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Abstract

We find evidence that higher aggregate institutional ownership is associated with

increased volatility during market price swing days. Mutual funds having the largest
impact on this positive relationship (demanding for liquidity), while hedge funds act as
contrarian traders during the up market, providing liquidity. We also find evidence that
hedge funds were able to provide liquidity during the Financial crisis. Further analysis
of crisis periods shows that banks abandoned their contrarian trading strategies in
the Financial Crisis, asking for liquidity instead, and insurance companies demanded
liquidity during the COVID-19 crash, during days when the market was down. For
pension funds no significant impact on abnormal returns during swing days could be
determined.

We use Fama-MacBeth regressions on firm-level abnormal returns to examine the
impact of firm ownership structure on short-term volatility, analyzing over one million
observations from the investable U.S. equity market between 1988 and 2023 on market
price swing days (days when the market portfolio’s absolute returns exceeded 2%).
We employed regressions on both the whole sample and through different crisis and
non-crisis periods. The regressions were conducted on both the aggregate institutional
ownership variable, and on individual institutional ownership types (mutual funds,

hedge funds, banks, insurance companies and pension funds).

Keywords asset pricing, institutional ownership, volatility, market crashes , mutual
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Tiivistelma

Tama tutkielma esittdd havaintoja merkittdvistd yhteydestd institutionaalisten omista-
jien sekid ndiden suorien osakeomistusten lyhyen aikavilin volatiliteetin vélilld markki-
noiden voimakkaimpien kurssiheilahduspéivien aikana. Sijoitusrahastot (mutual funds)
osoittautuivat timén ilmion padasialliseksi ajuriksi, kun taas hedgerahastot tarjoavat
likviditeettid (eli myyvit osakkeitaan) nousevilla markkinoilla. Tutkimuksemme osoit-
taa my0s todisteita siitd, ettd hedgerahastot tarjosivat likviditeettid markkinoille myos
finanssikriisin aikana. Markkinakriisijaksojen tarkempi analyysi osoittaa, ettd pankit
luopuivat vastavirran kaupankéyntistrategioistaan vuoden 2008-2009 finanssikriisin
aikana, ja vakuutusyhtididen listatuttuihin osakesijoituksiin kohdistui merkittavai
myyntipainetta koronakriisin aikana, mika lisasi volatiliteettia laskupdivind. Eldkera-
hastojen systemaatisesti merkittdavad yhteyttd osakkeiden hintojen volatiliteettiin ei
kurssiheilahduspéivini 10ydetty.

Niiden 16ydosten saavuttamiseksi tutkimus tarkasteli koko Yhdysvaltojen sijoitus-
markkinoita vuosilta 1988-2023. Tutkimuksessa analysoitiin yli miljoona havaintoa
voimakkaiden kurssiheilahdusten paiviltd (pdiviltd, jolloin markkinaportfolion ab-
soluuttiset tuotot ylittivit 2 %) hyodyntien Fama-MacBeth-regressioita. Regressiot
suoritettiin koko otokselle seki erikseen eri kriisi- ja ei-kriisiaikojen vélille. Regressiot
tehtiin sekd yhdistetylld institutionaalisen omistajuuden muuttujalla ettd yksittdisilla
institutionaalisilla omistajuusluokituksilla (sijoitusrahastot (mutual funds), hedge-

rahastot, pankit, vakuutusyhtiot ja eldkerahastot).

Avainsanat asset pricing, institutional ownership, volatility, market crashes , mutual

funds , hedge funds
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1 Introduction

1.1 Background and motivation

Markets today are increasingly volatile, with high-price swing days becoming more
frequent. While trading barriers have fallen for all participants and high-frequency,
algorithmic trading has become widespread, the market influence of institutional
investors has simultaneously grown significantly. Conventional wisdom may suggest
these resource-rich, better-informed market participants should help stabilize prices,
yet noise and volatility continue to prevail. It is then perhaps reasonable to inquire, do
institutional investors, often presumed to mitigate volatility, or face constraints like
liquidity demands and immediate trading needs intensify price swings?

Institutional investors now hold the majority of invested wealth in the U.S. stock
market. Acting as intermediaries for other stakeholders, they possess substantial
resources and expertise, which, in theory, could reduce the impact of irrational trading
decisions. Figure 1 illustrates the growing institutionalization of security ownership,
driven by the rise of passive funds, a shift from direct stock ownership to managed
assets, and pension reforms favoring institutional control (Fichtner, 2020). This
development has coincided with mounting market instability, including a pronounced
increase in high-price swing days'. In extreme cases, this instability leads to severe
consequences, with central banks stepping in as lenders of last resort, as seen during
the Financial Crisis of 2008 and the COVID-19 pandemic. Although regulators have
focused on de-leveraging and risk transparency, it is equally vital to examine the role
of investors themselves—the key players in the system.

We explore the impact of institutional ownership on market stability, with a
particular focus on "swing days", days when the market portfolio returns on absolute
terms are >2%. By analyzing ownership at the firm level, as opposed to aggregating
fund-level behavior, we adopt a bottom-up perspective to understand how large investors
may either increase or decrease volatility. This approach is inspired by the methodology
of Dennis and Strickland (2002), which analyzed the impact of institutional ownership
on stock price volatility in a similar bottom-up manner. We believe that extending
this analysis over a longer time-frame and incorporating additional data is valuable, as
much of the recent literature on this topic has employed different methodologies.

Our study contributes to a broader discourse questioning the assumption of purely

!'See Figure 2 for reference



efficient markets, while recognizing the role of noise traders. Specifically, we explore
whether institutional investors, often credited with having informational advantages,
play a role in increasing volatility or whether the extent of the noise is independent
of ownership. In line with Dennis and Strickland (2002), who found that higher
institutional ownership tends to amplify returns on days with large market moves (with
stocks with more institutional ownership rising more during days when the market is
up and falling more on days when the market is down), our findings support the view
that institutional investors, particularly mutual funds, contribute to volatility. This is
consistent with the results of previous studies, such as those by Grinblatt et al. (1995),
Carhart et al. (2002), and Wermers (1999), which suggest that mutual funds increase
market fluctuations. Furthermore, we deem our approach as a relevant addition to
recent literature, as it captures the diversity of institutional equity holders, including

often-overlooked categories like insurance companies and banks.

1.2 Research question

This thesis provides evidence on the impact of institutional ownership on short-term

volatility of individual U.S. listed equities during those trading days when the market

Figure 1: Development of institutional ownership in The United States 1988-2023
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This figure presents the trend in average institutional ownership percentage of firms within the NYSE/AMEX/Nasdaq portfolio
from 1988 to 2023. The data, sourced from the CRSP database, encompasses all approximately 19,000 U.S.-listed stocks during
our study period. Institutional ownership is defined as the percentage of shares owned by institutions who have filed the 13F
form. The chart reflects the share owner as listed in 13F filings rather than the ultimate beneficiary.



portfolio absolute returns are over 2% (referred to as swing days). Specifically,
we explore the differences across five categories of institutional investors and in
four different crisis vs. non-crisis market periods. The key research questions are

summarized as follows:

1) Does higher institutional ownership of individual U.S. listed stocks increase

their short-term volatility during swing days?
ii) Do these effects vary across different types of institutional investors?

iii) Do these effects differ between market conditions, such as crisis versus non-crisis

periods?

To address these questions, we run Fama-MacBeth regressions on firm-level
abnormal returns to analyze the impact of firm ownership structure on short-term
volatility with relevant controls. Our analysis first applies these regressions to the entire
sample and then pools the data into four periods: the Dot-com Bubble, the Financial
Crisis of 2008 - 2009, the COVID-19 Crash, and non-crisis periods. Finally, we
perform a series of robustness tests and checks to validate and reinforce the reliability

of our findings.

1.3 Contribution to Literature

We make several significant contributions to the existing literature on institutional
ownership and its impact on short-term stock volatility during days of major market
movements. These contributions cover both the data utilized, and the findings derived
from this data.

Our analysis of the full sample from 1988 to 2023 reveals that the aggregate level
of institutional ownership tends to increase stock volatility, with mutual funds being
the primary drivers of this effect. In contrast, hedge funds exhibit contrarian trading
behavior, but only during up days, not on down market days. These findings align
with previous research, including the work of Dennis and Strickland (2002) on the
aggregate institutional ownership-volatility relationship, Grinblatt et al. (2020) on
mutual funds, and Jylha et al. (2014); Jame (2018) regarding hedge fund behavior as
contrarian traders, but our finding of this only happening on days when the market is
up, is novel. In addition unlike Jylha et al. (2014) we find evidence that hedge funds

were also able to trade contrarian during the financial crisis.
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Our analysis also highlights the unique roles played by insurance companies and
banks during periods of crisis, contributing new findings to the existing literature.
Studied by for example Brunnermeier and Pedersen (2009) and Glossner et al. (2024)
our findings provide new and novel insight into the crisis periods. Specifically, we
find that during the financial crisis, banks acted as liquidity demanders, while before
the crisis, they were contrarian traders. After the crisis, they did not return to the
contrarian position. Insurance companies, on the other hand, demanded for liquidity
during down market days in the COVID-19 market crash period. These findings, to
our knowledge, supported by the methodology we used, represent novel contributions
to the literature.

On the data side, we make two key contributions. Firstly, we extend the scope
of research to cover a long 35-year period that extends over many different market
dynamics. In addition, our analysis includes a pooled analysis that allows us to compare
the differences between crisis and non-crisis periods. This approach significantly
expands upon earlier studies, which were limited in both temporal and contextual
scope. For instance, Dennis and Strickland (2002) examined a much smaller dataset?
of swing days, ending in 1996, and are yet to have been updated with the critical
developments in the decades that followed. Similarly, more recent works, such as
Glossner et al. (2024), focused narrowly on the effects of institutional ownership
during a three-month window during the COVID-19 pandemic. Our dataset spans
three major market crises, offering both a larger sample size and valuable insights into
how institutional investors have shaped market dynamics, particularly as institutional
ownership has become more prominent in the 21st century.

Secondly, we expand on Dennis and Strickland (2002) by incorporating hedge
funds as a distinct investor category in the study of institutional ownership. Widely
perceived as key contrarian investors, hedge funds play a vital role in stabilizing
markets (Jame, 2018), particularly during turbulent market periods, by acting as
liquidity providers (Jylha et al., 2014). This highlights their importance in maintaining

market efficiency.

1.4 Limitations

This thesis is subject to three main limitations. First, it does not incorporate data

on short interest or fund flows, which could have provided a clearer insight into

216 days in the equal-weighted portfolio sample compared to our 408 days
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whether mutual fund results are driven by fund managers or beneficiary actions.
Second, 13F filings do not directly include the type of the institutional investor,
meaning there is no primary source for categorizing institutional investors. Third,
the methodology employed, particularly the Fama-MacBeth regressions, has inherent
limitations. However, these limitations have been effectively addressed using several
strategies: the lack of short interest and fund flow data was mitigated through a thorough
literature review, institutional investor categorization follows a systematic and widely
recognized approach used in leading studies, and the methodological constraints were

minimized through extensive robustness checks and alternative regression analyses.

1.5 Main findings

We find evidence that higher aggregate institutional ownership is associated with higher
(or lower) individual stock returns on days when the market is up >2% (down <-2%).
This suggests that, in aggregate, institutional ownership contributes to increased
volatility across the stocks they own. The effect seems to be driven mostly by mutual
funds, whereas hedge funds play their expected role as contrarian traders during up
market days.

In the regressions split to crisis and non-crisis periods, we find evidence that the
relationship between institutional investors and stock returns varies across different
time frames. For example, banks were asking for liquidity during the price swing days
of the 2008-2009 financial crisis when they had been contrarian traders up until then,
a position they did not recover from. Insurance companies experienced downward
price pressure selling off their holdings during the COVID-19 crisis down days adding
volatility to stocks they owned during price swing days. Hedge funds were able to
provide liquidity even during the financial crisis, and for pension funds we did not

find any significant connection to the short-term volatility in our tests.

1.6 Structure of the thesis

This thesis is organized into seven sections. After the introductory Section 1, Section
2 reviews existing literature on institutional ownership and volatility. Section 3
describes our data collection methods and methodological choices, while Section 4
presents our regressions and results. Section 5 explains our selection and execution of

robustness tests. Section 6 discusses how our findings relate to academic research and

10



what real-world implications they hold. Finally, Section 7 concludes the paper, with

references and appendices provided at the end.
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2 Literature review

In this section, we outline the previous research on institutional ownership and its
connection to short-term volatility. We begin by exploring the foundational theories
behind volatility and asset pricing and how they relate to our thesis. Next, we examine
studies that analyze the impact of institutional investors on volatility of share prices
and discuss the potential drivers for their behavior. Finally, we review how institutional
investors respond during atypical market periods, summarize the literature review,

and present the hypotheses for our study at the end of the section.

2.1 From informationally efficient to irrationally volatile mar-

kets

To set the stage it is important to first understand the theoretical basis of volatility and
pricing in financial literature, first introduced by Fama (1965, 1970), who introduced
the term Efficient Market Hypothesis (EMH). EMH argues that prices fully reflect all
available information, meaning that any price changes (i.e., volatility) are solely the
result of new information. Consequently, no investor should be able to consistently
achieve returns in excess of the market average, as all known information is already
incorporated into prices, and all volatility should have roots in some information about
the individual stock or the market.

Over time, our understanding of market dynamics has evolved to incorporate the
behavioral and practical complexities observed in real-world trading. Early work
by Shiller (1981) demonstrated that volatility cannot be fully attributed to rational
expectations of future dividends or interest rates. Similarly, Poterba and Summers
(1986) argued that changes in risk premia are unlikely to account for the fluctuations
in stock prices that contribute to volatility. Building on this, Shiller (1987) explores
the relationship between the EMH and stock market volatility. He argues that volatility
is not solely driven by the arrival of new information, as the EMH would suggest.
Instead, he attributes excess volatility to other factors such as speculative bubbles,
psychological influences, and noise trading. These factors challenge the EMH’s
assumption of fully rational markets and suggest that volatility can arise even in the
absence of new fundamental information.

Grossman and Stiglitz (1980) demonstrated that, real-world markets are not only

operated by rational players, but also irrational market participants exist. Due to

12



the costliness of obtaining information, prices do not fully reflect all available data.
This suggests that arbitrage opportunities are not entirely eliminated, markets are not
always in equilibrium, and therefore, the assumptions of the EMH do not fully hold in
practice. Grossman and Miller (1988) extends this view by showing that prices—and,
by extension, volatility—are influenced by market liquidity, which is never perfectly
liquid. Further, they argue that the cost of immediacy arises from market makers
bearing inventory risks to provide liquidity during order imbalances. These findings
suggest that real-world markets deviate from the ideal efficiency proposed by the EMH
and that volatility is also caused by the actions of uninformed traders acting irrationally
or under constraints.

Thus literature in the 1980’s and 1990’s proved that volatility is impacted by the
choices of irrational players in the market and that not all assets are priced correctly.
To explain why this happens, and why volatility exists Roll (1984) and Glosten and
Milgrom (1985) focus on alternative explanations for volatility, particularly those
related to market microstructure and liquidity provision processes. Bit after these
studies, papers such as Grinblatt et al. (1995) and Carhart et al. (2002) started to
look into how institutional investors impact volatility, and finding significant evidence
supporting the notion. Additionally, the role of retail investors got attention, for
instance, Foucault et al. (2011) argued that retail investors also add noise to the markets

by taking up speculative positions.

2.2 Institutional investors and short-term volatility

As said the idea that institutional investors contribute to volatility started to come up
in research a bit after, other studies started to explain the phenomena through different
reasons. Well-known studies in this area include for example Grinblatt et al. (1995),
Carhart et al. (2002), and Dennis and Strickland (2002)3. All of the three studies
look at institutional investors impact on volatility through different methodologies,
but agree on the fact that mutual funds (the largest direct equity holder investor) on
average trade in a way, which increase volatility®.

The effects of institutional ownership on volatility can be studied in variety of

different ways, employing different methodologies. Some examples of recent studies in

3The methodology of our thesis, most closely resembles that of Dennis and Strickland (2002)

4Grinblatt et al. (1995) and Carhart et al. (2002) shows that mutual funds are momentum traders,
while argues Dennis and Strickland (2002) that they are herding
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the field, include Jame (2018), who examined liquidity-supplying funds and compared
their returns to those of other funds using transaction-level data; Jylha et al. (2014),
who analyzed hedge fund returns by regressing them on a contrarian trading strategy;
and Ignashkina et al. (2022), who conducted a similar analysis focusing on mutual
funds. Another relevant study is from Grinblatt et al. (2020), who investigated
institutional investors—specifically mutual and hedge funds—using an investment
style-based approach. While these studies generally agree with the findings of Dennis
and Strickland (2002) that mutual funds contribute to short-term volatility on average,
only a few recent studies have applied the same methodology, which follows the effect
during swing days>, and using a similar bottom-up structure, where the analysis is
based on the full portfolios of the institutions revealed in mandatory 13F filings, and
covers also other relevant investor types like banks, pension funds and insurance
companies.

The examples of recent studies which employ, similar methods to Dennis and
Strickland (2002), generally support their findings. For instance, Hung et al. (2010)
found that mutual fund herding can stabilize undervalued stocks but destabilize prices
when driven by non-informational motives. Similarly, Choi et al. (2015) highlighted
institutional trend-chasing during speculative bubbles, emphasizing their role in
volatility. However, Tian et al. (2018), recreating the methodology of Dennis and
Strickland (2002) in Chinese equities sample, found that institutions stabilize market
price swings. Most recently, Glossner et al. (2024) demonstrated that institutional fire
sales during the COVID-19 crisis destabilized markets, although strategies varied by

institution type.

