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Abstract

Risk asymmetry is a phenomenon whereby a firm covaries differently with a
broad market portfolio, depending on the market return being positive or neg-
ative. This thesis investigates the effect of institutional ownership on a firm’s
risk asymmetry. In order to justify causal interpretation, plausible exogenous
variation in the level of institutional ownership around the Russell 1000 & Rus-
sell 2000 cut-off is used in a fuzzy regression discontinuity design. This analysis
yields no significant results and a set of robustness checks is used to validate
this finding. This thesis extends both the literature on the determinants of risk
asymmetry and the literature on the effects of institutional ownership. The
results are relevant for investors, as investors care about the (determinants of
a) firm’s risk profile.
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1 Introduction

Investors care about risk. In order to optimally allocate resources in their portfolio,
investors need to have a complete understanding of the risks they face. According
to the Capital Asset Pricing Model (CAPM) (Sharpe, 1964), investors demand to
be compensated for systematic risk, expressed as (3, in addition to a risk-free base-
line. The systematic risk § measures the stocks sensitivity to variation in market
return. In classic finance theory, 5 is assumed to be symmetric (Elbannan, 2014).
However, Ang et al. (2006) describe a situation where a firm does not covary equally
with positive and negative market return. This phenomenon is called risk asymmetry.

A special group of investors are institutional investors. Institutional investors
are entities that pool money to purchase securities and other investment vehicles.
Institutional investment in a stock has a wide range of effects on a wide range of
different corporate outcomes, many of which have been documented by previous re-
search. Among these effects, an increase in institutional ownership of a stock has
effects on the risk profile of said stock (Basak & Pavlova, 2013).

If one considers that investors care about the risks they face, systematic risk is
not symmetrical and that institutional investment has effects on the risk profile of a
stock, the following research question arises:

What is the effect of institutional ownership on systematic risk asymmetry?

This thesis will investigate the effect of institutional ownership on risk asymmetry.
In order to establish a causal link, I use the widely studied quasi-random variation in
the level of institutional ownership around the Russell 1000/2000 index cut-off in a
fuzzy regression discontinuity design (Appel et al., 2020). The Russell 1000 (R1000)
tracks the 1000 largest US listed firms in a value-weighted index, meaning that the
largest firms in the index receive the largest weights. Similarly, the Russell 2000
(R2000) tracks the next 2000 largest US listed firms in a value-weighted index. As a
result, firms just below the R1000 / R2000 cut-off (i.e. at the top of the R2000) have
discontinuously higher weights in their respective index then firms just above cut-off
(i.e. at the bottom of the R1000). Firms just above and just below the R1000 and
R2000 index cut-off are arguably similar, with the exception for exogenous changes in
institutional ownership due to investors investing more in firms with a higher weight
in their respective index.
The effects that institutional investors have on firms that they invest in are well
researched. The literature regarding the effect of institutional investors on corpo-
rate outcomes can be divided across two types of findings: a 'positive’ and a 'neg-



ative’ effect. This does not refer to the direction of the treatment effect, instead:
positive meaning that corporate outcomes improve and negative that corporate out-
comes worsen. There is evidence that an increase in institutional ownership is related
to greater management disclosure (Boone & White, 2015), higher quality of earn-
ings (Velury & Jenkins, 2006) and higher dividend yield (Crane et al., 2014). Con-
versely, an increase in institutional ownership has been shown to increase CEO power
(Schmidt & Fahlenbrach, 2017) and to decrease a firm’s corporate social responsi-
bility (Cheng et al., 2022). Most papers however show that institutional ownership
increases corporate outcomes, and most importantly decrease information asymmetry
(Boone & White, 2015). Given that risk is a measure of uncertainty and a decrease
in information asymmetry is related to decreased uncertainty, I hypothesize that in-
creased institutional ownership reduces a firm’s risk asymmetry.

The rest of this thesis is structured as follows. Firstly, a literature review will be
conducted and hypothesis development will take place. Secondly, the methodology
will be discussed. Thirdly, the empirical results will be presented. Finally, the results
will be discussed and placed in the context of previous literature and the thesis will
be concluded.

2 Literature review & hypothesis development

2.1 Institutional investors

In corporations with diffuse ownership, shareholders delegate decision-making author-
ity to managers. This separation of ownership and control fits the definition of an
agency relationship, leading to its related problems: a divergence between interests of
the management and those of outside shareholders (Jensen & Meckling, 1976, p 312).
The agency problem is characterized by information asymmetry between the princi-
ple (shareholders) and the agent (manager). Because managers typically have better
firm-specific information than shareholders, the agency problem allows managers to
extract more private benefits and the firm ultimately performs worse. A general term
to describe the solution to the agency problem between shareholders and managers
of a corporation is corporate governance. Corporate governance deals with the ways
in which suppliers of finance to corporations assure themselves of getting a return on
their investment (Shleifer & Vishny, 1997, p 737).

When the ownership of public companies is dispersed among many shareholders,
shareholders who own a considerable percentage of the firm’s shares become central
in good corporate governance (Dasgupta et al., 2021, p. 2). In the U.S., ownership of



public firms has become concentrated in entities known as institutional investors.

Ownership type 2020 2021 2022 2023 2024

Households 39,93% 39.81% 40,64% 40,26% 40,56%
Insurance companies 1,18%  1,00%  1,02%  0,90%  0,82%
Private pension funds 515%  4,83%  491%  5,09%  5,22%
Federal, state and government pension funds  5,07%  4,86%  521%  4,82%  4,32%
Mutual funds 20,43% 19,40% 18,33% 17,90% 16,82%
Closed-end funds 0,16% 0,15% 0,15% 0,13% 0,11%
Exchange-traded funds 6,45%  7.25%  781%  8,30%  9,00%
Foreign 16,28% 17,36% 16,79% 17,17% 17,76%
Other 0,59% 0,51% 0,53% 0,61% 0,54%
Total: 95,25% 95,19% 95.39% 95,18% 95,16%

Custom table based on data for U.S. Federal Reserve Board (FED). Based on FED z.1
form L.223 (a) corporate equities

Table 1: Ownership of U.S. listed companies, by ownership type.

Institutional investors are entities that pool money to purchase securities, real

estate and other investment assets or originate loans. Ownership of public firms has
become concentrated in the hands of institutional investors, such as pension funds,
mutual funds, insurance companies and banks. Global assets under management by
the top 50 institutional investors reached 24 trillion ($ 24.000.000.000.000) USD in
2019: a twofold increase vis-a-vis 2007 (Bas et al., 2023).
All institutional investors are either active or passive investors. Active investors try
to achieve a return that outperforms a benchmark, passive investors try to replicate
existing stock indexes while minimizing the expenses related to this (Fichtner et al.,
2017, p. 2); an alternative term is passive index funds. In the U.S. specifically, the
rise of passive index funds has coincided with concentration of corporate ownership
by three main firms: BlackRock, Vanguard and State street. The importance of
institutional investors in the US economy is shown in table 1, where ownership of US
listed firms is split by ownership type.

2.2 Effect of institutional ownership on corporate outcomes

Institutional investors are viewed as the most important market participants by
CEO’s and CFO’s (Graham et al., 2005; Parrino et al., 2003). The effect of (changes
in) institutional ownership on corporate outcomes is a widely studied subject, al-
though this research has had mixed findings. There are both many studies suggesting
institutional ownership improves corporate outcomes and many studies suggesting



the contrary. In the next section I will review the literature that suggests a positive
effect on corporate outcomes, in the subsequent section I will review the literature
that suggests a negative effect on corporate outcomes.

Studies suggesting a positive relationship between levels of institutional ownership
and corporate outcomes are plentiful. A considerable part of the research on in-
stitutional ownership has focused on the role of institutional investors as corporate
monitors. The main theory being that due to the high cost of monitoring, only large
shareholders (such as institutional investors) can achieve sufficient benefits to have
an incentive to monitor (Cornett et al., 2007).

