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1. Introduction

There is much research confirming the tendency of a stock’s price to increase when the
stock is included in a major index, and to decrease when excluded. Multiple hypotheses
have been presented for this phenomenon. Some predict permanent price effects: for
example, that stocks are imperfect substitutes (cf. Wurgler & Zhuravskaya, 2002), that
index constituents receive increased investor awareness (cf. Chen, Noronha and Singal,
2004), and that liquidity increases after a stock is included in an index (cf. Bechmann,
2004). One hypothesis also only predicts temporary price effects: that investors’ —
primarily index funds’ — portfolio rebalancing causes temporary price pressure (cf.
Harris and Gurel, 1986).

Some studies, e.g. Scholes (1972), Doukas et al. (2010), and Mendenhall (2004),
suggest that arbitrage risk obstructs market efficiency, in the context of Fama’s (1970)
efficient market hypothesis. As such, arbitrage risk may entail that stock prices do not
accurately reflect all available information. Wurgler and Zhuravskaya’s (2002) studied
the connection between arbitrage risk and the index effect. They looked at S&P 500
inclusions between 1976 and September 1989, concluding that stocks with high
arbitrage risk experience large price gains upon inclusion in the S&P 500, and vice
versa for stocks with low arbitrage risk. They explained this by concluding that high-
arbitrage-risk are more sensitive to demand shocks because they have higher price
elasticity.

We will look at how inter alia arbitrage risk affects stock prices at and around index
inclusions and exclusions, together referred to as index events. Wurgler and
Zhuravskaya (2002) correctly predicted that “the risk inherent in arbitrage between
imperfect substitutes deters risk-averse arbitrageurs from flattening demand curves”,
and we will investigate whether this holds true also for two major indices on the
Swedish stock exchange: the OMX Stockholm Benchmark index (OMXSB) and the
OMX Stockholm 30 index (OMXS30). However, our sample will differ in a few
notable aspects. In our sample the effective date — on which the pre-announced index
changes take effect — follows 20 to 26 calendar days after the effective date. According
to Beneish and Whaley (1996) the way stock prices react to index inclusions changed
when pre-announcement was introduced for S&P 500 inclusions. They found that the
total premium experienced upon inclusion increased: the immediate return upon
announcement decreased from 3.7 to 3.1 percent with the new announcement policy,
but however, they also found abnormal returns of an additional 4.1 percent between the
announcement date and the effective date. This, they concluded, was an effect of index
funds waiting until the effective date to start trading the stock. Another difference is that
the S&P 500 and the Swedish indices has different methods for selecting constituents.
Both the OMXSB and the OMXS30 have mechanical procedures for selecting index
constituents and is possible to predict before the announcement date. The S&P 500



however has a selection committee and does not prevail what makes a stock to get
picked for the indices. Therefore, different explanations might be of different
importance for the respective indices.

In addition to idiosyncratic risk, some studies, including Pontiff (2005) and Doukas et
al. (2010), have studied the effect of transaction costs (such as bid-ask spreads and price
impact) and holding costs (such as idiosyncratic risk) on mispricings. They concluded
that transaction costs and holding costs have a deterrent effect on arbitrageurs’ ability to
completely correct mispricings: both types of costs force arbitrageurs to take smaller
and fewer positions than they otherwise would have, allowing mispricings to continue
to exist.

Our study builds upon Wurgler and Zhuravskaya’s (2002) research to (i) also examine
the impact of transaction costs and (ii) examine whether their findings are applicable the
Swedish stock market. As such, we formulate the following research question:

To what extent do arbitrage risk, transaction costs, demand shock size, and
heterogeneity of non-arbitrageurs’ beliefs affect demand curve slopes on the
Stockholm Stock Exchange?




2. Previous literature and theoretical framework
2.1. Theories on the index effect

There is plenty of previous research on the price effects that stocks experience when
included or excluded from a major index. Most studies of the S&P 500, e.g. Shleifer
(1986), Harris and Gurel (1986), and Chen, Noronha, and Singal (2004), show
significant positive (negative) price effects when stocks are included in (excluded from)
the index. Principally all studies find that some effect exists, but researchers disagree on
why the effects occur and whether they are permanent or temporary. In the following
sections, we will discuss the different theories about why index effects exist.

The Imperfect Substitutes Hypotheses

Wurgler & Zhuravskaya (2002) wrote that “In textbook theory, demand curves for
stocks are kept flat by riskless arbitrage between perfect substitutes. However,
individual stocks do not have perfect substitutes”. For this reason, individual stocks can
have positive impact on investors’ diversification. The absence of perfect substitutes
entails that stock prices will react to sudden demand shocks, positive or negative, such
as the change in demand from index funds that follows index events. This forms the
basis of the Imperfect Substitutes Hypothesis (ISH).

Kaul, Mehrotra and Morck (2000) studied an index reweighting of the Toronto Stock
Exchange 300 index that took place in 1996, caused by a redefinition of the free-float —
an event they argue cannot have revealed any private information about any of the
companies concerned. The index weights of 31 stocks was increased, and said stocks
experienced statistically significant excess returns of 2.3 % during the event week, with
no price reversal being observed afterwards.

Shleifer (1986) found a positive price effect for stocks included in the S&P 500 and that
the effect is permanent. He found this to support the ISH and concluded that long-term
demand curves for stocks indeed slope downward.

The Price Pressure Hypothesis

When stocks are included (excluded) from indices, large volumes of stocks are normally
traded when substantial demand from index funds and other index-following investors
suddenly appears (disappears). According to the Price Pressure Hypothesis (PPH), as
discussed by e.g. Harris and Gurel (1986), passive liquidity providers and other
investors who accommaodate such shifts in demand curves must be compensated for the
risk they take in considerably larger volumes of stock than they otherwise would have.
According to the PPH, investors buying (selling) large volumes of a stock will entail
immediate price increases (decreases), following which providers of liquidity will be
compensated as the price of said stock increases (decreases) back to its “natural” level.



Scholes (1972) studied large-block secondary sales of stocks, and found that large block
trades do indeed have temporary effects on stock prices in line with the predictions of
the PPH.

The Information Signaling Hypothesis

The Information Signaling Hypothesis proposes that if a stock is announced to be
included in an index, this reflects good news about the company’s prospects. Likewise,
exclusions predict the contrary. While several studies, including Jain (1987), Denis et
al. (2002), and Dhillon and Johnson (1991) finds support for the Information Signaling
Hypothesis in studies of the S&P 500, the hypothesis is arguably of very little relevance
for our study because both the OMXS30 and the OMXSB constituent lists are
determined by mechanical calculations using easily observable variables. Therefore, the
performance of such calculations ought to reveal no new information to the market — in
comparison, the S&P 500 uses a selection board without any hard inclusion criteria.

The Liquidity Hypothesis

The Liquidity Hypothesis predicts that index inclusions lower transaction costs due to
the included stock becoming traded more frequently. Bechmann (2004) studied these
effects on the Danish KFX index and found that trading volume increased following
index inclusions, which in turn lead to lower bid-ask spreads and other transaction costs.

Chen, Noronha and Singal (2004) also predicted that being added to an index makes it
easier for a company to raise additional capital, which leads to positive price effects.

The Investor Awareness Hypothesis

A study by Chen, Noronha and Singal (2004) on both inclusions and exclusions of S&P
500 found evidence of asymmetric results: a prominent price increase takes place upon
inclusion, but no significant decline is observable for exclusions. They explain this by
the investor awareness hypothesis: investors’ awareness of a company in the indices
increases upon addition but does not go away in the event of exclusion. Further, Denis
et al. (2003) concluded that when a stock included in an index, the monitoring of the
becomes more intensified and in turn makes the firm more efficient.

2.2. Arbitrage costs as inhibitor of market efficiency

The Efficient Market Hypothesis holds that any mispricing of stocks will immediately
disappear due to riskless arbitrage. However, Pontiff (2005) concluded that stock
market mispricings can continue to exist due to holding costs, including idiosyncratic
risk, and transaction costs. These costs force arbitrageurs to only take limited positions
in the stock, limiting the ability of arbitrage to correct mispricings. The impact of
transaction costs and idiosyncratic risk on arbitrage is not a particularly very well-
researched area. While there are theoretical reviews acknowledging that idiosyncratic



risk is costly to arbitrage and hinders efficient markets, such as Pontiff (2005),
Hirshleifer (2001), and Shleifer and Vishny (2012), there is somewhat limited empirical
evidence on the matter.

In two studies, however, Doukas et al. (2010) and Mendenhall (2004) found
idiosyncratic risk to be a major deterrent of arbitrage activity. They both concluded that
because arbitrageurs are to at least some extend averse to idiosyncratic risk, mispricings
can continue to exist in the market due to arbitrageurs’ limited willingness to enter into
large arbitrage trades and thereby correct the mispricings.

2.3. Arbitrage risk and the index effect

Waurgler and Zhuravskaya (2002) examined the effect that arbitrage, principally
measured as the lack of close substitutes, has on demand curves. They drew three main
conclusions: (i) no perfect or even close substitutes exist between stocks, (ii) price
increases following index inclusions are higher when arbitrage risk is higher, and (iii)
the size of price effect is correlated to the size of the index fund demands. This means
that arbitrage risk prevents arbitrageurs from flattening demand curves in practice,
inhibiting market efficiency.

They developed a theoretical model with two types of investors: non-arbitrageurs, with
heterogeneous beliefs, and arbitrageurs, with a zero-net-investment constraint as well as
homogeneous and correct beliefs about fundamental value. They assume arbitrageurs
are averse to the idiosyncratic risk that arises in arbitrage trades, because only a limited
set of arbitrage trades are available at any time. When aggregating the demand curves
from the two types of investors they found four factors that theoretically should steepen
demand curve slopes: (a) the level of the arbitrage risk, i.e. the absence of close
substitutes, (b) the arbitrageurs’ risk aversion (c) the degree of heterogeneity of belief
amongst non-arbitrageurs, and (d) the number of arbitrageurs.