2.2.1 Differences between institutional investors

Our study splits institutional investors into five major categories: hedge funds, mutual
funds, banks, pension funds, and insurance companies. Among these, mutual funds
and hedge funds have been extensively studied in the literature regarding short-term
volatility, with mutual funds typically identified as liquidity demanders and hedge
funds as contrarian traders®. In contrast, the other three categories—banks, pension
funds, and insurance companies—have not been as thoroughly explored in previous

literature.

Sdays when the market portfolio absolute returns are >2%
bsee J ylha et al. (2014) and Grinblatt et al. (2020) for example
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Hedge funds have traditionally served as arbitrageurs (Cao et al., 2018). Research
consistently supports this observation of hedge funds adopting short-term contrarian
positions. For example, their returns suggests that they engage in liquidity-providing
activities (Jylha et al., 2014). Supporting this conclusion, Jame (2018), using
transaction data and commercial databases, demonstrated that hedge funds employ
short-term contrarian strategies, acting as liquidity suppliers; a tactic that has yielded
them significant returns especially against constrained mutual funds. Similarly, by
leveraging 13F filings and performance data Grinblatt et al. (2020) found that hedge
fund managers generally exhibit contrarian behavior, identifying this approach as a
source of alpha generation. Hedge funds also engage in "manipulating" trades to polish
their holdings in anticipation to reporting dates (Ben-David et al., 2013) indicating
that these "smart-money" traders also suffer from agency issues. Additionally their
ability to engage in contrarian trading is contingent on funding liquidity condition
(Ben-David et al., 2012; Jylha et al., 2014), and willingness to correct mispricings
(Griffin et al., 2011). Therefore, based on the previous literature, we expect hedge
fund trading to reduce price swing unless market is experiencing funding liquidity
crisis (like during the financial crisis) or suffering from cross-sectional mispricings.

Mutual funds are large pooled investment vehicles that generally offer liquidity
to their shareholders, allowing investors to easily enter and exit the targeted assets.
The breadth of mutual funds also means that the strategies of individual funds can be
greatly different from one another. Ignashkina et al. (2022) demonstrated that liquidity
demand of mutual funds’ has increased over time, while the behaviors of individual
funds are unique, sometimes acting as contrarian and sometimes as the liquidity
asking participant, on average being the liquidity asking participant. Grinblatt et al.
(2020) found similar findings on their study, finding evidence that most of the time,
mutual funds strategies are trend following, so liquidity demanding. Their short-term
orientation, competitive nature, and susceptibility to capital flows also make them
more likely to demand liquidity as shown by Coval and Stafford (2007). Additionally,
mutual funds have been shown to mark up their holdings (Carhart et al., 2002) and are
more likely to trade in the same securities as their peers (Wermers, 1999).

Bank trusts operate using leverage and often also act in market-maker roles
(Brunnermeier and Pedersen, 2009). But unlike hedge funds, banks’ direct equity
holdings negatively correlate with liquidity risk (Cao and Petrasek, 2014). Additionally,

"the largest category of institutional investors, see Figure 1
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Del Guercio (1996) recorded that the composition of the bank equity portfolio compared
to mutual funds is much more focused on prudent investments likely due to legislative
reasons. Facing arguably less urgency in funding their trades, excluding funding crisis
situations, banks should limit market deviations as Dennis and Strickland (2002) also
noted.

Additional categories examined in our study include insurance companies, as well
as pension funds. These categories are distinct as they represent asset owners—entities
that manage and invest their own assets. These institutions prioritize long-term
investment horizons and stability in their trading behavior, frequently employing buy-
and-hold strategies to meet future liabilities (Davis, 1988). Pension funds as long-term
institutions face a fixed outflow schedule which has been recorded to contributing to
return stability but also to predictable periodic cross sectional liquidity demanding
behaviors (Etula et al., 2020). Evidence on pension fund herding with each other is
mixed, Lakonishok et al. (1992) found minimal herding, while Dennis and Strickland
(2002) identified significant herding.

2.2.2 Drivers for behavior of institutional investors

Previous research has convincingly demonstrated that institutional investors play
specific roles in the market and occasionally contribute to increased volatility in
individual firms or the broader market. The reasons for this behavior are multifaceted,
and there is no single consensus among researches as to why institutions act in these
ways. Firstly, much of this behavior is likely rational and can be attributed to factors
such as risk monitoring and strategic considerations and constraints. These actions
are often predictable and aligned with standard investment practices (Ahmad et al.,
2017). For example the contrarian positions of hedge funds is a legitimate strategy of
liquidity provision and stock picking, and mutual funds behavior could be explained
by the regulation that forces them to provide daily liquidity to shareholders Grinblatt
et al. (2020).

However, some theories suggest that institutional investors may also engage in
behavior that could be classified as irrational under certain circumstances. For
example institutions may engage in herding, collectively buying or selling the same
securities, often amplifying price movements rather than correcting them. While
often dismissed as the irrational imitation of others’ actions, economic herding is

considered a rational decision-making process at the agent level. Driven by payoff
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externalities, informational cascades® or principle-agent issues’, it can nonetheless
result in inefficient market outcomes (Devenow and Welch, 1996). Later research
by Choi and Sias (2009) expanded the herding argument, somewhat questionably'”,
beyond this classical economic definition to include behaviors driven by investor flows,
positive feedback trading, and correlated signals (investigative herding).

While conceptually a compelling concept, evidence on the existence of herding has
generally been mixed (Sias, 2004). For example Wermers (1999) and Lakonishok et al.
(1992) find herding to be minimal, except in small-cap stocks, challenging its broader
significance. In contrast, other studies find evidence of herding, however, with varying
explanations. Sias (2004) attribute herding to informational cascades, supported by
Choi and Sias (2009), who find industry-level herding driven by correlated signals
and style investing. Positive-feedback trading also explains herding, with Nofsinger
and Sias (1999) linking it to lag returns and Dennis and Strickland (2002) showing its
role in amplifying volatility during market swings. Reputational herding, as noted by
Graham (1999), occurs when high-reputation analysts mimic peers to protect status,
especially under weak private information.

Other reasons for institutional investors'! behavior could also be fund flows which
influence volatility, albeit in a more short-term manner. The fund flow hypothesis
suggests that volatility is shaped by liquidity needs arising from mutual fund flows,
often driven by individual investors. Cao et al. (2008) find that inflows reduce volatility,
while outflows increase it, with effects peaking within ten days. Similarly, Edelen and
Warner (2001) observe that flow-induced trading has an immediate price impact but
contributes minimally to daily market return variations. Coval and Stafford (2007)
highlight that extreme fund flows create persistent price pressures, deviating from
fundamental values for up to two quarters. Finally, Frazzini and Lamont (2008) show
that sentiment-driven mutual fund flows by individual investors amplify short-term

momentum and long-term volatility through price distortions and eventual reversals.

8Banerjee (1992) explain that informational cascades arise when investors, influenced by others’
actions, disregard their private signals

9Scharfstein and Stein (1990) note that fund managers may mimic peers due to principal-agent
issues and reputational concerns

10They argue that mutual fund flows induce herding as managers adjust portfolios in response to
demand, citing Frazzini and Lamont (2008) to support this claim. However, Frazzini and Lamont
(2008) do not classify flow-induced trading as herding, instead attributing it to investors’ allocation
decisions constraining fund managers’ actions.

"only applies to mutual funds, since in other fund types, investors can not liquidate their capital as
freely
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2.3 Institutional investors during expectational market periods

After discussing the connection between volatility and institutional ownership, one final
aspect of our research question remains. Our focus is not on the general relationship
between volatility and institutional ownership, but specifically on what happens during
volatile market days, a methodology rooted in behavioral research, as high information
flows and volatility are expected to prompt investors to disregard private signals
(Gleason et al., 2004).

We are also interested in longer periods of atypical market dynamics, market
crashes, which require more than isolated volatility spikes. A market crash occurs
when multiple swing days happen within a broader context of financial instability, as
noted by le Bris (2018). It is worth highlighting that most of the swing days in our
sample occurred during three distinct periods of heightened market volatility. All of
the three periods are clearly identifiable in our data (see Figure 2): the buildup and
burst of the Dot-com Bubble at the turn of the millennium, The Financial Crisis of
2008, and the COVID-19 market crash of 2020. Each crisis is multifaceted, caused
by a variety of factors, but still rooted in distinct underlying causes. The dot-com
crash resulted from inflated stock prices driven by new productivity gains and the
shift to the information age, leading to unsustainable valuations (Griffin et al., 2011).
The 2008 Financial Crisis stemmed from failures in risk management, particularly
regarding U.S. mortgage lending and credit standards (Erkens et al., 2012). Lastly, the
COVID-19 crash was driven by unexpected shifts in consumer behavior due to the
pandemic and the general uncertainty when the western world was faced by a new

type of a crisis it was not prepared for (Glossner et al., 2024).

2.3.1 The Dot-com Bubble

Between March 1997 and March 2000, technology stocks surged over 400%. This
remarkable growth was part of a broader productivity boom, reminiscent of earlier
periods like the railway and electricity booms, fueled by significant structural changes.
Despite many professional investors considering these stocks overvalued, most con-
tinued to invest, believing the upward trend would persist (Abreu and Brunnermeier,
2003), even as valuations diverged sharply from reality. For instance, the S&P 500
price-to-earnings ratio climbed to 44 in January 2000 (Griffin et al., 2011), while the
long-term historical average from 1871 to 2003 was only 15 (Becker et al., 2012).

The growth of the tech bubble was driven by a "synchronization problem," where
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rational arbitrageurs recognized that the market would eventually collapse, but sought
to ride the bubble for as long as possible. This, coupled with individual incentives to
time their exit from the market, allowed the bubble to expand further. The bubble finally
burst under intense selling pressure when a critical mass of arbitrageurs (institutional
investors) began to sell, as their expectations about the timing of the crash and the

return to fundamental values aligned (Abreu and Brunnermeier (2003)).

2.3.2 The Financial Crisis

The Financial Crisis was caused by new financial innovations that financial institutions
used to mask risk. Initially, the crisis stemmed from the U.S. housing bubble, where
prices had increased from the 1990s to 2006, without any connection to fundamental
factors like household income. As with most bubbles, there was widespread expectation
that prices would continue to rise (Johnson et al., 2009).

A key failure was in risk management. Banks repackaged mortgages into mortgage-
backed securities, which were kept off balance sheets, thus reducing capital require-
ments. When large financial institutions such as UBS, Bear Stearns, and Lehman
Brothers heavily invested in highly rated but risky tranches of subprime mortgages,
their exposure became clear once the value of these securities collapsed. This caused
the eventual downfall of these institutions and triggered a broader market downturn that
marked the onset of the Financial Crisis (Acharya and Richardson, 2009). During the
crisis, hedge funds’ ability to provide liquidity was severely constrained as investors
pulled out their money, exacerbating funding liquidity pressures and magnifying the
crash (Jylha et al., 2014; Ben-David et al., 2012).

2.3.3 The COVID-19 crash

The COVID-19 crash in the U.S. occurred in March 2020, driven by market fears in
response to the U.S. government’s reaction to the novel coronavirus. The government
imposed quarantines and shut down most business activities. Unemployment ultimately
rose above 20%. Unlike the other two crises discussed above, the COVID-19 crisis was
exogenous to the financial markets; it was like a natural disaster, which led to a sudden
change in investor and consumer expectations (Mazur et al., 2021). During the crash,
it appears that institutional investors sold off assets to de-risk their portfolios, and to
cover the increasing redemptions. At the same time, some retail investors provided

liquidity during the crisis (Glossner et al., 2024).
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2.4 Summary of the literature review

Previous research has found significant evidence on the impact of hedge funds'? and
mutual funds'on short-term volatility. These studies find that hedge funds on average
act as contrarian traders while mutual funds follow momentum trading strategies
leading to them being liquidity demanders, on average. Our literature section also
reviews studies which analyzed, possible reasons behind the actions of institutional
investors, from rational strategies, to herding. Our study is related to most to Dennis
and Strickland (2002) who studied the effects of institutional investors on short-term
volatility through their actions during swing days, where they found that pension funds

and mutual funds add short-term volatility of the stocks they own.

2.5 Hypotheses

This thesis studies whether increased institutional ownership of individual stocks is
linked to higher (or lower) abnormal returns on up (or down) market days, in other
words examining the relationship with volatility. It also explores how this relationship
has evolved over the past 30+ years across different market periods.

We hypothesize that there is a significant relationship between the percentage of
institutional ownership in a stock and its volatility on swing days. This hypothesis
is supported by substantial prior literature on the topic, especially when relating to
mutual funds, while other investor types have been researched less. We are also
interested if different institutional investor types act homogeneously as a group or
whether types, with distinct differences in characteristics, show distinctly different
trading patterns during swing days. Furthermore, we hypothesize that this effect is
particularly pronounced during periods of crisis and has remained relatively consistent

over time.

2.5.1 List of hypotheses

Below we have listed our main hypotheses examined in our thesis. They are specific
to the geographic and temporal frames of our study.

H1: Institutions impact volatility during price swing days

12For example Jame (2018) and Jylha et al. (2014)
B3For example Grinblatt et al. (2020) and Ignashkina et al. (2022)
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Institutions increase volatility of the stocks they own during swing days (Dennis and
Strickland, 2002; Grinblatt et al., 2020; Edelen and Warner, 2001).

H1,: No predictability of institutional ownership as a firm characteristic on swing
day stock price reaction.
H1,: Institutional ownership as a firm characteristic exacerbates or mutes firm

swing day stock price reaction.

H2: Different institutional types impact volatility differently on price swing days
Different institutional categories (e.g., hedge funds, mutual funds, pension funds)
exhibit distinct trading behaviors on price swing days, leading to varied impacts on
stock price volatility (Dennis and Strickland, 2002; Grinblatt et al., 2020; Wermers,
1999).

H2,: Different institutional categories do not exhibit distinct trading behaviors on
price swing days, and their impacts on stock price volatility are not significantly
different.

H2,: Different institutional categories exhibit distinct trading behaviors on price

swing days, leading to varied impacts on stock price volatility.

H3: Crisis periods show a uniquely significant relationship between institutional
ownership and stock returns.

During crises institutions may be willingly, or under pressure, act in ways that impact
the volatility of the overall market (Griffin et al., 2011; Jylha et al., 2014).

H3: Crisis periods do not exhibit a unique relationship between institutional
ownership and stock returns.
H3;: During crisis periods, institutional ownership has a distinct impact on stock

returns that differs significantly from non-crisis periods.

Our findings in relation to these hypotheses are shown in Section 4 and discussed

in Section 6.
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3 Data & methodology

In this section, we first outline and argue for the data used in our analysis, its source,
and the procedures for cleaning and preparing it for regression analysis (Section 3.1).
Following this, we present the methodology adopted for our study, discuss the literature
that supports our approach, and explain how the methodology was applied to perform

regressions and analyze the data (Section 3.2).

3.1 Data

Our dataset combines three!* primary sources: CRSP (for share related data), Thomson
Reuters 13F Filings (for institutional ownership data), and data from Brian Bushee
(for the classification of institutional investors). Together, these data sources allow us
to build a dataset encompassing each share in the investable U.S. market, with daily
details on share characteristics such as price, market betas, and volatility. Additionally,
we capture quarterly institutional ownership data for each stock through the 13F filings,

and with Bushee’s Classification Data, we categorize these 13F filers by investor type.

3.1.1 Data selection

The data selection process for this thesis involved three key decisions: geography, the
portfolio within the chosen geography, and the trading days selected for the regressions.

For geography, we selected the U.S. market for three main reasons. First, U.S.
markets provide accessible and high-quality institutional investor data through 13F
filings, which have been extensively validated in numerous top-tier journal studies.
Second, the U.S. represents the largest stock market globally, making it a common and
well-established subject of academic research. Third, the U.S. market features a high
concentration of institutional investors across various categories, offering a diverse
environment for analyzing institutional behavior.

We opted to study the entire investable U.S. equity market ' to avoid survivorship
and misweighting biases. Restricting the analysis to indices like the S&P 500 or

Dow Jones Industrial Average would skew the sample toward large-cap or particular

141 addition to the Primary sources, we used Compustat fundamentals database to find alternative
regression variables, and have used two supporting sources that enable us to classify hedge funds,
which are not classified by Brian Bushee. These are discussed more in Section 3.1.3

5SThis includes stocks that were delisted for any reason, as long as they were listed at some point
between January 1988 and December 2023.
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industries or sectors, while relying on the Russell 2000 would exclude major large-cap
firms. By examining the full market, we gain a more comprehensive understanding
of institutional ownership across a wide range of firm sizes and industries. We also
measure market price swings using both a value-weighted and an equal-weighted
market portfolio. This allows us to quantify how different weighting methods influence
the identification and magnitude of extreme price movements.

The decision to focus exclusively on swing days, rather than all trading days,
has its roots in behavioral finance research. Swing days—characterized by extreme
market movements—are particularly valuable for studying how institutional managers
act under stress and whether their behavior exhibits identifiable patterns. But more
importantly for our study, we see swing days as a proxy for significant trading days,
filtering out noise from random market fluctuations. During these periods, market
movements are typically driven by macro-level events, whether known or unknown,
that create significant volatility (Dennis and Strickland, 2002). This focus enhances the
relevance and clarity of our analysis by isolating impactful trading days. Additionally,
our analysis pools these swing days into separate regressions, allowing for a comparison

between crisis and non-crisis swing days.