One way for shareholders to monitor management is via the financial information
produced by a firm. Financial reporting serves as a means for shareholders to mon-
itor the management’s stewardship of the corporation’s economic resources (Board,
2018, p 19). Corporate governance mechanisms, such as the board of directors, audit
committee and external monitoring, increase the reliability of financial information
(Di Vito & Trottier, 2022, p 18). Higher institutional ownership is associated with
greater management disclosure, analyst following and liquidity, resulting in lower in-
formation asymmetry (Boone & White, 2015). Similarly, Velury and Jenkins (2006)
demonstrate a significant positive association between institutional ownership and
quality of earnings. However, they also show that concentrated institutional owner-
ship may negatively affect quality of earnings. Francis et al. (2020), using three sets
of proxies for quality of earnings, also find that institutional ownership is related with
higher quality of earnings and that this effect is more pronounced in firms with low
active institutional ownership.

Hillegeist and Weng (2021) show that higher institutional ownership leads to less
insider trading and less profitable insider sell trades. Also, firms with higher institu-
tional ownership enforce insider transaction blackout policies more strictly. Cornett
et al. (2007) find a positive relationship between the percent of institutional stock
ownership and operating cash flow returns. They also find a more significant rela-
tionship between the number of institutional investors holding stock and operating
cash flow returns. In a similar vein, Crane et al. (2014) find that firms pay more
dividends and repurchase more shares when they have higher levels of institutional
ownership. They also find that an increase in institutional ownership leads to an
increase in operating performance and lower CEO pay. Likewise, Aghion et al. (2013)
find that greater institutional ownership is associated with more innovation. This ev-
idence is consistent with the ”lazy manager hypothesis” (Bertrand & Mullainathan,
2003), which states that managers prefer the ”quiet life” and institutional investors
force them to innovate. Finally, Michaely and Vincent (2013) find an inverse rela-
tionship between the level of institutional ownership and leverage, concluding that
institutional investors are significant determinants of a firm’s capital structure.
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Ample research shows the opposite: institutional ownership worsens corporate out-
comes. Exogenous changes in passive institutional ownership cause firms to alter their
corporate governance structure, leading to an increase in CEO power and fewer inde-
pendent director appointments. Firms also carry out worse mergers and acquisitions
after they experience this exogenous change in institutional ownership (Schmidt &
Fahlenbrach, 2017). Studies have found a significant negative relationship between the
level of institutional ownership and corporate governance (Sartawi & Sanad, 2019).
For example, Duggal and Millar (1999) don’t find any evidence that active institu-
tional investors enhance efficiency in the market for corporate control and conclude
that this casts doubt on the superior monitoring abilities of institutional investors.
Cheng et al. (2022) found that institutional ownership is negatively associated with
corporate social responsibility.

2.3 Risk in capital markets

Investors in capital markets need to be compensated for their investments. If invest-
ment would not be adequately compensated, investment would seize to happen. Asset
pricing models are designed by economists and investors with the goal of identifying
the patterns in average stock returns (Qi, 2020). One such model, The Capital Asset
Pricing Model (CAPM) (Sharpe, 1964), describes the relationship between system-
atic risk and the expected return of an asset. The model is based on the earlier
work by Markowitz (1952), called Modern Portfolio Theory (MPT). Under a set of
assumptions, MPT shows that all rational profit-maximizing investors hold a diversi-
fied market portfolio of risky assets, and they can lend/borrow to arrive at a risk level
comparable to their risk appetite (Consulting, 2009). Markowitz defined the riskiness
of a portfolio in terms of the variance of the portfolio’s returns [0?(R,)] (Markowitz,
1952, p. 89). The variance of the portfolio return in split into two parts:

oty - (D)o (Y oty

1 N -1
= N average variance + T average covariance

(1)

Where N is the number of securities in a portfolio and R; is the rate of return of
the i’th security. As N increase, the first part [(1/N)o?(R;)] converges to zero and
the second part [(N —1/N)o(R;, R;)| converges to the average covariance among the
securities in the portfolio ! (Beaver et al., 1970, p. 656). Therefore, in this setting,
the risk for an individual asset is measured by its covariance with the total market

1th—>oo UQ(Rp) = O'(Ri, RJ)



portfolio and not its individual variance.

The CAPM extends MPT by introducing a way to price individual assets. According
to the CAPM, the expected return from an asset is comprised of two parts. At a min-
imum, investors expect to earn the risk-free rate of return. For practical purposes,
this risk-free rate is often thought of as the US treasury bond rate (Damodaran,
2008). Because the risk-free rate is earned on assets that bear no risk, any other in-
vestment in assets that are not risk-free needs to be compensated with an equivalent
risk premium. This risk premium is based on an assets covariance with broad market
movements, expressed as its market beta (), also known as systematic risk (Huang,
2022). More formally, the CAPM is represented by the following formula:

E(R;) = Ry + B[E(R) — Ryl (2)

with g = %, and where E(R;) represents the expected return on security 1,
Ry represents the risk-free rate of return and R,, represents the rate of return of a
market portfolio.

Fama and French (1992) critique the CAPM and find that 8 alone does not explain
average stock returns well. They introduce two additional factors: company size
and book-to-market equity. Fama and French (1993) formalize this to a three-factor
model, attributing stock returns to three factors: 1) market excess return (i.e. [);
2) company size (SMB: Small Minus Big, returns of small-cap stocks minus return
of large-cap stocks); and 3) book-to-market equity (HML: High Minus Low, returns
of high book-to market stocks minus low). The basis of this result is the following
regression equation:

Rit — RFt = Q4 + 6(Rm — th) + SiSMBt + hIHMLt + €t (3)

where R;; — Rpy is the return of security ¢ over time ¢ in excess of the risk-free return
over time t, (R,, — Rp¢) is the excess return of the market portfolio over the risk-free
return over time ¢, SM B; is the difference between returns on diversified portfolios of
small-cap stocks and large-cap stocks, and HM L, is the difference between returns
on diversified portfolios of high book-to-market equity stocks and low book-to-market
equity stocks.

Carhart (1997) in turn extends the Fama & French three-factor model with the mo-
mentum effect documented by Jegadeesh and Titman (1993). Jegadeesh and Titman
(1993) document that strategies which buy stocks that performed well in the past,
and sell stocks that perform poorly in the past, generate significant positive returns
over a 3- to 12-month period. This effect is most evident in strategies that select
stocks based on their performance in the past 6 months, and hold them for 6 months.
The single-factor CAPM, Fama & French model and the Carhart model all uses a



symmetric beta to describe stock returns. According to CAPM, a stocks beta is con-
stant across periods of high and low market returns (Ang et al., 2006). In reality, most
firms experience asymmetric risk exposure, also known as risk asymmetry (Bloom-
field, 2021, p. 868). The measure for returns-based risk asymmetry is developed by
Ang et al. (2006). They compute downside and upside betas over periods when the
excess market return is below or above its mean respectively (2006, p 1192) (for a
more comprehensive explanation of the method used in this thesis, see methodology).
If, and if so, to what extend a security displays risk asymmetry is valuable informa-
tion for investors. As shown by MPT and CAPM, investors need information about
the risks they potentially face in order to correctly value a security. In addition to
this, information about a securities risk profile is relevant for portfolio selection and
balancing.

2.4 Index inclusion effect

Stocks that are added to or deleted from an index, experience stock price effects. This
section will review the literature related to the so called ’index inclusion effect’.

To preface this discussion, there are different reasons why addition to or deletion
from an index might cause a price effect. Firstly, investment managers who’s per-
formance is benchmarked on certain equity indexes will be forced to sell (buy) as a
result of deletions (additions) to or from the index (Y. Chang et al., 2015; Hillegeist
& Weng, 2021). Secondly, increased visibility and analyst coverage might lead to
greater investor confidence (Boone & White, 2015).

The Russell indexes are reconstituted annually (for a more detailed discussion of
the Russell reconstitution, see the Methodology section). The reconstitution requires
portfolio rebalancing by investment managers who are benchmarking Russell indexes
and gives rise to abnormal returns (Madhavan, 2003). As mentioned above, invest-
ment managers will be forced to buy and sell in accordance to index in- or exclusions.
Madhavan (2003) studies the effect of the annual reconstitution on the abnormal
returns of portfolio’s going long on additions to the Russell 3000 and Russell 2000
indexes, and short on deletions in the same indexes. For the Russell 3000 portfolio’s,
he documents positive stock price responses in March until June for additions and
negative responses for deletions.

