keloharju (2001) state that the sell decisions are executed within the last two weeks of the
year, which proposes that investors aim at selling as close to the end-of-year as possible.
Agapova and Kaprielyan (2020) claim that tax-induced strategies occur throughout the
year, especially for high-volatility stocks and during market volatility spikes. This finding
also links volatility to the phenomenon.

Grinblatt and Keloharju (2001) discuss other investor and stock-related attributes that
could affect the sell versus hold decisions. For-profit organizations’ probability to sell de-
creases as the time from purchase increases. However, they state that this is not because
investors treat old stocks differently from new stocks. They claim that employment sta-
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tus, portfolio size or gender matters when making sell decisions. However, they propose
their study already controls for variables that are correlated with these attributes. Calvet
et al. (2009) claims that the selling behavior related to the disposition effect is weaker for
wealthy investors with distinctive portfolios. Therefore, the portfolio size and employment
status might matter. In regards to the disposition effect, it is intuitive that wealthier in-
vestors hold on to the winning positions, as they would not want to realize quick wins, but
rather profit in the long run.

Herding also affects the sell-or-hold decisions. Grinblatt et al. (2012) studied the correla-
tion of 1Q and trading decisions, and found no evidence that herding was less prominent
for high-1Q investors when deciding whether to sell or to hold. However, they found that
herding does occur in trades by individuals.

Buying a stock is the counterpart of selling a stock, and there has to be an investor to
sell a stock for each buy and vice versa. However, as Grinblatt and Keloharju (2001)
note, focusing on buying versus not buying is pointless, as the the pool of non-bought
securities is too vast. In their study, Grinblatt and Keloharju (2001) propose the buy
versus sell decision as the other trading decision an investor can make. This means that
the investor can either buy stocks or sell their current holdings. Buying new stocks into
an investor’s portfolio is an interesting point of study. However, it is impossible to show
why an investor bought stocks of an energy company rather than a bank, at least when
large-scale studies can only be made with anonymous data.

According to Grinblatt and Keloharju (2001), past returns are determinants of the buy ver-
sus sell decision. There is a difference between domestic and foreign investors, though.
Domestic investors will more likely sell a stock after high past returns, while foreign in-
vestor will more likely buy the stock. The effect has variable lengths for different investor
groups; sophisticated investors tend to have a shorter effect. Grinblatt and Keloharju
(2001) also found that negative past returns have the opposite effect. After negative re-
turns, domestic investors tend to buy, while foreign investors tend to sell. Here the effect
exists for only a day for finance and insurance categories, while for others it remains for
three months. The domestic behavior can be the most intuitive strategy, as the domestic
investors essentially "buy low, sell high". Because there is always a buy for each sell and
vice versa, foreign investors are likely to be the counter-parties of the domestic traders.

The reference price effect, in which monthly high and low values are studied, has a larger
impact on the buy versus sell decision than on the sell versus hold decision (Grinblatt and
Keloharju 2001). The reference price effect is very closely related to the effect of past
returns, and the trading decisions are also executed similarly. Low prices attract domestic
investors to buy, high prices increase the propensity to sell. Foreign investors act in the
opposite direction. (Grinblatt and Keloharju 2001)

High volatility might attract investors with a "high risk, high reward" mindset. Grinblatt and
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Keloharju (2001) present that households are more likely to buy rather than sell a stock
when volatility is high. This again is one example of irrational investing, affirmed by the
fact that sophisticated investors do not trade this way.

An investor acts in various ways during their life. A person might become an investor
at a later age, or they might stop investing when they are middle-aged. In their study,
Grinblatt and Keloharju (2001) examine the buy versus sell decisions related to the life
cycle hypothesis suggested by Modigliani and Brumberg (1954). The hypothesis sug-
gests that people tend to borrow in the early stages in life, save when they have the
highest earnings, and divest after working life. Grinblatt and Keloharju (2001) found that
young investors buy more, while young adults sell and buy more than middle-aged in-
vestors. Older investors, as the life cycle hypothesis suggests, start selling their stocks,
although later than expected. They also found that different generations invest in slightly
diverse ways.

It is obvious that age does matter in trading for household investors. Young adults might
think it is wise to invest in stocks so that they will have more capital in their old days, and
this habit continues throughout their working life. Old investors know their life is limited,
and start divesting and are therefore able to retain the level of consumption they are
accustomed to. It might not be expedient to see life cycle-related buy and sell decisions
as active investor strategies. While the decision to invest and divest during an investor’s
lifetime is rational, it is not comparable to other factors. The hypothesis does not affect
sophisticated investors.

There are other reasons for an investor to buy or sell a stock than the ones mentioned.
Human behavior is a very complex field to study, even if the research is based on an
interview survey. Grinblatt and Keloharju (2001) name a few other factors that affect
the buy versus sell decision. They have found that a bigger household investor portfolio
increases the likelihood of buying. Also, the non-employed are less likely to buy which
makes sense, as they have less capital for investing than employers and employees do.

A passive buy-and-hold strategy is one additional investor strategy to consider. As indi-
viduals investors are beaten by the market (Barber and Odean 2000), it might be wise to
invest passively. This strategy can be linked to the life cycle hypothesis Modigliani and
Brumberg (1954), as before divesting in the later stages of their lives, investors may only
buy and hold stocks. This behavior may be thought of as a riskier alternative to normal
monthly savings for the old days, and it requires no active management.

In their study, Dichtl (2020) compared multiple different strategies to the buy-and-hold
strategy for S&P 500 index. They found that the buy-and-hold strategy is beaten by a
number of different strategies in different time frames. They found that strategies based
on technical indicators beat the passive buy-and-hold strategy most clearly. Strategies
based on technical indicators are strategies where investments are made based on the
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moving average, the momentum indicator or the volume indicator. In a similar study for the
Hong Kong stock market, Hui and Kevin Chan (2014) had similar findings. They compared
two artificial strategies and a passive buy-and-hold strategy in a time frame from 1995 to
2013 and noticed that the buy-and-hold strategy was beaten by their strategies. However,
the strategy that yielded the highest results incorporated short-selling, which is not an
option for all investors.

Many individual investors may want to save and not think too much of it, and the returns in
the stock markets are quite a bit larger than on a standard savings account. For example,
Dichtl (2020) paper’s benchmark buy-and-hold strategy ended up with a monthly return of
0.7894%. For an average employee who invests a small portion of their income monthly,
the buy-and-hold strategy works well. Low transaction costs are also appealing. This
strategy is obviously linked to stage of life the investor is in. It would be unwise to invest
without the intention to divest, unless the stocks intended as to be left as inheritance.

2.2.3 Other Factors Behind Investor Strategies

Barber et al. (2009) show that individual investors buy the same stock they have pre-
viously bought (sold) and other individual investors trade. The phenomenon where in-
dividuals trade stocks that are popular is called herding. In their study, Grinblatt et al.
(2012) stated that herding affects trades, and low-1Q investors are more susceptible the
buy-side herding, meaning that they buy stocks that are the most popular within a week.
This decision-making seems to be irrational, although it can be seen behind the trading
decisions for many individuals.

