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Abstract 
One of the defining features of modern finance is the widespread popularity of passive funds. This 

has sparked a surge in academia for studying whether there are hidden downsides of these otherwise 

praised investment alternatives. An influential perspective in this debate, is the study of index effects. 

The dominant view has been that the increasing relevance of index funds are starting to generate new 

stock market phenomena, not explained by neoclassical theory: stocks that are added (deleted) to the 

index increase (decrease) their price and systematic risk. The consequences of these new phenomena 

argue that a “dark side” of passive investing exist, because it implies that passive funds create 

anomalies and invest in stocks that are overpriced. This thesis is an attempt to investigate whether the 

index effect exists, study what causes it, and define its consequences in relation to neoclassical theory. 

The method of choice is an event study inspired by Schleifer (1986) and Vijh (1994), but additional 

analyses inspired by more modern and sophisticated techniques are also applied. Particularly 

important, is that this thesis dedicates attention to statistical problems and especially selection bias, 

not previously seen on similar studies on the Oslo Stock Exchange. The findings suggest that there is 

an index effect on returns, however, there is much uncertainty to whether this effect is temporary or 

permanent. It is therefore evidence of the so-called Price Pressure Hypothesis, as well as the Imperfect 

Substitutes Hypothesis. Moreover, the evidence of an index effect on comovement is ambiguous, at 

best. There are some indications of demand-based changes in return comovement, however, there is 

also support for the neoclassical fundamental view. In the end, it is uncertain whether there is a dark 

side of passive investments, indicating that the previous consensus of an index effect may have been 

premature. 

 

Special gratitude is dedicated to our academic supervisor, Lisbeth La Cour, for valuable guiding and 

advice. Special thanks also to Ken Bechmann and Peter Tusvik, for their insights on the index effect 

from the academic and industry perspectives.  

 

 

 



1 Introduction 

2 

 

TABLE OF CONTENTS 

1 Introduction .................................................................................................................................. 4 

1.1 Research Question and Sub-Questions.................................................................................. 5 

1.2 Delimitations and Scope of Thesis ........................................................................................ 6 

1.3 Structure of the Paper ............................................................................................................ 6 

2 Scientific Method ......................................................................................................................... 7 

3 Background .................................................................................................................................. 8 

3.1 Market Indices and The Index Effect .................................................................................... 8 

3.2 OSE and OSEBX................................................................................................................. 13 

4 Theory and Literature Review ................................................................................................... 16 

4.1 Neoclassical Theory ............................................................................................................ 17 

4.2 Index Effect on the Returns of Stocks ................................................................................. 20 

4.3 Index Effect on the Return Comovement of Stocks ............................................................ 27 

5 Event-Study Methodology ......................................................................................................... 34 

5.1 Sample Selection ................................................................................................................. 35 

5.2 Returns and Volume ............................................................................................................ 41 

5.3 Comovement ....................................................................................................................... 66 

6 Index Effect and Return Dynamics ............................................................................................ 73 

6.1 Temporary Findings ............................................................................................................ 73 

6.2 Permanent Findings ............................................................................................................. 81 

6.3 Alternative Explanations ..................................................................................................... 86 

6.4 Concluding Remarks ........................................................................................................... 89 

7 Index Effect and Comovement Dynamics ................................................................................. 90 

7.1 Empirical Findings .............................................................................................................. 91 

7.2 Alternative explanations ...................................................................................................... 94 

7.3 Concluding Remarks ........................................................................................................... 97 

8 Interrelation Between Returns and Comovement in a Neoclassical Perspective ....................... 97 

8.1 The Capital Asset Pricing Model (CAPM) ......................................................................... 97 

8.2 The Efficient Market Hypothesis (EMH) .......................................................................... 102 

9 Discussion ................................................................................................................................ 105 

9.1 Volume and Returns .......................................................................................................... 105 

9.2 Comovement ..................................................................................................................... 110 



1 Introduction 

3 

 

10 Conclusion ............................................................................................................................... 111 

10.1 Implications ................................................................................................................... 113 

10.2 Further Research ............................................................................................................ 115 

Bibliography..................................................................................................................................... 117 

11 Appendices ............................................................................................................................... 126 