Y. Chang et al. (2015) focuses its analysis on stocks entering the R2000 from above,
i.e. stocks that are assigned to the R2000 in year ¢ and that were in the R1000 in the
year t — 1. They document that firms from the R1000 that just landed in the R2000
have discontinuously higher returns in June compared with stocks that just making
it into the R2000 (addition effect). The difference in returns is 5% with a t-statistic
of 2.65 [p. 215]. This difference occurs in the month immediately following addition,
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there are no effects in the subsequent months. For firms that leave the R2000 and get
assigned to the R1000 there is a significant -5% (t-statistic: 3.0) difference in return
in the month after deletion. Again, they find no significant abnormal returns in the
subsequent months.

In short, in- and exclusion from an index has effects on a firm’s stock price. These
effects are limited to the first four months. This will be referenced again in the
methodology section.

2.5 Research question and hypothesis development

The first parts of this chapter have reviewed the literature related to risk in capital
markets, including classic finance theories that describe the required return associ-
ated with a certain level of risk. Afterwards both the positive and negative effects of
institutional investors on the firms they invest in have been reviewed.

Bloomfield explores the relationship between a firm’s ability to obfuscate value-
relevant information, also known as reporting flexibility, and asymmetric systematic
risk exposure (2021, p 903). Ang et al. (2006) show that investors demand a downside
risk premium of approximately 6% per annum. Combined with the widely studied
effects of institutional ownership on various corporate outcomes, such as decreased in-
formation asymmetry, increased monitoring but also worsened corporate governance,
this leads to the following research question:

Research question: What is the effect of institutional ownership on systematic
risk asymmetry?

The answer to this research question could potentially be of interest to both investors
and managers. Investors, both private and institutional, might benefit from informa-
tion about the potential effects of increased institutional ownership on a firm’s risk
profile, as this allows for more effective risk management and portfolio construction.
Similarly, managers might benefit from this information as well, as an increase or
decrease in risk asymmetry is likely to influence the investment decisions of capital
providers in the future.

The review of literature related to the effect of institutional ownership on corporate
outcomes, the effect varies. There are both plenty of papers who document a positive
effect on corporate outcomes and plenty of papers documenting the opposite. Overall,
there seems to be a greater number of papers which find a positive effect. Boone and
White (2015) show that an increase in institutional ownership is associated with lower
information asymmetry and Bloomfield (2021) reports that firms can lower their cost
of capital (i.e. risk, as shown by CAPM) when the ability of management to obfuscate
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value relevant information is reduced. Given these two findings, I hypothesize that
an increase in institutional ownership decreases a firm’s risk asymmetry.

3 Methodology

3.1 Institutional setting

The Russell indexes are a collection of different indexes. The Russell 3000, Russell
2000, Russell 1000 and many more specialized indexes. The Russell 3000 stock market
index is a widely used benchmark designed to capture the performance of the broad
US stock market. It tracks the 3000 largest US listed companies in terms of market
capitalization and represents 98% of investable US equity market (Russell, 2025).
The Russell 3000 index consists of two subsets; the largest 1000 firms comprise the
Russell 1000 and the next 2000 firms comprise the Russell 2000 (Francis et al., 2020,
p. 11). Both the R1000 and the R2000 indexes are value-weighted: in the same index,
firms with a higher market capitalization receive a higher weight than firms with a
lower market capitalization.

There is a difference in the level of institutional ownership between firms in the
R1000 and the R2000. The R1000 competes against the popular S&P 500 index for
the largest firms while the R2000 faces less competition (Crane et al., 2016). As
reported by Y. Chang et al. (2015, p. 13), in 2005 the R2000 index was tracked by
approximately 200 billion USD, while the R1000 was tracked by approximately 90
billion USD. Because portfolio weights assigned to each stock within these indexes
are value-weighted and because the R2000 is the more popular benchmark, the as-
signment of a stock to one or the other index can have a significant impact on the
level of institutional ownership (Appel et al., 2020, p. 1). As an example, the 750th
through 1000th largest stocks will be included in the R1000 and receive small port-
folio weights, because they are the smallest firms in the R1000. The 1001th through
1250th largest firms will be included in the R2000 and receive larger weights, because
they are the biggest firms in the R2000. Of each dollar invested in a passive fund
using the R1000 & R2000 as a benchmark, very little will be invested in the firms at
the bottom of the R1000 and a large portion will be invested in firms at the top of
the R2000 (Appel et al., 2016, p. 3). The firms at the top of the R2000 are also more
likely to be held by investors tracking the R2000 index in order to minimize tracking
eITors.
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3.1.1 Russell index construction before 2007

A majority of the papers that use the R1000/R2000 setting for empirical identifi-
cation limit their analysis to the pre-2007 period (Appel et al., 2020, p. 2). This
is because starting in 2007, Russell implemented a new methodology to determine
which stocks are assigned to the R1000 and R2000 indexes. Prior to 2007, the R1000
and R2000 represented the 1000 and next 2000 largest listed US stocks in terms of
market capitalization. In order to reflect changes in the market capitalization of the
different stocks, both indexes were reconstituted annually. In order to determine in-
dex assignment for the coming year, the end-of-May market capitalization was used.
After this reconstitution, the portfolio weights of each individual stock was calculated
using a different measure: the June float-adjusted market capitalization (Appel et al.,
2020). Both the R1000 and the R2000 index are value-weighted and the weight of
each constituent in the index is calculated as follows. For firms in the R1000:

_ Market capitalization
Weight; = 1000 IRT .
;=1 Market capitalization;

(4)

For firms in the R2000:

, Market capitalization
Weight; = 355 RTIE
;=1 Market capitalization,

3.1.2 Russell index construction, 2007 onward

Starting in 2007, Russell changed the methodology used to construct the R1000 and
R2000 indexes. The goal of this new policy, called "banding”, is to minimize unnec-
essary turnover (Russell, 2024). Existing index members will only move between the
R1000 and R2000 if their new market cap falls outside of a 5% band place around
the breakpoint. As a result, a stocks index assignment in year ¢ is a result of three
factors:

1. the stock’s market capitalization at the last trading day of May in year ¢;
2. the stock’s index assignment in the previous reconstitution year (¢ — 1);

3. whether or not the stock’s end-of-May market capitalization falls within a cer-
tain range of the cut-off between the R1000 and R2000.

The 5% band around the cut-off between the two indexes is calculated on the cumu-
lative market cap of the Russell 3000E Index (includes up to 4000 of the largest US
equity securities).
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3.2 Research design

This thesis investigates the effect of institutional ownership on systematic risk asym-
metry. Typically research surrounding the effect of institutional ownership is affected
by endogeneity concerns (Boone & White, 2015; Crane et al., 2014). In order to
alleviate endogeneity concerns and to justify causal interpretation, this thesis uses
the widely studied R1000 & R2000 index cut-off in a regression discontinuity design
(Lee & Lemieux, 2010). Firms just below the cut-off between the R1000 & R2000
(i.e. at the top of the R2000 index) experience discontinuously higher institutional
ownership levels than otherwise comparable firms just above the cut-off (i.e. firms at
the bottom of the R1000 index). This quasi-experimental setting allows for causal
interpretation of the effect of institutional ownership on risk asymmetry.

This thesis draws on a well-researched setting, the discontinuity in institutional own-
ership around the R1000 / R2000 index cut-off (Appel et al., 2020; Boone & White,
2015; Crane et al., 2014; Francis et al., 2020; Hillegeist & Weng, 2021; Lu, 2013).
The cited studies are just a subsection of the total body of literature using the same
setting. This setting is so widely used, because a firm’s ownership structure are in-
herently endogenous (Appel et al., 2020, p 5) and the Russell index cut-off allows
for causal interpretation. The validity of this interpretation stems from the ’local
randomization’ of firms around the R1000 / R2000 cut-off. This is based on the
premise that the differences between firms that just miss or just make the cut-off is
random (Jacob & Zhu, 2012, p. 6). In the R1000 / R2000 setting, this premise has
been tested by previous authors. Boone and White (2015, panel A) find that the
pre-assignment characteristics of firms just around the cut-off are similar. Combined
with the fact that firms cannot precisely control index inclusion, they conclude that
treatment around the cut-off is "as good as randomized”. Crane et al. (2014, p. 15)
discuss the possibility of self-selection of firms into either index. They conclude that
the difference in size of firms around the cut-off is so small that it would be hard for
firms to precisely control their ranking relative to other firms, especially if other firms
are also manipulating.