3.1.2 Share related financial variables and defining swing days

Our share-related data was obtained from CRSP via the WRDS portal. This dataset
includes the entire investable market of 19,040 stocks that were listed for at least one
day'® between 1988 and 2023 on U.S. exchanges, including NYSE, AMEX, and
Nasdaq. All variables and their sources are detailed in Table Al. Key variables of
interest are the share-specific variables, such as daily volume and total return, along
with the critical identifier, permno, which enables us to link this data to our other
sources. To reduce the influence of outliers, beta and turnover were winsorized at the
1% level on both ends. We also use this data to filter for the swing days, those trading
days when the NYSE/AMEX/Nasdaq portfolio has daily aboslute returns >2% which
are defined for both the equal-weighted and for the value-weighted portfolios. The
distribution of this days is shown on Figure 2.

Between 1988 and 2023, there were 260 days on which the value-weighted market
return exceeded two percent and 313 days where it fell below negative two percent. In

comparison, the equal-weighted portfolio recorded 192 days with returns greater than

16This means all delisted firms are also included in the sample

23



t 7. Over the 35-year

two percent and 216 days with returns below negative two percen
study period, this translates to the value-weighted market portfolio experiencing, on
average, 7.4 up days and 8.9 down days per year. Similarly, the equal-weighted market
portfolio saw approximately 5.5 up days and 6.2 down days per year. The return
distribution in this sample exhibits significantly fatter tails, with Figure 2 illustrating

clustered swing days consistent with Mandelbrot (1963) speculative market model,

17This represents a significantly higher number of swing days compared to the findings of Dennis
and Strickland (2002) during the last major study on the relationship between IO and volatility, who
identified only 6 (10) abnormal equal-weight up (down) market days and 13 (17) abnormal value-weight
up (down) market days for the 1988-1996 period. Their results imply just 2 to 3.4 swing days per year,
depending on the portfolio definition. In contrast, our sample averages 16 swing days per year for the
value-weighted portfolio and 11.6 for the equal-weighted portfolio, which shows the increased volatility
of the overall market.

Figure 2: Swing day distribution 1988-2023
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This figure displays both the equal-weighted (top panel) and value-weighted (bottom panel) portfolio swing day distributions.
Blue bars correspond to the number of days in a year when the NYSE/AMEX/Nasdaq portfolio had daily returns > +2%, and red
bars indicate the number of days with daily returns < —2%. Light-shaded bars represent days with absolute returns between 2%
and 3%, while dark-shaded bars indicate days with absolute returns exceeding 3%.
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where volatility spikes in waves, as seen during periods like the Dot-com Bubble, the
Financial Crisis, and the COVID-19 pandemic.

3.1.3 Institutional ownership data

After obtaining the financial data and determining the swing days, we retrieved the
variables listed in Table A1 from Thomson Reuters to calculate the share of institutional
investors in the U.S. listed stocks. The 13F filings data sourced from Thomson Reuters,
which is extensively used in institutional ownership studies, comprises mandatory
quarterly filings for U.S.-based institutional investors with over $100 million in assets
under management (AUM). These filings require reporting of long positions in publicly
traded stocks (excluding cash and derivative positions). Using this data, along with
CRSP’s information on total shares outstanding and share prices, we can determine
institutional ownership percentage in these stocks.

To further break down the institutional ownership percentage to specific investor
types, we needed a reliable categorization method for individual institutional investors.
We chose Brian Bushee’s Institutional Investor Classification Data'8, as it is com-
monly used'® and widely regarded as an accurate method for distinguishing types of
institutional investors. Bushee (2024) comments on his methodology and the data’s
limitations, both of which are relevant to our study, on his website in the following

way:

"As noted on the WRDS website, the type code variable on Spectrum is not
reliable after 1998. I have taken the ’reliable’ Spectrum type codes and carried
them forward in time for institutions still in existence after 1998. For new
institutions, my RAs and I have attempted to assign a type code based on searches
for information about the fund manager [...] Given this procedure, I cannot

guarantee that these histories are 100% accurate."

From the Institutional Investor Classification Data, we gathered the manager

numbers and their respective investor classifications. From this data we retried

8First used, and explained in his study Bushee (2001)
19Used by for example: Cremers et al. (2020); Koh (2007); Bird and Karolyi (2016)
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the classifications for pension funds?’, mutual funds?!, bank trusts, and insurance
companies. With the help of the manager numbers we could then combine our
institutional investor classifications with the CRSP data to get our final data set.

In addition to the classification provided by Brian Bushee, we aim to study the
effects of hedge funds, which often take contrarian positions to the market. To
retrieve this data, we used two different sources: Data provided by professor Matti
Suominen??, from whom we obtained a verified list of hedge funds as of 2013, and
a top 100 list of hedge funds based on their AUMs listed in the industry magazine
Pension & Investments (2023). Using these sources, we matched hedge fund names to
corresponding 13F filings and manager numbers. This method is generally reliable, as
most 13F filers have recognizable fund names, though there remains the possibility of
funds being missed or misidentified. Additionally, we acknowledge that our approach
does not capture all hedge fund players across our full sample, as our analysis relies
on two spot samples in 2013 and 2023.

Using 13F filings, we examine records from approximately 11,013 institutions
identified in SEC data. Given the quarterly frequency of these filings, we consider
around 105,374,700 institution-stock-quarter combinations. As described above, we
classify institutional investors and aggregate their total institutional holdings as a
percentage of each company’s outstanding shares, resulting in roughly 733,579 total
quarterly holdings observations. We then merge these holdings data with our price
swing dataset by matching each stock’s closest available lagged historical holdings
data. Finally, we integrate the price swing table with firm-level variables, primarily
derived from CRSP, as outlined in Section 3.2.1.

3.1.4 Descriptive statistics

To provide an overview of our data, we present two descriptive tables: Table 1 for
the equal-weighted portfolio and Table 2 for the value-weighted portfolio. These
tables summarize the beta, io (institutional ownership %), return, size, turnover, and
variance variables for our sample explained in Section 3.1. Our sample sizes are

substantial, when compared to prior studies, with the value-weighted portfolio having

20In the pension fund category (both corporate and public), we also merged a very small category of
univeristy and foundation endowements, because of their similar long-term asset owner investment style

21For mutual funds, we used the Investment company, and investment advisor categorizes, where we
had removed the hedge funds discussed on this page.

22Used in the paper Kokkonen and Suominen (2015)
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1,234,500 observations for up markets and 1,453,579 for down markets. Similarly, the
equal-weighted portfolio includes 846,181 observations for up markets and 956,167
for down markets. In our sample, stocks with higher institutional ownership tend to
have higher betas. Although returns appear similar across institutional ownership
(io) partitions, the size and turnover variables suggest that institutions favor larger,
more liquid firms. Variance, used as a proxy for information asymmetry (with higher
variance indicating more independent stock movement from the market) remains at a

median value of 0.001.
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Table 1: Descriptive statistics for equal-weighted portfolio

Variable Partition Min 25% Median Mean 75% Max Std N

Equal-weighted up days

beta Whole Sample -0.487  0.572 1.060 1.133  1.573  3.798 0.805 846,181
io > Median -0.487  0.827 1.201 1272 1.632 3798 0.685 449,326
io < Median -0.487 0311 0.802 0975 1460 3.798 0.895 396,855
io Whole Sample 0.000 0.184  0.505 0494 0.791 1.000 0.325 846,181
io > Median 0463 0.636 0.776  0.765 0.899 1.000 0.158 449,326
io < Median 0.000 0.059 0.167 0.188 0307 0463 0.141 396,855
return Whole Sample -0.129 0.000 0.026  0.033 0.056 0.258 0.058 846,181
io > Median -0.129  0.011 0.031 0.038 0.058 0.258 0.049 449,326
io < Median -0.129 -0.005 0.016 0.026 0.052 0.258 0.065 396,855
size Whole Sample 11.739 17919 19476 19.579 21.104 28.712 2.242 846,181
io > Median 12.816 19.588 20.733 20.858 21.994 28.712 1.814 449,326
io < Median 11.739 16971 17.959 18.132 19.107 27.752 1.745 396,855
turnover Whole Sample 0.000 0.158  0.514 0925 1.140 8.123 1.289 846,181
io > Median 0.000 0462  0.851 1.235 1.516  8.123 1.296 449,326
io < Median 0.000  0.051 0.190 0572 0537 8.123 1.188 396,855
variance Whole Sample  0.000 0.000  0.001 0.002 0.002 0.020 0.003 846,181
io > Median 0.000 0.000  0.001 0.001 0.001 0.020 0.002 449,326
io < Median 0.000  0.001 0.002  0.003 0.004 0.020 0.004 396,855

Equal-weighted down days

beta Whole Sample -0.589 0.579 1.072 1.135 1.585 3.748 0.805 956,167

io > Median -0.589  0.840 1.218 1.285 1.647 3.748 0.679 507,499

io < Median -0.589  0.308 0.803 0.965 1.465 3.748 0.898 448,668

io Whole Sample  0.000 0.184 0.505 0495 0.794 1.000 0.326 956,167

io > Median 0463 0.636 0.778 0.767 0903 1.000 0.159 507,499

io < Median 0.000 0.058 0.166 0.187 0306 0.463 0.141 448,668

return Whole Sample -0.206 -0.056 -0.029 -0.034 -0.006 0.118 0.049 956,167

io > Median -0.206 -0.055 -0.032 -0.038 -0.014 0.118 0.042 507,499

io < Median -0.206 -0.056 -0.023 -0.030 0.000 0.118 0.056 448,668

size Whole Sample 11.603 18.001 19.533 19.635 21.140 28.696 2.219 956,167

io > Median 11.603 19.653 20.779 20.908 22.026 28.696 1.783 507,499

io < Median 11.655 17.054 18.030 18.196 19.158 27.764 1.730 448,668

turnover Whole Sample 0.000 0.160 0.514 0.906 1.133 7.618 1.228 956,167

io > Median 0.000 0.460  0.850 1.218 1.507 7.618 1.248 507,499

io < Median 0.000 0.054 0.193 0.552 0537 7.618 1.103 448,668

variance Whole Sample  0.000  0.000 0.001 0.002 0.002 0.018 0.003 956,167

io > Median 0.000  0.000  0.001 0.001 0.001 0.018 0.002 507,499

io < Median 0.000 0.001 0.001 0.003 0.003 0.018 0.004 448,668
This table presents swing day descriptive statistics for the sample using the equal-weighted market portfolio. A swing day
is defined as any trading day where the portfolio absolute return is >2%. The market portfolio utilized here is the CRSP
value-weighted NYSE/AMEX/Nasdaq portfolio, sourced from the WRDS database, and it comprises 19,040 stocks from
1988-2023. The variables included are: beta, calculated using the return data from days [-250, -50] relative to the CRSP
value-weighted portfolio; io, is the percentage of a company’s outstanding shares held by institutional (13F) investors. The split
between high and low io observations was done by calculating the median io of the whole equal-weighted sample, including up
and down days, and then comparing each observation to this median io; return, which refers the firm’s return, calculated as close
price - open price during the swing day; size, expressed as the natural logarithm of the firm’s market equity value 50 days before

the swing day; turnover, which indicates the daily trading volume as a percentage of shares outstanding on the swing day; and
variance, which is the residual variance of the market model estimated over days [-250, -50].
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Table 2: Descriptive statistics for value-weighted portfolio

Variable Partition Min 25% Median Mean 75% Max Std N
Value-weighted up days
beta Whole Sample -0.659 0338  0.778  0.828 1.237 2.835 0.670 1,234,500
io > Median -0.659  0.662 1.000 1.047 1379 2.835 0.576 580,925
io < Median -0.659 0.149 0506  0.634 1.013 2.835 0.687 653,575
io Whole Sample 0.000 0.145 0424 0448 0.733 1.000 0.319 1,234,500
io > Median 0463 0613 0.749 0.747 0.879 1.000 0.158 580,925
io < Median 0.000 0.054 0.159 0.182 0.299 0463 0.140 653,575
return Whole Sample -0.132  0.000  0.019  0.025 0.047 0.231 0.054 1,234,500
io > Median -0.132  0.008  0.027 0.033 0.051 0.231 0.045 580,925
io < Median -0.132  -0.008 0.009 0.018 0.040 0.231 0.059 653,575
size Whole Sample 10.964 17.740 19.250 19.371 20.865 28.711 2.223 1,234,500
io > Median 12.816 19.567 20.670 20.811 21.927 28.711 1.780 580,925
io < Median 10.964 16934 17.939 18.092 19.084 27.752 1.744 653,575
turnover Whole Sample 0.000 0.114  0.398  0.779 0966 6.746 1.110 1,234,500
io > Median 0.000 0.390 0.759 1.124 1400 6.746 1.185 580,925
io < Median 0.000 0.044 0.164 0472 0463 6.746 0937 653,575
variance Whole Sample 0.000 0.000  0.001 0.002  0.002 0.020 0.003 1,234,500
io > Median 0.000 0.000  0.001 0.001  0.001 0.020 0.002 580,925
io < Median 0.000 0.001 0.002  0.003 0.004 0.020 0.004 653,575
Value-weighted down days
beta Whole Sample -0.683 0.349  0.799 0.842 1.252 2.884 0.676 1,453,579
io > Median -0.683  0.675 1.014 1.058 1384 2.884 0.577 707,468
io < Median -0.683 0.147 0507 0.638 1.023 2.884 0.700 746,111
io Whole Sample  0.000 0.153 0446 0461 0.752 1.000 0.323 1,453,579
io > Median 0.463 0.620 0.759 0.754 0.890 1.000 0.160 707,468
io < Median 0.000 0.054 0.160 0.182 0.300 0463 0.140 746,111
return Whole Sample -0.190 -0.048 -0.023 -0.027 0.000 0.132 0.047 1,453,579
io > Median -0.190 -0.050 -0.028 -0.033 -0.011 0.132 0.040 707,468
io < Median -0.190 -0.046 -0.015 -0.021 0.000 0.132 0.053 746,111
size Whole Sample 11.369 17.819 19.342 19.454 20.958 28.710 2.226 1,453,579
io > Median 11.603 19.608 20.717 20.854 21967 28.710 1.774 707,468
io < Median 11.369 16967 17.969 18.125 19.111 27.759 1.745 746,111
turnover Whole Sample  0.000 0.118  0.411 0.793 0987 6911 1.125 1,453,579
io > Median 0.000 0393  0.766 1.123 1400 6911 1.182 707,468
io < Median 0.000 0.043 0.163 0479 0463 6911 0970 746,111
variance Whole Sample 0.000  0.000  0.001 0.002 0.002 0.018 0.003 1,453,579
io > Median 0.000 0.000  0.001 0.001 0.001 0.018 0.002 707,468
io < Median 0.000  0.001 0.002  0.003 0.004 0.018 0.004 746,111

This table presents swing day descriptive statistics for the sample using the value-weighted market portfolio. A swing day
is defined as any trading day where the portfolio absolute return is >2%. The market portfolio utilized here is the CRSP
value-weighted NYSE/AMEX/Nasdaq portfolio, sourced from the WRDS database, and it comprises 19,040 stocks from
1988-2023. The variables included are: beta, calculated using the return data from days [-250, -50] relative to the CRSP
value-weighted portfolio; io, is the percentage of a company’s outstanding shares held by institutional (13F) investors. The split
between high and low io observations was done by calculating the median io of the whole value-weighted sample, including up
and down days, and then comparing each observation to this median io; return, which refers the firm’s return, calculated as close
price - open price during the swing day; size, expressed as the natural logarithm of the firm’s market equity value 50 days before
the swing day; turnover, which indicates the daily trading volume as a percentage of shares outstanding on the swing day; and
variance, which is the residual variance of the market model estimated over days [-250, -50].
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3.2 Methodology

In line with Dennis and Strickland (2002), we employ a Fama-Macbeth regression
technique on the market adjusted abnormal firm returns, outlined in Section 3.1. As
outlined by Fama and Macbeth (1973), the FM regression method is used instead of OLS
in this context because clustering of events on certain days causes the residuals across
firms to be contemporaneously correlated, which OLS cannot handle properly—Ileading
to underestimated standard errors and unreliable inference. Generalized Least Squares,
which could address this, is also infeasible due to the challenge of estimating the
variance-covariance matrix with far more firms than swing days. The Fama-MacBeth
approach addresses these issues by estimating cross-sectional regressions for each
swing day separately, then averaging the coefficients across days and calculating
standard errors based on the variability of these coefficients over time, ensuring more

accurate estimation in the presence of event clustering.

3.2.1 Regression model and variables

Our cross-sectional Fama-MacBeth regression for each swing day is based on the

methodology outlined by Dennis and Strickland (2002) and is specified as:
ar; = yo +yi1size; + yaturnover; + yyvariance; + ysbeta; + ysio; + €;, (1)

where ar; is the market-adjusted abnormal return for firm i on the swing day. The

abnormal return is calculated as:

ar(i1=0y = r'(i,=0) — ¥'(m,i=0)> 2)

where r(; ;-0 represents the CRSP daily return variable (dlvrer) for firm i at time 1 = 0,
and 7, 1=0) 18 the value-weighted market return (vwretd) on t = 0.