A partly similar effect for individual investors was shown by Barber and Odean (2008).
They claim that individual investors are more likely to buy stocks that attract their attention.
The attention could be from extreme price jumps or news coverage. This behavior is
explained by the fact that an individual may not have time to pick stocks from all the
stocks available, but that their choice is limited to stocks they have heard of. Yuan (2015)
found similar results in a study on the U.S. markets. They found that household investors
buy stocks with the most public visibility, and do not buy stocks that attract the lowest
attention. Another claim they make is that individuals sell stocks, especially winner stocks,
after a market attention event when the market is high. This behavior is explained by the
disposition effect, which is a plausible explanation. News may bring a particular stock into
an investor’s attention, and after they realize it has had positive past returns, they sell it.

In their study on brokerage stocks, Keloharju et al. (2012) found that customers of a
broker are much more likely to buy the stocks of that brokerage firm. These customers
are also less likely to sell the brokerage stocks. In addition, they found that the average
portfolio of a customer-owner is smaller and less diversified than that of a non-customer’s.
They suggest this relationship between a customer and the stocks that they own might



13

also exist in other industries, at least for companies whose products are available to end
users. This would only apply to individual investors. The study shows how buy and sell
decisions may be influenced by factors that are not always related to the performance of
the company. (Keloharju et al. 2012)

There is a group of irrational investors called noise traders. These investors do not use the
information available when making trading decisions. Bloomfield et al. (2009) claim that
these traders are important to the market, as they provide liquidity and market volume.
However, they trade too much and irrationally to make profits. Foucault et al. (2011) came
to the same conclusion, and adds that individuals may act as noise traders. However,
they state that not all individual traders are noise traders. Noise trading is an investor
strategy of a sort. They either trade blindfolded, with no use of information whatsoever, or
they may also herd, essentially copying the strategy of others.

Trading activity is a direct part of an investor strategy. While sell, hold and buy decisions
are examples of trading executions, activity tells how much and how frequently an investor
buys or sells a stock. Literature suggests multiple factors that affect trading activity.

Behavioral biases drive trading activity, at least for individuals. Barber and Odean (1999)
argue that investors prone to the disposition effect trade less actively, while overconfident
individuals trade more actively. They also claim that in bull markets, where the overall
investor success is high, trading activity is also high. In their study, Grinblatt and Keloharju
(2006) claim that individuals, behavioral attributes and sex drive the trading activity. They
also note that investors who are seeking sensations and are overconfident trade more,
consistent with Barber and Odean (1999). In addition, they found that male investors
tend to trade more, and therefore their trading activity is higher. Another study showed
that investors that believe they are competent tend to trade more frequently (Graham et al.
2009). Contradictory to the previous studies, Cueva et al. (2019) claim that while males
have more confidence, confidence is not the factor that drives the difference in trading
activity.

Seasonality is a phenomenon that has a strong effect on trading activity. Haug and
Hirschey (2011) claim that seasonality effects contradict the efficient-market hypothesis.
A well-known seasonality effect, alongside with the January effect, is "Sell in May and
go away". Summer months’ effect on trading activity is quite intuitive, as investors are
on holiday and not trading as much. (Hong and Yu 2009). September swoon is another
seasonality effect, where stock market returns are negative (Haug and Hirschey 2011).
Most investors may not even realize they act according to these phenomena. Seasonality
is still very important to control for when studying trading activity.

There is a possibility to use seasonality anomalies in trading strategies. Keloharju et al.
(2016) studied seasonality return anomalies in the U.S. stock markets, and found that
seasonality can be used as a basis for an investment strategy. Their strategy is based
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on historical same-calendar-month returns, and it results in an average monthly return of
1.88%. They also note that seasonality-related returns result from different risk factors,
and a high diversification is possible with a combination of different seasonality strategies.
Dichtl (2020) used seasonality-based strategies and compare their returns to a passive
buy-and-hold strategy, and found seasonality-based strategies beating the buy-and-hold
strategy. However, based on their strategy portfolio, seasonality-based strategies were
not the most profitable. Perhaps a combination of seasonality and other indicators would
prove to be most profitable.

Related to seasonality, the returns are lower during summer months due to lower trading
activity, and higher bid-ask spread. Time-varying volatility does not explain this behavior.
Trading activity seems to have a broader impact on returns in addition to the "Sell in May
and go away" and January effects, because in times of larger trading activity, the returns
are also higher. (Hong and Yu 2009)

Volatility is known to be correlated with trading volume (Cornell 1981). This connection is
studied more thoroughly in section 3.

2.3 Information Networks and Trading

An interesting aspect to investigate is the type of information on which investors base
their decisions. Company announcements are one example of information. The release
of announcements can be known beforehand or not. Investors can make trading deci-
sions prior to the announcement or after the announcement. Decision-making before the
information is public can be categorized as speculation. Information drives the decisions
made by investors.

According to the efficient-market hypothesis, prices always reflect the available informa-
tion (Fama 1970). In other words, when information is published, the price of a stock
should immediately follow the expectations of what the information means for the com-
pany. Information’s effect on trading has been widely studied, and patterns do exist,
especially for individual investors. For example, the individual investors that are most
sensitive to news tend to be more prone to the disposition effect (Yuan 2015).

Mazouz et al. (2015) claim that stock market traders tend to anticipate the arrival of neg-
ative news one day before the announcement date. Positive news have the same effect,
but the time frame is larger. The evidence also shows that trading activity is higher prior
to positive news. They suggest this is due to informed traders in the market. Kaniel et al.
(2012) found that individual investors’ trading decisions correlate with abnormal returns
around earning announcements. One interpretation they make is that these individu-
als use insider information for trading decisions. If this was true, it would represent an
information network where bearers of insider information are in the center. Another in-
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terpretation by the authors is that a large number of individuals happen to gather useful
information, and the aggregate result is positive. It is difficult to draw any conclusions
about insider trading, because data does not reveal hidden motives. While it is illegal to
use insider information to gain trading advantage, insider trading may still be a tempting
strategy to try out in hopes of high profits.

Keloharju et al. (2012) studied whether customers who also own the company’s stocks
would have an information advantage over non-customers and found no evidence of an
advantage. While customer-owners do own more stocks than other stock-owners of the
same company, the paper states information asymmetry is an unlikely cause to this. They
also found that no perceived information advantage exists, as customers do not execute
their trades differently than non-customers around earnings announcements.

In an article on Nokia stocks by Lillo et al. (2015), the effect of news and volatility on
the trading behavior across investor categories during 2003—2008 has been studied. It
was found that trading activity is correlated with news and volatility, but the reaction is
dissimilar for investors in different categories. For example, they report that households,
companies, and financial institutions are more sensitive to volatility than to news. They
also note that the sentiment of news, which describes how bad or good the news look,
has some role in explaining the return. Different reactions to news may be explained by
different needs and levels of sophistication.

The information is not always analyzed firsthand. Investors with less capabilities or expe-
rience can copy another investor’'s strategy. Influential investors have an impact on "nor-
mal" investors’ trading decisions (Yong and Hanzhong 2018). Influential investors may
be popular investors or large companies. The impact on returns could be bad, if trading
decisions are blindly executed by copying the influencer’s strategy. However, Grinblatt et
al. (2012) found that mimicking a high-1Q investor does provide higher profits, even if the
mimicker only traded once a month. New social trading platforms, such as eToro (2020),
enable traders to copy another trader’s strategy, which may lead to a rise in mimicking
strategies.