The R1000 index contains the 1000 largest US listed firms by market capitalization,
and the R2000 index contains the next 2000 largest stocks not included in the Rus-
sell 1000 (Appel et al., 2020). Because the Russell indexes are value-weighted, firms
with a larger market capitalization receive a larger weight in their respective index
(Lu, 2013, p 4). As a result, firms at the top of the R2000 index have a slightly
smaller market capitalization, but much higher index weight, than firms at the bot-
tom of the R1000 index. This discontinuity in index weights around the index cut-oft
lead to a discontinuity in institutional ownership. This is the result of institutions’
incentives to accurately track the Russell indexes: any institution that benchmarks
their performance against the Russel indexes is more likely to hold big positions in
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the largest components of the index (Crane et al., 2014, p 2). This discontinuity in
institutional ownership in otherwise comparable firms provides a quasi-experimental
setting to identify the effect of institutional ownership on risk asymmetry.

3.3 Data & variables

This section will detail how the data used in this thesis is sourced and describes the
variables used in the analysis. The data that is used in this thesis is sourced from
LSEG Datastream. Due to restrictions as a consequence of the Datastream licence the
Radboud University holds, the constituent lists for the R1000 / R2000 are not directly
available. As previously discussed, the R1000 / R2000 are subsets of the larger R3000.
LSEG provides the constituent list for the R3000 per 31th of December 2024 . Using
this constituent list, the constituent lists for the previous 10 years (i.e. 2015 - 2025)
can be constructed. The fact that the constituent lists are not directly available leads
to two problems. Firstly, there might be inaccuracies in the estimated constituent
lists. Secondly, because only the constituent list of 2024 is available, only data from
after the update index constitution policy can be used. I will now elaborate how
both these problems can be solved, as will be done in this thesis. First, regarding
the possible inaccuracies in the estimated constituent lists. While ideally, the real
constituent lists would be used (as is done by other authors using the same research
setting, e.g. Appel et al. (2020, p. 20) and Francis et al. (2020, p. 9)), this information
is proprietary and not available to Radboud University staff or students. In order
to circumvent this, the constituent list per 2024 is used as a proxy for all years in
the sample (2014-2024). This is a reasonable proxy for the following reason. The
methodology used in this thesis is a regression discontinuity design which uses firms
around the cut-off in a quasi experimental setting (Lee & Lemieux, 2010). All the
other firms in the sample that fall outside the chosen bandwidth are not important
for the primary analysis. They are only used for checks of discontinuity in the weight
of firms in their respective index and for other robustness checks. Therefore, minor
inaccuracies in the specific firms in- or excluded during a specific year will not impact
the results of this thesis significantly.

The constituent list sourced from the LSEG website was then matched with their
unique ISIN codes (International Securities Identification Number) using Orbis Batch
search. Using this list of constituents, represented by their ISIN codes, the data was
queried using LSEG Datastream.

The definitions and descriptions of all variables is included in the appendix, table 6.
The risk asymmetry variable is constructed following Bloomfield (2021). Using daily
stock returns for all firms in combination with daily market return (using the Russell
3000 index as a proxy for the US equity market), four different measures of risk will be
calculated. Firstly, 8 in the sense of CAPM will be calculated for all firms, using all
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daily returns. This will be calculated as g = W, where Ry is the daily return

of stock f and R, is the daily market return. Secondly the upmarket beta (57) will
be calculated for each stock. This is similar to [, except that it is conditional on

R,, > 0. The formula is as follows: 1 = Cov(ff (Izﬂfmzo). Thirdly, the downmarket
beta (87) will be calculated for each stock. This is similar to the upmarket beta,
COV (Rf Rn| R <0)

o?(Rm) '

except it is conditional of R,, < 0. The formula is as follows: = =

Finally, risk asymmetry will be calculated as 8 — 3.

3.4 Empirical strategy

This next section is partly based on the discussion of Appel et al. (2020), who provide
a discussion on the methodologies used around the R1000/R2000 setting. It reviews
the mechanism by which the R1000 / R2000 are constituted, both pre- and post-2007.
It also discusses four different ways of estimating causal effect sizes using RDD in the
R1000 / R2000 setting. Appel et al. (2020) provide a discussion on the use of fuzzy
regression discontinuity design in the R1000 / R2000 setting.

A fuzzy RDD is the alternative to a sharp RDD. In a sharp RDD, the probability of
receiving treatment around the cut-off jumps from 0 to 1, in a sharp way. In a fuzzy
RDD the probability of receiving treatment does not need to change from 0 to 1 at
the cut-off (Imbens & Lemieux, 2008, p. 619). In a fuzzy RDD the average causal
effect of treatment is given by the ratio of the jump in the regression of the outcome
variable to the jump in the regression of the treatment indicator (Imbens & Lemieux,
2008, p. 619). Translating this to the R1000 / R2000 setting, the design is only valid
if the probability of receiving treatment (i.e. being included in the R2000) jumps
discontinuously around the cut-off. In order to test this, a two stage least squares
(2SLS), otherwise known as instrumental variable (IV), will be used. the running
variable (distance from cut-off rank) will be regressed on the probability of being as-
signed to the R2000. If this first stage is strong 2, the second stage can establish the
effect on the outcome variable, risk asymmetry. Because the data used in this thesis
does not match perfectly to the firms in the R1000 & R2000, and because the market
capitalizations used to calculated firm rankings by Russell are unobservable, several
authors suggest a fuzzy RDD (Appel et al., 2020, p. 19). Market capitalization is a
noisy proxy for the capitalization that Russell uses to construct the rankings, but as
long as the probability of being treated changes discontinuously around the cut-off a
fuzzy RDD is valid. The drawback of a fuzzy RDD is that, because passive ownership
is not used as a variable, it is impossible to quantify the effect on risk asymmetry.
The data used in this thesis is post 2007, when Russell implemented a banding policy.

2In an instrumental variable approach with one instrument, the generally accepted F-statistic for
a strong instrument is F' = 8.96 (Larcker & Rusticus, 2010).
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This does not invalidate the methodology used in this thesis if the first stage is strong,
because the discontinuous jump in probability of being treated is then still there.

In the measurement of risk asymmetry, I will follow the approach outlined by
Bloomfield (2021). Bloomfield measures risk asymmetry as the difference between a
firm’s downmarket S and its upmarket S (2021, p 868) . Using daily stock market
index data, I will be able to identify down- and upmarket periods and calculating the
respective betas for each firm in my sample.

As discussed in the literature review, there is an index inclusion effect for firms in-
and excluded from an index. In order for this not to be a confounding factor in the
analysis, the returns from the months March, April, May and June are not included
in the analysis.

3.5 Validity & robustness checks

In order to validate the use of a fuzzy regression discontinuity design and to check
if the result is not a consequence of specific choices made regarding research design,
the following validity and robustness checks will be performed.

Firstly, the default bandwidth used in the main analysis will be varied. As discussed
above, the default bandwidth is 250 firms around the cut-off. This means that in
the main analysis, firms ranked 750 - 1250 will be included in the analysis. This is a
somewhat arbitrary choice, following the literature (Appel et al., 2020, p. 19). The
bandwidth will be varied in 50 firm increments, from 50 firms around the cut-off up to
and including 300 firms around the cut-off. The results will be reported separately.
Secondly, a series of placebo tests will be employed. The placebo tests consist of
reproducing the original basic research design at randomly chosen cut-offs (Eggers
et al., 2024, p. 1117). If a placebo test results in a significant effect size, the model
might not capture the intended causal effect or be subject to measurement error. A
discontinuity at any point other than the R1000 / R2000 cut-off falsifies the results
of the main analysis. Following Lu (2013, p. 19), the placebo tests will be run using
the following cut-off ranks: 600th, 800th, 1200th and 1400th. The results will be
reported in the appendix.