Institutional ownership /0, is the last observation of the 13F Institutional
Ownership Report for firm i at time 7. The model provides two (three) estimates
for 10 ;). a total and segregation by ownership type into five groups: bank trusts
(bank), mutual funds (mutual), pension funds and endowments (pension), insurance
companies (insurance), and hedge funds (hedge).

Size is included in the regression both because of its close relation to institutional

ownership and as a risk factor. Firstly, size links institutional ownership because
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institutional investors usually prefer investing into larger firms, as noted by Lakonishok
et al. (1992). Thus, the regression presents institutional ownership not only as a proxy
for size. Inclusion of size is further motivated because it is a risk factor (Fama and
French, 1992). Size is defined as:

Size i4-50) = In (Pi,1-50) X N(i-50)) )

where P(;;_s0) is the daily price (dlprc) and N(;;_s0) is the shares outstanding
(dlyshrout).

The inclusion of turnover is motivated as institutional investors also prefer liquid
stocks, as noted by Falkenstein (1996) and Gompers and Metrick (2001). Specifically,
mutual funds favor liquid stocks, likely due to the need for sufficient trading volume
when managing large positions. Therefore, turnover is included as a dependent variable

to account for this liquidity preference. Turnover is defined as:

Turnover =) = (@)
where Vol is the daily trading volume at time ¢ = 0 and N is the shares
outstanding (dlyshrout).

Despite no clear evidence on institutional preference for beta Falkenstein (1996),
this variable could proxy ownership as increase in institutional breadth has been linked
with higher betas (Jylhd et al., 2018), but the inclusion is motivated also as a risk

factor. We define beta as:

Cov(R(i 1), Rimp))
Var(R(m’,)) ’

Blir-250:1-50) = (&)
where the beta is estimated from trailing period between 250 and 50 days before the
swing day t. Dennis and Strickland (2002) highlights both theoretical and empirical
justifications for including variance in the analysis. Dierkens (1991) argues that
idiosyncratic volatility is a valuable proxy for informational asymmetry, which is
critical given that institutional investors are often considered informed traders. This
suggests that greater informational asymmetry should correspond to lower institutional
ownership. Moreover, excluding variance might obscure the relationship between
institutional ownership and returns if stocks with higher informational asymmetry

respond more strongly to market events. Variance also accounts for institutional
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investors’ tendency to favor more volatile stocks, as Falkenstein (1996) finds that
mutual funds tend to avoid stocks with low volatility. Thus, omitting variance could
cause institutional ownership variables to inadvertently reflect either the impact of
informational asymmetry or a preference for volatility, rather than their true effects.
The variable variance is defined as

1=50
1

: _\2
Variance; (1-250:-50) = ——7 Z (€ — &), (6)
t=t-250

meaning the variance is the residual variance of the trailing market model beta estimate.
We also employ a set of alternative definitions for size, liquidity and variance to ensure

robustness of our results. Alternative definitions can be found in Appendix B.
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4 Results

We find significant evidence suggesting a connection between institutional ownership
and increased individual stock price volatility (or impacts on abnormal returns in the
market trend direction) during 1988-2023, both in crises and non-crisis periods. This
effect is mainly driven by mutual funds, while hedge funds act as contrarian traders
during days when the market is up, even during the financial crisis. Additionally, banks
and insurance companies exhibit a notable relationship with volatility during specific
crisis periods. Banks ask for liquidity during the financial crisis, while insurance
companies exhibit similar behavior during down-market days observed during the
COVID-19 pandemic.

4.1 Abnormal return regressions using single period from
1988 to 2023

Our full-sample regression analyses are presented in Table 3. On the left-hand side
of the table ("up days"), we report regressions for swing days with positive market
portfolio returns above 2%, while the right-hand side ("down days") focuses on swing
days with negative market portfolio returns below -2%. Separate regressions were
performed for value-weighted and equal-weighted portfolios, using both aggregate
and segregated institutional ownership. This setup results in a total of eight distinct
regressions.

Based on the full sample period from 1988 to 2023, we find significant evidence
from our Fama-MacBeth regressions that aggregate institutional ownership is associated
with increased volatility on swing days>*, consistent with previous research (Dennis
and Strickland, 2002; Glossner et al., 2024)?*. By analysing the regressions which use
the distinct institution types as control variables, we can note that this effect appears
to be primarily driven by mutual funds trading in the direction of the market, a finding
which aligns with that of Grinblatt et al. (2020). In contrast, hedge funds tend to act as
contrarian traders on up days. Jylha et al. (2014) and Jame (2018) also find that hedge
funds are contrarian traders, but their tests do not show evidence if this behavior only

persists during up days.

Zboth in the up and down market

2*Dennis and Strickland (2002) only found this connection in the value-weighted portfolio
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Table 3: Swing day abnormal return Fama-MacBeth regressions on institutional

ownership and control variables - 1988-2023

Up Days Down Days
Variable Mean t-stat Low CI Up CI Mean t-stat Low CI Up CI
Value-Weighted Days, Aggregated Institutional Ownership
size 0.001*** 9,106 0.001 0.002 —0.001#**%—-10.033 —0.001 —0.001
turnover 0.004*** 14,041 0.004 0.005 —0.003***—-12.185 —0.003 —0.002
variance 0.093 1.258 0.052 0.237 0.679***-11.327 0.797 0.562
beta 0.014*** 20.399 0.013 0.016 0.013***-26.554 0.014 0.012
io 0.003*** 4,939 0.002 0.005 —0.003*** —5.082 —0.004 —0.002
R?=10.070 N = 1,234,500 R? =0.065 N = 1,453,579
Value-Weighted Days, Segregated Institutional Ownership
size 0.001***  8.831 0.001 0.002 —0.001*#*%-10.203 —0.001 —0.001
turnover 0.004*** 14.136 0.004 0.005 —0.003*#*%—12.173 —0.003 —0.002
variance 0.093 1.290 —0.048 0.234 —0.680***%—11.528 —0.795 —0.564
beta 0.014*** 20.697 0.013 0.015 —0.013*%*%-26.897 —0.014 —0.012
bank 0.007**  2.319 0.001 0.013 0.003 1.180 —0.002 0.008
mutual 0.004*** 5334 0.002 0.005 0.004%** —7.543 0.005 0.003
insurance —0.002 —0.581 —0.007 0.004 —0.001 —0.416 —0.004 0.003
pension 0.000 0.115 —0.004 0.005 —0.003 —1.336 —0.006 0.001
hedge —0.006%** —4.373 —0.009 —0.003 0.002 1.552 0.000 0.004
R? =0.070 N = 1,234,500 R? = 0.065 N = 1,453,579
Equal-Weighted Days, Aggregated Institutional Ownership
size 0.001**  2.419 0.000 0.001 0.000*** —3.403 —0.001 0.000
turnover 0.005*** 13.497 0.004 0.005 —0.003***—11.518 —0.004 —0.003
variance —0.164 —1.547 —0.373 0.044 —0.678*** —8.219 —0.839 —0.516
beta 0.016*** 20.684 0.014 0.017 —0.013*#*%-22.058 —0.014 —0.012
io 0.004*** 4862 0.003 0.006 0.002%** —3.122 0.004 0.001
R>=10.076 N = 846,181 R%=0.070 N = 956,167
Equal-Weighted Days, Segregated Institutional Ownership
size 0.001**  2.469 0.000 0.001 —0.001%*%* —4.278 —0.001 0.000
turnover 0.005*** 13.505 0.004 0.005 0.003***-11.532 0.004 0.003
variance —0.161 —1.553 —0.365 0.042 —0.674%**% —8.343 —0.833 —0.516
beta 0.015*** 21.032 0.014 0.017 —0.013*#*%-22.517 —0.014 —0.012
bank 0.006 1.443 —0.002 0.015 0.006* 1.833 0.000 0.013
mutual 0.005***  5.355 0.003 0.007 —0.003*** —4.869 —0.005 —0.002
insurance 0.000 0.072 —0.008 0.008 —0.002 —0.641 —0.007 0.004
pension 0.001 0.271 0.007 0.006 0.000 0.082 0.005 0.005
hedge —0.008*** —4.646 —0.011 —0.005 0.001 0.829 —0.002 0.004
R?=0.077 N = 846,181 R%=0.070 N = 956,167

This table contains the coefficient estimates from our Fama-MacBeth regression using the model:
ar; =Yg +7y1 size; + yaturnover; + yyvariance; + yys beta; + ysio; + €

The dependent variable in this analysis is the market-adjusted abnormal return on swing days. A swing day is defined as any
trading day where the market portfolio absolute returns are > 2%. The regressions are separately conducted for the up days (>2%
market return) and down days (<-2% market return). The portfolio is defined as the value-weighted (the upper regressions) or
equal-weighted (the lower regressions) NYSE/AMEX/Nasdaq portfolio, sourced from the WRDS database, comprising of 19,040
stocks from 1988-2023. The independent variables include size, calculated as the natural logarithm of the market capitalization
50 days before the swing day; turnover, which represents the daily trading volume as a percentage of shares outstanding on the
swing day; variance, which is the residual variance from the market model over the [-250, -50] day window; beta, the firm’s beta
calculated using returns from the same [-250, -50] period; and institutional ownership (io), which refers to the percentage of a
company’s outstanding shares held by 13F institutions. The analysis is conducted with io both in aggregate and separated into
categories: banks (bank), mutual funds (mutual), insurance companies (insurance), pension funds and endowments (pension),
and hedge funds (hedge). Additionally, the table presents t-statistics for testing whether the mean coefficient differs from zero,
along with the lower (Low CI) and upper (Up CI) bounds of the 95% confidence interval, representing the range within which the
mean coefficient is expected to fall, excluding the 2.5% tails.
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4.1.1 Value-weighted portfolio results

The regressions for the value-weighted portfolio show that aggregated institutional
ownership significantly influences abnormal returns at the 1% level on both up and
down days. A single percentage point increase in institutional ownership is associated
with a + 0.3 basis point (bps) change in abnormal returns during swing days, moving
in the same direction as the overall market. In the segregated regressions, the effects on
up days are primarily driven by banks and mutual funds, both having a significant effect
at a 5% level. Specifically, a 1 percentage point increase in ownership corresponds to
a +0.7 bps increase in abnormal returns for banks and a +0.4 bps increase for mutual
funds. Hedge funds, however, take a contrarian position, moving the abnormal returns
in the opposite direction with a significant -0.6 bps impact when their ownership
increases by 1 percentage point. On down days, mutual funds are the main contributors
to the observed effects, with a significant -0.4 bps impact for every 1 percentage point
increase in ownership. Other institutional investors, do not exhibit a significant impact

on down days at a 5% level.

4.1.2 Equal-weighted portfolio results

The regressions for equal-weighted portfolios similarly indicate that aggregated
institutional ownership is significant at the 1% level on both up and down days. A
1 percentage point increase in institutional ownership results in a +0.4 bps impact
in abnormal returns during up days and a -0.2 bps impact during down days. In the
segregated regressions, the up day effects are largely driven by mutual funds, which
show a +0.5 bps increase in abnormal returns per 1 percentage point increase in
ownership. Hedge funds take again a contrarian position, acting against the prevailing
market movement with a significant -0.8 bps impact. On down days, mutual funds
remain the primary drivers of the effect, with a -0.3 bps impact per 1 percentage point
increase in ownership. Other institutional investors display no significant reaction to
downward market movements.

These findings highlight that the influence of institutional ownership on volatility
extend to the more diversified equal-weighted portfolio, underscoring the universality
of the effect. This suggests that the impact is not limited to large, frequently traded
stocks but is also observable among less traded and less liquid companies. This
broader applicability demonstrates the pervasive role of institutional investors in

shaping market dynamics across varying levels of liquidity and market capitalization.
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4.2 Crisis and non-crisis period regressions

Given that our dataset spans a 35-year period, we conducted a time-pooled regression to
isolate the influence of outlier periods, which would otherwise dominate the dataset>.
This approach allows us to separately examine the impact of institutional investors on
share price volatility during both crisis and non-crisis periods. Excluding the Dot-com
Bubble period, we find that institutional ownership increases volatility and most of
the segregated variables have varying impacts, but in general mutual fund ownership
increases volatility, while hedge funds act as contrarian traders. The positions taken
by banks, insurance companies and pension funds do not exhibit a clear pattern.

The four pools used in the regression were determined by examining the distribution
of swing days in the value-weighted portfolio (see Figure 2). The methodology
identified crisis years as those with more swing days than the cumulative amount
observed in the three years before, using a threshold of 10 swing days. Following years
were also included if they had at least 80% of the swing days of the crisis year. Using
this approach, we could define the crisis periods with annual precision, resulting in the
following ranges: the Dot-com Crisis (1998-01-01 to 2002-12-31), the Financial Crisis
(2008-01-01 to 2009-12-31), and the COVID-19 Crisis (2020-01-01 to 2021-12-31).
This pooling methodology provides a systematic framework for analyzing market
crashes with differences across crises identified through our literature review (see
Section 2.3).

The years outside of the crisis periods are called the non-crisis years, and are
included in a separate regression. This is used to help us understand if institutional
owners only act a certain way during crisis periods, or if their behavior is more stable
across market conditions. To make the visualization of regressions easier, t-stats
have been summarized in Figure 3 also including the t-stats from the full 1988-2023
regressions, and the coefficients of the non-crisis and crisis periods regressions have
been summarized in Table 4, while the individual full regressions are shown below in
Table 5, Table 6, Table 7, and Table 8.

2 The three crisis periods account for approximately 60% of swing days in both portfolios. Refer to
Figure 4, which illustrates the dominance of t-statistic trends by these crisis periods
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Figure 3: Swing day abnormal return Fama-MacBeth regressions on different
institutional ownership variables and control variables - summary of t-statistics

1988-2023 Dot-com Bubble Financial Crisis COVID-19 Crisis Non-crisis
Up Down up Down up Down Up Down up Down
bank
mutual

insurance -

pension 4

hedge

Value-weighted-portfolio

1988-2023 Dot-com Bubble Financial Crisis COVID-19 Crisis Non-crisis
Up Down Up Down Up Down up Down up Down
io
h -

mutual

insurance 4

pension 4
hedge

Equal-weighted-portfolio

This figure presents an illustration of t-statistics from all regressions performed: the upper section displays results for the
value-weighted portfolio, while the lower section shows results for the equal-weighted portfolio. The rows represent various
institutional ownership variables: aggregate institutional ownership variable (io), banks (bank), mutual funds (mutual), insurance
companies (insurance), pension funds and endowments (pension), and hedge funds (hedge), while the columns depict different
time periods and market conditions (up or down). 1988-2023 refers to the full sample regressions, while the other columns refer
to the matching non-crisis and crisis pooled regressions. Darkest colors indicate t-statistics with a significance level of 1%,
lighter colors represent 5% sigfnicance level and the lightest color corresponds to 10% level, with grey indicating no statistical
significance. Red shades denote negative t-statistics, while blue shades indicate positive t-statistics.