11.1 Event-Study Methodology ............................................................................................. 126 

11.2 Impact on Return Dynamics .......................................................................................... 135 

11.3 Interrelation Between Returns and Comovement in a Neoclassical Perspective .......... 138 

11.4 R-Codes for Additions Returns ..................................................................................... 138 

11.5 R-Codes for Additions Comovement ............................................................................ 141 

 

 

 

 

 

 

 

 



1 Introduction 

4 

 

1 INTRODUCTION 

In a perfect, efficient, and frictionless financial market, any stock price should be an unbiased 

predictor of the discounted future cash flow to the firm’s owner. Any changes to asset pricing should 

reflect new information about discount rates or future cash flow, so that the asset prices always reflect 

the intrinsic value. In addition, in cases where there are common factors influencing either cash flow 

or discount rates, asset prices should move together to reflect this commonality. These neoclassical 

assumptions have developed several well-known and renowned theories such as the Capital Asset 

Pricing Model (CAPM), and the Efficient Market Hypothesis (EMH): 

There is no other proposition in economics that has more solid empirical evidence supporting 

it than the Efficient Market Hypothesis… In the literature of finance, accounting, and the 

economics of uncertainty, the EMH is accepted as a fact of life (Jensen, 1978, p. 1) 

As the neoclassical paradigm started to increase in popularity, it also started to have an impact beyond 

academia and inspired John Bogle to construct the world’s first index fund in 1975. The idea was 

based on the notion that consistently generating abnormal performance is practically impossible, and 

that investors should rather focus on maintaining low costs while generating market returns. The 

popularity of the index fund has exploded since its inception. In 2005 index funds represented ~2% 

of the net asset value of Norwegian mutual funds, while in 2020, this number increased to ~24%. 

However, there have been growing evidence from the U.S. stock market that growth in index fund 

demand is starting to create irrational stock prices that are unrelated to fundamentals, contradicting 

the neoclassical paradigm. In particular, two anomalies have picked up special interest: the index 

inclusion impact on returns and excess comovement among S&P500 index members. The evidence, 

first explained by Shleifer (1986), demonstrated immediate abnormal returns when stocks are added 

to the S&P500. Likewise, Vijh (1994) and many other studies, also identified excess comovement 

relative to fundamental factors among S&P500 index members. These findings are of great interest 

because they indicate inefficiencies in the market and contradict the CAPM and EMH. The growing 

popularity of index funds combined with the evidence of an index effect therefore indicate that there 

may be a “dark-side to index-linked investing” (Israeli et. al., 2017): 

Trillions of dollars are invested through index funds, exchange-traded funds, and other index 

derivates. The benefits of index-linked investing are well-know, but the possible broader 

economic consequences are unstudied. (…) Indices are no longer carries of information, but 
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they, and their associated index-linked investing strategies have become so popular that they 

are generating new stock market phenomena in their own right. (Wurgler, 2010, p. 1-2) 

This thesis seeks to explore whether these two market anomalies are present at the Oslo Stock 

Exchange Benchmark Index (OSEBX), investigate the reasons behind them, and finally examine any 

potential relation between the return effect and the comovement effect in the perspective of 

neoclassical theory. Importantly, part of the motivation behind the study is that OSEBX have 

properties that can contribute valuable nuance to the literature. First of all, as argued by Bechmann 

(2002), the Nordic indices are especially interesting because their index constituents are solely 

determined based on public criteria, as opposed to say the S&P500. As will become clear, this is a 

valuable feature, because it will make it possible to reject that the index effect is considered positive 

information of a stock. This assumption is also very helpful when interpreting the index effect in light 

of the EMH. Secondly, the modern index inclusion literature is heavily concerned with the problems 

of selection bias (i.e., Petajisto, 2008). Because the OSEBX is transparent and selects its constituents 

based on public criteria, it is also possible to study how selection bias may affect the event-study 

findings. As will become clear, this will be immensely valuable to make nuanced conclusions about 

the index effect. 