Thirdly, one of the key assumptions of a regression discontinuity design is that firms
around the cut-off are similar in observable characteristics. A RDD is a quasi-
experimental method and the R1000 / R2000 cut-off is used in a quasi-experimental
setting (Appel et al., 2020; Lee & Lemieux, 2010). As is the case in a regular random-
ized experiment, the treatment group and control group should not have significant
differences in characteristics. In other words, nothing other then the treatment status
is discontinuous in the analysis interval. Put differently, there are no other relevant
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ways in which observations on one side of the cut-off differ significantly from obser-
vations on the other side of the cut-off (Jacob & Zhu, 2012, p. 7). In order to test
this assumption, different nonoutcome variables are used as outcome variables using
the same research design as the main analysis. If there are no significant effects of
treatment on these variables, the assumption holds.

4 Empirical results

I present the empirical results in three parts. Firstly, descriptive statistics are pre-
sented. Secondly, the results of the main empirical analysis are shown. Finally the
results of validity and robustness checks are presented.

4.1 Descriptive statistics

The following table contains the descriptive statistics for the variables in the dataset,
which was used in the empirical analysis. In total, the query covered 11 years - 2831
firms = 31.141 firm-year observations. After removing observations with missing data,
the final dataset takes the following form.

Statistic N Mean St. Dev. Median Min Max
Year 31,141 2,019.000 3.162 2,019 2,014 2,024
MV (in million USD) 24,999 12,682 53,371 1,999 0.000 2,794,728
Rank 24,999 1,161.464 697.928 1,137 1 2,769
RankWithinIndex 30,097 487.468 395.148 453 1 1,588
NOSH 25,628 192,474 625,389 58,349 0 16,000,000
NOSHSP 20,740 10.045 11.741 7 0 100
LEVERAGE 27,835 30.083 309.162 21.040 0.000 36,750.000
8 22,240 1.051 0.928 1.003 —66.987 89.932
Bt 22,242 1.044 1.606 0.988 —200.319 65.437
B~ 22,240 0.966 4.877 0.895 —11.644 721.810
Bt —p~ 22,240 0.078 5.014 0.083 —706.950 66.620

Table 2: Descriptive statistics.

The data query covers firms divided over two indexes. The difference between
the qualitative characteristics of firms in either index is shown in tables 7 & 8 in the

appendix, where the descriptive statistics are shows separately for firms in the R1000
and the R2000.
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4.2 Discontinuity

The assumption that makes the R1000 / R2000 feasible for study of the effect of
institutional ownership is that the discontinuity in index weights causes a disconti-
nuity in institutional ownership around the index cut-off. The R1000 and R2000 are
value-weighted indexes, meaning that firms with a higher market capitalization get a
higher weight in the index than a firm with a lower market capitalization. This can
also be shown visually, which is done in figure 2 in the appendiz. Firms at the bottom
of the R1000 (i.e. just above the cut-off) have a weight in their respective index of
0,0001, while firms at the top of the R2000 (i.e just below the cut-off) have weights
of 0,0034. This discontinuity is clearly visible in the plot.

Because the variable describing % passive ownership in firms (NOSHSP) is not us-
able for analysis due to the high number of missing values in this variable. Inspection
of the variable shows that nearly 35% of all values are missing. This poor coverage
prohibits its use in the analysis. For this reason, a plot of the discontinuity in %
passive ownership in firms can not be produced. The fact that this discontinuity
does exist, is evidenced by many other papers using the R1000 / R2000 setting. For
example: Crane et al. (2014, figure 2), Appel et al. (2020, figure 3), Appel et al.
(2020, table 3) and Francis et al. (2020, figure 3.1). The abundance of other research
that has confirmed that the discontinuity in % of passive ownership exists allows for
causal interpretation in this thesis, without being able to test this fact independently.
The drawback is that a possible result cannot be used to draw conclusions about a
specific effect size in relation to a specific % increase in passive ownership. In other
words, the only possible conclusion that can be drawn from a significant effect is the
direction and significance that institutional ownership has on risk asymmetry. It will
not be possible to draw conclusions about the effectsize in this thesis.

4.3 Main analysis
4.3.1 First stage

As previously discussed in the methodology chapter of this thesis, the empirical strat-
egy is based on the fuzzy regression discontinuity design discussed by Appel et al.
(2020). They review empirical strategies used by other papers employing the R1000
/ R2000 setting and discuss a methodology that overcomes the shortcomings of other
methods. After discussing the problems associated with a sharp regression disconti-
nuity design and concluding that this is not a valid methodology, they move on to
discuss fuzzy RDD in the R1000 / R2000 setting. The idea is to sort firms using
observable market capitalization, which is a noisy proxy for the market capitalization
used by Russell (which are unobservable) and test for a discontinuity. This is where
most papers fail when implementing the fuzzy RDD: they fail to detect a jump in
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the probability of assignment to the R2000 when moving from market capitalization
rank 1000 to rank 1001 (Appel et al., 2020, p. 20). This leads to a weak instrument
and will not uncover the actual effect of index assignment.

The methodology recommended by Appel et al. (2020) involves an instrumental vari-
able estimation. In the first stage, a binary variable indicating R1000 or R2000 inclu-
sion is regressed on the % of passive ownership of firms. In the second stage, this fitted
value is regressed on the outcome variable. This is also the approach implemented
by Appel et al. (2016). In the dataset used in this thesis, passive ownership of firms
is represented by the NOSHSP variable (number of shares held passively). Both the
usefulness as well as the coverage of this variable is questionable. Firstly, NOSHSP
does not differentiate between different types of investors, this hinders further analy-
sis into the effects of specific types of passive investors. Secondly, the coverage of the
NOSHSP variable is not at a suitable level for statistical analysis, especially when

it would be used as the main variable in the approach as suggested by Appel et al.
(2020).

Dependent variable:

treatment

7 0.410**

(0.012)
Constant 0.229**

(0.009)
Observations 5,312
R? 0.171
Adjusted R? 0.171
Residual Std. Error 0.451 (df = 5310)
F Statistic 1,099.117** (df = 1; 5310)
Note: “p<0.1; *p<0.05; **p<0.01

Table 3: Results of first stage regression.

Due to the limiting factors with regards to the NOSHSP variable, the suggested
methodology by Appel et al. (2020) is not feasible. As discussed in detail in the
methodology chapter, a fuzzy regression discontinuity design is both appropriate and
feasible. First it must be established that there is a discontinuous jump in the proba-
bility of being treated around the 1000th market capitalization rank. Testing whether
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the market capitalization rank leads to a discontinuous jump in probability of being
treated leads to the regression output, shown in table 3.

The jump in probability of being treated (i.e. being include in the R2000) jumps
with 0.410 with an increase of 1 in Z. This result is highly significant to a 1% level
(p < 0.01). This regression is based on data using a bandwidth of 250, meaning that
all firms between rank 750 and 1250 are included in the sample. This taken together
with the fact that the model is also significant overall with a F-statistic > 1.000 (p-
value < 0.01) leads to the conclusion that the first stage is strong. This is contrary
to the finding that Appel et al. (2020) presents and affirms that the fuzzy regression
discontinuity design is suitable in this case. In the next section, the results of the
second stage will be presented.

4.3.2 Second stage

In the previous section it was established that the first stage is strong. This means
that when a firm moves from a market capitalization rank above or at 1000 to a rank
below 1000, it experiences a discontinuous jump in the probability of being treated
(i.e. being in the R2000). In this section the results for the second stage will be
presented. The fitted value for the treatment variable is regressed on the outcome
variable, risk asymmetry, represented by the beta_asym variable. This approach miti-
gates endogeneity concerns because the fitted value for treatment only represents the
variation in treatment caused by the instrument, in this case Z. This means that any
variation in treatment caused by omitted variables, simultaneity or measurement er-
ror is excluded when regressing the second stage. For a more in depth explanation of
the IV approach and a discussion of the required assumption refer to the methodology
chapter.

After verifying that the instrument Z is strong, the fitted values of treatment are
regressed on the outcome variable beta_asym. The regression also includes a flexible
functional form of the running variable Rank 3. Adding polynomials of the running
variable to the regression controls for underlying smooth relationships between X (i.e.
market capitalization rank) and Y (i.e. risk asymmetry). This prevents attributing
effects to treatment, when in fact they are due to the natural relationship between X
and Y. The results are presented in table 4 below.