Wurgler and Zhuravskaya (2002) estimated the demand shock size and arbitrage risk for
each stock added to the S&P 500 index between 1976 and 1989. They estimated
arbitrage risk as the historical variance of a portfolio consisting of (i) a long position in
the included stock, (ii) a variable short position in substitutes to said stock, and (iii) a
variable position in the risk-free rate. Using this model, they were able to conclude that
high-arbitrage-risk stocks experience higher price increases upon inclusion to the S&P
500.

2.4. Index methodologies
The OMX Stockholm Benchmark index, OMXSB, includes around 90 of the companies

with highest turnover on the Stockholm Stock Exchange. The OMX Stockholm 30
index, OMXS30, is comprised of the 30 most traded companies listed on the Stockholm



stock Exchange. The constituent lists for both indices are revised twice a year, and
revisions are announced — in our sample — between 20 and 26 calendar days before they
are effective. Approximately, this translates to between c. 15 and 19 trading days.

The selection process for the OMXSB and OMXS30 is based on a set of mechanic
criteria, detailed below, which arguably entails that no new information is revealed to
the market upon an inclusion or exclusion announcement. As such, the information
signaling hypothesis, cf. Bechmann (2004) can be ruled out as possible explanation for
effects on the stocks in the Swedish Indices.

Nasdaq (2018) describes the constituent selection process for the OMXSB as follows:
all shares are categorized into ICB supersectors, according to the industry the
companies are active in. Within each supersector, shares are selected in order of
decreasing free-float! market capitalization until 85% of the supersector’s total market
capitalization is reached. Following this, in addition any share in the top 10% of last
twelve months’ turnover amongst all listed shares is also included, but at least 25
shares. Additionally, shares in the bottom 30% of last twelve months’ turnover amongst
all listed shares are removed. The shares remaining at the end of this process will
constitute the OMXSB.

For the OMXS30, Nasdaq (2016) specifies the following: the selection process is based
on the SEK volume traded in each share during a six-month period. For a new stock to
take the place of an old stock the new stock’s traded volume must be amongst the 15
highest, and for an old company to get excluded and replaced by a new company, the
old stock needs to fall out of the 45 highest-volume stocks.

This difference in methodology between the two indices leads to the OMXSB replacing
a greater proportion of its constituents stocks every semi-annual review than the
OMXS30. This is because for the OMXSB, the criteria for a non-constituent to become
included and for a current constituent to stay included are the same. In the OMXS30,
however, what is essentially a safety net makes it easier for stocks to remain included
than for new stocks to become included. Therefore, fewer constituents are changed at
each review.

! Free float is the proportion of the shares of a security which are freely available for trading on the
market. Free-float excludes government holdings, controlling shareholders, company insider stakes and
crossholdings. (Nasdag, 2018)
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3. Hypotheses

According to the model developed by Wurgler and Zhuravskaya (2002), arbitrage risk,
demand shock size, and analyst target price dispersion are principally inhibitors of
market efficiency. The same applies for bid-ask spreads, which we use as proxy for
transaction costs. As such, all pre-announcement abnormal returns should increase in
magnitude as our four dependent variables increases: this should apply for inclusions
and exclusions, for positive and negative price effects, whether they are permanent or
temporary, and for all event windows.

For post-announcement returns, however, the theoretical relationship between abnormal
returns and our dependent variables is ill-defined. While price pressure effects should be
amplified by our four dependent variables, the corresponding relationships for the other
hypotheses that predict permanent price effects are vague. However, bearing in mind i.a.
Doukas et al.’s (2010) and Mendenhall’s (2004) findings on arbitrage costs and market
inefficiencies, we hypothesize that all our dependent variables might also cause post-
announcement abnormal returns to increase in magnitude.

Because much of previous research has focused primarily on index inclusions, we
separate our hypotheses for index inclusions and exclusions. Therefore, we formulate
the following hypotheses:

Ha: for index inclusions, any abnormal returns leading up to and including
the announcement day will increase in magnitude as arbitrage risk, demand
shock size, analyst dispersion, and transaction costs increase.

H.: for index inclusions, any post-announcement abnormal returns,
permanent or reverting will increase in magnitude as arbitrage risk, demand
shock size, analyst dispersion, and transaction costs increase.

Ha: for index exclusions, any abnormal returns leading up to and including
the announcement day will increase in magnitude as arbitrage risk, demand
shock size, analyst dispersion, and transaction costs increase.

Ha: for index exclusions, any post-announcement abnormal returns,
permanent or reverting will increase in magnitude as arbitrage risk, demand
shock size, analyst dispersion, and transaction costs increase.

We will test our hypotheses for both the OMXSB and the OMXS30 indices.

11



4. Methodology

4.1. Model specification

Our models are largely set up like that of Wurgler and Zhuravskaya (2002), albeit with a

few changes. They are all structured in a very similar way: they try to explain
Cumulative Abnormal Returns in a set of different event windows, using different
combinations of dependent variables.

The dependent variables used are summarized in Table 1. More details on their

calculation can be found in the following sections. All estimation windows are specified

as calendar time relative to each index event’s Announcement Date (AD).

Table 1. Definitions of dependent variables and estimation windows

Variable Definition Estimation Window
Aq Historical residual variance in a zero- (-1825, -90) calendar
net-investment arbitrage portfolio based  days relative AD
on the event stock and a (typically
short) position in the OMXS30
Az Historical residual variance in a zero- (-1825, -90) calendar
net-investment arbitrage portfolio based  days relative AD
the event stock and (typically short)
positions in five substitute stocks
As Historical residual variance in a zero- (-1825, -90) calendar

Demand shock
size

Analyst
dispersion

Amihud
illiquidity

net-investment arbitrage portfolio based
the event stock and positions in the
OMXS30 as well as five substitute
stocks

Net assets in index funds following the
relevant index, expressed as fraction of

said index’s total market capitalization

Standard deviation of sell-side equity
analysts’ target prices for the event
stock divided by the average

Average of daily absolute price change
divided by daily SEK volume traded

days relative AD

Last month end per 90
calendar days prior to
AD

90 calendar days prior
to AD

(-210, -90) calendar
days relative AD

12



4.1.1. Time measurement conventions

Our models contain a mixture of calendar day and trading day references, using the
following convention: all our estimation windows use calendar day references, and all
our event windows use trading day references. This is because we find that calendar
days are, generally, have the best representation of the distance in time between two
events. However, in the case of our event windows, it would be grossly impractical to
use calendar days. Each stock is not traded two days every week, meaning that the
sample in our study would rotate over time in seven-calendar-day cycles if we would
use calendar days. To keep our sample constant over time (i.e. time relative to each
Announcement Date) we use trading days for time measurement in our event windows.

4.2. Dependent variable: abnormal returns

To be able to draw reliable conclusions about the role of arbitrage at and around index
events, we, like MacKinlay (1997) suggests, create a market-based model for stocks’
expected return. The difference between the actual observed return and the expected
return is the stock’s Abnormal Return, AR, which will be the subject of our analysis.

We have modelled each stock’s expected return as a version of a the four-factor model
developed by Carhart (1997):

E(ric) = 17 + @; + Brurr,i X RMRF, + Bsypi X SMBe + By, X HML
+ Buom,i X MOM + €,

where r is logarithmic return and all factors are logarithmic.

For each stock we have conducted multiple linear regression with the stock price as
independent variable and the Swedish House of Finance’s Carhart factor data as
dependent variables. In line with MacKinlay’s (1997) recommendations, we want to
avoid overlap between the estimation window and the event window. Also, in a
compromise between sample size and beta instability over time, in line with Fraser and
Groenewold (2000), Shanken (1992), and Roenfeldt, Griepentrog and Pflaum (1978)),
we conduct this regression starting five years before each AD. As such, we use the
window (-1825, -90) calendar days relative AD for our Carhart regression.

Following this, we calculate each stock’s abnormal return on day t as the difference
between actual observed return and the predicted return of our Carhart model:

@i,t =T — E(ri,t)

where r is logarithmic return.

13



4.3. Event windows

We define a set of event windows to analyze index events in various timeframes. As
outlined in section 4.1.1, we use trading days as our measure of time.

For each event window, as specified in in Table 2 below, we calculate Cumulative
Abnormal Returns (CAR) as:

t2
CARi,tl,tz = Z @l,t
t=t1

where t1 and t2 are the times of the Stockholm Stock Exchange’s closing call on the first
and last dates of the event window, respectively.

Table 2. Summary of event windows

Period (trading days relative AD) Timing relative announcement

(-30, 0) Leading up to and including
announcement

(0, 15) Following announcement

(15, 30) Following announcement

Note: Announcement date (AD) is the date on which Nasdaq announced the stock’s upcoming inclusion
in or exclusion from the OMX Stockholm Benchmark or OMX Stockholm 30 index, whichever is
applicable.

4.4. Arbitrage risk measures

We use Wurgler and Zhuravskaya’s (2002) approach to estimating arbitrage risk: as the
historical variance of a portfolio holding (i) a long (short) position in one unit of the
stock which is included in or excluded from the OMXSB, referred to as the event stock,
(i) a short (long) position in a portfolio of substitutes, and (iii) a position in the risk-free
rate. The position in the portfolio of substitutes is optimized so to minimize the overall
portfolio’s residual variance, and the position in the risk-free rate is set so to make the
overall portfolio zero-net-investment. These measures of arbitrage risk attempt to
capture the portion of risk that an arbitrageur is exposed to when speculating in a stock
that cannot be hedged using short positions in close substitutes, i.e. idiosyncratic risk.
This entails that our measures of arbitrage risk are equally applicable for arbitrageurs
wanting to take long as well as short positions in the event stock.