Moreover, although the index effect on returns is widely studied, and the index effect on comovement 

is well-studied (although to a lesser extent), there is no study that looks at these two effects in relation 

to each other. In fact, to the best of the author’s knowledge, there is no study on the index effect on 

comovement on the Oslo Stock Exchange to this date. This is an important aspect of the value 

proposition of this paper, because it makes it possible to study the consequences of these two related 

phenomena in conjunction with each other. It will also make it possible to make inferences about the 

impact the index effect has on the two most important aspects in a portfolio of the neoclassical-

rational investor: expected return and systematic risk. 

1.1 RESEARCH QUESTION AND SUB-QUESTIONS 

Motivated by the unique aspects of the OSEBX and the observed academic gap, this paper aims to 

explore the following research question: 

To what extent is there an index effect on the OSEBX index and how does it relate to neoclassical 

theory? 

And the following sub-questions: 
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1) Is there an index effect on returns of stocks in the OSEBX and is it permanent? 

2) What are the hypotheses that may be appropriate to explain this observed effect? 

3) Is there an index effect on return comovement on stocks in the OSEBX? 

4) What are the hypotheses that may be appropriate to explain this observed effect? 

5) How do the observed index effects relate to the neoclassical theories of Capital Asset Pricing 

Model and Efficient Market Hypothesis and can it be considered an anomaly? 

These questions will be answered empirically by applying several event studies. 

1.2 DELIMITATIONS AND SCOPE OF THESIS 

The scope of the paper is to highlight some, not all, aspects of the impact from passive investing, in 

which the index effect on returns and excess comovement is of special interest. The popularity of 

index-linked investments has increased rapidly over the years, and the desired goal is to investigate 

these investments’ impact on expected returns and systematic risk. In addition, one could have looked 

at the volatility impact of index members following index revisions; however, this topic is considered 

secondary for the neoclassical investor and is therefore also outside of the scope of this thesis. 

It is important to highlight that the thesis will not try to provide any definitive answers to the causality 

of the index effect. This is because the index effect has scarcely been studied on the Oslo Stock 

Exchange. As a result, it is considered that a broader study represents a more important contribution 

to the literature. The consequence of this choice is that definitive answers to which hypothesis prevail 

would require creation of more specific hypothesis tests with extensive scrutiny and robustness 

checks. Ultimately, the process in this thesis is therefore more explorative and descriptive in nature. 

1.3 STRUCTURE OF THE PAPER 

The paper is divided into 10 main sections, with the introduction being the first chapter. In the second 

section, the scientific approach of the thesis is described. The third section provides some background 

information on the index effect, the Oslo Stock Exchange, and index funds. The literature review is 

in section 4, in which the thesis tries to outline previous research and the different, competing theories. 

In section 5, the event-study methodology and design are presented, as well as the considerations 

behind model choices are explained. Section 6 and 7 contain the findings and a discussion in light of 

the presented theory. In section 8, the findings of returns and comovement are connected together and 
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discussed in relation to the neoclassical paradigm. Finally, a discussion in section 9 and the conclusion 

in section 10 complete the thesis. 

2 SCIENTIFIC METHOD 

The scientific method in this paper is deductive in nature (Holm, 2018). The hypotheses are deduced 

and based on previous research. These hypotheses and assumptions are tested on the Norwegian 

market, so that the presented hypotheses can either be rejected or accepted. As a result, critical 

rationalism and a falsification method are used in the testing process (Holm, 2018). To lay the 

foundation for the deduced hypotheses and data collection, a systematic literature review was 

conducted first. Secondly, the data was collected, and the findings were analysed based on the 

hypotheses. Finally, the hypotheses were either confirmed or rejected through empirical findings and 

studies (Figure 1).  

 

Bryman & Bell (2011) explain three important criteria for the evaluation of research: reliability, 

replicability, and validity. Reliability concerns the accuracy of the data collection and analytical 

method. Is the data representative, or is there any biases or outliers impacting the data? All data 

applied in the event studies is quantitative and therefore inherently vulnerable to biases. However, a 

thorough data selection process and studies of data diagnostics should increase the reliability of the 

conclusions. This is also why several of the applied event studies are replicated on different 

frequencies, with different model specifications, as well as with different samples (i.e., 

winsorization). Special consideration has also been dedicated to the problem of survivorship bias and 

selection bias. These reliability issues are discussed further in section 5. Replicability relates to 

whether it is possible for other researchers to replicate the findings of the paper. The analytical method 

must be explained thoroughly so that it can be replicated by others and for other researchers to assess 

the reliability of the findings. The methods applied in this thesis are well-known and well documented 

Figure 1 - Illustration of scientific approach. Source: Own creation inspired by Bryman & Bell (2011) 
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and should therefore be easily replicable. Finally, the validity refers to the relation between the data 

and the hypotheses; does the methodology measure what it intends to. Internal validity describes the 

credibility and the causal issue, i.e.., whether the relation between two or more variables is stable. 