The strategies of investors are not formed unrelated to other investors. Investors share in-
formation with each other and they make decisions based on the same public information.
As a conclusion, investors do not react to information individually. They form a theoretical
structure called an investor network. (Ozsoylev et al. 2014)

In their study, Ozsoylev et al. (2014) propose an investor network is an information net-
work for the investor population, in which information diffuses through the network over
time. They claim that investors with multiple information links are centrally placed in the
investor network, and therefore they receive and spread information more efficiently. They
also claim that central investors within a network receive relevant information faster, and
they realize higher returns. An investor network is thus dependent on the information flow
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in the stock markets and realized through different trading strategies. The links within
the network cannot be directly observed from data, but they can be estimated by using
different proxies for information diffusion and strategies.

Investor networks can be studied using network theory in which different investors are
linked and hubs of information flow can be distinguished. There are multiple studies that
utilize different methods to study investor networks, and they show it is possible to study
investors and their actions in the markets despite their heterogeneity (Tumminello et al.
2012).

In their study, Tumminello et al. (2012) used methods typical to network theory to identify
clusters of different investors trading Nokia stock between 1998 and 2003. They cate-
gorized each investor into states where the investors primarily buy, sell or buy and sell.
They found that the trading activity of the investor clusters is highly synchronized. They
provide a few potential explanations to this: either the investors within clusters use similar
strategies, they get advice from the same analysts, or they exchange information directly
with each other. All potential explanations are consistent with the information network
theory.

Bohlin and Rosvall (2014) show in their study of Swedish stock markets that investors
with similar trading portfolios trade in a similar way. They used a similarity network to
group investors with similar portfolios into groups, and found multiple similar portfolios
with similar trading activity. One explanation they propose is that investors in a group use
the same information source. We can claim that this is an information network where
information is used similarly for each dissimilar investor group. Other explanations they
propose are herding and a similar impact of behavioral biases on investors within a group.

Musciotto et al. (2018) came to a similar conclusion about investor clusters in their study
on Nokia stock from 1995 to 2009. They used the same methodology for the categoriza-
tion as Tumminello et al. (2012). They use the term "market ecology of different traders"
to stand for the clusters of traders characterized by different attributes and trading strate-
gies, and their relationship within the market. They argue that the heterogeneous clusters
of investors within the market maintain their identity and trading strategy for years. This
finding is intriguing, as it suggests that while the investors in the markets are highly het-
erogeneous, they are still very much interconnected, and remain in the same state for a
long period of time.

Another study conducted with a similar methodology by Baltakiené et al. (2019) strength-
ens the claim that there are clusters of investors in the markets. They specifically studied
clusters according to IPOs, and found that institutional investors form robust clusters that
are persistent for the first and second year after the date of the IPO.

Investor networks are related to investor strategies. Investors linked within an investor
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network execute similar trades, and therefore they must have similar investor strategies.
The investment volume might be varied, but if two investors buy and sell the same stocks
at the same time, they might be linked.



18

3 VOLATILITY

Volatility is a measure used widely in financial analyses for many different products in
the markets. This chapter aims at explaining volatility as a measure and how volatility is
driven in the stock markets.

3.1 Volatility as a Measure

Volatility is the estimate of the standard deviation of stock returns (Schwert 1989). While
stocks are an important use case for volatility, it can also be used for other instruments,
such as interest rates and options. Volatility is a standard measure in financial analyses.
It tells how much the price moves up and down, or how risky the asset is (Joshi 2003). For
example, startups might have high volatility due to the uncertainty of future cash flows. A
startup can go bankrupt very quickly, or grow exponentially and provide excellent profits.

For stocks, volatility is estimated as the standard deviation of stock returns (Schwert
1989). Volatility can be calculated for different data granularity, but the simplest use case
is to use daily prices. Returns are usually calculated as logarithmic returns

Rlog,n - ln(Sn/Sn—1>

where S is the stock price and n is the time of valuation. Logarithmic returns are based
on an assumption of continuous compounding

The standard deviation is computed by taking a square root of variance

n
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where n is the number of days and prices used for the estimation and f is the time frame
used. Volatility is thus the standard deviation of market returns.

Option pricing is one case where volatility has a lot of importance. Volatility is a key
variable in the Black-Scholes model, which is a traditionally used pricing tool for options
(Black and Scholes 1973). The Black-Scholes model is used to derive implied volatility for
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an option, which is the quoted item when trading options (Joshi 2003). Implied volatility is
seen as the market’s forecast of future volatility (Mayhew 1995).

Volatility is also modeled to be used in forecasts, similar to interest rates or stock prices.
Volatility forecasts are used in asset management, portfolio selection, and pricing, and
choosing the right model is a crucial part when building them (Engle and Ng 1993). When
modeling volatility, announcement anticipation is an important factor (Joshi 2003). When-
ever there is an announcement, the price changes. The direction of the price change
does not matter, as volatility does not have a direction.

Actual volatility is the actual standard deviation of price changes. This is the volatility
measure focused on in this thesis. Actual historical volatility is calculated from past per-
formance of an instrument, using historical data (Fabozzi 2010). The time span and
granularity of historical data vary, and the grid size for calculating volatility is important
(Maller et al. 1997).

3.2 Factors behind Volatility in the Stock Markets

Volatility can be calculated for a market index, stocks or many other instruments that
have prices that change in time. Volatility is a potent measure of a stock for telling how
risky it is. High risk might come with a high reward, but there is a higher chance of high
losses. Contrary to the Black-Scholes model (Black and Scholes 1973) where volatil-
ity is assumed constant, volatility changes over time. For example, recessions tend to
increase the volatility of stock market returns (Mele 2007; Schwert 1989). Thus, stock
volatility is not a fixed attribute of a company telling how risky the business is, but rather
a combination many components changing over time.

While volatility describes how risky an asset is, it is important to study how volatility is
related to other components in the markets. Many researchers have tried to explain how
different factors correlate with stock volatility. It is also important to be able to predict how
future volatility is affected by these factors, as volatility affects pricing, for example.

In their study, Schwert (1989) tested how multiple economical factors correlate with stock
volatility, with data from the U.S. stock markets from 1857 to 1987. This study did not
investigate the volatility of individual stocks, so there are no conclusions on how stocks in
different industries affect the volatility measure. Schwert (1989) claimed that stock market
volatility is positively correlated with trading activity. They tested both trading days and
trading volumes against stock volatility, and found that unexpected changes in volatility
and trading activity are correlated, while the trading volume does not predict volatility as
significantly. They also pointed out theories that try to explain the relation:

e Different views on new information cause the prices to move up and down, and
trading activity rises.
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e Some investors might use price movements as trading triggers. Therefore large
price movements will cause larger trades.

e Short-term illiquidity of a stock and mostly buy or sell trading in large volumes
causes price movements.

It is not entirely clear whether trading activity and volatility occur simultaneously as a
reaction to new information (Schwert 1989), or if one affects the other in a rapid manner.