14



Our first two arbitrage risk measures are very closely based on Wurgler and
Zhuravskaya’s (2002) measures of arbitrage risk. It is interesting to note that Wurgler
and Zhuravskaya’s (2002) method have been used for other topics than index effects as
well, e.g. by Mendenhall (2004) in post-earnings announcement drift. These two first
measures use two plausible substitutes to the event stock: (1) a short (long) position in
the market portfolio, represented by the OMXS30 index, and (2) a portfolio of short
(long) positions a small, select set of other stocks. Occasionally, (2) consists of long as
well as short positions in a set of other stocks. We use the OMXS30 because it is
principally the only Swedish stock index for which products such as futures are widely
available and easily tradeable.

4.4.1. A;-— Arbitrage risk based on the OMXS30 index

Calculating the first arbitrage risk measure, As, is relatively straightforward. For each
index event, we want to estimate the event stock’s return as a function of the OMXS30
index’s return and the funding cost for this portfolio. If we did this using OLS
regression over the previously-used estimation window (-1825, -90) calendar days
relative AD — the same period as we use for estimating our Carhart factors — would
result in the following equation:

Tit = Wiomxs3o X Tomxsso,c + Wirp X Tr¢

where r is logarithmic return, w denotes portfolio weights for OMXS30 and the risk-
free rate, respectively, and w; oy xs30 + Wi, —1=0 since the portfolio must be self-

financing.

However, like Wurgler and Zhuravskaya (2002) noted, it is more convenient to use
returns over the risk-free rate as opposed to raw returns because any set portfolio
weights will yield a zero-net-investment portfolio; we are not required to explicitly
constrain the sum of the portfolio weights to zero. As such, for each index event, we
conduct OLS regression estimating the event stock’s return over the risk-free rate as a

function of the OMXS30 index’s return over the risk-free rate. We do this again over
our estimation window (-1825, -90) calendar days relative AD:

(it — T7t) = Wiomxsso X (Tomxsszoe — Trt)
where r is logarithmic return and wiowmxs3o is the portfolio weight in the OMXS30

The residual variance from this regression, Az, is our first estimate of arbitrage risk.

4.4.2. A, - Arbitrage risk based on a portfolio of substitute stocks

The second arbitrage measure, Ay, is closely related to our first measure, A1 However,
instead of using the OMXS30 index as substitute, we instead use a portfolio of
substitute stocks.

15



Wurgler and Zhuravskaya (2002) used the three closest stocks resulting from a process
of ordering other stocks in the same industry by similarity in market capitalization and
in market-to-book ratio, with the motivation that “solving for optimal zero-net-
investment portfolio weights on each of thousands of assets for each of 259 stocks is too
difficult both for us and for D. E. Shaw [a US investment management firm engaged in
inter alia pair trading of stocks]”. While doing exactly this ought to be largely
unfeasible, modern computing has come a long way since 2002. As such, we select our
substitute stocks by, for each event stock, computing the correlation against every stock
in the Swedish House of Finance’s FinBas database, which contains data on all stocks
listed on the Stockholm Stock Exchange since 1979. We use daily returns data over the
estimation window (-1825, -90) calendar days relative AD, and then sort the stocks by
descending absolute correlation.

Any attempt to hedge a position in a stock by taking a short position in a different share
class emitted by the same company would arguably be an ineffective hedge. This is
because the two share classes are so close substitutes that any demand shock on one of
the inevitably ought to spill other onto the other share class. For this reason, we remove
any other share classes emitted by the same company from our sorted list. We also
remove all shares that had been de-listed 90 calendar days before AD.

The transaction costs involved in short sales of many different stocks prohibit complex
hedging portfolios. As such, we limit hedging portfolio complexity by selecting the top
five shares according to the above sort by descending absolute correlation for use in our
arbitrage portfolio. This entails a larger portfolio than the three-substitute-portfolio we
used by Wurgler and Zhuravskaya (2002), a difference we believe is reasonable given
that transaction costs have decreased considerably since the index events the studied
that took place between 1976 and 1989, cf. Evans (2012).

Using these five select stocks, we perform the same type of regression as with the
OMXS30 index above: for each event stock we conduct OLS regression over (-1825, -
90) calendar days relative AD to estimate the index stock’s return over the risk-free rate
as a function of that of the other five substitute stocks:

n
(Fie —17) = z wi; X (Tje = T7t)
7=

where r is logarithmic return, j through n are the five selected substitute stocks, and wi
denotes portfolio weights in substitute stocks j through n, respectively.

The residual variance, Az, is our second estimate of arbitrage risk.
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4.4.3. Az — Arbitrage risk based on the OMXS30 index in combination with a portfolio
of substitute stocks

Arbitrage measures A; and A; are calculated closely following Wurgler and
Zhuravskaya (2002)’s methodology. However, we believe that real arbitrageurs are
likely to use a combination of a broad hedge and a narrower substitute stock hedge.
Therefore, we have developed a third arbitrage risk estimate, Az, which represents a
combination of A1 and A.. It uses both the OMXS30 and the five substitute stocks
selected using the methodology of A as the contemplated substitutes.

For each event stock we conduct OLS regression over (-1825, -90) calendar days
relative AD to estimate the stock’s return over the risk-free rate as a function of that of
the OMXS30 and the five substitute stocks:

n
(Fie — 77) = Wiomxs3zo X (Tomxssor — Tre) + Z Wi X (Tje —T7t)
Jj=J
where r is logarithmic return, j through n are the five selected substitute stocks, and w;

denotes portfolio weights in the OMXS30 and substitute stocks j through n,
respectively.

The residual variance from this regression, As, is our third estimate of arbitrage risk.
4.5. Demand shock size

We define demand shock as the portion of an included (excluded) firm’s shares that
investors will wish to buy (sell) only due to the stock being included in the relevant
index. Intuitively, whenever an asset has positive price elasticity (as would under almost
all conceivable circumstances be expected for stocks), a larger positive (negative)
demand shock will entail a proportionally larger price increase (decrease).

This demand shock can principally be split up into two components: (i) demand from
price inelastic index funds, and (ii) demand from other investors that either use the
OMXSB as a benchmark or reference point. We believe (i) is very easy to estimate,
whereas (ii) is very difficult to estimate: much like Wurgler and Zhuravskaya (2002) we
only deem it practically possible to estimate the index fund component of the demand
shock. For index events in the OMXSB, we estimate demand shock for an index event
taking place at time t as:

total net assets of index funds tracking the OMXSB,
total market capitalization of all shares in the OMXSB;

demand shock; =
This is done using monthly data, and to avoid any overlap between our (one-day)

estimation window and our event windows we use demand shock data per the last
month-end as of 90 calendar days before AD.
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For the OMXS30, we estimate demand shock analogously, using total net assets of
index funds tracking the OMXS30 and the total market capitalization of all shares in the
OMXS30.

It is important to distinguish demand shock from the proportion of shares held by index
funds before, around, or after an index event. Many constituents of for example the
OMXSB are also members of other indices that are closely followed by index funds,
such as the OMXS30 and the SIXRX. Since the holdings of funds tracking other indices
remain unaffected when a stock — all else equal — is included in or excluded from the
OMXSB or the OMXS30, only the demand from index funds tracking the relevant
index is of interest in this example.

4.5.1. Extrapolating missing values

We have only been able to retrieve total OMXSB market capitalization data starting
December 2006, and for the OMXS30 starting February 2008.Therefore, we have
extrapolated earlier market capitalization values as a function each respective index’s
closing values at the same time. For the OMXSB this becomes:

OMXSB market capitalization; = Apyxsg X OMXSBPI closing price; + Boyxss
where A and B are constants. For the OMXS30, our estimation is done analogously:
OMXS30 market capitalization; = Aomxsg X OMXS30 closing price; + Bomxs3so

Since the OMXSBPI is a price index tracking the value of all shares in the OMXSB, the
OMXSBPI closing values and the market capitalization of the OMXSB are extremely
correlated (p = 0.997). The same applies for the OMXS30, for which the corresponding
correlation is also extremely high (p = 0.999). Therefore, we believe these
extrapolations to be accurate.

4.6. Heterogeneity of non-arbitrageurs’ beliefs as analyst
dispersion

According to Wurgler and Zhuravskaya’s (2002) model, heterogenous beliefs about a
stock’s value amongst non-arbitrageurs introduces a natural slope to demand curves.
Their study estimates heterogeneity as the standard deviation of sell-side equity
analysts’ one-year-ahead earnings per share (EPS) forecasts, divided by the mean.
However, their study did not find that analyst EPS dispersion had any statistically
significant impact, instead concluding that “it seems likely that the weak effect of
analyst [EPS] dispersion is due to its theoretically ambiguous relationship to true
heterogeneity”.

To find an estimate that is more closely related to true heterogeneity, we look at the
dispersion of sell-side equity analysts’ target prices rather than EPS forecasts. We
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believe this better represents true heterogeneity since it measures beliefs about the
firm’s fundamental value, rather than its performance in a single time period.

From Thomson Reuters we retrieve individual equity analysts’ target prices for each
event stock as per 90 calendar days before AD. Much like Wurgler and Zhuravskaya
(2002), we disregard cases where target prices are only reported for fewer than five
equity analysts. Using this data, we estimate heterogeneity for event stock i as:

Oanalyst target prices;

Analyst dispersion; =
Hanalyst target prices;

4.7.  Amihud illiquidity as proxy for transaction costs

In addition to the dependent variables in Wurgler and Zhuravskaya’s (2002) study, we
want to capture the transaction costs involved in arbitrage trades. Previous research has
concluded that most measures of transaction costs in the stock market — i.e. primarily
bid-ask spreads and market impact — are strongly related to each other, as studied by e.g.
de Jong, Nijmanjong and Roéell (1995), Amihud and Mendelson (1986), and Stoll
(1989). Since these studies have also found that the largest component of transaction
costs typically is market impact, we estimate market impact using the illiquidity
measure developed by Amihud (2002). This measure is strongly related to one of the
most well-known measures of market impact: Kyle’s (1985) lambda.

Amihud’s (2002) illiquidity measure is calculated by, for each day in a period,
calculating the product of a stock’s absolute return and the stock’s trading volume in
SEK for the same day. These products are then averaged over, in our case, (-210, -90)
calendar days relative AD:

D;

1
Amihud illiquidity = D X Z'ri't| X SEK trading volume;,
=T

Where D; is the number of trading days for stock i in the relevant period and r is
logarithmic return.