37



Table 4: Swing day abnormal return Fama-MacBeth regressions on institutional
ownership and control variables - summary of coefficients of crisis and non-crisis
period regressions

Dot-com Bubble (5) Financial Crisis (6) COVID-19 crisis (7) Non-crisis (8)

Variable Up Down Up Down Up Down Up Down
Value-Weighted Days, Aggregated Institutional Ownership
n. of days 75 84 56 67 19 30 110 132
size 0.002%#*  —(.002%** 0.001 0.000 0.0027%* 0.000 0.001%%%  —0.001***
turnover 0.007%##*  —0.004%** 0.003%#*  —(.003%*** 0.002* 0.000 0.004%##*  —(.003%**
variance 0.544#%% 1,041 %** 0.044 —0.518***  —(0.487 —0.271 —0.090 —0.624%**
beta 0.011%#%  —0.010%** 0.025%#* - (.020%** 0.010%#*  —0.011%*** 0.012%#% - (.013%**
io 0.000 0.000 0.005%#*  —0.005%** 0.006* —0.009%** 0.004%##* — —(.002%**
Value-Weighted Days, Segregated Institutional Ownership
size 0.002%%%  —(.002%%%* 0.000 0.000 0.002* 0.000 0.001%*% 0,001 ***
turnover 0.007%##%  —0.004%** 0.003%#*k  —(.003%*** 0.002* 0.000 0.004%*%  —(.003%***
variance 0.542%%% - 1,043%** 0.037 —0.502%*%*  —(0.447 —0.316 —0.092 —0.62] %
beta 0.010%**  —0.010%** 0.025%#%  —(.020%** 0.010%**%  —0.011%*** 0.012%%% . (.0]2%**
bank —0.009* 0.0187%* 0.038%#* . (.0]7%*** 0.019 —0.015 0.000 0.008%**
mutual 0.002* —0.003%* 0.001 —0.004 %% 0.009%* —0.009%* 0.005%**  —(.003%***
insurance —0.003 0.006%* —0.004 0.005 0.012 —0.040%**  —0.002 0.001
pension 0.007* —0.007%** 0.000 0.003 0.000 —0.014* —0.004 0.000
hedge —0.006%* —0.001 —0.008*** 0.004#* —0.022%%* 0.008 —0.002 0.000
Equal-Weighted Days, Aggregated Institutional Ownership
n. of days 33 33 58 59 34 31 67 93
size 0.002%#*  —0.001*** 0.000 0.000 0.000 0.000 0.001%**  —0.001***
turnover 0.009%#*  —0.007%*** 0.004%##%  —(.004%** 0.004%*#*  —0.001 0.004%##*  —(.003%***
variance 0.781%#%  —1.260%%** 0.053 —0.669%**  —(0.973%#k*  (.323 —0.408%* —0.595°%#*
beta 0.012%#%  —(.009%** 0.021%#%  —0.017*** 0.012%#%  —(0.010%** 0.015%#* . (.0]2%**
io —0.001 0.004%* 0.005%#%  —(.004%** 0.008%***  —(.007%*** 0.004%**%  —0.002*
Equal-Weighted Days, Segregated Institutional Ownership
size 0.003*%*  —0.001%%* 0.000 0.000 0.000 0.000 0.001%*%  —0.00]***
turnover 0.009%#*  —(.007*** 0.004%##%  —(.004%*** 0.004%***%  —0.001 0.004%*%  —(.003%***
variance 0.801%#*  —1.28]%*** 0.045 —0.647%x%  —(0.958%**k  —(.335 —0.409%* —0.589%*
beta 0.012%#*%  —(.008%*** 0.021%%%  —(.017%*** 0.012%*%  —(.010%** 0.015%#%  —(.0]12%**
bank —0.025%#* 0.0377%:* 0.034%*%  —0.014* 0.020 —0.001 —0.009 0.010%*
mutual 0.003 —0.001 0.003 —0.003%* 0.008%#*  —(.007%*** 0.007#%*  —0.003%**
insurance —0.006 0.010* —0.007* 0.004 0.032%* —0.042%**  —0.006* 0.004
pension 0.005 —0.009%* —0.001 0.007 0.009 —0.018%* —0.009%* 0.006*
hedge —0.006 —0.006 —0.010%** 0.003 —0.014%%* 0.006 —0.003* 0.001

This table contains the coefficients from our pooled Fama-MacBeth regressions using the model:

ar; =yg+y1 size; + yaturnover; + y3variance; + yys beta; + ys io; + €

The dependent variable in this analysis is the market-adjusted abnormal return on swing days, which are defined as any trading
day where the market portfolio (equal-weighted or value-weighted) absolute returns are > 2%. The portfolio is defined as the
NYSE/AMEX/Nasdaq portfolio, sourced from the WRDS database, and it comprises 19,040 stocks from 1988-2023. The
swing days are allocated into 4 pools, defined as Dot-com Bubble: 1998-01-01 to 2002-12-31, Financial Crisis: 2008-01-01
to 2009-12-31, COVID-19 crisis: 2020-01-01 to 2021-12-31, and non-crisis pool including all other dates between 1988 and
2023.The numbers after the period names, refer you to the full regression table of that crisis. For each pool We have further
separated, the respective up days (when market is up >+2%), and down days (when market is down <-2%), which ultimately the
regressions are conducted for. The dependent variable is the abnormal return, which is calculated as the firm’s return on the
swing day minus the corresponding portfolio return. The independent variables include size, calculated as the natural logarithm
of the market capitalization 50 days before the swing day; turnover, which represents the daily trading volume as a percentage of
shares outstanding on the swing day; variance, which is the residual variance from the market model over the [-250, -50] day
window; beta, the firm’s beta calculated using returns from the same [-250, -50] period; and institutional ownership (io), which
refers to the percentage of a company’s outstanding shares held by 13F institutions. The analysis is conducted with io both in
aggregate and separated into categories: banks (bank), mutual funds (mutual), insurance companies (insurance), pension funds
and endowments (pension), and hedge funds (hedge). The sample sizes, as in swing days in that pool, are included in the row "n.
of days".
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4.2.1 Dot-com Bubble

The Dot-com Bubble was characterized by unrealistic valuations and expectations,
with both institutional and retail investors reluctant to stop "dancing while the music
was still playing". During the dot-com crisis, there was no discernible pattern in
institutional investors’ trading behavior at an aggregate level, which contrasts with
other crises and non-crisis periods (Abreu and Brunnermeier, 2003).

Looking at our regression (see Table 5), we can see that hedge funds provide
liquidity during up days, but only on the value-weighted portfolio sample, with a
coefficient of -0.6 bps®. During down days, hedge funds show similar behavior,
but not on a statistically significant level. Pension funds asked for liquidity during
down days in the sample, with a coeflicient of -0.7 bps and -0.9 bps for the equal and
value-weighted portfolios respectively. Insurance companies were providing liquidity
on the value-weighted sample during the down days, with a coefficient of +0.6 bps.
Mutual funds show a statistically significant impact on the down market days in the
value-weighted portfolio with a coefficient of -0.3bps. Banks offer liquidity during the
up days in the equal-weighted portfolio with a coefficient of -2.5 bps, this effect is not
significant at 5% level in the value-weighted portfolio. During down days the effect
is significant in both portfolios, with a coefficient of +1.8 bps and +3.7 bps for the

value-weighted and equal-weighted portfolio respectively.

Z6For brevity, we do not repeat that the x.x bps coefficient impact corresponds to the effect on
abnormal returns for a 1% increase in institutional ownership or the segregated variable, but this applies
throughout the 4.2 Section
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Table 5: Swing day abnormal return Fama-MacBeth regressions on institutional
ownership and control variables - Dot-com Bubble

Up Days Down Days
Variable Mean t-stat Low CI Up CI Mean t-stat Low CI Up CI
Value-Weighted Days, Aggregated Institutional Ownership
size 0.002*** 11.724 0.002 0.003 —0.002*%**—-13.077 —0.002 —0.002
turnover 0.007*** 12.498 0.006 0.008 0.004*** —8.805 0.005 0.003
variance 0.544%%* 4889 0.326 0.762  —1.041%*%* —9.745 —1.251 —0.832
beta 0.011%** 11.952 0.009 0.012  —0.010%**—17.252 —0.011 —0.009
io 0.000 0.001 0.002 0.002 0.000 0.183 0.002 0.003
R>=0.071 N =449,683 R? =0.055 N =502,956

Value-Weighted Days, Segregated Institutional Ownership

size 0.002%#* 11.057 0.002 0.003 0.0027#*-12.556 0.002 0.002
turnover 0.007*%* 12,769 0.006 0.008  —0.004%** —8.831] —0.005 —0.003
variance 0.542%%% 4880 0.324 0.759  —1.043%#* —9 875 —1.250 —0.836
beta 0.010%** 12.010 0.009 0.012 0.010%%*—-17.137 0.011 0.008
bank —0.009* —1.818 —0.018 0.001 0.018%** 4,083 0.009 0.026
mutual 0.002* 1.933 0.000 0.004  —0.003*** —2.630 —0.005 —0.001
insurance  —0.003 —1.138 —0.008 0.002 0.006%* 2341 0.001 0.010
pension 0.007* 1.781 —0.001 0.015  —0.007%*% 2227 —0.013 —0.001
hedge —0.006** —2.065 —0.012 0.000  —0.001 —0.208 —0.005 0.004
R%2=0.071 N = 449,683 R? =0.056 N = 502,956

Equal-Weighted Days, Aggregated Institutional Ownership

size 0.002%%* 6,037 0.002 0.003  —0.001%** 3333 —0.001 0.000
turnover 0.009%* 11.797 0.007 0.010  —0.007#** —8.689 —0.009 —0.006
variance 0.781%% 4,870 0.466 1.095  —1.260%** —6.440 —1.643 —0.877
beta 0.012%#% 12241 0.010 0.014  —0.009%%**-10.999 —0.010 —0.007
io —0.001 —0.678 —0.006 0.003 0.004* 1.651 —0.001 0.008
R?2=0.103 N = 198,866 R?=10.079 N = 203,137

Equal-Weighted Days, Segregated Institutional Ownership

size 0.003*** 6,106 0.002 0.003 —0.001*** —4.141 —0.002 —0.001
turnover 0.009%** 12.002 0.007 0.010  —0.007*** —8.800 —0.009 —0.005
variance 0.801***  5.004 0.487 1.115 —1.281%** —6.638 —1.659 —0.903
beta 0.012%%* 12,022 0.010 0.014  —0.008***—11.045 —0.010 —0.007
bank 0.025%** —3.496 0.039 0.011 0.037%*%* 4203 0.020 0.055
mutual 0.003 1.605 —0.001 0.007 —0.001 —0.445 —0.004 0.002
insurance —0.006 —1.375 —0.014 0.002 0.010%* 1.954 0.000 0.020
pension 0.005 0.783 —0.008 0.019  —0.009** —2.230 —0.017 —0.001
hedge —0.006 —1.220 —0.017 0.004  —0.006 —1.296 —0.015 0.003
R>=0.104 N =198,866 R? =0.080 N =203,137

This table contains the coefficient estimates from our Fama-MacBeth regression during the dates 1998-01-01 to 2002-12-31
(Dot-com Bubble) using the model:

ari =yg+y1 size; + y» turnover; + y3 variance; + ys beta; + ys io; + €

The dependent variable in this analysis is the market-adjusted abnormal return on swing days. A swing days is defined as any
trading day where the market portfolio absolute returns are > 2% . The portfolio is defined as the CRSP value (the upper
regressions) or equal-weighted (the lower regressions) NYSE/AMEX/Nasdaq portfolio, sourced from the WRDS database, and
it comprises 19,040 stocks from 1988-2023. The independent variables include size, calculated as the natural logarithm of
the market capitalization 50 days before the swing day; turnover, which represents the daily trading volume as a percentage of
shares outstanding on the swing day; variance, which is the residual variance from the market model over the [-250, -50] day
window; beta, the firm’s beta calculated using returns from the same [-250, -50] period; and institutional ownership (io), which
refers to the percentage of a company’s outstanding shares held by 13F institutions. The analysis is conducted with io both in
aggregate and separated into categories: banks (bank), mutual funds (mutual), insurance companies (insurance), pension funds
and endowments (pension), and hedge funds (hedge). The sample is further split into value-weighted and equal-weighted up and
down market days. Additionally, the table presents t-statistics for testing whether the mean coefficient differs from zero, along
with the lower (Low CI) and upper (Up CI) bounds of the 95% confidence interval, representing the range within which the mean
coeflicient is expected to fall, excluding the 2.5% tails.
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4.2.2 Financial Crisis

During the Financial Crisis, banks—whose failures in risk management had been a
primary cause of the crisis—were unable to take the market positions they typically
had prior to 2008 (Acharya and Richardson, 2009). Historically, banks often traded
contrarian to market trends, especially during crises, as they did during the Dot-com
Bubble. However, in our regressions we can see that during the Financial Crisis this
behavior reversed, with banks aligning their trades more closely to market movements.

Examining our regression results (see Table 6), we observe that, consistent with
our hypothesis, aggregate institutional ownership significantly impacts abnormal
returns in the direction of the market during swing days in both value-weighted and
equal-weighted portfolios. During up days the coefficient is +0.5 bps in both of the
portfolios, during down days the coefficient is -0.5 bps in the value-weighted and -0.4
bps in the equal-weighted portfolio.

Banks have the opposite impact on the swing day abnormal returns compared
to the Dot-com bubble during the financial crisis. During up days the coeflicients
are +3.8 bps and +3.4 bps for the value-weighted and equal-weighted portfolios. In
the value-weighted portfolio during down days, banks appeared to seek liquidity, as
indicated by a coefficient of -1.7 basis points at the 1% significance level. A similar
finding was observed for the equal-weighted portfolio, though it was only significant at
the 10% level. Addionally, mutual funds asked for liquidity, but only during the down
market, in both samples with coefficients of -0.4 bps and -0.3 bps for the value-weighted
and equal-weighted portfolio samples. Insurance companies nor pensions funds do
now show stylistically significant results at the 5% level. Hedge funds provided
liquidity during up days with coefficients in the value-weighted portfolio of -0.8 bps
and in the equal-weighted of -1.0 bps, both significant at 1%. This finding contradicts
previous research, like Jylha et al. (2014) who argue that during the Financial crisis
hedge funds could not provide liquidity. Hedge funds also have the findings supporting
contrarian effect during down days in the value-weighted portfolio with a coefficient

of +0.4 bps, but this is not significant in the equal-weighted portfolio.
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Table 6: Swing day abnormal return Fama-MacBeth regressions on institutional
ownership and control variables - Financial Crisis

Up Days Down Days
Variable Mean t-stat Low CI Up CI Mean t-stat Low CI Up CI
Value-Weighted Days, Aggregated Institutional Ownership
size 0.001 1.222 0.000 0.002 0.000 —1.567 —0.001 0.000
turnover 0.003%** 4,293 0.001 0.004 —0.003*** —5.198 —0.004 —0.002
variance 0.044 0.314 0.232 0.321 0.518%** 3914 0.777 0.258
beta 0.025%** 13.426 0.021 0.029 0.020%***-12.897 0.023 0.017
io 0.005%** 2 880 0.002 0.009 —0.005%%* —4.223 —0.008 —0.003
R>=0.078 N =241,779 R? =0.075 N = 290,886
Value-Weighted Days, Segregated Institutional Ownership
size 0.000 0.727 —0.001 0.001 0.000 —1.404 —0.001 0.000
turnover 0.003%** 4,118 0.001 0.004 —0.003*** —5.071 —0.004 —0.002
variance 0.037 0.263 —0.237 0.310 —0.502%%* 3841 —0.759 —0.246
beta 0.025%** 13.648 0.021 0.028 —0.020%%*-13.352 —0.023 —0.017
bank 0.038*** 5318 0.024 0.053 —0.017%%*% —2.903 —0.029 —0.006
mutual 0.001 0.599 0.003 0.005 0.004%** 3 435 0.007 0.002
insurance —0.004 —0.831 —0.012 0.005 0.005 1.633 —0.001 0.010
pension 0.000 0.006 —0.012 0.012 0.003 0.627 —0.007 0.014
hedge —0.008*** —2.694 —0.014 —0.002 0.004**  2.030 0.000 0.008
R? =0.079 N =241,779 R? =0.075 N = 290,886
Equal-Weighted Days, Aggregated Institutional Ownership
size 0.000 —0.067 —0.001 0.001 0.000 —0.613 —0.001 0.000
turnover 0.004%#** 5792 0.002 0.005 —0.004*** —6.502 —0.005 —0.002
variance 0.053 0.357 —0.240 0.346 —0.669%** —4.446 —0.964 —0.374
beta 0.021%** 12,773 0.018 0.024 —0.017#%*-11.058 —0.020 -0.014
io 0.005%**  3.063 0.002 0.009 0.004%#** 3,129 0.007 0.002
R? =0.069 N = 249,748 R?>=0.070 N = 255,970
Equal-Weighted Days, Segregated Institutional Ownership
size 0.000 —0.440 —0.001 0.001 0.000 —0.648 —0.001 0.000
turnover 0.004%*** 5619 0.002 0.005 0.004%** —6.346 0.005 0.002
variance 0.045 0.305 —0.245 0.335 —0.647%%* 4361 —0.938 —0.356
beta 0.021*** 13.055 0.018 0.024 —0.017*%*-11.504 —0.020 -0.014
bank 0.034%** 4,390 0.019 0.049 —0.014*  —1.938 —0.028 0.000
mutual 0.003 1.276 —0.001 0.007 —0.003** —-2.273 —0.006 0.000
insurance —-0.007*  —1.827 —0.015 0.001 0.004 1.495 —0.001 0.010
pension 0.001 0.178 0.014 0.012 0.007 1.157 0.005 0.018
hedge —0.010%** 3,540 —0.016 —0.005 0.003 1.484 —0.001 0.008
R?=0.070 N = 249,748 R?>=0.070 N = 255,970

This table contains the coefficient estimates from our Fama-MacBeth regression during the dates 2008-01-01 to 2009-12-31
(Financial Crisis) using the model:

ari =yg+7y1 Size; +y» turnover; + y3 variance; + ys beta; + ys io; + €

The dependent variable in this analysis is the market-adjusted abnormal return on swing days. A swing days is defined as any
trading day where the market portfolio absolute returns are > 2% . The portfolio is defined as the CRSP value (the upper
regressions) or equal-weighted (the lower regressions) NYSE/AMEX/Nasdaq portfolio, sourced from the WRDS database, and
it comprises 19,040 stocks from 1988-2023. The independent variables include size, calculated as the natural logarithm of
the market capitalization 50 days before the swing day; turnover, which represents the daily trading volume as a percentage of
shares outstanding on the swing day; variance, which is the residual variance from the market model over the [-250, -50] day
window; beta, the firm’s beta calculated using returns from the same [-250, -50] period; and institutional ownership (io), which
refers to the percentage of a company’s outstanding shares held by 13F institutions. The analysis is conducted with io both in
aggregate and separated into categories: banks (bank), mutual funds (mutual), insurance companies (insurance), pension funds
and endowments (pension), and hedge funds (hedge). The sample is further split into value-weighted and equal-weighted up and
down market days. Additionally, the table presents t-statistics for testing whether the mean coefficient differs from zero, along
with the lower (Low CI) and upper (Up CI) bounds of the 95% confidence interval, representing the range within which the mean
coeflicient is expected to fall, excluding the 2.5% tails.
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4.2.3 COVID-19

COVID-19 is the latest major market crisis to hit the U.S. market. It was caused by an
external crisis that led to uncertainty in the market. This crisis was quick to happen,
but also the recovery was way faster than in the previous crises. (Mazur et al., 2021).
Our results support Glossner et al. (2024) findings that institutional investors requested
liquidity from the market.