Jones et al. (1994) found that the size of the trading volume had no effect on volatility,
while the amount of trades on the markets did. They suggest this could be due to volatility
and volume being positively correlated only because they both correlate with information
arrivals. Lillo et al. (2015) confirm the correlation between the amount of traders and
volatility, although the causality and direction has not been proven.

Volatility and volume are correlated, but they behave differently in different markets. Girard
and Biswas (2007) compared volatility and volume in developed and emerging markets.
They found that volatility in emerging markets is more sensitive to unexpected volume.
They also found that in some emerging markets, the correlation between volatility and
volume is negative, while in some it is positive. Negative correlation is explained by an
information asymmetry, where only well-informed traders trade at first, and others follow
their strategy. Before this happens, the trading is less active and the price is not close to
the equilibrium. Therefore, when volume is high, volatility gets lower. (Girard and Biswas
2007)

Giot et al. (2010) found similar results in their study on NYSE stock data from 1995 to
1999, where the trading volume is positively correlated with non-jump, continuous volatil-
ity. However, they decomposed volatility into diffusive and jump volatility. Jump volatility
means there is a sudden change in the volatility while the changes of diffusive volatility
are somewhat continuous. They found that jump volatility is negatively correlated with
trading volume, although with a smaller explanatory power than the positive correlation
with non-jump volatility. They also confirm the finding by Jones et al. (1994) that both
types of volatility are highly driven by the number of trades, rather than the average size
of a trade. They argue that the jump volatility—volume relation is due to low trading activity
causing unexpected volatility changes.

It can be claimed that this effect is partly similar with the effect in developing markets
(Girard and Biswas 2007). They both may relate to the liquidity—volatility relation of a
stock as well. Girard and Biswas (2007) also claim that the size of information shocks
has a larger effect in emerging markets than in developed markets. They also note that in
emerging markets, the size of the news is more significant than the direction of the news.

Another finding in the study by Schwert (1989) was that financial leverage does have an
effect on stock volatility. They found that when there was a fall in stock prices relative to
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bond prices, or their capital structure drifted towards a more leveraged one, stock volatility
rose. However, this effect was deemed small.

Schwert (1989) notes that recessions are a significant cause of stock volatility. The time
span of their data included the Great Depression in 1929—1939, during which stock volatil-
ity rose high. Mele (2007) explain this phenomenon by studying the price-dividend ratios
from 1948 to 2002. They present that price-dividend ratios have been countercyclical for
the past 50 years in the U.S. They also argue that in good times the price-dividend ratio
does not fluctuate widely, while in bad times it does. An illustration of this is shown in 3.1.
They argue that stock volatility is countercyclical in economies with rational expectations.
This means that volatility rises in bad times, in other words recessions, and is lower dur-
ing good times. They claim that the return volatility is countercyclical, if the risk premia of
stocks rise more in bad times than they fall in good times.

Price-dividend ratio

Bad times

State of economy
Figure 3.1. Price-dividend ratio and the relation with state of the economy (edited from

Mele (2007))

Volatility can be thought of as a measure of riskiness. If the risk premium is on the rise,
it is clear that volatility should rise as well, because high returns should incur high risk.
This relationship is easier to grasp the other way around.

Schwert (1989) tested how multiple macroeconomic volatility measures relate with stock
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volatility. High frequency movements in the stock market volatility could not be explained
by a single macroeconomic variable. However, they found that if the volatility of all tested
macroeconomic series rose by 1%, stock volatility would rise by 0.45%. In a more recent
study, Engle et al. (2013) used more sophisticated models to confirm that macroeconomic
factors play a role in driving volatility. They found that inflation and industrial production
growth do correlate with volatility. They note that there is room to expand the studies
about this relation. These studies suggest that stock volatility is related to economic
movements.

In another study on the contribution of economic variables to volatility, Christiansen et al.
(2012) used statistical models to predict volatility with 38 different economic variables on
a data set spanning 80 years. They found that variables that are used as a proxy for credit
risk, liquidity and time varying risk premia are the best predictors of volatility. They argue
that these variables have the most sensible economic interpretations. In contradiction
to Schwert (1989), they found that macroeconomic variables are the worse predictors of
future volatility. It may be that the data or the models had improved from the time when
Schwert (1989) conducted their studies. New parameters might also simply be more
powerful.

Foucault et al. (2011) analyzed the French stock markets after a reform that made in-
vesting in a subset of stocks more costly for individuals. By comparing stocks affected
by the reform and other stocks, they found that stocks with heightened trading costs and
therefore less individual investors had lower volatility. Their interpretation is that some
individual investors are the source of volatility through noise trading. This interpretation
seems plausible, and the degree of noise trading among individuals is also shown in
(Bloomfield et al. 2009). Farmer and Joshi (2002) claim that volatility is caused by a com-
bination of heterogeneous trading strategies causing low-frequency noise. Aabo et al.
(2017) also found that noise traders increase volatility, specifically idiosyncratic volatility.
They suggest that high idiosyncratic volatility means that there is an increase in the role
of noise traders.

Based on their research, Foucault et al. (2011) came up with two different theories on how
retail contrarian trading strategies affect stock volatility. In the first one, stock volatility is
assumed not to be positively correlated with retail contrarian strategies, but the retail mo-
mentum trading strategies offset this effect. In the second one, retail contrarian traders
are also hypothesized to destabilize volatility. The second assumption is consistent with
the results by Bloomfield et al. (2009). It is more intuitive to think that more individuals,
regardless of their investor strategy, would create more volatility, as they are not sophisti-
cated investors. Instead, they are more likely to move the price away from its fundamental
value.

Capelle-Blancard and Havrylchyk (2016) studied the stock market volatility before and
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after Financial Transaction Tax (FTT) introduction in France in 2012. Interestingly, they
found that introducing increased transaction costs through taxation decreased trading
activity, but they found no significant effect on volatility or liquidity. FTT was expected
to decrease volatility by decreasing speculative activity, as theorized by Ehrenstein et al.
(2005). Capelle-Blancard and Havrylchyk (2016) note that FTT did not have this effect.
Trading activity in the French stock markets after FTT is still quite high. There may be
a theoretical threshold value, under which trading activity is so low that the correlation
between trading activity and volatility becomes negative, like in emerging markets (Girard
and Biswas 2007). We may even argue that for regular trading activity levels, trading
activity and volatility do not have a causal relation but both of them rather react to other
factors, as one suggested by Schwert (1989).

Another study on FTT by Colliard and Hoffmann (2017) shows that while the trading vol-
ume dropped after introducing FTT, volatility increased for stocks not affected by a specific
liquidity boosting program. They argue that this is due to the less liquid markets causing
price inefficiency and volatility. Furthermore, they argue that liquidity, even if provided by
noise traders, is an important part of effective markets. Lower liquidity prevents traders
from correcting mispricing. This finding seems contradictory to Schwert (1989), but it is
important to note that stock market volatility acts differently from the volatility of an indi-
vidual stock. The results also contradict with Foucault et al. (2011), but the authors argue
this is because in their case, transaction costs are distributed to all stocks. It is quite intu-
itive that liquidity and volatility are linked on stock level. High liquidity ensures smoother
movements in the price, as there is always someone to buy or sell. The causality between
liquidity and volatility was studied by Bedowska-Séjka and Kliber (2019) on the Warsaw
Stock Exchange, an emerging market. They found a causal relation between liquidity and
volatility, and the relation works both ways. However, they note that liquidity more often
causes changes in volatility than the other way around.