External validity concerns the transferability and determines whether the results can be generalized 

beyond the specific research context, e.g., beyond the Norwegian Financial markets. In some ways, 

the paper tests the external validity of previous work, as similar tests are used, but on other geographic 

markets (Norway). The validity, reliability, and replicability are essential to a master thesis, which is 

why much time has been spent describing the event-study methodology and testing process. For 

conveniency, some additional results and illustrations have also been attached in the appendix, to 

provide a more thorough explanation to some of the findings.  

3 BACKGROUND  

This paper centralizes around the index effect at Oslo Stock Exchange. However, in order to 

understand the index effect, it is necessary to provide some background information on market 

indices, index funds, and the OSEBX index. The first part of this section will emphasize general 

background information of market indices, investment funds, index strategies, and the index effect, 

while the second part concerns Oslo Stock Exchange and the OSEBX more specifically.  

3.1 MARKET INDICES AND THE INDEX EFFECT 

3.1.1 Different Types of Indices 

A market index is a hypothetical portfolio of a group of assets and summarize the performance of 

these assets into a single number. The index value is calculated based on the prices of the underlying 

securities (Wurgler, 2010). The first index was introduced by Charles Dow in 1886 as the Dow Jones 

Industrial Average (DJIA), which represents 30 large “blue-chip” corporations in the U.S. Another 

prominent American market index is the Standard & Poor’s Composite 500 (S&P500). The index is 

comprised of 500 firms in the US, that are chosen by a committee based on criteria such as market 

capitalization, liquidity, domicile, public float, representation of the industries in the US, and so on. 

There are numerous market indices in the world representing specific industry segments, countries, 

regions, companies within regions, etc. (Bodie et. al., 2018). This paper focus on stock markets and 

stock indices, however it should be noted that there are also associated investment products based on 

debt markets, commodities, currencies, and other asset classes. 
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3.1.2 Investment Funds 

Investment funds are financial intermediaries. They collect funds from individual investors and 

reinvest those funds potentially in a wide range of securities or other assets. The most common and 

traditional investment fund is the open-ended mutual fund. They are often called active funds because 

the managers perform “active” portfolio allocation based on the fund’s mandate and investment 

policy. These funds do not have a limit on offered shares of the fund and investors can at any time 

redeem their shares at their net asset value. These funds make it easy for individual investors to 

diversify and allocate assets across industries based on professional management without having 

themselves to engage in security analysis (Bodie et. al., 2018).   

A popular alternative to mutual funds is index funds. Index funds are passive funds that are asked to 

match the index return by replicating the index composition, rather than beating the index. For 

example, the Vanguard 500 Index Fund is a mutual fund that replicates the S&P500 index. The goal 

is often to use economies of scale to buy large amounts of securities at a low cost and provide 

investors with a cheap way to own a well-diversified portfolio. The funds can charge lower fees, 

compared to active funds, because there is no active portfolio selection. Exchange-traded funds 

(ETFs) is a popular alternative to index funds, which also provide index-based products. However, 

they are different than index funds, because they can be bought and sold as one unit. Such index-

based strategies have become widely popular among hedgers, speculators, and fund managers, 

because they make it easier to manage the exposure to index members (Wurgler, 2010). 