Because transaction costs can vary more over time than e.g. betas, cf. Choi, Salandro
and Shastri (1988), we use a much shorter estimation window for Amihud illiquidity
than for our other dependent variables.
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5. Data

We look at the OMXSB, which as of May 2019 consists of 95 of the largest and most
traded stocks on the Stockholm Stock exchange, selected according to a specific set of
criteria that will be discussed later, and the OMXS30, which represents the 30 most
traded stocks on the Stockholm Stock Exchange. While the OMXS30 has a fixed
number of constituents, the OMXSB is an open-ended index whose number of
constituents is not predetermined. For both the OMXS30 and the OMXSB index
revisions are carried out biannually, and such index revisions are announced normally
slightly less than a month in advance.

5.1. Sample selection and description

In arriving at a set of index events for us to analyze, we much like Wurgler and
Zhuravskaya (2002) exclude index events related to M&A activity, bankruptcies, IPOs,
and corporate demergers. This aims to control for index events that are caused by
exogenous events, which may reveal information about the underlying stock and
therefore distort our data.

Since index changes are preannounced, we need to know and the announcement dates —
which are only available in the original press releases — in addition to the effective dates
— which are easily accessible via e.g. Thomson Reuters). For this reason, we are
constrained to index events announced in or after June 2003 for the OMXSB, and in or
after December 1999 for the OMXS30, as we have been unable to retrieve earlier press
releases. Because we need good Carhart factor data to be able to calculate abnormal
returns we also cannot consider index events that have taken place in 2017 and later,
since the Swedish House of Finance’s Carhart factor data is only available up until the
first few days of 2017.

Subject to the above two constraints, we have identified 143 inclusions and 130
exclusions for the OMXSB, between June 2003 and November 2016. For the OMXS30,
we have identified 19 inclusions and 13 exclusions, between December 1999 and
December 2015.

The large difference in number of observed index events between the two indices is

caused by the OMXSB having considerably more constituents and by the OMXSB’s
constituent selection mechanism changing a larger fraction of its constituents at any

single index revision, as outlined in the theoretical background.

It is interesting to note that the number of index events we have found is somewhat
higher than a previous study on the OMXSB: Karlsson and Koria (2018) looked at 87
inclusions and 79 exclusions between May 2009 and November 2016, which is roughly
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half the sample size that we have found. We believe that this difference exists because
we have been able to retrieve older press releases dating back to 2003.

5.2. Summary statistics

5.2.1. Abnormal returns

In our sample, we find clear evidence of price increases around inclusions and price
drops around exclusions. Looking at Figure 1, it is interesting to note that for OMXSB
inclusions the price increase that proceeds AD does not seem to revert, whereas the
price increase experienced the first 10-20 trading days after AD seems to revert at least
partially within c. 30 trading days. Meanwhile, for exclusions, the price drops
experienced both before and after AD do show any clear tendency of reversion.

Figure 1. Cumulative Abnormal Returns around OMXSB index events

OMXSB Inclusions OMXSB Exclusions
A 0.16- A 0.16-
< 0.12- < 0.12-
2 o.08- 2 o.08-
T 0.04- T 0.04-
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X -0.04- X -0.04-
& -0.08- & -0.08-
60 40 20 0 20 40 60 60 40 20 0 20 40 60
Trading days relative AD Trading days relative AD

Note: Cumulative Abnormal returns around inclusions to and exclusions from the OMXSB index. Shaded
blue areas represent 95% confidence intervals. Cumulative Abnormal Returns are calculated as actual
returns over expected returns from a Carhart four-factor model.

Looking at the OMXS30, depicted in Figure 2, none of the apparent price patterns
around index events are significant and it is hard to draw any reliable conclusions. At
least partially, the small sample size for the OMXS30 ought to be to blame for this.
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Figure 2. Cumulative Abnormal Returns around OMXS30 index events
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Note: Cumulative Abnormal returns around inclusions to and exclusions from the OMXSB index. Shaded
blue areas represent 95% confidence intervals. Cumulative Abnormal Returns are calculated as actual
returns over expected returns from a Carhart four-factor model.

In Table 3 follows an overview of CAR across our event windows. All event windows
are specified as trading days relative the announcement date. We find statistically
significant cumulative abnormal returns at the 0.1% level in all event windows for
OMXSB inclusions, and in the (-30, 0) and (0, 15) event windows for OMXSB
exclusions. In the (15, 30) event window the presence of abnormal returns is not
significant at the 5% level. Moreover, we do not find any significant CAR in any event
window for the OMXS30 — again p,ossibly due to the small OMXS30 sample size.

Table 3. Cumulative Abnormal Returns around index events by event window

Index Type Eyent N Mean P-value  St. Dev. Min Max
window

OMXSB Inclusions  (-30, 0) 143  0.039 1.25e-04 0.12 -0.348 0.374

(0, 15) 143 0.03 1.38e-04 0.092 -0.382 0.226

(15, 30) 143 -0.029 2.44e-05 0.078 -0.294 0.215

Exclusions  (-30, 0) 130 -0.069 2.91e-08 0.133 -0.504 0.366

(0, 15) 130 -0.05 4.70e-08 0.12 -0.348 0.202

(15, 30) 130 0.016 0.061 0.092 -0.382 0.331

OMXS30 Inclusions  (-30, 0) 19 -0.034 0.836 0.097 -0.275 0.098

(0, 15) 19 0.075 0.116 0.212 -0.210 0.745

(15, 30) 19 -0.026 0.280 0.109 -0.232 0.182

Exclusions  (-30, 0) 13 -0.084 0.836 0.179 -0.485 0.161

(0, 15) 13 -0.018 0.116 0.303 -0.411 0.779

(15, 30) 13 -0.046 0.280 0.146 -0.457 0.156

Note: this table represents Cumulative Abnormal Returns for stocks being included in and excluded from
the OMXSB and OMXS30 indices, in a set of trading day event windows around the inclusion or
exclusion announcement. Cumulative Abnormal Returns are calculated as actual returns over expected
returns from a Carhart four-factor model.
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5.3.  Arbitrage risk

Table 4 and Table 5 below present summary statistics of arbitrage risk measures for
OMXSB and OMXS30 index events, respectively. The explained variance is calculated
as original variance minus the residual variance for each arbitrage measure, e.g. E1 is
defined as Var(Ri, t) — Al. Because our arbitrage risk models do not include constants —
they would have no real-world interpretation — we occasionally encounter negative
values for explained variance. Additionally, we calculate fractions of explained variance
over original variance.

Looking at explained variance divided by original variance, we can see that none of our
arbitrage portfolios constitute a generally effective hedge for either index. The original
variance, Var(Rit - Ry), is on the same order magnitude as the residual variance of our
hedged portfolios. However, it is likely that the arbitrage portfolios’ residual variances
contain a large fraction of idiosyncratic risk, which is priced lower by investors. At the
same time the original variance, which contains a greater fraction of systemic risk,
ought to be priced higher by investors, c.f. Brockman, Schutte and Yu (2009).

Table 4. Summary statistics for the arbitrage risk measures for OMXSB inclusions and
exclusions

Variable N Mean St. Dev. Min Max

As 273 0.000784 0.000779 0.000075 0.005436
Az 273 0.000745 0.000757 0.000068 0.004952
As 273 0.000733 0.000742 0.000066 0.004930
Var(Rit - Ry) 273 0.000919 0.000847 0.000157 0.005989
E1 273 0.000135 0.000119 -0.000002 0.000553
E2 273 0.000174 0.000163 0.000001 0.001037
Es 273 0.000186 0.000165 0.000006 0.001059

Ei1/ Var(Rit - Ry) 273 0.167795 0.120279 -0.006373  0.677080
Ez2/ Var(Rit - Ry) 273 0.218300 0.143241 0.001840 0.684526
Es/ Var(Rit - Ry) 273 0.229369 0.139044 0.026430 0.710634

Note: A is the residual variance for each arbitrage portfolio, as specified in section 4.4. Var(Ri; - Ry) is the
original variance. E is the explained variance for each arbitrage portfolio: original variance minus the
residual variance. All variables have been estimated over (-1825, -90) calendar days relative each event’s
announcement date.
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Table 5. Summary statistics for the arbitrage risk measures for OMXS30 inclusions and
exclusions

Variable N Mean St. Dev. Min Max

A1 32 0.000909 0.001207 0.000131 0.004712
Az 32 0.000733 0.000844 0.000098 0.003068
As 32 0.000719 0.000837 0.000097 0.003009
Var(Rit - Ry) 32 0.001103 0.001462 0.000202 0.006028
E1 32 0.000194 0.000281 0.000006 0.001316
E2 32 0.000370 0.000706 0.000005 0.003329
Es 32 0.000384 0.000704 0.000011 0.003325

Ei1/ Var(Rit - Ry) 32 0.198047 0.121480 0.018071 0.437274
E2/ Var(Rit - Ry) 32 0.285715 0.153714 0.016240 0.615169
Es/ Var(Rit - Ry) 32 0.305543 0.146183 0.035899 0.620368

Note: A is the residual variance for each arbitrage portfolio, as specified in section 4.4. Var(Ri; - Ry) is the
original variance. E is the explained variance for each arbitrage portfolio: original variance minus the
residual variance. All variables have been estimated over (-1825, -90) calendar days relative each event’s
announcement date.

Our three measures of arbitrage risk, A: through As, are highly correlated: for OMXSB,
Pa, 4, =0.9954, p, 4.=0.9966, and p,, 4,= 0.9996; for the OMXS30 p,, 4, = 0.9671,
Pa,a,=0.9712, and py, 4,= 0.9997. This is line with Wurgler and Zhuravskaya (2002),
who found a correlation of c. 0.98 between their A; and A> measures. It is interesting to
note that Az, which hedges using the OMXS30 index in combination with five substitute
stocks, only adds a limited reduction in residual variance in comparison with Az, which
hedges only using five substitute stocks.