Aabo et al. (2017) claim that mispricing of stocks is related to idiosyncratic volatility. They
show that market volatility affects the relation between mispricing and idiosyncratic volatil-
ity by magnifying them when market volatility is high.

One factor affecting stock volatility may be institutional investors’ tendency to benchmark
an index. In their study, Basak and Pavlova (2013) argue that institutional investors push
the prices of stocks in their benchmark indices. Because institutions prefer riskier stocks
and stocks are limited, institutional investors drive the stocks in an index to be riskier.
As volatility essentially measures risk, institutions may create higher volatility through this
activity.

The relation between news and volatility has been studied in multiple articles. Joulin et
al. (2008) claim that if the efficient-market hypothesis was true, prices and thus volatility
should only change when news arrive. According to them, noise trading should not alter
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long-term volatility. In their study, they found that idiosyncratic news actually lower volatility
for some time. They suggest this is because news provide certainty to the markets,
whereas volatility may be caused by uncertain speculation before news.

Lillo et al. (2015) found that volatility and news are not independent but rather highly
correlated variables. This finding is not too surprising. It is intuitive that investors tend
to react to news with different interpretations, which then results in higher volatility. Chua
and Tsiaplias (2019) found that untypical news have a significantly greater impact on
expected volatility than regular news. They also claim that non-normal news for a stock in
an industry affect the expected volatility of another stock in the same industry.

Musciotto et al. (2018) found that market volatility and the heterogeneity of trading deci-
sions are correlated. They found that there is a negative relation between the similarity of
trading decisions and volatility, meaning high similarity and low volatility coexist. However,
the causality direction cannot be confirmed in their study. If trading heterogeneity causes
volatility, we may argue that different trading decisions create turbulence in prices and
therefore volatility. This is effect is hypothesized by Farmer and Joshi (2002), for when
there are different strategies at play, noise trading increases. If volatility causes trad-
ing heterogeneity, we may argue that investors react to increased volatility with different
trading decisions.

As has been seen, different factors behind stock volatility have been widely studied. We
can conclude that the most important findings are that trading activity and market volatility
are interconnected, and news do affect volatility levels. However, some factors behind
volatility remain unclear and further research is needed.
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4 MODEL AND METHODS

In this thesis, we employ linear regression methods to estimate the relationship between
the proxy for investor strategies and intra-daily volatility. Multiple linear regression is used
to control for a number of parameters, and the proxy and intra-daily volatility are calculated
from daily stock data.

4.1 Linear Regression

Linear regression is a widely used method in all scientific fields (Frees 2010). The basic
idea is to explain a dependent variable by one or more other independent variables. The
formula for multiple linear regression is

y=PFo+ a1 +x2P0+ -+ x,08, +€

where [ is the constant, x;_,, are the independent variables, including control variables,
(51—, are the coefficients for the independent variables, and ¢ is the error term.

The most used method for estimating unknown parameters in a linear regression model
is called ordinary least squares (OLS). The model effectively fits the values in a line, by
minimizing the sum of squared residuals between observed and modeled values (Frees
2010).

Multiple linear regression uses multiple independent variables, and a commonly used
method is called the fixed effects model. The fixed effects model is a statistical model
where model parameters are fixed (Frees 2010), and it is used in this thesis to control for
the all the other factors that would affect the dependent variable. The variables that are
fixed throughout the regression analysis are called control variables. A control variable
can either be a dummy variable, where the value is either 1 or 0, or a scalar variable,
where the value can vary within a certain range.

Seasonality is controlled by using dummy variables. It is important to apply year-month
and weekday dummies because of the various seasonal effects (Hong and Yu 2009;
Lynch et al. 2014). For example, Fridays tend to have the lowest activity on stock mar-
kets and Tuesdays the highest (Chordia et al. 2001), and if they were not controlled with
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dummy variables, the results would not be as accurate.

When using a dummy variable, one must make sure there is no multicollinearity due to
the dummy variable trap. Multicollinearity means that one variable of the model is a linear
combination of another (Frees 2010). For dummy variables, this condition occurs when
there are more combination possibilities than there are variables. One must therefore
always drop one column when using dummy variables for a regression analysis.

The coefficient of determination (R?) represents how well the model works, i.e. how
close the actual values are to the modeled values. P-values represent the possibility
for a variable to be uncorrelated with the dependent variable, therefore it is an evidence
against the null hypothesis. Usually the p-value has to be under 0.05 for the variable to
be statistically significant.

4.2 Investor Strategies Proxy

The number of different investor strategies is not an observable fact in the stock markets.
A number of different strategies does exist, but they cannot be easily distinguished from
the data. The activity of investors may be extremely different, as Musciotto et al. (2018)
note: "For example, there are investors which are acting only a few times during the con-
sidered time period and investors trading continuously". There has to be a methodology
that is used to create a variable that is as close to the actual unobserved variable as
possible.

To answer the research question, we created a proxy for investor strategy heterogeneity.
Investors linked in an investor network make similar trading decisions because they re-
ceive and use the same information (Ozsoylev et al. 2014). If an investor makes similar
trading decisions as their peers at all times, they must have a similar investor strategy. For
example, they could use a similar quantitative analysis based on new information. The
proxy used in this thesis quantifies the amount of different strategies observable within a
day. The proxy for investor strategy heterogeneity was used as the dependent variable in
the linear regression model. The variable was calculated for each security individually.

We used four different methods to calculate the volume; 4 that is used to calculate the
proxy. These volume measures were used in four different test regression runs.

e Net volume (buy - sell)

e Buy volume (only buy volumes)

e Sell volume (only sell volumes)

e Sum of absolute volumes (buy + sell)

There are some key differences between the volume measures. If an investor buys 100
securities in the morning and sells them in the evening, the net volume is 0. Buy and sell
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volumes are simply the bought and sold volumes. The sum of absolute volumes indicates
the activity of an investor; even if the net volume might be 0 for a day, the sum of absolute
volumes might be high.

The volume measure is calculated as

n

volume; 4 = E (volume; 4 ;)
t=1

for all time buckets t=1,2,...,ninaday d

The volume measure for each trade was scaled using subtraction. Scaling ensures that
investors with different activity are treated equally in the regression analysis. An investor
with high activity but similar volumes every day creates less deviation than an investor
with low activity but highly variable volumes for each trade.

The formula for scaling is

v; 4 = volume; 4 — volume; g_,,.q—1

Here volume; ; denotes the trading volume of an investor ¢ on day d. volume; g_p.q—1
denotes the average volume from day d — ntoday d — 1.

There are downsides to scaling the proxy by subtraction. The overall clarity of the re-
sults is weakened. With subtraction, the coefficients can be quite high and not intu-
itive, whereas division could result in more comprehensible results. However, the division
method resulted in less correlated results, so we opted to use the subtraction method.

To quantify the daily heterogeneity of investor strategies, we estimated the standard de-
viation. The standard deviation was calculated from the v; 4 over all investors i

n

1 _
Ya = 4| —~ Z (via — Ud)2

n -
=1

Now we have a proxy of investor strategy heterogeneity for each day d. If the y, is high,
there is high heterogeneity which means that the investors buy and sell different amounts
than they normally do. If the y, is low, investors are acting the same way, e.g. only buying
and selling an ordinary amount of stocks typical for each investor.