3Specifically: (Rank;; — 1000) and (Rank;; — 1000)?. This is based on Lee and Lemieux (2010,
p. 316), who suggest this to be a useful way of assessing the robustness of RD estimates of the
treatment effect. Also, Appel et al. (2020, p. 19) recommend that fuzzy RDDs control for key
determinants of index assignment, namely by applying a bandwidth around the cut-off and control-
ling for market capitalization ranking by using a flexible functional form. Both these controls are
implemented in this thesis.
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Dependent variable:

beta_asym
treatment —0.019
(0.166)
rank_1 0.0001
(0.0003)
rank_2 —0.00000
(0.00000)
Constant 0.140*
(0.072)
Observations 4,811
R? 0.001
Adjusted R? 0.001
Residual Std. Error 0.490 (df = 4807)
Note: *p<0.1; **p<0.05; ***p<0.01

Table 4: Results from the second stage regression.

The effect of treatment, i.e. being included in the R2000 index, does not have a
significant effect on the level of risk asymmetry experienced by a firm. The coefficient
is negative but not significant (p-value = 0.906). Overall this result does not confirm
causal effect of being treated on the level of risk asymmetry. In the next section
different robustness checks will be performed.

4.4 Validity & robustness checks

The main analysis is based on a fuzzy regression discontinuity design, estimated using
an instrumental variable. In order to compare firms that are arguably similar, except
for the fact that they are in or excluded from the R2000, a bandwidth is applied.
Following Appel et al. (2020, p. 19), a bandwidth of 250 firms around the cut-off is
used. This means that firms ranked 750 - 1250 are included in the sample. This
bandwidth yielded no significant result as shown above. The first robustness check
is varying the bandwidth around the R1000 / R2000 cut-off. Using bandwidths of
50 and up to 300, in increments of 50, the same IV regression is run as in the main
analysis. The results are presented in table 11 in the appendiz.

For all bandwidths, the treatment effect remains insignificant. Interestingly, the
estimated treatment effect decreases in magnitude with each increase in bandwidth.
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When the bandwidth is 300 on either side of the cut-off, the treatment effect is
positive. As a logical result of selecting more firms with each increase in bandwidth,
the number of observations increases as well. In short, varying the bandwidth around
the cut-off does not lead to any different conclusions than the main analysis.

In order to help assess the credibility of the findings presented above, I will now
present the results of the placebo test as described in the methodology chapter. The
placebo test consists of replicating the basic research design as described above at
an arbitrarily chosen cut-off (Eggers et al., 2024, p. 1117). If this arbitrarily chosen
cut-off would result in a significant effect, the research design might not capture the
intended causal effect. If a discontinuity occurs at a point other than the R1000 /
R2000 cut-off, this indicates that the model captures noise or is subject to measure-
ment error. The arbitrary thresholds that are used in this thesis are the 600th, 800th,
1200th and 1400th rank, following Lu (2013, p. 19). The results of these placebo tests
are reported in the appendiz, table 12.

Dependent variable:

ROA ROE LEVERAGE
(1) (2) (3)
treatment —3.282 —22.696 —11.481
(4.782) (36.519) (8.009)
rank_1 —0.0001 0.007 0.010
(0.007) (0.056) (0.012)
rank_2 —0.00000 0.0001 —0.00003

(0.00001)  (0.0001) (0.00002)

Constant 5.356%** 15.348 32.398***
(2.054) (15.904) (3.448)

Observations 5,258 5,150 5,275

R? 0.006 —0.002 0.008

Note: *p<0.1; **p<0.05; ***p<0.01

Table 5: Results of regressions with nonoutcome variables.

One of the key assumptions of a regression discontinuity design is that firms around
the cut-off are similar in observable characteristics. Nonoutcome variables should not
be affected by the treatment (Jacob & Zhu, 2012, p. 43). Regressing nonoutcome vari-
ables in the same research design as describe in the main analysis yields the following
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results, shown below in table 5. The nonoutcome variables used are ROA (Return
On Assets), ROE (Return On Equity) and LEVERAGE. The bandwidth around the
cut-off is the same as in the main analysis (i.e. 250).

The treatment effects on the nonoutcome variables are all not significant. This sug-
gests that the assumption of local randomization around the cut-off holds. If nonout-
come variables do not display discontinuities around the cut-off, firms just above the
cut-off are good comparisons for firms just below the cut-off (Lee & Lemieux, 2010,
p. 281).

One final robustness check that is frequently used as a falsification test in regression
discontinuity designs is to inspect the density of the rating variable (Jacob & Zhu,
2012, p. 44). If the design and setting are valid and there is no manipulating around
the threshold then there should not be a discontinuity in the number of observations
around the cut-off. This robustness check is not applicable in this thesis, because the
rating variable is the rank in the indexes. This means that for every rank, there is
only one firm. This leads to the conclusion that the density of the ranking variable
is consistent across the entire range (rank 1 through 3000).

5 Discussion

This thesis explores the effect of institutional ownership on risk asymmetry. It does
so by exploiting plausible exogenous variation in institutional ownership around the
R1000 / R2000 cut-off. I show that there is no significant causal effect of institutional
ownership on risk asymmetry of firms. Furthermore, varying the bandwidth around
the cut-off does not lead to a different conclusion. Several robustness checks confirm
the main finding. Different arbitrarily chosen cut-offs are tested in a series of placebo
tests, they find no discontinuity in the probability that a firm receives treatment. This
suggests that the model does not capture noise or is subject to measurement error,
in a way that affects the credibility of the findings. Moreover, nonoutcome variables
(i.e. variables other than risk asymmetry) are not affected by the treatment. This
suggests that firms around the cut-off are similar except for receiving treatment or
not. Taken together, these results confirm that institutional ownership does not have
a significant effect on the level of risk asymmetry of firms.

This thesis is, as far as I am aware, the first research into the effect of institutional
ownership on risk asymmetry. A general trend in the papers examining the effects of
institutional ownership on other outcomes is that a significant effect is reported. This
can also be a consequence of selection bias in the papers published dealing with this
topic, as the majority of papers published reject the null hypothesis and there is an
abundance of test statistics in accounting research that are just significant (X. Chang
et al., 2025).
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While not the focus of this thesis, several patterns of note emerged when plotting
different nonoutcome variables across the different index ranks. When examining
the plot of the ROA variable against the firm rank on the X-axis, a negative trend
emerges. The plot is displayed in the appendix, figure 5. The largest firms in the
R1000 / R2000 have a positive return on asset, with firms at the very top of the
R1000 having a return on assets that hovers around 10%. This percentage decreases
as firms become smaller and start being included in the R2000. The very smallest
firms in R2000 tend to have a highly negative ROA, trending towards -15%. That
there is a strong (visual) correlation between firm size and ROA is logical, because
the most valuable firms are likely to employ their assets in the most efficient way.
This can be caused by economies of scale or stronger market power. When plotting
the ROF variable against the firm rank on the X-axis a similar trend emerges (figure
6 in the appendiz). The very largest firms in the R1000 tend to have a positive ROFE,
hovering around 25%. This trends downwards as firms get smaller. The smallest
firms in the R2000 have negative ROE, hovering around -25%. This trend is a logical
consequence of the fact that firms that provide investors with a higher return on
equity are more valuable. Finally, when LEV FRAGLE is plotted in the same way, a
similar downward trend is visible (figure 7 in the appendiz). This might be caused
by greater access to debt financing for larger firms than for smaller firms. A final
pattern of note emerges when 5 is plotted against firm rank, visible in figure 8 in the
appendiz. The largest firms in the R1000 tend to have a < 1. The covariance of
returns with the broader market seems to rise when firms are lower in the R1000,
with firms close to the cut-off having a § > 1. Interestingly, the trend line drops after
the R1000 / R2000 cut-off, with firms at the bottom of the R2000 generally having
B < 1. This is a striking pattern that I do not have an explanation for.