Our results, presented in Table 7, show that at the aggregate level, institutional
ownership increases volatility also in this sample in all regression expect during up
days in the value-weighted portfolio where the impact of +0.6 bps is only significant
at 10% level. During down days in that portfolio the coefficient is -0.9 bps. In the
equal-weighted portfolio the coefficients are +0.8 bps for up days and -0.7 bps for
down days

Moving to the segregated results, hedge funds act as contrarian traders during
up market days in both the equal-weighted (-1.4 bps) and value-weighted (-2.2 bps)
portfolios. Pension funds show only a significant result at 5% level during down days
at -1.8 bps coeflicient in the equal-weighted portfolio. Insurance companies show a
major impact to volatility during the down days in this sample. In the equal-weighted
portfolio the impact is -4.0 bps during down days and in the value-weighted the impact
is -4.2 bps. Further, mutual funds contribute significantly to the volatility in the
value-weighted portfolio during both up and down days with a coefficient of 0.9 bps
in the market’s direction. In the equal-weighted portfolio the mutual fund impact is
in the same direction, but slightly smaller coefficients at +0.8 bps and -0.7 bps. For

banks there are no statistically significant results in this sample.
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Table 7: Swing day abnormal return Fama-MacBeth regressions on institutional
ownership and control variables - COVID-19 crisis

Up Days Down Days
Variable Mean t-stat Low CI Up CI Mean t-stat Low CI Up CI
Value-Weighted Days, Aggregated Institutional Ownership
size 0.0027%* 2.021 0.000 0.004 0.000 —0.331 —0.001 0.001
turnover 0.002* 1.911 0.000 0.004 0.000 0.402 0.001 0.001
variance —0.487 —1.276 —1.236 0.261 —0.271 —1.260 —0.693 0.151
beta 0.010%**  4.926 0.006 0.014  —0.011%*%* —7.222 —0.014 —0.008
io 0.006* 1.707 0.001 0.014 0.009%** —3.948 0.013 0.004
R? =0.029 N =68,877 R? =0.024 N = 108,886
Value-Weighted Days, Segregated Institutional Ownership
size 0.002%* 1.747 0.000 0.003 0.000 0.081 0.001 0.001
turnover 0.002* 1.908 0.000 0.004 0.000 0.485 —0.001 0.001
variance —0.447 —1.227 —1.161 0.267 —0.316 —1.545 —0.717 0.085
beta 0.010%*%* 4,969 0.006 0.014 0.011%** 7228 0.014 0.008
bank 0.019 1.107 —0.015 0.054  —0.015 —1.354 —0.036 0.007
mutual 0.009%* 2.476 0.002 0.016  —0.009*** —3.857 —0.014 —0.005
insurance 0.012 0.380 —0.048 0.071 —0.040%** —4.274 —0.058 —0.022
pension 0.000 0.029 —0.027 0.027 —0.014*  —1.797 —0.030 0.001
hedge —0.022%** —3.285 —0.036 —0.009 0.008 1.551 —0.002 0.018
R?=0.030 N = 68,877 R?=0.025 N = 108,886
Equal-Weighted Days, Aggregated Institutional Ownership
size 0.000 —0.399 —0.002 0.001 0.000 0.834 0.000 0.001
turnover 0.004%** 5884 0.003 0.005 —0.001 —0.994 —0.002 0.001
variance —0.973%*%* 3144 —1.579 —-0.366  —0.323 —1.238 —0.833 0.188
beta 0.012%** 5639 0.008 0.016  —0.010*%** —6.646 —0.013 —0.007
io 0.008***  3.290 0.003 0.013 —0.007*** —3.075 —0.012 —0.003
R?=0.041 N =123,384 R?=0.031 N=112713
Equal-Weighted Days, Segregated Institutional Ownership
size 0.000 —0.690 —0.002 0.001 0.000 0.789 0.000 0.001
turnover 0.004%#* 5818 0.002 0.005 —0.001 —0.902 —0.002 0.001
variance —0.958*** 3239 —1.538 —0.378 —0.335 —1.340 —0.824 0.155
beta 0.012%** 5767 0.008 0.015 —0.010%** —6.779 —0.013 —0.007
bank 0.020 1.386 0.008 0.048 0.001 0.093 0.019 0.017
mutual 0.008*** 3,107 0.003 0.013 —0.007*** —3.012 —0.012 —0.003
insurance 0.032%* 1.662 —0.006 0.070  —0.042%** —3.515 —0.066 —0.019
pension 0.009 0.834 —0.013 0.031 —0.018** —2.345 —0.034 —0.003
hedge —0.014%*+* 2812 —0.023 —0.004 0.006 1.272 —0.003 0.015
R? =0.041 N =123,384 R?>=0.031 N=112713

This table contains the coefficient estimates from our Fama-MacBeth regression during the dates 2020-01-01 to 2021-12-31
(COVID-19 crisis) using the model

ari =yg+y1 size; + y» turnover; + y3 variance; + ys beta; + ys io; + €

The dependent variable in this analysis is the market-adjusted abnormal return on swing days. A swing days is defined as any
trading day where the market portfolio absolute returns are > 2% . The portfolio is defined as the CRSP value (the upper
regressions) or equal-weighted (the lower regressions) NYSE/AMEX/Nasdaq portfolio, sourced from the WRDS database, and
it comprises 19,040 stocks from 1988-2023. The independent variables include size, calculated as the natural logarithm of
the market capitalization 50 days before the swing day; turnover, which represents the daily trading volume as a percentage of
shares outstanding on the swing day; variance, which is the residual variance from the market model over the [-250, -50] day
window; beta, the firm’s beta calculated using returns from the same [-250, -50] period; and institutional ownership (io), which
refers to the percentage of a company’s outstanding shares held by 13F institutions. The analysis is conducted with io both in
aggregate and separated into categories: banks (bank), mutual funds (mutual), insurance companies (insurance), pension funds
and endowments (pension), and hedge funds (hedge). The sample is further split into value-weighted and equal-weighted up and
down market days. Additionally, the table presents t-statistics for testing whether the mean coefficient differs from zero, along
with the lower (Low CI) and upper (Up CI) bounds of the 95% confidence interval, representing the range within which the mean
coeflicient is expected to fall, excluding the 2.5% tails.
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4.2.4 Non-crisis

Our non-crisis regression includes all years not flagged as crisis years based on the
methodology previously explained. As shown in Table 8, aggregate institutional
ownership on up days has a coefficient of about +0.4 basis points, while on down days
it is around —0.2 bps, both of which are statistically significant in the value-weighted
portfolio. Same results are found also for the equal-weighted portfolio expect that
the down days coeflicient of -0.2 bps is only significant at the 10% level compared to
the 1% level in the value-weighted portfolio. These results suggest that institutional
behavior is not solely driven by crisis-related pressures but also affects share price
volatility during non-crisis periods of lower market stress.

Looking at the segregated results we can see that in the value-weighted portfolio
only mutual funds and banks have statistically significant results at the 5% level. For
mutual funds they add volatility during both up and down days, with coefficients of
+0.5 bps and -0.3 bps. For banks the result is significant only during down days at -0.8
bps acting as contrarian traders. In the equal-weighted portfolio we can see that mutual
funds are still significant in both directions with coefficients of +0.7 bps during up
days, and -0.3bps during down days. Banks have a statistically significant coefficient
of +1.0 bps during down days. In this sample also pension funds show a significant

contrarian position during up days with a coefficient of -0.9 bps.
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Table 8: Swing day abnormal return Fama-MacBeth regressions on institutional
ownership and control variables - Non-crisis days

Up Days Down Days
Variable Mean t-stat Low CI Up CI Mean t-stat Low CI Up CI
Value-Weighted Days, Aggregated Institutional Ownership
size 0.001#** 9969 0.001 0.001 —0.001*** —7.827 —0.001 —0.001
turnover 0.004%#**  8.631 0.003 0.005 0.003%** 8,382 0.004 0.002
variance —0.090 —0.784 —0.316 0.136  —0.624*** —7.039 —0.797 —0.450
beta 0.012*** 14.706 0.010 0.014  —0.013**%*—-23.593 —0.014 —0.011
io 0.004#** 5588 0.003 0.006 0.002%** 3418 0.003 0.001
R? =0.075 N =474,161 R?=0.076 N =550851
Value-Weighted Days, Segregated Institutional Ownership
size 0.001*#* 10.573 0.001 0.002 0.001%#** —8.837 0.001 0.001
turnover 0.004***  8.821 0.003 0.005 —0.003*** —8.550 —0.004 —0.002
variance —0.092 —0.818 —0.311 0.128 —0.621*** —7.109 —0.792 —0.450
beta 0.012%%* 14.870 0.010 0.014 0.012%** 23 658 0.013 0.011
bank 0.000 —0.052 —0.007 0.007 0.008** 2.519 0.002 0.014
mutual 0.005%** 5950 0.004 0.007 —0.003*** —5.42] —0.005 —0.002
insurance —0.002 —0.702 —0.007 0.003 0.001 0.579 —0.003 0.006
pension —0.004 —1.442 —0.010 0.002 0.000 —0.075 —0.005 0.005
hedge —0.002 —1.422 —0.006 0.001 0.000 0.329 —0.002 0.003
R?=0.075 N =474,161 R?=0.077 N = 550,851
Equal-Weighted Days, Aggregated Institutional Ownership
size 0.001%** 3,740 0.000 0.001 —0.001*** —4.858 —0.001 0.000
turnover 0.004%** 7184 0.003 0.005 —0.003*** —7.504 —0.004 —0.002
variance —0.408** 2234 —0.766 —0.050  —0.595%** —5.045 —0.827 —0.364
beta 0.015*** 16.901 0.013 0.017 —0.012%**—-22.098 —0.014 —0.011
io 0.004%#** 3811 0.002 0.007 —0.002*  —1.823 —0.003 0.000
R?=0.097 N =274,183 R?=0.091 N = 384,347
Equal-Weighted Days, Segregated Institutional Ownership
size 0.001%%* 4756 0.001 0.001 —0.001*** —6.171 —0.001 —0.001
turnover 0.004%##* 7377 0.003 0.005 —0.003*** —7.673 —0.004 —0.002
variance —0.409*%*  —2.310 —0.756 —0.062  —0.589*%** —5.101 —0.816 —0.363
beta 0.015%** 17.067 0.013 0.016  —0.012%**—-22.172 —0.014 —0.011
bank 0.009 1.627 0.020 0.002 0.010%* 2.506 0.002 0.018
mutual 0.007***  5.295 0.004 0.010  —0.003*** —3.621 —0.005 —0.001
insurance —0.006*  —1.793 —0.013 0.001 0.004 1.248 —0.002 0.010
pension —0.009**  —2.393 —0.016 —0.002 0.006* 1.942 0.000 0.011
hedge —0.003*  —1.727 —0.007 0.000 0.001 0.388 —0.003 0.004
R*=0.097 N =274,183 R*=0.091 N = 384,347

This table contains the coefficient estimates from our Fama-MacBeth regression during the non-crisis dates, using the model:
ari =yo+ vy size; + Y2 turnover; +y3 variance; + Y4 betai +vs io; + €

The dependent variable in this analysis is the market-adjusted abnormal return on swing days. A swing days is defined as any
trading day where the market portfolio absolute returns are > 2% . The portfolio is defined as the CRSP value (the upper
regressions) or equal-weighted (the lower regressions) NYSE/AMEX/Nasdaq portfolio, sourced from the WRDS database, and
it comprises 19,040 stocks from 1988-2023. The independent variables include size, calculated as the natural logarithm of
the market capitalization 50 days before the swing day; turnover, which represents the daily trading volume as a percentage of
shares outstanding on the swing day; variance, which is the residual variance from the market model over the [-250, -50] day
window; beta, the firm’s beta calculated using returns from the same [-250, -50] period; and institutional ownership (io), which
refers to the percentage of a company’s outstanding shares held by 13F institutions. The analysis is conducted with io both in
aggregate and separated into categories: banks (bank), mutual funds (mutual), insurance companies (insurance), pension funds
and endowments (pension), and hedge funds (hedge). The sample is further split into value-weighted and equal-weighted up and
down market days. Additionally, the table presents t-statistics for testing whether the mean coefficient differs from zero, along
with the lower (Low CI) and upper (Up CI) bounds of the 95% confidence interval, representing the range within which the mean
coeflicient is expected to fall, excluding the 2.5% tails.
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4.3 Post-swing day performance

Since the aggregate pattern of institutional ownership seems to moderately amplify
the abnormal returns during price swing days, it is imperative to test the persistence of
these abnormal returns. We employ the test proposed by Dennis and Strickland (2002),
who examine post-event cumulative returns over a 6 month period for abnormal return
persistance, which should not occur if the elevated institutional trading is primarily
information-driven and high institutional ownership firms only adjusted more sharply
to their fundamental values. In Table 9, we report the post-swing day performance
of each ownership quintile following the swing day and compare the subsequent
cumulative returns of 125 trading days.

To control for the influence of firm size—given that institutional ownership is

correlated with size?’

—we adjust the post-swing day returns following the approach of
Dennis and Strickland (2002). Specifically, for each firm i, we calculate the cumulative

post-swing day return over the period from 7 + 1 to 7 + 125:

1+125
R = [ (1+ri0) -1,
s=t+1
where 7;  is the daily return of firm i on day s. We then compute the size-adjusted
post-swing day abnormal return by subtracting the median cumulative post-swing day

return of all firms in the same size quintile as firm i:

ARP' = RPOSU _ Median (Rf"s‘) ,

where the median is calculated over all firms j within the same size quintile as
i. We compute the mean of these abnormal returns for each institutional ownership
quintile. To ensure that overlapping time periods do not bias our results, we repeat the
analysis using non-overlapping swing days at least six months apart, similar to the
method used by Dennis and Strickland (2002).

In table 9, we record a similar pattern as Dennis and Strickland (2002); despite an
amplified return reaction during the price swing day, the post-swing day abnormal
returns seem to be significantly positive. This would imply two things, an oversell
reaction during the down days and a muted reaction during the up days.

More specifically, in down market, significantly negative swing day returns for

27 As discussed in Section 3.2.1
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firms in the highest institutional ownership quintile suggest that institutions oversell
during sharp market declines. This overselling is followed by a partial price reversal,
reflected in positive abnormal returns over the next six months. However, when
restricted to independent swing days, the abnormal returns lose statistical significance,
indicating that the reversal may not be as robust when accounting for overlapping
periods.

Further, in up market, swing day returns for the highest ownership quintile are
more elevated, but the subsequent abnormal returns do not revert downward. Instead,
they show continued upward drift, suggesting a muted price reaction on the swing day,
followed by post-swing day positive momentum. However, the lack of significance
in the independent swing day analysis raises questions about the consistency of this
momentum effect.

Interestingly, the lowest institutionally owned stocks seem to have consistently

negative abnormal returns in both up and down market compared to their size benchmark

Table 9: Post swing day six-month return of firms by institutional ownership -
1988-2023

Institutional Ownership Quintile: 1 2 3 4 5

Equal-Weighted Up Market

Average institutional ownership (%) 6.62 28.11 51.88 71.43 89.11
Swing day return (%) 2.17 2.97 3.53 3.74 3.89
Post swing day return (%) 10.07 13.57 14.76 16.18 16.16
Post swing day abnormal return (%) —5.07**%*  —1.18 0.44 2.71%*% 3 10%**
t-statistic 3.77 0.94 0.40 2.76 3.34
Post swing day abnormal return, indep (%) —3.55%* 0.01 0.34 1.82% 1.38
t-statistic indep —2.55 0.00 0.30 1.74 1.40

Equal-Weighted Down Market

Average institutional ownership (%) 6.63 28.21 52.04 71.55 89.04
Swing day return (%) —2.71 —3.16 —3.57 —3.69 —3.80
Post swing day return (%) 3.31 8.06 10.66 13.32 13.90
Post swing day abnormal return (%) —4.03*%*%*  —0.61 0.30 2.09%*%  2.25%**
t-statistic —3.52 —0.57 0.31 242 2.65
Post swing day abnormal return, indep (%) —3.20%*%* (.21 0.44 1.43 1.12
t-statistic indep —2.62 0.19 0.44 1.60 1.33

This table presents post-swing day returns for firms categorized into quintiles based on institutional ownership over the period
January 1, 1988, to December 31, 2023. A swing day is defined as a trading day when the absolute value of the CRSP
value-weighted market return exceeds 2%. The swing day return is the equally weighted mean return for each ownership quintile
across all swing days. The post-event six-month return is calculated as the mean cumulative return over the 125 trading days
following the event. Post-event abnormal returns are determined by subtracting the median six-month return of firms within the
same size quintile on the swing day from the individual firm’s six-month return. Independent abnormal returns are computed
using swing days separated by at least six months to ensure non-overlapping observations. T-statistics test the null hypothesis that
the mean is zero.

48



portfolios. This suggests that these securities experience relatively inefficient price
discovery, likely influenced by their ownership structure, a finding which is consistent
with Dennis and Strickland (2002).

Overall, the pattern of post swing day performance seem reflect the findings by
Dennis and Strickland (2002), but similarly the notions Nofsinger and Sias (1999),
who concluded that institutional trades in the same securities leads to subsequent
price momentum patterns. However, the statistical significance of post-swing day
abnormal returns appears to be largely influenced by overlapping periods, as results
lose significance when non-overlapping, independent swing days are analyzed. This
suggests that the observed post-swing day patterns in the full sample may not provide
statistically conclusive evidence of persistent abnormal returns driven by institutional

ownership.
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5 Robustness tests

To test the robustness of our results we have conduct a test for time-varying effects,
alternative control variables, and a supporting evidence to our main regressions from
abnormal turnover regressions and alternative regression models. From these tests we
conclude, that our regressions behave in the expected way in the time-varying effects
tests, and that the abnormal turnover regressions support our findings, but alternative
variables are seen to have a slight impact in our results, likely due to the trailing of the

Amihud illiquidity variable used.