4.3 Intra-Daily Volatility

We calculate the historical volatility based on intra-daily prices. This variable is called
intra-daily volatility. Intra-daily volatility is the main explanatory independent variable ex-
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plaining the dependent variable. The intra-daily volatility represents the intra-daily price
movements. If the volatility is high, the price has varied a lot during the day.

While there is only a single price for each day when calculating a normal realized volatility,
intra-daily volatility requires multiple price entries a day. High-frequency data used to
calculate intra-daily volatility can be transaction data or bid-offer data. We use transaction
data in this thesis. Transaction data only records the price of executed trades, not the bid
and offer values over time.

To estimate intra-daily volatility from the transactional data where all the transactions are
recorded, the data is resampled into time buckets of a fixed size. The transactions can
be scattered unevenly throughout the day, meaning that there could be high activity in the
morning and low in the evening or vice versa. If the price difference is calculated from
every single price change, the results would not be equivalent. This is more obvious when
talking about yearly changes compared to daily changes, but the reason is the same.
Resampling ensures the time buckets are the same size, so that the price differences are
comparable.

After the resampling, only the last values in the time bucket were used. Therefore, the
values are similar to the closing prices when calculating a normal daily volatility.

The logarithmic price difference is calculated from the resampled values as
Rlog,t = 1H(Pt/Pt,1) * NOBS

where P, is the price at the time bucket ¢ and NOBS is the number of observations. NOBS
scales the value to yearly changes, and is calculated as

NOBS = v/td * 8.5 * 60 * rtb

NOBS has two variables: td is trading days in a year and rtb is the resampled time bucket
as a fraction of an hour.

The standard deviation of logarithmic price differences are calculated as

1 n
= 2
Otd = ﬁ E (Rlog,t,d - Rlog,d)

i=t
where t is a time bucket within a day d.

Intra-daily volatility is used in this thesis because it gives a better picture of what happened
to the prices within the trading hours of a day, rather than just the price change in the
closing hours between two days. The intra-daily volatility could be extremely high even
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though the closing prices were the same because the last prices of the day could end up
in the same values, while the prices within the day might vary a lot.

Intra-daily volatility is mostly affected by the price changes of the instrument, as in daily
volatility. The time frame for intra-daily volatility in this thesis is always one day, because
the regression analysis is done on a daily basis. The size of the resampled bucket does
not affect intra-daily volatility a lot, and 30-minute buckets were selected after a few tests
with different buckets.
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5 DATA

The data used in this thesis was provided by a Finnish book entry company Euroclear
Finland Oy. The data is handled under a non-disclosure agreement. The data includes
the anonymized investor IDs, security IDs (ISIN codes), announcement information, the
times of transactions, the volumes of transactions, and the prices for each transaction.
The announcement information used was also used in the paper by Siikanen et al. (2017).
We did not filter out any investor types, meaning that the data covered all different investor
types who traded securities in the selected time period. Part of the transaction data is
from September 2000, spanning to December 2009. However, to ensure that every stock
has data for the examined period, an initial filtering was done to drop transactions before
January 2006. This leaves the span to be from Jan. 2009 to Dec. 2009. The numbers of
different investors per stock are shown in table 5.1.

Only the stocks listed in the Large Cap are included, leaving 33 stocks to be examined.
Smaller companies might not have enough activity, and the data from 33 stocks is large
enough. Only investors with more than 10 transactions within the period under review
are included in the study. This ensures the investors in the dataset are active enough
throughout the time span. A similar filtering was done by Musciotto et al. (2018). Stock
splits are excluded from the data, as they would result in unrealistic volatility.

The data used for the analysis was created from three separate datasets. The first one
was used to evaluate the dependent variable, second to calculate the intra-day volatility
and total volume, and the third one to account for the announcement dates. Trading dates
and ISIN codes were used as the indices to bind the data together. The background
source of the data is the same.

The first dataset included the ISIN code, date, transaction volume, and the investor ID.
Volumes for each investor were the net volumes per day and the security ID. The volume
value for a stock was negative if an investor had sold more than it was bought within
a day, and positive if opposite. The investor strategy proxies were evaluated using this
dataset. The evaluation method is explained further in the methods chapter. The key
characteristics of the first dataset are presented in table 5.2.



Table 5.1. Number of investors per security ID

ISIN N. of investors
F10009000202 32026
F10009000236 4300
F10009000251 21574
F10009000277 21500
F10009000400 13067
F10009000681 131434
F10009002158 29665
F10009002422 48629
F10009003222 29510
F10009003305 60460
F10009003552 53241
F10009003727 43969
F10009004824 27723
F10009005318 47310
F10009005870 21564
F10009005953 3929
F10009005961 22698
F10009005987 59818
F10009006696 11239
F10009007132 74067
F10009007694 24755
F10009007835 53753
F10009007884 73032
F10009007900 4418
F10009013296 72613
F10009013403 27872
F10009013429 25948
F10009014369 9499
F10009014377 34708
F10009014575 28089
F10009800643 46645
F10009902530 89112
SE0000667925 76470

Table 5.2. Key charasteristics of the transaction data

Description Value
Amount of transactions 6 334 609
Amount of individual investors 322 091

Amount of transactions after initial filtering 5 680 507
Amount of investors after initial filtering 82 949

Average transaction size (eur) 47 606

31
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The activity of individual investors varied a lot, although investors with less than 25 trans-
actions over the span of 4 years dominate the dataset. The number of investors in different
activity buckets are presented in table 5.3.

Table 5.3. Key charasteristics of investors with over 10 transactions

Investor data N. of investors  Percentage of total number of investors
Investors with more than or equal to 10 and less than 25 transactions 43135 52 %
Investors with more than or equal to 25 and less than 50 transactions 19 304 23 %
Investors with more than or equal to 50 and less than 100 transactions 11 055 13 %
Investors with more than or equal to 100 transactions 9455 1%

The second dataset included transaction prices and volumes for each security within the
time span analyzed. An example of the data is illustrated in figure 5.1
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Figure 5.1. Prices and volumes for Nokia (2006 Jan to 2009 Dec)

The total volume is the cumulative amount of transactions within a day for each stock.
The total volume is the second-most important independent variable in the analysis, after
intra-daily volatility. Total volumes were calculated from this data as

n

TotalVolume = Z volumey s
t=1

where s is the stock ID and t is the trading date.

Total volumes were scaled with the average volume of the stock over the time period,
because otherwise the total volume of the most traded stock would be much higher than
the volumes of other stocks.

The intra-daily volatility was also estimated using the second dataset. The estimation
process is described in the Methodology chapter. The dataset was resampled to 30-
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minute buckets because the time buckets have to be of the same size to calculate the
intra-daily volatility. Resampling created unneeded buckets outside the trading hours,
which had to be filtered by selecting only the actual trading window. Stock splits were
excluded by filtering out daily price drops of more than 50 percents. The initial values
were scaled to 252 trading days. An example of intra-daily volatilities is presented in
figure 5.2

Intra-daily Volatility

o

o o

o© R

20 Nl Q—\O

° %

Figure 5.2. Intra-daily Volatility of Nokia stock price, scaled to one year returns. (Jan
2006 to Dec 2009)

The second dataset was grouped by trading dates and ISIN codes, resulting in 47 469
rows of data. The values used in the regression analysis are total volume and intra-daily
volatility. Total volume is scaled afterwards.