Passive funds accounted for 42% of the combined American Mutual Fund and ETF assets under 

management in December 2020. In comparison, this market share was 37% in 2018, 14% in 2005 

and 3% in 1995 (Anadu et al., 2020). In Europe, on the other hand, the market share of passive funds 

was 19,7% in 2020, reflecting a 6,3% increase since 2018. Europe is lagging a bit behind, but the 

passive fund market share has grown significant recently (Hansen, 2020). In Norway, there are mainly 

five large index funds: KLP AksjeNorge Indeks II, Storebrand Indeks, Handelsbanken Norge Index, 

DNB Norge Indeks, and Alfred Berg Indeks, and they account for approximately 24% of the net asset 

value of Norwegian Funds (Figure 2). 
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3.1.3 Index Fund Strategies 

There are three strategies to replicate an index: Full Replication, Optimized Sampling, and Synthetical 

Replication. When a fund copies all the index changes, i.e., the fund buys the same index-weighted 

securities, it is known a full replication. This is especially applicable for funds that cover indices with 

a small number of highly liquid securities. When an index is highly concentrated, and some securities 

are illiquid, optimized sampling is the “cheaper route”. In this case, the managers try to track the 

index as closely as possible by purchasing only a portion of the index to reduce trading costs. Finally, 

synthetical replication occurs when a manager replicates an index using swaps and financial 

derivatives to reduce trading costs and avoid corporate actions (Hansen, 2020). 

Since most index funds marginally underperform their benchmark index due to fund expenses, trading 

costs, and hidden fund fees, most index funds experience a tracking error throughout the year. The 

tracking error expresses the failure to track the benchmark and is defined as the difference between 

the portfolio return and the benchmark index return (Dunham & Simpson, 2011). The most common 

causes of tracking errors, according to Kostovetsky (2003), are liquidity costs (ex. bid-ask spreads), 

customer cash drag, dividend policies, arbitrageur traders, and rebalancing costs. Investors typically 

leave index funds with large tracking errors in favour of other funds that are better to track their index. 

As a consequence, there is an incentive for the funds to track the benchmark as close as possibly or 

risk losing customers. 

Figure 2 - Market share of passive funds on OSE. Source: Morningstar Direct 
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Hence, the issue of tracking error represents a trade-off for the managers during the window between 

the announcement date (AD) and effective date (ED) of index revisions. Arbitrageur1 traders typically 

profit by trading on the AD and holding until ED2, at which the index funds enter the market and 

influence the price significantly (Figure 3). For the S&P500 and Russell 2000 indices combined, 

Chen et. al. (2006) estimates a wealth transfer of between $1 and $2 billion from index fund investors 

to arbitrageurs, assuming fund rebalancing at ED.  

Some studies claim that index funds can enhance returns by trading closer to the AD because this 

strategy minimizes the impact of demand shocks and arbitrageur traders. Such strategy may be 

profitable if the fund manager cares more about the stock price moving against the fund, rather than 

mimicking the portfolio weights. Another strategy is to spread the trading over the event period, as 

Brooks et. Al. (2008) argues for an “interval effect” between AD and ED. A larger interval limits the 

demand impact and reduces the price momentum, allowing index funds to exhaust excess demand 

after ED by spreading the trading over the event period. However, since the index composition may 

change during the window, trading before ED increases the risk of tracking error in the portfolio 

 
1 Technically, the index effect does not represent a true arbitrage opportunity, because arbitrage would require the 

simultaneous purchase and sale of two assets that are prefect substitutes, including a risk-free profit. However, the 

literature often refers to this as “arbitrage”. A more appropriate name would be “risk arbitrage” referring to speculation 

that prices will increase due to the index effect (Beneish & Whaley, 1996). Throughout this thesis, both words will be 

used as an expression of this kind of front-running.   
2 Note that this would be ED-1 in Norway since the index revisions are based on closing prices at ED-1. 

Figure 3 - Timeline of the "index revision event window": index changes, calculation date, arbitrageur window and index 

fund rebalancing. 

Note that CD refers to Calculation Date, AD refers to Announcement Date, and ED refers to Effective Date. AD-2 is equal to 

2 days prior to Announcement Date, and so on. These abbreviations will be further described in section 5.2.1. 
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composition. The third strategy is to replicate by trading at ED’s closing prices, which are used to 

recalculate the index weights (Dunham & Simpson, 2011). According to Blume and Edelen (2003), 

index funds can earn an additional annual return of 0,192% by trading on the morning of the AD 

rather than at the close of ED. Although, such an early trading strategy runs the risk of making far 

higher tracking errors.  