5.3.1. Demand shock size, Amihud illiquidity and analyst dispersion

As illustrated in Table 6 and Table 7, Analyst dispersion has considerably fewer
observations than the other variables. This is due to data availability: for many index
events, especially older, Thomson Reuters has no observations on analysts’ target
prices, or fewer than five observations which is our threshold. It is interesting to note
that Amihud illiquidity is much lower for OMXS30 stocks than for OMXSB stocks.
This is in line with our expectations and follows from the OMXS30’s nature: the it is
constructed to represent the 30 most liquid stocks on the Stockholm Stock Exchange.

24



Table 6. Summary statistics for dependent variables except arbitrage risk measures for
OMXSB inclusions and exclusions

Variable N Mean St. Dev. Min Max

Demand shock size 273 0.004955 0.003818 0 0.013650
Analyst dispersion 72 0.168669 0.124665 0.025764 0.757517
Amihud illiquidity 273 0.000028 0.000073 0.0000001 0.000679

Note: Demand shock size is net assets in index funds following the OMXSB as fraction of the total
market capitalization of all stocks that constitute the OMXSB, per last month-end 90 calendar days before
each event’s announcement date. Analyst dispersion is the standard deviation of sell-side equity analysts’
target prices divided by the mean, per 90 calendar days prior to the announcement date. Amihud
illiquidity is the historical average of daily absolute price change divided by daily SEK volume traded
over (-210, -90) calendar days relative the announcement date.

Table 7. Summary statistics for dependent variables except arbitrage risk measures for
OMXS30 inclusions and exclusions

Variable N Mean St. Dev. Min Max

Demand shock size 32 0.002115 0.002861 0 0.009858
Analyst dispersion 11 0.212840 0.113011 0.094915 0.419355
Amihud illiquidity 32 0.000001 0.000001  0.00000005  0.000003

Note: Demand shock size is net assets in index funds following the OMXS30 as fraction of the total
market capitalization of all stocks that constitute the OMXS30, per last month-end 90 calendar days
before each event’s announcement date. Analyst dispersion is the standard deviation of sell-side equity
analysts’ target prices divided by the mean, per 90 calendar days prior to the announcement date. Amihud
illiquidity is the historical average of daily absolute price change divided by daily SEK volume traded
over (-210, -90) calendar days relative the announcement date.

It should also be noted that demand shock size is heavily dependent on time: Table 8
shows how net assets in index funds following the OMXSB have increased
considerably since 2003, as index funds have grown increasingly popular. The index
was incepted only in July 2002, and up until August 2005 there were no index funds
following the OMXSB. Table 9 shows the corresponding trend for the OMXS30. Fund
net asset data has been retrieved from Morningstar Direct, and OMXSB and OMXS30
market capitalization data has been retrieved from Thomson Reuters.
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Table 8. OMXSB demand shock size over time.

2003-12-31 2008-12-31 2013-12-31 2018-12-31
OMXSB market capitalization 1,561.6 1,640.2 3,409.0 3,870.2
(SEK bn)
Net assets in OMXSB index funds 0.0 4.6 23.5 69.1
(SEK bn)
Demand shock size 0.0000 0.0028 0.0069 0.0179

Note: OMXSB market capitalization is the market capitalization of all stocks that, at each point in time,
constitute the OMXSB. Demand shock size is calculated as net assets in OMXSB index funds divided by
OMXSB market capitalization.

Table 9. OMXS30 demand shock size over time.

2003-12-31 2008-12-31 2013-12-31 2018-12-31
OMXS30 market capitalization 1,556.9 1,589.0 3,347.3 3,535.9
(SEK bn)
Net assets in OMXS30 index funds 0.0 6.0 22.1 26.7
(SEK bn)
Demand shock size 0.0000 0.0038 0.0066 0.0076

Note: OMXS30 market capitalization is the market capitalization of all stocks that, at each point in time,
constitute the OMXS30. Demand shock size is calculated as net assets in OMXS30 index funds divided
by OMXS30 market capitalization.
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6. Empirical results
6.1. Graphical summary of results

Looking at Figure 3, we can see that the level of arbitrage risk, measured as A1, affects
pre-announcement abnormal returns for both inclusions and exclusions for the OMXSB:
stocks with high arbitrage risk experience larger price gains (drops) before inclusion
(exclusion) announcements. It is however not possible to visually identify any clear
relationship between level of arbitrage risk and post-announcement abnormal returns.

Figure 3. Cumulative Abnormal Returns around OMXSB index events, by arbitrage
risk (A1).
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Note: These graphs represent Cumulative Abnormal Returns for stocks included in and excluded from the
OMXSB, by level of arbitrage risk measured as A;. Cumulative Abnormal Returns are calculated as
actual returns over expected returns from a Carhart four-factor model. Shaded blue areas represent 95%
confidence intervals. To control for variance in demand shock size, inclusions and exclusions with
demand shock size in the top or bottom quartiles are removed. The remaining observations are split up
into above-median and below-median arbitrage risk.
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Figure 4 illustrates that for demand shock size, it is more difficult to visually discern
any patterns. However, for exclusions, large demand shocks seem to entail permanent
price drops whereas small demand shocks seem to entail only temporary effects.

Figure 4. Cumulative Abnormal Returns around OMXSB index events, by demand
shock size.
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Note: These graphs represent Cumulative Abnormal Returns for stocks included in and excluded from the
OMXSB, by level of demand shock size. Cumulative Abnormal Returns are calculated as actual returns
over expected returns from a Carhart four-factor model. Shaded blue areas represent 95% confidence
intervals. To control for arbitrage risk, index events with arbitrage risk, measured as As, in the top or
bottom quartiles are removed. The remaining observations are split up into above-median and below-
median arbitrage risk.

Due to our small sample size for the OMXS30, it is not meaningful to produce any
graphs corresponding to the above two. Instead, the OMXS30 will be investigated in the
sections to follow.
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6.2. Pre-announcement abnormal returns — OMXSB

Table 10 investigates the relationships between pre-announcement abnormal returns
and our dependent variables in different combinations, for OMXSB inclusions.
Specifications 1, 2 and 3 show that all three measures of arbitrage risk, Ax through As,
are indeed significant at the 5% level for pre-announcement abnormal returns for
OMXSB inclusions. Specifications 4 and 5 show that demand shock size exhibits no
significant linear relationship with pre-announcement abnormal returns. Specification 6
shows that explained variance does not have any effect on pre-announcement abnormal
returns, in line with our expectations. Specification 7 illustrates that analyst dispersion
also does not exhibit any statistically significant relationship with pre-announcement
abnormal returns. Specifications 8 and 9 evaluate the effects separately of arbitrage-
risk-demand-shock interaction and Amihud illiquidity. Specification 10 confirms that
these two in combination plays a large role in explaining pre-announcement abnormal
returns, with the arbitrage-risk-demand-shock interaction effect significant at the 5%
level, and Amihud illiquidity at the 1% level.
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Table 10. Regression of pre-announcement Cumulative Abnormal Returns for OMXSB
Inclusions

Dependent variable:
CAR (-30, 0) trading days relative AD
1) (2) ©) 4) ®) (6) (1) 8 9) (10)

A 24.376** 26.597** 24512*  -71.551 13.407
(11.964) (12.805) (14.317) (70.353) (12.472)
A 25.032** 27.096**
(12.488) (13.309)
A 25.294**
(12.669)
Analyst dispersion 0.045
(0.234)
Demand shock size 1.249 1.149 -0.449
(2.520)  (2.510) (4.996)
E, -1.667
(95.601)
A, * demand shock size 4,330.162 5,586.253**
(2,660.711) (2,589.170)
Amihud illiquidity 327.792** 410.154***
(126.696)  (118.882)
Constant 0.020 0.021 0.021 0.012 0.013 0.020 0.053 0.027** 0.020 0.012
(0.014) (0.014) (0.014) (0.022) (0.021) (0.015) (0.057)  (0.013)  (0.013) (0.013)
Observations 143 143 143 143 143 143 37 143 143 143
Adjusted R? 0.022 0.021 0.021 0.016 0.015 0.015 -0.051 0.011 0.060 0.082
Note: *p<0.1; **p<0.05; ***p<0.01

Standard errors in parentheses.

Note: This table illustrates OLS regression results for models of cumulative abnormal returns during the —
(-30, 0) trading day period relative the announcement of stocks’ addition to the OMXSB index. A
represents our estimates of arbitrage risk. Analyst dispersion represents the standard deviation of sell-side
equity analysts’ target prices divided by the mean. E; is the explained variance of the A; arbitrage
portfolio: original variance minus the residual variance. Demand shock size represents net assets in index
funds following the OMXSB as fraction of the total market capitalization of all stocks that constitute the
OMXSB. Amihud illiquidity represents the historical average of daily absolute price change divided by
daily SEK volume traded.

Appendix A shows the corresponding regressions for OMXSB exclusions. It is
interesting to note that the relationship between pre-announcement abnormal returns and
essentially all evaluated variables seems weaker than for OMXSB Inclusions. The only
statistically significant results are from specifications 8 and 10, which show that the
interaction between arbitrage risk and demand shock size has a clearly significant
impact on pre-announcement abnormal returns. While Amihud illiquidity had strong
significance for OMXSB Inclusions, we do no find significant support for it in the case
of OMXSB exclusions. Additionally, it should be noted that all specifications but one
for OMXSB exclusions exhibit statistically significant constant, meaning that our model
is missing some factor in this case.

30



6.3. Post-announcement abnormal returns — OMXSB

For OMXSB inclusions, our regressions in the post-announcement windows (0, 15) and
(15, 30) trading days relative AD, respectively, can be found in Appendix B. Our
models show very limited significance in this case: demand shock size seems significant
in the (0, 15) event window, but only in combination with A; and Az, which in the
relevant specifications receive non-significant constants with negative signs — contrary
to what is predicted by theory.