The third dataset was preprocessed to include only the 33 stocks found in the first dataset.
Only announcements that were labeled as "New information" were included. Scheduled
and non-scheduled announcements were not distinguished. The dataset included three
variables after preprocessing: ISIN, Date, and the announcement dummy.

Two new variables were evaluated based on the announcement dummy to account for
dates before and after the actual announcement date. The previous date dummy is true if
the announcement was dated a day after. The next date dummy is true if the announce-
ment was dated a day before.

The three datasets were then bound together using the trading date and the ISIN code
as indices. The volumes were multiplied by daily prices for one test set to eliminate the
possibility that the net volume would be 0, even though an investor made profit from
buying and selling the stocks for a different price.

For linear regression purposes, dummy variables are needed to control the regression.
Dummy variables were created for ISIN codes, weekday and year-month combinations
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by creating a new column for each and setting it True if it was true for that row, and False
if it was not. One dummy was excluded from each different dummy variable set to avoid
the dummy variable trap.

The final, processed data ready to be used in the regression analysis included 31 486
rows. This estimates roughly to the multiplication of the number of ISIN codes, and trading
days within the analysis period. The final dataset included 90 columns, most of which
were dummy variables.
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6 RESULTS

We ran a multiple linear regression where the proxy for investor strategy heterogeneity
was used as the dependent variable. Most significant independent variables were volatil-
ity, total volume per stock and announcement information. The regression analysis was
run with four different tests. There were similarities and differences between the results.

6.1 General Results

The results are divided into 4 different test results, one for each initial volume estimation
method. The regression runs were otherwise identical and only the investor strategy proxy
estimation varied. The threshold for the null hypothesis to be true is p >= 0.05.

Multiplying the volumes with price does not have a significant effect on the results, as
the regression results are close with both approaches. However, calculating with prices
might have given more valid data points for the analysis, as there were some cases where
the non-multiplied values resulted in division by zero problems that had to be filtered out
before the regression analysis. We decided to use non-euro values for the regression
runs, because of the simplicity for not having to multiply each value with the mean daily
price.

The same statistical results are presented for each test. Coefficient, standard error, t-
value and p-value are estimated for the variables individually, while R2-values and F-tests
are test-specific. Seasonality and stock identification control variables are not presented
in the results.

Because the tests were only differentiated by the proxy estimation method, we will discuss
the results here in general. The results of the tests are in table 6.1 for the net volumes,
table 6.2 for the sum of absolute volumes, table 6.3 for the buy volumes, and table 6.4 for
the sell volumes.

There are five variables that are meaningful to present. Volatility is the intra-daily volatility
calculated for each day. Total volume is the total traded volume for each security per day.
Announcement is a dummy variable that indicates whether an announcement was made
that day. Day before and after the announcement variables are similar, but reflect to the
days before and after the announcement.



36

All coefficients are quite large, meaning that the scale of the dependent variable is larger
than all the independent variables. This occurs because the proxy scaling was done
by subtracting the investor-specific volumes with mean volumes, and no further scaling
was done. Volatility and announcement coefficients were negative for all tests. This
implies that there are fewer distinct investor strategies when the volatility is high or there
is an announcement. Volatility has a much greater coefficient than announcement in all
tests. The total volume has a large positive coefficient in all but the sell volume test.
This implies that when there is high activity of buying and selling the security, the investor
strategies are diverse. The day before and after the announcement dummies have smaller
coefficients in all but the sell volume test.

P-values indicate the probability whether the null hypothesis is true. The values are from
0 to 1. When the p-value is lower than the threshold, the null hypothesis does not stand,
meaning there is a correlation between the variables. T-value is related to p-value, and
when the absolute value of t-value is high, there is a correlation. Volatility and total vol-
ume have p-values under 0.05 for all tests, and absolute t-values over 2.9 for all tests.
This indicates that volatility and total volume correlate with the investor strategy proxy,
regardless of the proxy estimation method. The announcement variable was statistically
significant for the sum of absolute values test and the buy volumes test. For these tests,
an announcement implies less variation in investor strategies. For the net volumes test,
the p-value is just above the threshold, and therefore the null hypothesis stands.

R2-values and the F-test estimate the statistical importance of the regression run as a
whole. High R? implies the dependent variable is highly controlled by the independent
variables with the parameters calculated. All regression tests did to an extent explain the
dependent variable, and R? varied from 0.123 to 0.281. The sell volume test was the
weakest of the four in all measures.

6.2 Test-Specific Results

We ran different tests to see whether the volume measure affects the investor strategies
proxy. We found that most of the results are similar, however, especially the sell volume
test differed significantly from the other tests.

The net volume test results are shown in table 6.1. The net volume test resulted in
the second highest R2 results and the lowest p-values. Volatility and total volume are
statistically important, as the p-values are under the threshold: 0.0001 < 0.05. The
difference between the t-values for these variables is large, thus total volume is a more
significant parameter in the model. The p-value for announcement is just over the thresh-
old: 0.065 > 0.05, so it does not correlate enough with the dependent variable. The other
announcement variables are even less significant, as the p-values are over 0.35.
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Table 6.1. Regression results for net volumes test. Investor strategies proxy is the depen-
dent variable, while volatility, total volume, announcement dummies and other dummies
are used as independent variables. For this specific test the proxy was calculated with
buy and sell volumes summed together, where buy side was positive value and sell side
negative value.

Variables Coefficients Standard Error t-values p-values R? R? adjusted  f-test

Volatility -57502 17403 -7.958 1.80e-15 0.270 0.268 131.897
Total Volume 47178 3306 55.586 0 0.270 0.268 131.897
Announcement -16338 9381 -1.847 0.065 0.270 0.268 131.897
Day before the announcement 8202 9577 0.929 0.353 0.270 0.268 131.897
Day after the announcement 7303 9769 0.828 0.408 0.270 0.268 131.897

The results of the sum of absolute volumes test are presented in table 6.2. The sum
of absolute volumes resulted in the best fit model, based on the value of R? (0.281).
Volatility and total volume are statistically significant, as with the net volume test. Again,
total volume is the most significant parameter. The announcement variable is significant,
as p — value = 0.013 < 0.05. This is an important finding related to net volumes test
because it is the only significant difference between the two tests. Other announcement
variables were not statistically significant.

Table 6.2. Regression results for sum of absolute volumes test. Investor strategies proxy
is the dependent variable, while volatility, total volume, announcement dummies and other
dummies are used as independent variables. For this specific test the proxy was calcu-
lated with volumes of both buy and sell values, summed together as absolute values.