Much of the index-strategies literature corresponds with the interpretation after communicating with 

a few industry participants. To reduce tracking error, index fund portfolio managers will try to 

implement portfolio adjustments on the day prior to effective date, but in cases of low liquidity, they 

can spread the trades from a few days before to a few days after the effective date. The former is 

typical for removed stocks. There have also been cases of managers even making trades before AD 

based on pure calculations from external sources. Furthermore, in some cases, the index trades are 

coordinated with the trades of the “active portfolios”. If the index inclusion effect is large enough, 

some active portfolios within the same investment company may choose to sell the stocks on the ED. 

Another strategy is to coordinate index changes with “active portfolio changes” to generate liquidity 

in the “soon to be” added or removed stocks. In other words, active portfolio managers also tend to 

trade on the effect of index changes (P. Tusvik, personal communication, 8. April 2021). 

3.1.4 The Index Effect 

As previously mentioned, Wurgler (2010) argues that the increasing popularity of index funds have 

caused them to create new stock market phenomena in their own right, often referred to as the index 

effect. When indices such as the OSEBX or S&P500 announces changes to their indices, it forces 

passive portfolio managers mirroring the relevant indices to buy (sell) the included (removed) stocks, 

triggering a demand and liquidity shock for the stocks. Such liquidity shocks cause stock price 

fluctuations which contradict the neoclassical paradigm. This will be discussed more thoroughly in 

the literature review, section 4. 

Because of the mentioned index fund pressure, most stocks experience an abnormal return at the time 

they are added to a popular market index or deleted from an index. This phenomenon was first 

investigated by Shleifer (1986), who discovered, in his research, immediate abnormal returns of 2%-

4%, as well as permanent stock price increases, for the added stocks. Many recent studies have 

replicated Shleifer’s work and found similar results, in particular concerning abnormal returns around 

announcement dates and effective dates. The effect can also be seen for the deleted stocks, with 

removed stocks experiencing a short-term negative abnormal return of -5% after index removals 
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(Patel & Welch, 2017). The apparent event-induced effect is not limited to abnormal returns. Belasco 

et. al. (2012) discovered that as a result of index fund money flow, valuations of S&P500 constituents 

increase between 139 and 169 bps relative to non-constituents. The index effect also has an influence 

on return comovement with the market. Vijh (1994) found that betas of stocks added to the S&P500 

index between 1985 and 1989 increased significantly. Similarly, Barberis et. al. (2005) found an 

average beta increase of 0,214 for the stocks added to the S&P500 between 1988 and 2000. The 

above-described effect on index-constituents upon index inclusion (removal) is the “index effect”. 

3.2 OSE AND OSEBX 

3.2.1 About Oslo Stock Exchange and OSEBX 

The Oslo Stock Exchange (OSE) first opened in Christiania (now Oslo) April 15, 1819. At this time, 

the focus of the exchange was currency trade and the exchange consisted only of three brokers and 

234 buyers. Securities such bonds and stocks were not added until 1881. Today, the stock exchange 

trading is in equities, indices, bonds, ETFs, derivatives, warrants, and funds. The stock exchange was 

purchased by Euronext in 2019 and incorporated into the Euronext’s large European network (SN 

2020). It is heavily impacted by the energy industry, shipping, and seafood, and has historically been 

dominated by a few large companies (Figure 4). In 1980, Norsk Hydro represented 50% of the 

Norwegian stock market. Today, Equinor, DNB, Telenor, and Mowi accounts for around 37% of the 

OSEBX index. 

The OSEBX index was introduced in 2001 as the new OSE benchmark index, replacing the Total 

Return Index. The index includes the most traded and largest shares at OSE. The number of OSEBX 

members has been on average 62 companies between 2000 and 2021 (Oslo Børs, 2021). The sector 

allocation has traditionally been dominated by oil and gas (Equinor), banks (DNB), fishing (Mowi), 

and Telecommunication services (Telenor). Since the base in 1995, annualized returns have been 

9,53%. 
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The index is semi-annually revised, with changes taking place before market opening on the first 

trading day of December 3  (January until 2009) and June (July until 2009) respectively. The 

adjustments are based on a 12-month calculation period concluded in April and October, while the 

index weights are calculated using closing prices for the day prior to ED. Central to the event studies 

and potential sources of selection bias, as mentioned in section 1.1, will be how the OSE selects the 

constituents for the OSEBX index. The OSEBX selection is based on four steps: 

i) All eligible stocks listed on the OSE are ranked according to 12 months turnover, with the 