The main strength of this thesis is the institutional setting, the R1000 / R2000 cut-off.
This thesis builds on a vast body of research utilizing the same setting and follows
the recommendations of a dedicated methodological paper discussing ways to exploit
the discontinuity around the cut-off (Appel et al., 2020). The main weakness of this
thesis is that the firms included in the dataset are only based on one year, instead of
actual index inclusion. Due to the fact that yearly constituent lists are unavailable,
the constituent list of 2024 is used as a basis for all ten prior years (2014-2024). This
results in firms that are deleted some time after 2014 and before 2024 are not included
in the sample. Likewise, firms that are added some time after 2014 are included also
before their inclusion. Although this inaccuracy in the constituent list is present,
I argue that it is not a limiting factor in this thesis. For a detailed overview, see
the methodology section. Possible follow-up studies could investigate and validate
the visual patterns described above in ROA, ROE and LEVERAGE. Also the
pattern apparent in 8 when plotted across firm ranks is a subject that future research
could explore. With regards to the main finding, future research could investigate
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what causes risk asymmetry. This thesis has found no causal effect of institutional
ownership, but what factors do influence risk asymmetry is still a partly open question.
In conclusion, this thesis has used the R1000 / R2000 cut-off in a fuzzy regression
discontinuity design in order to investigate the effect of institutional ownership on risk
asymmetry. No significant effect was found, and the research design was validated
using a number of robustness checks.

6 Conclusion

In this thesis, I investigate the effect of institutional ownership on a firm’s risk asym-
metry. Using plausible exogenous variation in institutional ownership around the
R1000 / R2000 cut-off in a fuzzy regression discontinuity design, I find no evidence
that institutional ownership has any significant effect on risk asymmetry. The main
research design and result is then subjected to multiple robustness checks which all
verify the main finding. This thesis is the first research into the effect of institutional
ownership on risk asymmetry and in this way extents the vast literature dealing with
the effect of institutional ownership on firm’s outcomes.

The most important limitation of this thesis is that the constituents of the R1000 &
R2000 indexes are based on the constituent list of 2024 and not the actual constituent
lists during the period studied. This results in possible inaccuracies in the firms in-
/ excluded in the sample, but I argue that this has a negligible effect on the overall
result. When combined with Bloomfield (2021) and Ang et al. (2006), this thesis
provides a piece of the puzzle that is the determinants of risk asymmetry. This is of
value to investors because they are armed with a better understanding of risk and
risk asymmetry, leading to better portfolio optimization and better matching with
personal risk appetite.
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7 Appendix

7.1

Tables & figures

Variable Abbreviation Measurement Definition
Marketvalue MV Number of outstanding The market value of a
shares * market price of listed firm in million USD
share
Rank Rank Market value rank Rank resulting from sort-
ing all firms in R1000 &
R2000 based on market
value
RankWithinIndex RankWithinIndex Market value rank within Rank resulting from sort-
index ing all firms in R1000 &
R2000 respectively, based
on market value
Numberofshares NOSH Number of shares out- Number of shares cur-
standing rently held by sharehold-
ers of a firm
Numberofsharespassive NOSHSP Number of outstanding number of shares held by
shares held passively shareholders who are clas-
sified as passive sharehold-
ers
Leverage LEVERAGE %m Ratio  describing how
much of a firm’s assets
are financed by debt vs
equity
normalbeta 8 8= % The volatility of a stock
" in relation to the market
volatility
betaup Bt Bt = Cov(fﬁém"fmzo) Same as 3, but only from
days where market return
>0
betadown B~ B~ = COV(};{:}%’"I)R’"SO) Same as 3, but only from
" days where market return
<0
betaasymmetry betaasym Bt — B~ Difference between ST

and B~

Table 6: Variable definitions used in the analysis.
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Statistic N Mean St. Dev. Median Min Max
Year 12,020 2,019.179 3.159 2,019 2,014 2,024
MV 12,020 24,962.190 75,003.400 6,869.940 1.860 2,794,728.000
Rank 12,020 625.186 442.229 562.5 1 2,767
RankWithinlndex 12,020 548.652 318.547 547 1 1,181
NOSH 12,020  346,638.900  873,763.700 134,874 971 16,000,000
NOSHSP 9,096 9.230 9.903 7 0 95
ROA 11,953 5.965 9.864 5.430 —139.210 161.450
ROE 11,576 20.812 808.319 12.140 —64,159.780 31,560.000
LEVERAGE 11,979 30.622 24.106 28.580 0.000 391.590
treatment 12,020 0.000 0.000 0 0 0
running 12,020 —374.814 442.229 —437.5 —999 1,767
normal_beta 10,839 1.042 0.443 1.002 —4.152 4.944
beta_up 10,839 1.040 0.554 0.988 —3.487 9.775
beta_down 10,839 0.953 0.494 0.915 —8.944 5.369
beta_asym 10,839 0.087 0.554 0.060 —4.496 6.934
Table 7: Descriptive statistics for firms assigned to R1000 index.
Statistic N Mean St. Dev. Median Min Max
Year 12,979 2,019.720 3.109 2,020 2,014 2,024
MV 12,979  1,309.303 2,817.244 629.070 0.000 83,531.440
Rank 12,979  1,658.118 494.050 1,650 86 2,769
RankWithinIndex 12,979 621.883 391.947 590 1 1,588
NOSH 12,979  59,028.880  153,766.500 32,644 0 4,233,185
NOSHSP 9,959 12.418 13.135 9 0 100
ROA 12,727 —5.358 134.652 1.540 —6,874.440  10,450.350
ROE 12,305 —23.923 760.277 5.950 —72,019.000  5,576.530
LEVERAGE 12,787 23.727 144.245 12.400 0.000 15,765.960
treatment 12,979 1.000 0.000 1 1 1
running 12,979 658.118 494.050 650 —-914 1,769
normal_beta 11,380 1.062 1.222 1.006 —66.987 89.932
beta_up 11,380 1.050 2.179 0.990 —200.319 65.437
beta_down 11,380 0.981 6.801 0.867 —11.644 721.810
beta_asym 11,380 0.069 6.989 0.116 —1706.950 66.620

Table &:

Descriptive statistics for firms assigned to R2000 index.
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Dependent variable:

beta_asym
BW=50 BW=100 BW =150 BW =200 BW =250 BW = 300
(1) (2) (3) (4) (5) (6)
Treatment —4.077 —0.295 —0.187 —0.128 —0.019 0.022
(9.844) (0.349) (0.216) (0.186) (0.166) (0.134)
p=0.679 p=0.399 p = 0.387 p = 0.492 p = 0.908 p = 0.871
Rank_1 0.019 0.001 0.001 0.0003 0.0001 0.00003
(0.044) (0.001) (0.0004) (0.0003) (0.0003) (0.0002)
p=0.675 p=0.369 p = 0.231 p = 0.278 p = 0.681 p = 0.882
Rank 2 0.0001 0.00000 0.00000 —0.00000 —0.00000 —0.00000
(0.0002) (0.00000) (0.00000) (0.00000) (0.00000) (0.00000)
p=0.568 p=0.990 p = 0.534 p = 0.331 p = 0.229 p = 0.081
Constant 1.780 0.257 0.209 0.189 0.140 0.122
(4.063) (0.150) (0.092) (0.080) (0.072) (0.058)
p=0.662 p=0.087 p = 0.024 p = 0.018 p = 0.051 p = 0.035
Observations 970 1,938 2,895 3,846 4811 5,766
R? —14.797 —0.077 —0.028 —0.007 0.001 —0.00004
Note: *p<0.1; *p<0.05; **p<0.01

Table 9: Regression results after modulating bandwidth around cut-off.
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Dependent variable:

Cut-off = 600 Cut-off = 800 Cut-off = 1200 Cut-off = 1400
(1) (2) (3) (4)
treatment —0.962 0.182 0.778 —0.962
(1.002) (0.403) (0.804) (1.002)
rank_1 0.002 —0.0002 —0.001 0.002
(0.002) (0.001) (0.001) (0.002)
rank_2 —0.00000 —0.00000
(0.00000) (0.00000)
Constant 0.542 0.054 —0.200 0.542
(0.437) (0.172) (0.343) (0.437)
Observations 4,811 4,811 4,811 4,811
R? —0.712 —0.034 —0.524 —0.712
Adjusted R? —0.713 —0.034 —0.525 —0.713