Variables Coefficients Standard Error t-values p-values R? R? adjusted  f-test

Volatility -55329 17422  -8.464 2.70e-17 0.281 0.279 139.217
Total Volume 45456 3415 59.195 0 0.281 0.279 139.217
Announcement -19889 8542  -2.485 0.013 0.281 0.279 139.217
Day before the announcement 6536 8550 0.818 0.413 0.281 0.279 139.217
Day after the announcement 4831 8633 0.605 0.545 0.281 0.279 139.217

The results of the buy volume test are shown in table 6.3. Coefficients for the statisti-
cally important variables are similar to the net and sum of absolute volumes tests, but
standard errors are different. Volatility, total volume and announcement are all statistically
significant, as volatility and total volume have p-values under 0.0001, and announcement
0.007. Standard errors are clearly higher than in the previous two tests, which means the
observed values are quite far off from the modeled line.

Table 6.4 shows the sell volume test results. These results were significantly different
compared to the other tests. For example, volatility, total volume, and announcement
coefficients were much lower than in the other tests. However, the day before the an-
nouncement and the day after the announcement variables had quite high coefficients.
The p-value for volatility was higher than for the others, but still well below the threshold:
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Table 6.3. Regression results for buy volumes test. Investor strategies proxy is the depen-
dent variable, while volatility, total volume, announcement dummies and other dummies
are used as independent variables. For this specific test the proxy was calculated with
volumes that only represent buy transactions.

Variables Coefficients Standard Error t-values p-values  R? R? adjusted  f-test

Volatility -58790 25890 -8.062 7.75e-16 0.239 0.237 110.120
Total Volume 56957 26561 36.341 3.45e-283 0.239 0.237 110.120
Announcement -23879 16950 -2.679 0.007 0.239 0.237 110.120
Day before the announcement -9800 6867 -1.105 0.269 0.239 0.237 110.120
Day after the announcement -2090 8791 -0.235 0.814 0.239 0.237 110.120

0.003 < 0.05. The announcement variable was not statistically significant for the sell vol-
ume test, as the p-value of 0.556 was above the null hypothesis threshold. This implies
that announcement does not correlate with the investor strategies estimated from the sell
volumes. The sell volume test had the worst fit model. R? and R? adjusted values were
0.123 and 0.121, significantly lower than in the other tests. The F-test also indicates the
same result.

Table 6.4. Regression results for sell volumes test. Investor strategies proxy is the depen-
dent variable, while volatility, total volume, announcement dummies and other dummies
are used as independent variables. For this specific test the proxy was calculated with
volumes that only represent sell transactions.

Variables Coefficients Standard Error t-values p-values R? R? adjusted  f-test

Volatility -23154 9618 -2.974 0.003 0.123 0.121 49.306
Total Volume 7852 6622 8.576 1.03e-17 0.123 0.121 49.306
Announcement -5636 7537  -0.589 0.556 0.123 0.121 49.306
Day before the announcement 13332 11783 1.394 0.163 0.123 0.121 49.306
Day after the announcement 14206 10852 1.490 0.136 0.123 0.121 49.306

In summary, the total volume seems to be the most prominent explanatory variable in ex-
plaining investor strategy heterogeneity. The highly positive coefficients may result from
the estimation method of the proxy where trading volume indeed is involved. Volatility has
a significant effect as well, but the correlation is negative. This finding is rather odd, as
higher volatility is expected to increase the heterogeneity of investor strategies, not the
other way. This relation may be explained by the significance of individual noise traders in
the market who trade distinctly from each other at low volatility levels, and in times of high
volatility start trading coherently with others. Another explanation may be that as volatility
rises, investors react to the rising riskiness by using standard strategies, which are coher-
ent with other traders. The scaling of the proxy for investor strategy heterogeneity may
also have an unwanted effect on the regression runs. The multicollinearity between total
volume and volatility is one thing to consider, as trading activity and volatility have been
confirmed by multiple papers to be correlated (Jones et al. 1994; Schwert 1989).
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The regression tests with the investor strategy heterogeneity proxy calculated with the
net volumes, the sum of absolute values and the buy volumes showed clear similarities
in results. This may suggest that buy volumes are the driving factor in the other two tests
as well. The only significant differences were with the announcement variable. The buy
volume and the sum of absolute values tests produced a negative correlation with the
announcement and the proxy. The result implies that on the day of an announcement, the
heterogeneity of different strategies is reduced, but only when the investor strategy proxy
is calculated using the sum of absolute values. The finding may have similarities with
(Joulin et al. 2008), as when news arrive, investors react to less uncertainty with similar
trading decisions.

Sell volume test results differ from the other tests. The negative coefficient of volatility is
roughly half of the other tests’ coefficients, and the positive coefficient of the total volume
was 6 to 7 times smaller. This implies that the proxy estimated with sell volumes is much
less dependent on the factors. The coefficient of determination 2% was also roughly half
of the other tests. There is no clear evidence why this is, however buy and sell decisions
are affected by different reasons.
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7 DISCUSSION

We ran multiple linear regression analyses with four different tests, each configured to
estimate a proxy for investor strategies differently. The runs were controlled for volatility,
total volume and other factors such as seasonality and ISIN codes. The results show
that there is a negative correlation between the heterogeneity of investor strategies and
intra-daily volatility.

The negative correlation of volatility and the proxy is unexpected. According to previous
studies (Giot et al. 2010; Lillo et al. 2015; Schwert 1989), the relation between trading
activity and volatility is positive. When the total trading volume is high, the proxy is high.
However, high volatility causes low proxy values, when we expected them both to be pos-
itively correlated with the proxy. There may be problems with the proxy or multicollinearity
of two independent variables.

One explanation for the negative correlation between intra-daily volatility and investor
strategy heterogeneity could be explained with herding behavior. Whenever volatility rises
too high, investors revert to standard trading strategies that are homogeneous with other
investors. Similarly, when volatility is low, investors, particularly noise traders trade differ-
ently from each other, creating higher heterogeneity. This explanation is not intuitive, as it
would be more plausible if high heterogeneity, i.e. different trading strategies would incur
flux in the price, which translates to volatility.

Total volume is the most significant variable for explaining strategy heterogeneity. The
proxy was estimated based on trading volumes, which may indicate that they are highly
correlated due to the estimation method of the proxy. However, it is also very intuitive
that when the total trading volume is high, there are also many different trading strategies
present.

The amount of transactions, instead of the total volume per day, would probably have
been a better proxy for trading activity. According to Giot et al. (2010) and Jones et al.
(1994), the amount of trading is indeed much more explanatory than the average size of
a trade, when studying the relation between volatility and trading activity.

The announcement dates were also significant when estimating the heterogeneity; how-
ever, the next and previous date variables were not statistically important. There could
be more informational value by additional controlling of the announcements by recom-
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posing the announcements into expected and unexpected news. Negative correlation
between announcements and investor strategy heterogeneity may be due uncertainty of
a company’s future cash flows before news, which in turn increases speculation and the
amount of different investor strategies. When an announcement is made, uncertainty is
decreased, and investors tend to trade in similar ways.

The proxy calculated with sell volumes had the most distinct results, indicating that the
buy volumes affect the net volumes and the sum of absolute volumes approaches the
most. We did not find a reason for the different result with sell volumes. Different volume
components affecting the proxy would be an interesting topic for investigate further.

In regards of future research, we recommend studying whether a mixed effects model
would work in this study field. Controlling for investor categories would also provide some
insight, as it has been shown that there are differences in trading activity between investor
categories (Lillo et al. 2015).
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