The corresponding regressions for OMXSB exclusions can be found in Appendix C.
Our findings for exclusions principally correspond to those for inclusions: our models
show very limited significance. The only interesting finding is that for the (15, 30) event
window, specification 6 with A1 in combination with E; produces significant results.

6.4. Pre-announcement abnormal returns — OMXS30

Table 11 below shows the above-used model specifications applied on OMXS30
inclusions in the (-30, 0) trading days relative AD window. Much like for OMXSB
inclusions in the same event window, we see in specifications 1-3 that all three
measures of arbitrage risk are significant: A; at the 5% level, and Az as well as As at the
1% level. No other variable than arbitrage risk exhibits statistically significant results.
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Table 11. Regression of pre-announcement Cumulative Abnormal Returns for
OMXS30 inclusions

Dependent variable:

CAR (-30, 0) trading days relative AD

(1) 2 3) 4) (%) (6) O (8) 9) (10)
A 110.697** 109.920** 102.082  -163.890 102.644**
(42.149) (43.266) (74.741)  (107.567) (45.036)
A, 174.013*** 173.664***
(52.160) (54.473)
A, 175.475%**
(52.659)
Analyst dispersion 0.475
(0.260)
Demand shock size 6.310 0.580 -18.685
(15.526)  (14.559) (11.527)
E. 66.839
(472.018)
A, * demand shock size 10,450.150 12,998.110
(8,526.737) (8,373.577)
Amihud illiquidity 51,011.420 136,772.800
(85,407.570) (89,212.150)
Constant -0.021 -0.052 -0.051 -0.033 -0.053 -0.022 0.061 0.054 -0.040 -0.021
(0.056)  (0.054)  (0.054)  (0.065)  (0.061) (0.059)  (0.069) (0.051) (0.065) (0.069)
Observations 19 19 19 19 19 19 7 19 19 19
Adjusted R? 0.247 0.360 0.360 0.208 0.320 0.201 0.239 0.027 0.217 0.099

Note:

*p<0.1; **p<0.05; ***p<0.01
Standard errors in parentheses.

Note: This table illustrates OLS regression results for models of cumulative abnormal returns during the —
(-30, 0) trading day period relative the announcement of stocks’ addition to the OMXS30 index. A

represents our estimates of arbitrage risk. Analyst dispersion represents the standard deviation of sell-side

equity analysts’ target prices divided by the mean. E; is the explained variance of the A; arbitrage

portfolio: original variance minus the residual variance. Demand shock size represents net assets in index

funds following the OMXSB as fraction of the total market capitalization of all stocks that constitute the
OMXS30. Amihud illiquidity represents the historical average of daily absolute price change divided by
daily SEK volume traded.

Appendix D shows the corresponding regressions for OMXS30 exclusions. Unlike for
the two most comparable regressions, OMXS30 inclusions as well as OMXSB
exclusions, we see very few significant results and in no specifications do all
independent variables have significant coefficients.

6.5. Post-announcement abnormal returns — OMXS30
Interestingly, our models yield statistically significant for OMXS30 inclusions in the
(0, 15) trading days relative AD event window, unlike our findings for OMXSB
inclusions in the same event window. Specifications 1-3 of Table 12 show that

arbitrage risk does have a statistically significant impact on post-announcement
abnormal returns in the (0, 15) event window form OMXS30 inclusions: A; at the 5%
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level and Az and As at the 1% level. The same is also true for arbitrage risk in
combination with demand shock size, which is significant at the 1% level as illustrated
in specification 8.

Table 12. Regression of post-announcement Cumulative Abnormal Returns for
OMXS30 inclusions in (0, 15) trading days relative AD

Dependent variable:

CAR (0, 15) trading days relative AD

(1) (2) ©) 4) (5) (6) (7 (8 ©) (10)
A -51.147** -49.694** -103.044*** -256.356 -62.163***
(19.302) (18.138) (30.313)  (138.120) (18.713)
A -80.529*** -74.884***
(23.823) (23.285)
A -80.155%**
(24.257)
Analyst dispersion -0.046
(0.333)
Demand shock size -11.805*  -9.370 -0.382
(6.509)  (6.224) (14.802)
E, 402.658*
(191.435)
A, * demand shock size -10,850.150*** -10,626.300***
(3,123.316) (3,272.665)
Amihud illiquidity 69,778.510*  12,015.680
(35,488.960)  (34,867.000)
Constant 0.010 0.024 0.023 0.034 0.040 -0.001 0.096 -0.013 -0.017 -0.020
0.025)  (0.025)  (0.025)  (0.027)  (0.026) (0.024)  (0.088) (0.019) (0.027) (0.027)
Observations 19 19 19 19 19 19 7 19 19 19
Adjusted R 0.251 0.367 0.355 0.340 0.411 0.376 0.372 0.381 0.359 0.347
Note: *p<0.1; **p<0.05; ***p<0.01

Standard errors in parentheses.

Note: This table illustrates OLS regression results for models of cumulative abnormal returns during the —
(0, 15) trading day period relative the announcement of stocks” addition to the OMXS30 index. A
represents our estimates of arbitrage risk. Analyst dispersion represents the standard deviation of sell-side
equity analysts’ target prices divided by the mean. E; is the explained variance of the A; arbitrage
portfolio: original variance minus the residual variance. Demand shock size represents net assets in index
funds following the OMXSB as fraction of the total market capitalization of all stocks that constitute the
OMXS30. Amihud illiquidity represents the historical average of daily absolute price change divided by
daily SEK volume traded.

Our findings in the previous paragraph are similar for the (15, 30) trading days relative
AD event window, as illustrated in Appendix E. Again, A is significant at the 5% level
and Az and As at the 1% level. Unlike pre-announcement abnormal returns for OMXS30
inclusions, we also see in specification 8 that the arbitrage-risk-demand-shock
interaction effect is significant at the 1% level.

Appendix F contains corresponding regression tables for OMXS30 exclusion post-
announcement returns. In the (0, 15) trading days relative AD event window our
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findings are principally the same for OMXS30 exclusions as for OMXS30 inclusions,
but with A; through As significant at the 1% level. However, for OMXS30 exclusions in
this event window we do not show any significance for demand shock size.

For the (15, 30) trading days relative AD event window, our models show limited
significance, except for Az in specification 1 that is significant at the 5% level. Notably,
neither Az or Az shows significant results even though A: does.
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7. Discussion of Results
7.1. Theory and our findings on the index effect

While the presence or absence of index effects is not in itself the primary subject of our
study, it is interesting to see how our findings on abnormal returns around index events
differ from those of previous studies.

For OMXSB inclusions we have found that the positive pre-announcement abnormal
returns are permanent and do not revert, whereas the post-announcement abnormal
returns at least partially revert within 30 days. However, our data does not allow us to
conclude that the full price increase experienced in the (0, 15) trading days window
reverts within 30 trading days after AD. This means that, in the case of OMXSB
inclusions, our study shows support for the imperfect substitutes hypothesis, the
liquidity hypothesis, and the investor awareness hypothesis, as well as the price pressure
hypothesis.

For OMXSB exclusions, we observe negative returns both pre-announcement and post-
announcement, and our data does not support any reversion effects although it does not
allow us to rule reversion effects out either. As such, for OMXSB exclusions our data
shows support for the imperfect substitutes hypothesis, the liquidity hypothesis, and the
investor awareness hypothesis, but does not show support for the price pressure
hypothesis.

For the OMXS30, it is not possible for us to draw any corresponding conclusions due to
the small sample sizes: our data neither supports nor disproves any of the theories.

7.2.  Arbitrage risk, transaction costs, and the index effect

Our OMXSB models have consistently low R2-values. However, we do not find this
problematic since low R2-values is a common occurrence in panel studies of stock
returns over short time periods, cf. Wurgler and Zhuravskaya (2002). We also observe
that our models for the OMXS30 have considerably higher R?-values than our models
of the OMXSB, which is somewhat puzzling. This phenomenon has no clear
explanation in theory, although one possible explanation could be that this is at least
partially caused by overfitting due to the very small sample size, cf. Hurvich and Tsai
(1989).

We can also see that analyst dispersion does not show any significance in any context.
Although our study looks at analysts’ target prices, this is in line with the findings of
Wurgler and Zhuravskaya (2002) who used at analysts’ earnings per share forecasts and
concluded that “It seems likely that the weak effect of analyst dispersion is due to its
theoretically ambiguous relationship to true heterogeneity”.
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Additionally, we can note that Amihud illiquidity is clearly less significant for
OMXS30 than OMXSB. We believe that this is not due to any fundamental difference
in how illiquidity affects index events in the two indices, but rather because of the
much-lower illiquidity in the OMXS30 than in the OMXSB, cf. Table 6 and Note:
Demand shock size is net assets in index funds following the OMXSB as fraction of the
total market capitalization of all stocks that constitute the OMXSB, per last month-end
90 calendar days before each event’s announcement date. Analyst dispersion is the
standard deviation of sell-side equity analysts’ target prices divided by the mean, per 90
calendar days prior to the announcement date. Amihud illiquidity is the historical
average of daily absolute price change divided by daily SEK volume traded over (-
210, -90) calendar days relative the announcement date.

Table 7 on page 25. As discussed on the aforementioned page, this difference follows
from the nature of the OMXS30: because it represents the 30 most traded stocks on the
Stockholm Stock Exchange, its illiquidity is naturally very low and the very small
effects of illiquidity difficult to observe.

7.2.1. OMXSB pre-announcement abnormal returns

Our results show that arbitrage risk has statistically significant impact on pre-
announcement abnormal returns for OMXSB inclusions. However, arbitrage risk alone
has no statistically significant impact on OMXSB exclusions. The interaction effect
between arbitrage risk and demand shock size is statistically significant in combination
with Amihud illiquidity for OMXSB inclusions and only by itself for OMXSB
inclusions.

While our models yield results very much in line with Wurgler and Zhuravskaya’s
(2002) for our OMXSB inclusions, the fact that our models for OMXSB exclusions
show statistically significant constants in most specifications means that our models
ought to be missing some key characteristic that differentiates inclusions from
exclusions in the (-30, 0) pre-announcement window.