5.1 Time-varying effects

Our study spans 35 years and encompasses hundreds of swing days for both equal-
and value-weighted portfolios, enabling a detailed analysis of the time variation
in t-statistics. To test the time-varying effects during this period, we employed an
expanding window regression. Beginning with a regression using 30 swing days,
we added one swing day at a time, re-running the entire regression at each step. For
brevity, we do not present these regressions in tabular form but instead illustrate the
t-statistics of key variables®® in Figures 4 and 5.

In Figure 4, we observe a reversal in the t-statistics of aggregated institutional
ownership over the sample period. For the equal-weighted portfolio, the t-statistics
were significant with an opposite sign than in 2023, reversing during 2008, to the
expected sign. This reversal happened faster for the value-weighed portfolio compared
to the equal-weighted, where the significant t-statistics for down days only emerged
during COVID-19 crisis in 2020. Similarly, Ignashkina et al. (2022) found that the
effect of mutual funds on volatility increased over time in historical samples.

The results of segregated institutional ownership are shown in Figure 5, revealing
similar patterns that align with those found for the aggregate institutional ownership.
The significance observed in the full regression results in Section 4.1 appears only in
specific years within our 35-year sample. For the equal-weighted portfolio, relationship
between mutual funds and added short-term volatility became significant after 2008.
Banks, which initially demonstrated a contrarian relationship, shifted to a more

ambiguous role post-2008, contributing to share price volatility on up days and

Z8For clarity we have decided not to draw the smaller and less significant insurance and pension fund
variables
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showing unclear effects on down days. Hedge funds, on the other hand, displayed
extended periods of insignificance on down days but emerged as significant contrarian
traders on up days after 2008. Insurance companies showed significant contrarian
behavior before the COVID-19 bubble crash, but their role dissapeared during that

crisis. Pension funds, however, did not show any consistent significant connection.

Figure 4: Expanding window t-statistics development - aggregated institutional
ownership
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The figure illustrates the daily t-statistics for the variable "institutional ownership" (I0) on both up and down market days over
time, presented separately for equal-weighted and value-weighted portfolios. Each data point represents the t-statistic calculated
from a Fama-MacBeth regression, with an expanding window (with 1 swing day intervals) beginning with the first 30 days in
1988.
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Figure 5: Expanding window t-statistics development - segregated institutional
ownership - equal-weighted
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The figure illustrates the daily t-statistics for the selected seggregated institutional ownership variables on both up and down
market days over time, presented for the equal-weighted portfolio. Each data point represents the t-statistic calculated from a
Fama-MacBeth regression, with an expanding window (with 1 swing day intervals) beginning with the first 30 days in 1988.

The results for the value-weighted portfolio are generally similar, and thus are omitted
for brevity.

These results highlight the volatility of the results over time, demonstrating that a
study conducted pre-Financial Crisis would have led to vastly different conclusions. It
also underscores the out sized impact of crisis periods, which explains the necessity

of the pooled analysis presented in Section 4.2.
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5.2 Control Variable Specification

In order to verify that our results were not driven by correlated regressors or specific
proxy choices, we followed the approach outlined in Dennis and Strickland (2002) and
performed a series of Fama-MacBeth regressions incorporating multiple robustness
tests. Motivated by the concerns raised in Lakonishok et al. (1992) and Falkenstein
(1996), which suggest that institutional investors may prefer larger firms or avoid
low-volatility stocks, we orthogonalized our explanatory variables using a modified
Gram-Schmidt procedure. This step ensured that size, variance, and beta were purged
of their overlapping influences before assessing the role of institutional ownership.

Additionally, we replaced market value of equity with book value as a size proxy,
substituted total return variance for our baseline variance measure, and included
two-digit SIC code dummies to control for industry-specific effects. Under all these
alternative specifications and controls, our coefficients remained mostly stable and
significant, confirming that the positive association between institutional ownership
and abnormal returns on swing days holds robustly and is not simply an artifact of
correlated regressors or the particular proxies employed.

Out of these regressions, for brevity we have only shown Table 10 for the full
regression. The alternative variables used in this regression are documented in
Appendix B. Closer inspection suggests that these variables introduce noise in the
value-weighted and equal-weighted regressions. Nevertheless, the main finding of
aggregate institutional volatility-inducing patterns remains robust, with mutual funds
as key drivers. This test also reveals a significant negative impact from insurance
companies across both up and down regressions, a result previously evident only
in the COVID-19 pooled sample regression using the standard variable definitions.
While the hedge fund pattern is broadly similar, it proves less robust to these statistical
specifications. We attribute the observed differences primarily to the substitution of
the turnover variable for the trailing Amihud illiquidity variable as well as the size

variable.
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Table 10: Fama-MacBeth regression with alternative variables - 1988-2023

Up Days Down Days
Variable Mean t-stat Low CI Up CI Mean t-stat Low CI Up CI
Value-Weighted Days, Aggregated Institutional Ownership
size 0.001#*#* 9,654 0.001 0.001 —0.001*** —7.441 —0.001 —0.001
amihud —0.001***—11.775 —0.001 0.000 0.001*** 19.117 0.001 0.001
variance 0.937#%* 7322 0.686 1.188 —2.000%**—17.896 —2.219 —1.781
beta 0.016*** 25.872 0.015 0.018 —0.014***-30.428 —0.015 —0.013
io 0.009*** 15.527 0.008 0.010 —0.007***—-13.829 —0.007 —0.006
R? = 0.066 N = 1,234,500 R? =0.067 N = 1,453,579
Value-Weighted Days, Segregated Institutional Ownership
size 0.001*** 10.057 0.001 0.001 —0.001*** —8.069 —0.001 —0.001
amihud —0.001%**—-11.996 —0.001 0.000 0.001%*%* 19.444 0.001 0.001
variance 0.968***  7.677 0.721 1.215 —2.009%**—18.335 —2.224 —1.794
beta 0.016*** 26.256 0.015 0.017 —0.014***—-31.069 —0.014 —0.013
bank 0.016***  7.091 0.011 0.020 0.006%*%#* —3.622 0.009 0.003
mutual 0.009%** 12.288 0.007 0.010 —0.007***—-12.789 —0.008 —0.006
insurance 0.006** 2.128 0.000 0.011 —0.009*** 5394 —0.012 —0.006
pension 0.003 1.233 0.002 0.007 0.005%*** —2.843 0.009 0.002
hedge —0.002 —1.094 —0.005 0.001 —0.001 —0.976 —0.004 0.001
R? = 0.066 N = 1,234,500 R? =0.067 N = 1,453,579
Equal-Weighted Days, Aggregated Institutional Ownership
size 0.001*** 3,848 0.000 0.001 0.000 —0.067 0.000 0.000
amihud 0.000%** —4.458 0.000 0.000 0.000***  7.038 0.000 0.000
variance 0.937%** 7322 0.686 1.188 2.000%**-—-17.896 2.219 1.781
beta 0.016%*** 25872 0.015 0.018 —0.014***-30.428 —0.015 —0.013
io 0.009*** 15.527 0.008 0.010 —0.007***—-13.829 —0.007 —0.006
R?=0.072 N = 846,181 R?=0.073 N = 956,167
Equal-Weighted Days, Segregated Institutional Ownership
size 0.001***  6.667 0.001 0.001 —0.001*** —4.227 —0.001 0.000
amihud 0.001***-12.736 0.001 0.001 0.001*** 18.358 0.001 0.001
variance 1.261%#* 7,699 0.940 1.582 —2.425%*%_16.196 —2.718 —2.131
beta 0.016*** 22301 0.015 0.018 —0.012***—-23.800 —0.013 —0.011
bank 0.010***  2.905 0.003 0.016 —0.002 —0.702 —0.006 0.003
mutual 0.009%***  8.889 0.007 0.011 —0.006%** —8.823 —0.008 —0.005
insurance 0.005 1.250 —0.003 0.012 —0.010%** —4.361 —0.015 —0.006
pension —0.005*%  —1.706 —0.011 0.001 —0.002 —0.756 —0.006 0.003
hedge 0.003* 1.782 0.007 0.000 0.003* 1.779 0.006 0.000
R?2=0.072 N = 846,181 R?>=0.073 N = 956,167

This table contains the coefficient estimates from our Fama-MacBeth regressions using the model:
ari =yo + y1 Sizeqr,i +y2 amihud; + y3 varianceye; i +yabeta; +ysio; + €

The dependent variable in this analysis is the market-adjusted abnormal return on swing days. A swing day is defined as any
trading day where the market portfolio absolute returns are > 2% . The portfolio is defined as the CRSP value (the upper
regressions) or equal-weighted (the lower regressions) NYSE/AMEX/Nasdaq portfolio, sourced from the WRDS database, and it
comprises 19,040 stocks from 1988-2023. Using alternative definitions, the independent variables include size, calculated as the
natural logarithm of the total assets from the preceding quarter’s filings before the swing day (Compustat); Amihud illiquidity,
representing the average historical daily price impact over the [-250, -50] day observation window; and variance, defined as
the return variance for stock ii over the [-250, -50] day window; beta, the firm’s beta calculated using returns from the same
[-250, -50] period; and institutional ownership (io), which refers to the percentage of a company’s outstanding shares held by
13F institutions. The analysis is conducted with io both in aggregate and separated into categories: banks (bank), mutual funds
(mutual), insurance companies (insurance), pension funds and endowments (pension), and hedge funds (hedge). The sample is
further split into value-weighted and equal-weighted up and down market days. Additionally, the table presents t-statistics for
testing whether the mean coefficient differs from zero, along with the lower (Low CI) and upper (Up CI) bounds of the 95%
confidence interval, representing the range within which the mean coefficient is expected to fall, excluding the 2.5% tails. The
sample includes 260 days for value-weighted up days, 313 for value-weighted down days, 192 for equal-weighted up days, and
216 for equal-weighted down days.

54



5.3 Abnormal turnover

To assess the robustness of institutional ownership’s effect on market reactions, we
extend our analysis to swing day abnormal turnover, using the methodology outlined
in Dennis and Strickland (2002). Abnormal turnover is defined as the difference
between a firm’s turnover on the swing day and its median turnover during the [-250,
-50] window, controlling for pre-existing turnover patterns. The regression model
includes size, variance, and institutional ownership (both aggregate and segregated
into ownership categories) as explanatory variables.

The results in table 11 confirm that institutional ownership is a significant predictor
of abnormal turnover, highlighting that institutions actively trade in response to
major price changes. This indicates that the firms with the highest institutional
ownership experience substantially elevated trading activity which helps explain the
return pattern. Only ownership by pension funds seems to be connected with a
reduced abnormal turnover during down price swings. While size and variance exhibit
no consistent relationship with abnormal turnover, institutional ownership remains
robustly significant across specifications.

Orthogonalization procedures using the modified Gram-Schmidt procedure and
alternate specifications (e.g., using book value or total return variance) reinforce
these findings, demonstrating that the observed relationships are not artifacts of proxy
effects or model specification, but we have omited their display again for brevity.
This robustness aligns with prior evidence linking institutional trading to increased

volatility, emphasizing the nuanced behavior across ownership type.
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Table 11: Fama-Macbeth regression of abnormal turnover - 1988-2023

Up Days Down Days

Variable Mean t-stat Low CI Up CI Mean t-stat Low CI Up CI

Value-Weighted Days, Aggregated Institutional Ownership

size 0.025%**  8.699 0.020 0.031 0.029*** 10.985 0.024 0.034
variance 25.679*** 16.086 22.551 28.808 31.988*** 16.335 28.150 35.827
io 0.301%#%* 18.422 0.269 0.333 0.238%** 14.709 0.206 0.269

Value-Weighted Days, Segregated Institutional Ownership

size 0.029%** 9,769 0.023 0.034 0.031%%* 11.414 0.025 0.036
variance 25.924**%*% 16.318 22.810 29.037 32.246%*%* 16.589 28.436 36.056
bank 0.138#** 2779 0.041 0.236 0.148%** 3,611 0.068 0.228
mutual 0.339%** 17.705 0.302 0.377 0.249%** 14.525 0.215 0.282
insurance 0.268%** 5254 0.168 0.368 0.346%** 7730 0.258 0.434
pension —0.066%  —1.843 —0.136 0.004 —0.110%** —3.067 —0.180 —0.040
hedge 0.549%** 16.439 0.483 0.614 0.553***% 16.508 0.488 0.619

Equal-Weighted Days, Aggregated Institutional Ownership

size 0.023#** 4,890 0.014 0.032 0.036%**  9.427 0.029 0.044
variance 38.337#%* 14.449 33.137 43.538 39.962%** 15.660 34.960 44.963
io 0.280#** 11.208 0.231 0.329 0.250%#* 13.301 0.213 0.287

Equal-Weighted Days, Segregated Institutional Ownership

size 0.022%%* 4,508 0.012 0.032 0.039%**% 9,648 0.031 0.046
variance 38.535%** 14.503 33.328 43.743 40.291*** 15911 35.328 45.254
bank 0.378%** 5545 0.244 0.511 0.163***  2.960 0.055 0.270
mutual 0.270%**  9.226 0.212 0.327 0.254*%% 11.635 0.211 0.297
insurance 0.466***  6.095 0.316 0.616 0.397***  6.839 0.283 0.511
pension —0.018 —0.370 —0.112 0.076 —0.167*** —3.337 —0.266 —0.069
hedge 0.546%** 12.861 0.462 0.629 0.673%** 15.856 0.590 0.756

This table contains coefficient estimates from our Fama-MacBeth regressions using the model:

aturn; = yg + 7y size; + yp variance; + y3 i0; + € ®)

The dependent variable is the abnormal swing day turnover, defined as the turnover on swing day ¢ for firm 7 less the median
turnover from days [—250, —50]. An swing day is defined as a trading day where the absolute value of the market portfolio
return exceeds 2%. The independent variables include the natural logarithm of the market value 50 days prior to the swing day
(size), residual variance from the market model over the [ -250, —50] day window (variance), and institutional ownership (io),
represented as the percentage of shares held by 13F institutions. Results are presented for both aggregated and categorized
institutional ownership, including banks (bank), mutual funds (mutual), insurance companies (insurance), pension funds and
endowments (pension), and hedge funds (hedge). Data is further split into value-weighted and equal-weighted up and down
market days. Additionally, the table presents t-statistics for testing whether the mean coefficient differs from zero, along with
the lower (Low CI) and upper (Up CI) bounds of the 95% confidence interval, representing the range within which the mean
coefficient is expected to fall, excluding the 2.5% tails. Coefficient estimates are multiplied by 100.
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5.4 Alternative regression models

To evaluate the robustness of our findings and address potential limitations of the Fama-
MacBeth methodology, we conducted single-day regressions using OLS regression
with the same model specification. This regressions were conducted as spot analysis
on selected thirty day time windows, to analyze the impact. While detailed results
are not presented for brevity, these regressions confirmed the primary conclusions,
demonstrating significant relationships in the same direction as those identified in the
Fama-MacBeth regressions, reinforcing the robustness of our findings and ensuring

they were not artifacts of the averaging process inherent in the Fama-MacBeth model.
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6 Discussion

6.1 Interpretation of the impact of the aggregated institutional
ownership variable on abnormal returns

Our 35-year analysis of institutional ownership on price swing days, reveals that
institutional ownership contributes to increased volatility in their stocks they own.
Specifically, on days when the aggregate stock market is up by more than 2%, the
abnormal returns of firms with higher institutional ownership are higher, and on days
when the market is down by more than -2%, these returns are lower. This pattern holds
true in both of our market portfolio types, the value-weighted and the equal-weighted,
with absolute coefficients of the institutional ownership variable between 0.2 bps and
0.4 bps indicating a slight, but statistically significant impact on absolute daily returns
of the stocks when institutional ownership increases by 1%-point.

With this in mind, it is also important to bring attention to our analysis of the time-
varying effects of the institutional ownership variable. As shown in Figure 4, we can
observe that the results we are now describing only came into effect after the financial
crisis for the value-weighted portfolio and for the equal-weighted portfolio even later,
after the COVID-19 crisis. This is however, somewhat expected, as Ignashkina et al.
(2022) described that mutual funds?®, have increased their demand for liquidity over
time, which aligns with our findings.

The findings remain consistent when we segment the regressions into crisis and
non-crisis periods, with the exception of the Dot-com Bubble period in the early
2000’s, where the contribution of institutional ownership to volatility was not found.
During the significant periods the absolute coefficients of the variables are between
0.2 bps and 0.9 bps, with the largest absolute coefficients during the COVID-19 crisis.

Our key regression findings for the aggregated institutional ownership generally,
align with the existing literature. For example, Dennis and Strickland (2002) reported
comparable t-statistics and slightly higher coefficients for the institutional ownership
variable in the value-weighted portfolio. However, they did not observe a similar effect
in the equal-weighted portfolio, where t-statistics were insignificant, and coefficients
were low. This discrepancy may be attributed to differences in time frames, as

suggested by our time-varying analysis, or the limited sample size of only 16 swing

2 Used as a proxy for institutional ownership in our argument
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days in their study. Similarly, Grinblatt et al. (2020) demonstrated that mutual funds
and other advisers predominantly engage in trend-following strategies. Their findings
support our analysis through a different methodological approach that focuses on
sorting investors by investment style. Similarly, Glossner et al. (2024) presented results
consistent with ours in their more recent study, albeit over a shorter time-frame during
a crisis period.