Residual Std. Error

0.642 (df = 4808)

0.499 (df = 4807)

0.606 (df = 4807)

0.642 (df = 4808)

Note:

*p<0.1; **p<0.05; **p<0.01

Table 10: Regression results for placebo tests
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Market capitalization
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Figure 1: Plot showing the running variable, distance from the R1000 / R2000 cut-off,
on the X-axis and a firm’s market capitalization on the Y-axis. Note that the Y-axis
is in logarithmic scale.
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Figure 2: Plot showing the running variable, distance from the R1000 / R2000 cut-off,
on the X-axis and a firm’s weight in their respective index on the Y-axis. Note the
discontinuity around the cut-off. This plot shows firms in a bandwidth of 500 firms
around the cut-off.
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Probability of receiving treatment

-1000 0 1000
Running Variable (Distance from Cutoff)

Figure 3: Plot showing the running variable, distance from the R1000 / R2000 cut-
off, on the X-axis and the probability of receiving treatment (i.e. being included in
R2000) on the Y-axis. Note the discontinuity around the cut-off, which is validated
in the first stage regression.
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Risk asymmetry
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Figure 4: Plot showing the running variable, distance from the R1000 / R2000 cut-
off, on the X-axis and risk asymmetry (87 — $7) on the Y-axis. Note the lack of
discontinuity around the R1000 / R2000 cut-off as evidenced by the main result.
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Figure 5: Plot showing the running variable, distance from the R1000 / R2000 cut-off,
on the X-axis and ROA on the Y-axis.
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Figure 6: Plot showing the running variable, distance from the R1000 / R2000 cut-off,
on the X-axis and ROFE on the Y-axis.
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LEVERAGE
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Figure 7: Plot showing the running variable, distance from the R1000 / R2000 cut-off,
on the X-axis and LEV EFERAGE on the Y-axis.

41



Beta
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Figure 8: Plot showing the running variable, distance from the R1000 / R2000 cut-off,

on the X-axis and (8 on the Y-axis.
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7.2 Transparency & acknowledgment of the use of generative

Al

This appendix provides a detailed account of the use of Generative Al tools during
the development and writing of this thesis. These tools were used to support coding,
data analysis, and/or the refinement of language, ensuring clarity and precision in the
presentation of findings. All outputs generated were critically evaluated and, where
necessary, modified by myself to align with the objectives of this research.

Generative AI Version & provider

Areas of applica-

Scope of use

Chat-GPT

Chat-GPT

Chat-GPT

Chat-GPT

Chat-GPT

tion
4-Turbo, OpenAl Writing refinement
4-Turbo, OpenAl Coding
4-Turbo, OpenAl Coding
4-Turbo, OpenAl Coding
4-Turbo, OpenAl Coding & writing

Suggestions were given on how
to structure a literature review.
This was used as a starting point
to begin writing this section. No
text was copied. This provided
a start when writing the first
drafts.

A method was provided of con-
verting a table in CVS for-
mat to latex format in R, us-
ing the stargazer package. In
later stages the same goals could
be achieved using only stargazer,
without additional steps. The Al
provided a was to let stargazer
output a table without the sum-
mary statistics. Applied in table
1.

A method was provided of run-
ning similar regressions using dif-
ferent bandwidths and reporting
using stargazer. Applied in table
9. This method was later also
used for table 10, with different
cut-offs.

A method was provided of con-
structing a table to report vari-
able definitions. Applied in table
6 and table 11.

A plethora of miscellaneous ques-
tions regarding latex syntax, e.g.
how to write > signs and similar
figures.

Table 11: Generative Al scope of use.
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Log of AI interaction
Query to Chat-GPT:how to structure literature review & research problem?

Output of Chat-GPT: Structuring a Literature Review & Research Problem When writing a literature review and
defining a research problem, it’s essential to maintain a logical flow that highlights existing research, identifies gaps,
and establishes the need for your study. Below is a structured approach to both:

1. Literature Review Structure A literature review provides an overview of existing research related to your topic.
It should be critical and analytical, not just a summary. A well-structured literature review follows this format:

A. Introduction Define the broad research area. Explain the purpose of the literature review. Highlight the
scope (e.g., key themes, theoretical perspectives, methodologies). State the organization (chronological, thematic,
methodological, etc.). B. Body You can structure the body in different ways:

1. Thematic Approach (Recommended) Organize by key themes, concepts, or theories rather than by individual
studies. Compare and contrast different perspectives on each theme. Discuss how studies are related and where they
diverge. 2. Chronological Approach Discuss research in the order it was published. Show the evolution of theories,
methods, and debates over time. 3. Methodological Approach Categorize research based on methods used (qualitative,
quantitative, mixed-methods). Evaluate the strengths and weaknesses of different research designs. C. Critical
Analysis & Synthesis Identify gaps in the literature. Discuss inconsistencies, controversies, and limitations in existing
research. Highlight trends and emerging areas of study. D. Conclusion Summarize key insights. Show how existing
research leads to your research problem. Justify why your study is necessary. 2. Structuring a Research Problem A
research problem identifies the issue your study aims to address. It should be clear, specific, and researchable.

A. Background of the Problem Explain the broader context of your study. Describe the general issue within
the field. B. Problem Statement Clearly define the specific research gap or issue. Explain why it is significant
(theoretical, practical, or policy-related). Provide evidence (statistics, reports, prior research) supporting the problem.
C. Research Questions / Objectives Formulate 1-3 key research questions that align with your problem statement.
Ensure questions are clear, concise, and researchable. D. Justification / Rationale Explain the importance of solving
the problem. Highlight how your study contributes to knowledge or practice. E. Scope and Limitations Define the
boundaries of your study. Address potential limitations or constraints. Example: Literature Review & Research
Problem Structure Topic: The Impact of Social Media on Adolescent Mental Health

Literature Review

Theme 1: Positive effects of social media (e.g., social connection, identity exploration). Theme 2: Negative
effects (e.g., cyberbullying, anxiety, depression). Theme 3: The role of parental monitoring and interventions. Gap
Identified: Limited longitudinal studies on long-term mental health effects. Research Problem

Background: Adolescents increasingly rely on social media for communication. Problem Statement: While stud-
ies explore short-term impacts, long-term effects on mental health remain unclear. Research Questions: How does
prolonged social media use impact adolescent mental health over time? Justification: Findings could inform parents,
educators, and policymakers. Would you like help refining your research topic or drafting a section?

How it was used:Was used to provide a guide how to structure chapter of RP - Literature review & Research problem

Query to Chat-GPT:Is it possible in latex to reference to a specific chapter in document?
Output of Chat-GPT: Use ref function to reference internally.
How it was used:Reference chapters internally in latex

Query to Chat-GPT:i have a table in cvs format, that i want to convert to latex using stargazer in R.
Output of Chat-GPT:stargazer(data, type = ”latex”, summary = FALSE)
How it was used:Used to convert CVS table to Latex, using stargazer in R

Query to Chat-GPT:1 want to report a RDD regression using different bandwidths and report using stargazer.
Output of Chat-GPT:BW list |- ¢(50, 100, 150, 200, 250, 300) models j- list()

for (bw in BW_list) subset_data j- combined_dataset[combined_dataset$running ;= -bw & combined_dataset$running
j= bw, | subset_data$Z i- ifelse(subset_data$running ;, 0, 1, 0) subset_data j- subset_data[complete.cases(subset_data[,
c(”treatment”, "running”)]), | models|[as.character(bw)]] j- ivreg(beta_asym treatment + rank.1 + rank 2 — Z +
rank-1 + rank-2, data = subset_data)

stargazer(models, type = "latex”, column.labels = paste(”BW =", BW list), dep.var.labels = ”beta_asym”, co-
variate.labels = c(”Treatment”, ”Rank_1”, ”Rank_2”, ”Constant”), omit.stat = c(”f’, ”ser”, ”adj.rsq”), report =
” CSp” )
How it was used:Running and reporting main analysis using different bandwidths.

Query to Chat-GPT:How to put > sign in latex

Output of Chat-GPT: Use dollar sign around > and <.
How it was used:Reporting p values in latex
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