Looking back at specification 10 of

Table 10, which is the specification with largest explanatory power for OMXSB
inclusion pre-announcement abnormal returns measured as adjusted R?, we find clear
and statistically significant effects on pre-announcement abnormal returns for the
interaction effect between arbitrage risk and demand shock size (significant at the 5%
level) and Amihud illiquidity (significant at the 1% level). As such, in the case of
OMXSB inclusion pre-announcement abnormal returns, we find support for our
theoretical prediction that arbitrage risk and illiquidity both inhibit market efficiency.
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7.2.2. OMXSB post-announcement abnormal returns

For OMXSB post-announcement abnormal returns our models show very limited
significance and feature significant constants. This is not unexpected, given that theory
does not provide any clear relationship between either dependent variable or post-
announcement abnormal returns. While some specifications do yield significant
coefficients for individual variables, the results are inconsistent and do not allow us to
draw any conclusions about the effects of our dependent variables on OMXSB post-
announcement abnormal returns.

What however is unexpected is that explained variance seems to have a strong negative
relationship to abnormal returns in (15, 30) trading days relative AD for OMXSB
exclusions, significant at the 1% level. This would entail that investors, in stark contrast
to theoretical predictions and for some unknown reason, care about the degree of
hedgeable risk in addition to hedgeable risk.

7.2.3.  OMXS30 pre-announcement abnormal returns

Arbitrage risk alone shows statistically significant results for OMXS30 inclusion pre-
announcement abnormal returns: A: is significant at the 5% level, and A; and Az at the
1% level. This is in line with theory and our findings on OMXSB inclusion pre-
announcement abnormal returns. However, we do not find statistically significant
results for any other variable than arbitrage risk here. One theory is that this could be, as
previously noted, an issue of small sample size.

For OMXS30 exclusion pre-announcement abnormal returns, no findings are significant
at the 5% level. Given that we only have 13 observations for OMXS30 exclusions, we
believe this is also a problem of small sample size.

7.2.4. OMXS30 post-announcement abnormal returns

Unlike for OMXS30 post-announcement abnormal returns, we see that arbitrage risk
has clear and statistically significant effects on post-announcement abnormal returns,
for inclusions as well as exclusions and in both the (0, 15) and (15, 30) trading days
relative AD event windows. In all cases except exclusions in the (15, 30) event window,
Az and As are significant at the 1% level. For exclusions in the (15, 30) event window A
is significant at the 5% level whereas A> and Az are not significant. Again, we believe
the small sample size is an issue since this is in stark contrast to the theoretical
prediction that A1, A2, and Az should be highly related. Due to these conflicting findings,
we are unable to draw any conclusions about arbitrage risk in the (15, 30) event window
for OMXS30 exclusions

We can also see that the interaction effect between arbitrage risk and demand shock is
significant at the 1% level for OMXS30 inclusions in the (0, 15) event window. Amihud
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illiquidity, however, does not show any significant impact. However, as is also the case
with Az through As in both the (0, 15) and (15, 30) event windows for inclusions, we
unexpectedly find that the model coefficients for arbitrage risk have negative signs. This
is opposite to the price pressure hypothesis’ theoretical prediction that liquidity
providers should charge more for providing excess liquidity in high-arbitrage-risk
stocks, which would hold that high-arbitrage-risk stocks should experience larger price
gains in the (0, 15) event window but also correspondingly larger reversions in the

(15, 30) event window. Instead, we observe negative coefficients in both the (0, 15) and
(15, 30) event windows, meaning that OMXS30 stocks with high arbitrage risk
experience larger price losses when included in the index. This is indeed a very
perplexing finding since no existing theory predicts these effects, which we observe are
significant at the 1% level.

For OMXS30 exclusions we observe the same negative coefficients as mentioned
above, but in this case, they are in line with theoretical predictions since the demand
shock is negative and arbitrage risk would be expected to amplify the negative demand
shock effect.

Apart from the unexpected sign on arbitrage risk effect for OMXS30 inclusions, what is
also strange to note is that for both inclusions and exclusions, arbitrage risk has clearly
significant impact on OMXS30 post-announcement abnormal returns but not on
OMXSB post-announcement abnormal returns. Theory provides no plausible
explanation on why this would be the case, and it would seem that there are no material
differences between the two indices that should give rise to this effect. Instead, we can
hypothesize that this could be because OMXS30 inclusions may not experience the
same type of price-pressure effects as OMXSB inclusions do in the 30 trading days that
follow an inclusion announcement. Another plausible explanation would be that the
effect we are observing might in fact be the reversion of a price pressure effect that
could have started before the actual inclusion announcement. This could be possible
since the mechanical nature of index revisions make them predictable at least to a
limited extent. However, none of these two explanations would leave us any wiser as to
why we observe the same relationship between arbitrage risk and post-announcement
abnormal returns for inclusions as well as exclusions.

7.3. Suggestions for further research

To expand the current understanding of the connections between the index effect,
arbitrage risk and transaction costs we have identified several areas in which further
research could hold large potential. A closer analysis of the OMXS30 with a larger
sample and better historical information would be of interest, and could hopefully
provide insight on the seemingly-ambiguous results where arbitrage risk seems to be
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negatively related with returns in both our (0, 15) and (15, 30) trading days relative AD
event windows.

It would also be interesting to look at what drives the strength of the relationship
between arbitrage risk and abnormal returns: our models have vastly different
explanatory power for the OMXSB and OMXS30 indices, even though the two indices
are seemingly very similar.

Finally, it would be of great interest to investigate why explained variance influences
post-announcement abnormal returns in the (15, 30) trading days relative AD window
for OMXSB exclusions. This is a counterintuitive finding, given that explained variance
can be easily hedged therefore should be of very limited relevance.
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8. Conclusions

Our findings for the OMXSB as well as OMXS30 index show that arbitrage risk plays a
large role in explaining the abnormal price again that a stock experiences during the 30
trading days leading up to its inclusion in either index. For OMXSB inclusions this
effect on pre-announcement abnormal returns exists through interaction between
arbitrage risk and demand shock size. Furthermore, we have shown that illiquidity also
impacts the pre-announcement abnormal returns of OMXSB inclusions: as we
predicted, illiquidity does limit arbitrageurs’ willingness to engage in arbitrage trading
that would flatten said stock’s demand curve. A key reason that illiquidity does not
show any impact for the OMXS30, we believe, is that illiquidity is much lower in the
OMXS30 than in the OMXSB due to the index’s nature.

In the case of exclusions from the OMXSB and OMXS30, our models have very limited
explanatory power. We only find that the interaction effect between arbitrage risk and
demand shock size influences pre-announcement abnormal returns for OMXSB
exclusions, although arbitrage risk or demand shock size alone do not have any such
effect.

We also find that for post-announcement abnormal returns the price pressure effects that
OMXSB additions experience are not affected by arbitrage risk or transaction costs.
This is not unexpected, given that both arbitrage risk as well as transaction costs in
theory only have relationships with temporary and reverting price-pressure driven post-
announcement abnormal returns — not any permanent price effects. However, for both
OMXS30 inclusions and exclusions post-announcement abnormal returns have negative
relationships with arbitrage risk. This is puzzling for two reasons: (i) we only see this
effect for the OMXS30 and not the OMXSB, and (ii) while a negative relationship is
predicted by theory for exclusions, a positive relationship would be predicted for
inclusions.

Further, the negative relationship between arbitrage risk and post-announcement
abnormal returns for OMXS30 inclusions leaves us bewildered because the theoretical
expectation, is that the linkage between arbitrage risk and post-announcement abnormal
returns should be positive. While we find several potential explanations for the positive
linkage between arbitrage risk and post-announcement abnormal returns in the case of
inclusions, we are unable to explain the existence of such a positive linkage for post-
even abnormal returns following both inclusions and exclusions. For this reason, we are
forced to conclude that the relationship of post-announcement abnormal returns with
arbitrage risk and transaction costs is vague in theory and ambiguous in practice.
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Appendix A — Regression of OMXSB exclusion pre-

announcement Cumulative Abnormal Returns

For variable explanations, please see the note to Table 10.

Dependent variable:

CAR (-30, 0) trading days relative AD

(1) @) ©) 4 ®) (6) 7 (8) ) (10)
A -15.887 -22.390 -27.326  -87.331 -17.451
(16.230) (16.928) (18.581)  (90.901) (16.638)
A, -15.762 -21.810
(16.367) (16.992)
As -16.701
(16.818)
Analyst dispersion -0.087
(0.219)
Demand shock size -4.829  -4.707 4.367
(3.683) (3.666) (7.042)
E. 149.954
(119.423)
A; * demand shock size -11,055.740*** -11,047.010***
(3,751.373) (3,765.589)
Amihud illiquidity 88.594 40.968
(194.144)  (184.653)
Constant -0.057*** -0.057*** -0.057*** -0.029 -0.031 -0.069*** -0.054 -0.037** -0.058*** -0.038**
(0.017)  (0.017) (0.017) (0.027) (0.027) (0.020)  (0.071) (0.016) (0.017) (0.017)
Observations 130 130 130 130 130 130 35 130 130 130
Adjusted R? -0.0003  -0.001  -0.0001 0.005 0.004 0.004 0.042 0.056 -0.007 0.049
Note: *p<0.1; **p<0.05; ***p<0.01

Standard errors in parentheses.
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Appendix B — Regression of OMXSB inclusion post-

announcement Cumulative Abnormal Returns

For variable explanations, please see the note to Table 10.