We also tested the performance of institutional stock holdings following the
market price swings. Not only is the price reaction during the swing days more
pronounced—with higher returns on up days and lower on down market days—but
the highest institutionally owned stocks seem to experience abnormal returns in the
following six-month period, indicating positive post-swing day performance. This
result seems consistent with the findings of Dennis and Strickland (2002), as they
also observed a significant post-swing day upward drift in the highest institutionally-
owned stocks, but only for the overlapping periods. However, as this holds weakly
across non-overlapping periods in our sample, we refrain from drawing overly strong

conclusions about the persistence of price drifts.

6.2 Interpretation of the impact of categorized institutional
ownership types on abnormal returns

Examining the segregated institutional ownership variable results, we can conclude our
findings about the individual institutional investor types. From these types, the most
consistent driver of volatility of stock prices during price swing days are mutual funds.
This effect is clearly visible in our 1988-2023 regression, where mutual funds are
trading with the market in all regressions with statistically significant t-statistics and
absolute coeflicients between 0.3 bps and 0.5 bps. This finding resembles the findings
of Dennis and Strickland (2002) relating to mutual funds, though his coefficients were
somewhat greater.

This finding on mutual funds is also supported by other literature, which used
slightly different methodologies to study mutual funds’ impact on volatility. For
example, Graham (1999), Grinblatt et al. (2020) and Ignashkina et al. (2022) document
that mutual funds, in general, add volatility to the market, supporting our main
regression results. The results on mutual funds are semi-consistent over our different
non-crisis and crisis regressions, even though notably during the dot-com bubble and

the up market days during the financial-crisis the significance of the findings were
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smaller. The finding on financial crisis is different to Ignashkina et al. (2022) who in
their study found evidence of mutual funds also asking for liquidity during the financial
crisis. The reasons why mutual funds act this way is not fully agreed on in the research
community. Grinblatt et al. (2020) notes that one reason for this volatility increasing
behavior of mutual funds, could be the regulation, which constrains their trading
behavior in the U.S. where they are forced to provide liquidity to their shareholders,
while Dennis and Strickland (2002) argued that the effect is mainly due to herding of
the mutual fund managers. Both Ignashkina et al. (2022) and Grinblatt et al. (2020)
find evidence that the mutual funds who on average demand liquidity suffer reduced
returns as a consequence.

Our findings challenge the role of banks as systematic liquidity providers, as
suggested by Dennis and Strickland (2002). Specifically, our analysis reveals the
absence of a consistent contrarian trading style among banks within our sample.
However, during the financial crisis, banks exhibited substantial liquidity demanding
behavior, as evidenced by significant t-statistics’ and large absolute coefficients
ranging from 1.4 to 3.8 bps in our non-crisis and crisis split regressions. Prior to the
financial crisis, particularly during the Dot-com Bubble, banks displayed contrarian
trading behavior, a pattern that also emerged on down market days during non-crisis
periods in our model. In contrast, over the full sample period (Table 4), banks
showed significant t-statistics in only one of the four regressions>!. These observations
suggest that banks’ trading behavior is complex and difficult to categorize into a single
archetype.

For hedge funds, we find evidence that they provide liquidity and adopt contrarian
positions during days when the market is up. This is visible in our 1988-2023 regression
in both portfolios with coeflicients of -0.6 bps for the value-weighted sample and
-0.8 bps for the equal-weighted sample. The fact that hedge fund follow short-term
contrarian strategies, providing liquidity, has significant evidence in literature, in
studies conducted by for example Jylha et al. (2014), Jame (2018) and Grinblatt et al.
(2020). Thanks to this behavior, the latter two studies record that this strategy has
earned hedge funds on average a meaningful amount of alpha in their investments,
but both studies state that this alpha is not due to the liquidity provision, but more

complex strategies, like superior stock picking.

3019 level for three regressions and 10% for the down market, equal-weighted portfolio regression

31Observed during up market days in the value-weighted portfolio
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In our non-crisis and crisis period regressions, we observe that the contrarian
tendency of hedge funds become more pronounced during all crisis periods, including
liquidity-related crises (the financial crisis of 2008-2009), which contradicts the
findings of Jylha et al. (2014), who states that during liquidity-related crises in general,
and during the financial crisis of 2008-2009 hedge funds were asking for liquidity, not
providing it. In our sample the effect was significant during up days in both portfolios
with coefficients of -0.8 bps for the equal-weighted and -1.0 bps for the value-weighted
portfolio. This difference in findings could be due to multiple different reasons, one
being our extended definition of the crisis including in total over 100 swing days in
both of the portfolios, meaning that the measured hedge fund performance could also
happen during days further away from the most immediate crisis, when liquidity was
more accessible. Similar results to the financial crisis, in our sample we can also see
during the other two crises, Dot-com Bubble*? and COVID-19, where in both hedge
funds were contrarian traders during the up market days.

For insurance companies we find an interesting pattern of statistically significant
liquidity demanding behavior, during down market days of COVID-19 crisis, with
coeflicients of -4.0 and -4.2 for the value-weighted and equal-weighted portfolio
respectively. This is a clear outlier among our results for the insurance companies
throughout all the other regressions. There has been a limited number of studies, that
could explain this behavior. For example, Farooq et al. (2021) finds that during the
COVID-19 crisis, there was a negative impact on the stock returns of insurance compa-
nies, due to the negative impact of the increased number of payments to policyholders.
These reactions appear justified by insurers’ bleak pandemic-era outlook—marked by
potential surges in mortality-driven payouts, bond-rating downgrades, and persistently
low interest rates—which threatened to erode their balance sheets (Kirti and Shin,
2020). The same effect of increased outflow, could have also forced the insurance
companies to liquidate their assets during the crisis, adding to volatility during down
days. Outside of the COVID-19 period, insurance companies do not add volatility or
act as major contrarian traders, according to our analysis.

Lastly, we studied the impact of pension funds on volatility. We were unable to find
any evidence of significant and robust relation of pension fund’s influence on abnormal
returns. This is not aligned with the study conducted by Dennis and Strickland (2002),

who found significant relationship in all regressions expect the equal-weighted up

320nly in the value-weighted portfolio statistically significant
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market days regression. It is important to note that the amount of pension funds and
swing days in his sample were small, and in our time-varied regressions that go back
to 2000, we do not note a single period after it, when pension funds would have been

a significant factor.

6.3 Hypothesis analysis

In regards to our initial hypothesis we find significant and robust evidence to confirm
our first hypothesis that institutional ownership is a significant abnormal return
characteristic on market price swing days. The evidence seems clear that aggregate
pattern is exacerbated by in the higher institutionally owned categories. This evidence
is true for the robustness test using alternate variables and the additional robustness
evidence from swing day turnover. While the pattern is also quite consistent across
time, but the Dot-com period is a major exemption in this regard.

We also confirm our second hypothesis, where we aimed to determine whether
different types of institutional investors exhibit distinct trading patterns. We find that
mutual funds predominantly engage in volatility-inducing trades, while hedge funds
tend to adopt contrarian positions. These results largely confirm prior observations
regarding institutional market trading activities.>> Additionally, during various crisis
periods, certain investor groups—such as insurance companies and banks—contribute
to heightened price swings in their respective holdings.

Finally, we reject our third hypothesis, which proposed that crisis periods yield
consistently different outcomes compared to non-crisis periods. For instance, the
aggregate institutional ownership variable and mutual funds demonstrate similar
behaviors across both non-crisis and most crisis regressions. While some investor
groups, such as hedge funds, display more nuanced behaviors during crises, these
differences are context-dependent and do not exhibit uniformity across all crisis types,

thus the hypothesis can be rejected.

6.4 Limitations of the study

While this study provides valuable insights into the role of institutional investors in
share price volatility, several limitations must be acknowledged. These limitations

highlight areas for potential refinement and future research.

33Discussed in Section 2.2.1
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Firstly, we want to address the basic statistical concerns related to regression
based studies. In he model we used, reverse causality is addressed by utilizing
lagged institutional ownership data from quarterly 13F filings. Since the ownership
data predates the swing day return findings, it is unlikely that the observed returns
influenced the reported ownership levels. To mitigate concerns about omitted variables,
we include controls for all variables typically associated with price movements, such
as size, beta, turnover, and variance. Additionally, we conduct robustness checks using
alternative variable specifications and other statistical tests to ensure the validity of
our results. These steps, in our view, effectively address the limitations and concerns
related to reverse causality and omitted variable bias.

In addition, the Fama-MacBeth regression methodology employed in this study
has its own limitations. While effective for estimating relationships in panel data, the
method assumes independence across time periods, which may not fully capture the
dynamic interactions in institutional trading behavior during volatile periods. Addi-
tionally, the methodology may be sensitive to sample size and variable specification,
which could influence the robustness of the findings.

Additionally, a significant limitation of this study is the absence of detailed short
interest and fund flow data. Short selling is a critical component of institutional trading
strategies, particularly during volatile market periods, and its exclusion may lead to an
incomplete understanding of the overall impact of institutional investors on market
dynamics. Similarly, fund flows are a key driver of institutional behavior, reflecting
shifts in investor sentiment and resource allocation. Integrating fund flow data would
provide deeper insights into how capital movements influence trading patterns and
volatility. The lack of both short interest and fund flow data constrains our ability
to fully capture the connection of institutional strategies and their effects on market
stability. Future research could address these gaps by incorporating data relating to
these variables to enhance the analysis.

Lastly, defining and categorizing institutional investors presents a significant
methodological challenge. The 13F filings, which serve as the primary data source for
institutional holdings, do not require institutions to specify their type, necessitating
well-informed assumptions for categorization. We relied heavily on the dataset
developed by Bushee (2024), a widely respected open-source resource for manager
classification. However, this dataset has inherent limitations, including reliance on

outdated data and manual processing.
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Our classification of hedge funds, combines data from multiple sources, including
Bushee’s dataset and two additional hedge fund-specific sources. This process, while
comprehensive for the largest hedge funds by assets under management, captures only
a subset of institutional activity. As such, smaller hedge fund filers and other contrarian
investor types may be inaccurately classified or excluded, potentially introducing noise
into the analysis. Despite these efforts, our categorization represents a significant

t34

improvement”* over prior studies, such as Dennis and Strickland (2002), but remains

imperfect.

6.5 Ideas for future research

The number of studies published on institutional ownership and short-term share price
volatility appears to have declined since the 2000s. This thesis has identified several
promising avenues for future research that could enhance our understanding of how
institutional ownership influences short-term share price volatility. This is becoming
increasingly relevant as institutional investors manage a growing share of global assets.

Firstly, a particularly valuable contribution to the literature, as well as to this
study, could involve analyzing flow data and order book dynamics of mutual funds.
Such research could help determine whether their trading strategies are predominantly
driven by fund managers or influenced decisively by investor flows.

Secondly, we see that there is a significant amount of contribution left to make
in the research of insurance companies and pension funds. These asset owners, with
relatively small direct investment amounts, invest in a way more ambiguous way than
the other investor types, not clearly demanding or supplying liquidity according to our
regressions. Furthermore, we observe that during COVID-19 insurance companies
increased volatility significantly during down-market days. However, the reasons
behind such behavior, particularly during crises that lead to increased policyholder
flows (e.g., COVID-19), and the impact on their portfolio returns remain under-explored
in the literature.

Thirdly, we also see significant potential for expanding this research beyond the
United States. Most existing studies have relied on the 13F filings, but exploring

alternative datasets, which were not available for this thesis, could support the findings

3+ As shown in Figure 1, our sample’s hedge fund count aligns closely with other studies employing
similar manual matching techniques on NYSE/AMEX/NASDAQ portfolios. For example, a comparable
study reported an average hedge fund ownership rate of 7% from 2000 to 2012 Cao et al. (2018).
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and discover potential differences in manager behavior influenced by cultural factors
(e.g., individualistic vs. collectivist cultures) and legislative environments.

Lastly, future research could improve upon our hedge fund classification method
by leveraging a larger dataset and incorporating more sophisticated tools. Our limited
access to necessary databases and the extensive manual effort required constrained our
classification approach. A more comprehensive classification process could increase
the number of identified hedge funds to a meaningful degree, improving the accuracy
of regressions not only for hedge funds but also for other categories by excluding

hedge fund effects more effectively.
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7 Conclusions

We present long-term evidence on the relationship between institutional ownership
and stock returns during market price swing days. Our findings make a significant
contribution to the literature, revealing the distinct behaviors of various institutional
investors during different periods. Specifically, across our full sample we highlight
mutual funds as liquidity demanders, hedge funds as contrarian traders during up days,
insurance companies as liquidity demanders during the COVID-19 crisis and banks
during the financial crisis. We also studied pension funds, which do not significantly
contribute to volatility across our regressions.

Using a 35-year sample, covering hundreds of price swing days, over 19,000
individual firms, 11,013 categorized institutions and more than 100 million institution-
stock-quarter combinations, we present these results backed by robust data and multiple
Fama-MacBeth regressions. Our findings, showing that institutions contribute to
volatility on the aggregate, are consistent with the work of Dennis and Strickland
(2002), who identified a significant relationship between institutional ownership and
short-term volatility. Additionally, our results further confirm the roles of mutual
funds and hedge funds, as observed by Grinblatt et al. (2020) for the prior, and by Jame
(2018) and Jylha et al. (2014) for the latter. A notable addition to prior literature is the
discovery of the liquidity demand roles played by banks during the financial crisis
and insurance companies during COVID-19. We also discover that opposing to prior
research, hedge funds were able to provide liquidity even during the financial crisis.

These results support our hypothesis that institutional ownership impacts short-term
volatility of individual firms. This effect is positive, meaning that a higher institutional
ownership of a stock, means that they have a larger price swings up or down during
swing days. Also our hypothesis on the differences between institutional investor types
is true. For example we examine that mutual funds are liquidity seekers and hedge
funds contrarian traders.

Future research could explore three main avenues. First, incorporating flow
and short-sell data to address behavioral questions that our study could not fully
explain. Second, it could enhance understanding of the drivers behind the behaviors
of insurance companies and pension funds, as well as their impact on short-volatility.
Third, expanding the geographic scope of the study beyond the U.S., which in this
regard have generally been explored only sparingly due to data limitations. Last,

further development of hedge fund classifications could provide valuable insights.
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A Data specifications

This section of the appendix details our data retriving methodology in a level, that

supports any possible recration of our data sets. Together with information from

Section 3.1 a total recreation of the study should be plausible.

Table A1: Description of data variables and sources

Variable Description Source
permno CRSP Permanent firm identifier CRSP g-stock/dsf-v2
dlycaldt CRSP Daily calendar Date identifier CRSP g-stock/dsf-v2
dlyprc CRSP Daily Stock Price CRSP g-stock/dsf-v2
shrout CRSP Shares Outstanding CRSP g-stock/dsf-v2
dlyvol CRSP Daily Volume CRSP g-stock/dsf-v2
dlyret CRSP Daily Total Return CRSP g-stock/dsf-v2
vwretd CRSP Value-Weighted Return (includes distri- CRSP dsi
butions)
ewretd CRSP Equal-Weighted Return (includes distri- CRSP dsi
butions)
date CRSP Calendar Date CRSP msf
ret Monthly Stock Return CRSP msf
vol Monthly Trading Volume CRSP msf
cfacpr Price Adjustment Factor CRSP msf
cfacshr Shares Adjustment Factor CRSP msf
rdate Reporting Date TR 13f s34typel
fdate Filing Date TR 13f s34typel
s34type3
mgrno Manager Identifier TR 13f s34type
s34type3 / Bushee
mgrname Manager Name TR 13f s34typel
shares Number of Shares TR 13F s34type3
Type Institutional Investor Type (BNK, INS, INV, IIA, Bushee and Professor
CPS, PPS, UFE, MSC, HDG) Suominen and P&I ar-
ticle for hedge funds
PermInvStyle Permanent Investment Style (LVA, LGR, SVA, Bushee

SGR)

CRSP refers to the Center For Research In Security Prices. TR 13 F refers to the Thomson Reuters 13F Filings. Bushee refers
to the Institutional Investor Classification Data by prof. Brian Bushee. All variables are accessed via Wharton Research Data
Services (WRDS) library.
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B Alternative variables

To account for robustness of our results we employ alternative definitions for our main
control variables of size, liquidity and variance. We to complement the market based

size estimate an accounting based size variable is defined as:
Size (4 = In (Total Assets; ;1)) (B1)

where TotalAssets; ;_1) represents the total assets for firm i as reported in the most
recent quarterly filing (Compustat) prior to the swing day.

Insted of turnover we employ an alternate metric of liquidity using Amihud
illiquidity is derived from Amihud (2002). This variable tracks price impact and in

our robustness calculations we employ the the historical average:

Amihud ;) = - _ZSO _IRaol (B2)
=N Volume;

t=-250

where |R(; ;| is the absolute daily return of stock i on day ¢, Volume; ) is the
daily trading volume, and N is the total number of trading days in the [-250, —50]
observation window.

Finally instead of market residual variance we alternatively employ a return variance
which is defined as:

1 =50

5 )2
Varre, i) = No1 Z (Riio) = Rii)) (B3)
1=-250

where R(; ) is the daily return of stock i on day 7, R(i) is the average daily return of
stock i over the [-250, —50] observation window, and N is the total number of trading

days in the window.
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