Dependent variable:

CAR (0, 15) trading days relative AD

1) @) (©) (4) (%) (6) @) (8) 9) (10)
A 2.233 -8.014 15.838  -135.777*%* 7.528
(9.281) (9.629) (10.903)  (52.723) (9.816)
A 2.140 -8.156
(9.683) (10.003)
A, 2.042
(9.822)
Analyst dispersion 0.120
(0.175)
Demand shock size -5.764%** -5 734%** -6.953*
(1.895)  (1.887) (3.744)
E, -166.801**
(72.807)
A, * demand shock size -1,623.117 -2,069.007
(2,049.109) (2,059.688)
Amihud illiquidity -158.235 -145.597
(99.709)  (94.571)
Constant 0.028*** 0.028*** 0.028*** 0.066*** 0.066*** 0.039***  0.106**  0.035*** 0.028*** 0.040***
(0.011) (0.011) (0.011) (0.016) (0.016)  (0.011) (0.043) (0.010)  (0.011)  (0.010)
Observations 143 143 143 143 143 143 37 143 143 143
Adjusted R? -0.007 -0.007 -0.007  0.049 0.049 0.023 0.141 -0.003 0.004 0.007
Note: *p<0.1; **p<0.05; ***p<0.01
Standard errors in parentheses.
Dependent variable:
CAR (15, 30) trading days relative AD
) (&) ©) 4) (%) (6) () ®) 9) (10)
A 0.538 0.177 -4.932  -70.206* 0.683
(7.949) (8.515) (9.474)  (37.820) (8.482)
A 0.880 0.558
(8.293) (8.845)
As 1.281
(8.412)
Analyst dispersion 0.003
(0.126)
Demand shock size -0.203 -0.179 -0.701
(1675)  (1.668) (2.685)
E, 67.062
(63.263)
A, * demand shock size -1,771.933 -1,813.884
(1,752.277) (1,775.992)
Amihud illiquidity -4.346 -13.698
(86.164)  (81.545)
Constant -0.029*** -0.029*** -0.030***  -0.028* -0.028*  -0.033*** 0.003  -0.023*** -0.029***  -0.023**
(0.009)  (0.009)  (0.009)  (0.014)  (0.014)  (0.010) (0.031)  (0.008)  (0.009)  (0.009)
Observations 143 143 143 143 143 143 37 143 143 143
Adjusted R? -0.007 -0.007 -0.007 -0.014 -0.014 -0.006 0.048 0.0002 -0.014 -0.007
Note: *p<0.1; **p<0.05; ***p<0.01
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Standard errors in parentheses.



Appendix C — Regression of OMXSB exclusion post-

announcement Cumulative Abnormal Returns

For variable explanations, please see the note to Table 10.

Dependent variable:

CAR (0, 15) trading days relative AD

@ 2 (©)) 4 ®) (6) Q] 8 ) (10)
A -7.141 -4.740 -11.750  47.906 -4.609
(11.936) (12.512) (13.724)  (47.765) (12.197)
A -6.833 -4.500
(12.036) (12.555)
A -6.865
(12.372)
Analyst dispersion -0.158
(0.115)
Demand shock size 1.783 1.816 1.866
(2722)  (2.709) (3.700)
E, 60.420
(88.205)
A, * demand shock size -2,653.082 -2,686.254
(2,834.536) (2,831.832)
Amihud illiquidity -143.327  -155.787
(142.325)  (138.864)
Constant -0.044***  -0,045%** -0.045*** -0.054*** -0.055*** -0.049*** -0.052  -0.042*** -0.042*** -0.037***
(0.013)  (0012)  (0.012)  (0.020)  (0.0200 (0.015) (0.037)  (0.012)  (0.013)  (0.013)
Observations 130 130 130 130 130 130 35 130 130 130
Adjusted R? -0.005 -0.005 -0.005 -0.010 -0.010 -0.009 -0.031 -0.001 -0.005 0.001
Note: *p<0.1; **p<0.05; ***p<0.01
Standard errors in parentheses.
Dependent variable:
CAR (15, 30) trading days relative AD
(€] (2) (3 4 (5) (6) (7 (8) 9) (10)
A 10.175 6.457 31.362**  -28.658 8.680
(11.829) (12.369) (13.075)  (57.902) (12.119)
A 11.855 8.426
(11.915) (12.402)
A 12.190
(12.246)
Analyst dispersion 0.166
(0.140)
Demand shock size -2.761 -2.668 3.046
(2.691)  (2.676) (4.486)
E, -2T7.729%+*
(84.036)
A, * demand shock size -900.528 -878.152
(2,821.747) (2,826.600)
Amihud illiquidity 84.662 105.086
(141.410)  (138.608)
Constant 0.008 0.007 0.007 0.024 0.022 0.031** -0.030 0.019 0.007 0.016
(0.012)  (0.012)  (0.012)  (0.020)  (0.019) (0.014)  (0.045)  (0.012)  (0.013)  (0.012)
Observations 130 130 130 130 130 130 35 130 130 130
Adjusted R? -0.002  -0.0001  -0.0001  -0.002  -0.0001 0.070 -0.023 -0.007 -0.007 -0.010
Note: *p<0.1; **p<0.05; ***p<0.01
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Standard errors in parentheses.



Appendix D — Regression of OMXS30 exclusion pre-

announcement Cumulative Abnormal Returns

For variable explanations, please see the note to Table 10.

Dependent variable:

CAR (-30, 0) trading days relative AD

(1) (2 ©) 4 (5) (6) () (©)] 9) (10)
A -99.005* -111.739* -133.561  425.950 -173.106**
(54.456) (61.043) (276.306) (65.761)
A -137.264 -156.206
(83.712) (94.668)
As -138.492
(84.343)
Analyst dispersion 2.160
Demand shock size -16.335 -15.576 -21.976
(30.265) (31.213)
E, 133.649
(1,045.614)
A, * demand shock size 69,684.700 84,895.640
(118,885.900) (135,587.70
Amihud illiquidity 161,872.500 27,637.130
(93,165.290) (98,809.100)
Constant 0.079 0.084  0.083 0.126 0.131 0.076 -0.271 -0.052 -0.008 -0.087
(0.094) (0.100) (0.100) (0.130) (0.140)  (0.101) (0.105) (0.100) (0.166)
Observations 13 13 13 13 13 13 4 13 13 13
Adjusted R? 0.161 0.123 0.124 0.103 0.059 0.079 0 -0.058 0.291 -0.155
Note: *p<0.1; **p<0.05; ***p<0.01
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Standard errors in parentheses.



Appendix E - Regression of OMXS30 inclusion Cumulative
Abnormal Returns for OMXS30 in (15, 30) trading days

relative the announcement date

For variable explanations, please see the note to Table 10.

Dependent variable:

CAR (15, 30) trading days relative AD

@ 2 3 4 ®) (6) (M ®) ) (10)
A -59.232** -59.736** -75.545* 164.015 -50.146**
(21.262) (21.752) (37.392) (221.266) (21.681)
A -82.007%%* -86.2247%
(28.116) (28.656)
Ag -82.605***
(28.413)
Analyst dispersion 0.167
(0.534)
Demand shock size 4.086 6.850 18.844
(7.806)  (7.659) (23.712)
E, 126.568
(236.145)
A; * demand shock size -4,140.862 -5,978.991
(4,455.816) (4,074.262)
Amihud illiquidity -57,555.730 -98,669.210**
(41,115.850) (43,407.220)
Constant 0.025 0.034 0.033 0.017 0.022 0.022 -0.143 -0.018 0.047 0.037
(0.028)  (0.029)  (0.029) (0.033)  (0.032) (0.029) (0.141)  (0.027) (0.031) (0.034)
Observations 19 19 19 19 19 19 7 19 19 19
Adjusted R? 0.273 0.295 0.293 0.241 0.286 0.241 -0.280 -0.008 0.312 0.191

Note:

*p<0.1; **p<0.05; ***p<0.01
Standard errors in parentheses.
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Appendix F — Regression of OMXS30 exclusion post-

announcement Cumulative Abnormal Returns

For variable explanations, please see the note to Table 10.

Dependent variable:

CAR (0, 15) trading days relative AD

1) ) 3) 4) (%) (6) @) ®) 9) (10)
A -95.268*** -99.975*** -41.663 418.583 -63.280**
(22.872) (25.722) (114.844) (27.383)
A -154.775%** -165.418***
(29.509) (32.726)
A, -156.122***
(29.674)
Analyst dispersion -1.145
Demand shock size -6.039 -8.751 -5.404
(12.753)  (10.790)
= -207.326
(434.600)
A, * demand shock size 30,906.410 -47,136.020
(70,770.720) (52,721.380)
Amihud illiquidity -69,878.550 -141,797.300***
(38,794.800)  (38,420.550)
Constant 0.009 0.030 0.029 0.026 0.057 0.014 0.056 -0.100 0.047 0.079
(0.039) (0.035) (0.035) (0.055) (0.048)  (0.042) (0.062) (0.042) (0.064)
Observations 13 13 13 13 13 13 4 13 13 13
Adjusted R? 0.577 0.688 0.690 0.545 0.678 0.545 0 -0.072 0.648 0.501
Note: *p<0.1; **p<0.05; ***p<0.01

Standard errors in parentheses.

Dependent variable:
CAR (15, 30) trading days relative AD

1) @ 3 4) ®) (6) (7 (8) 9) (10)
A -60.211%* -60.839** -78.284 -206.243 -97.399%+*
(23.783) (27.041) (120.631) (27.296)
A, -66.700 -63.751
(40.247) (46.019)
Aq -69.496
(40.212)
Analyst dispersion 0.176
Demand shock size -0.805 2424 21.965
(13.407) (15.173)
E, 69.897
(456.500)
A, * demand shock size 41,597.820 44,159.240
(56,798.370) (64,999.270)
Amihud illiquidity 81,237.120* 4,653.896
(38,671.060) (47,368.030)
Constant 0.013 0.004  0.005 0.015 -0.004 0012 -0.118 -0.066 -0.031 -0.072
(0.041) (0.048) (0.048) (0.058) (0.068) (0.044) (0.050) (0.041) (0.079)
Observations 13 13 13 13 13 13 4 13 13 13
Adjusted R? 0311 0127 0142 0242 0042 0244 0 -0.040 0.474 -0.143
Note: *p<0.1; **p<0.05; ***p<0.01

Standard errors in parentheses.
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