12 most extreme days excluded from the calculation. 

ii) The stocks with the lowest turnover (bottom 40%) are ineligible. Existing index members 

are excluded when ranked at 35% or below. 

iii) The 30 highest ranked stocks from (i) can qualify for the index, while existing members 

can qualify if ranked at 35 or above. 

iv) Within each industry category4, stocks are listed from large to small by free float-adjusted 

market cap, and then selected from the top down until 80%% of the free float-adjusted 

 
3 These effective dates have changed to after market close of the third Friday of March and September respectively, 

after the recent Euronext acquisition of Oslo Stock Exchange.  
4 The OSEBX classifies all stocks within the Global Industry Classification Standard (GICS) level 2 (10 categories). 

The goal is that 80% of each industry group’s free float-adjusted market cap is represented. 

Figure 4 - Overview of sector allocation in the OSEBX index as of March 2021. Source: Oslo Stock 

Exchange (2021) 
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market cap is reached. Existing constituents are chosen unless their free float-adjusted 

market cap is ranked below 90% of the industry groups. 

The securities deemed ineligible from (ii) are removed from the index, while the securities eligible 

from (iii) are added. The four steps are also depicted in Figure 5.  

  

3.2.2 Difference From S&P500 

Much of the previous research that has inspired this thesis has been done on the S&P500 index. The 

S&P500 index is designed to reflect the American equity markets and capture around 80% of the 

market (Bodie et. al., 2018). However, the index has some important fundamental differences from 

the OSEBX.  

The S&P500 has a shorter period between AD and ED. The S&P constituents are rebalanced on a 

quarterly basis in general, but the committee has the authority to make intra-quarter adjustments if 

companies become ineligible to stay in the index. These unscheduled adjustments reduce the time 

between AD and ED (between one and five days) and may affect investors’ ability to shape 

expectations, which in turn may have an effect on the magnitude of the index inclusion effect (S&P 

Dow Jones Indices, 2021). Furthermore, a longer period for the OSEBX makes it possible to consider 

the impact on stock prices and volume around the two dates separately. The index revisions are also 

announced after market close at AD for the S&P500, while this happens in the morning at AD for the 

OSEBX. The implication is that any index inclusion impact at AD, will happen at AD+1 for the 

S&P500, instead of AD. 

As described earlier, the selection process of the OSEBX members is completely transparent and 

public, whereas the S&P500 selection process is based on more “loose” parameters. For example, the 

companies that are eligible for the S&P500 must represent important industry segments. In 2014, 

Figure 5 - OSE's selection of new OSEBX index constituents 
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David Blitzer, the former chairman of the S&P Dow Indices, said in regard to the subjective aspects 

of the selection process: “(..) there are no rigid or absolute rules for the S&P500; the index Committee 

have some discretion in selecting stocks or responding to market events” (Blitzer, 2014, 1st 

paragraph). In other words, the S&P500 revisions are based on a combination of technical and 

subjective parameters, while the OSEBEX is entirely mathematical. The implication is significant in 

relation to the “information-content hypothesis”, which considers the S&P500 additions as new 

information. This is because the selection committee uses non-publicly available information, which 

suggests signals of what the Index Committee thinks of the index additions’ future prospects (Afego, 

2017). In the OSEBX index, on the other hand, all revisions are based on publicly available 

information. It implies that the index changes do not contain any new information about a stock’s 

fundamental value since all calculations are publicly available (Bechmann, 2002). As a result, unlike 

S&P500 index updates, investors should be able to anticipate OSEBX changes ahead of time and 

spread trades out over a longer period. A more transparent selection process makes it easier to predict 

index changes, which in turn should decrease the index inclusion effect (Petajisto, 2008). 

Since the selections in the OSEBX is purely based on public information, some investment funds 

attempt to forecast the changes based on data from external sources. For the recent index revision in 

March 2021, DNB predicted that seven companies would be added to the index and seven would be 

removed (Bjergaard, 2021). The Olav Thon Eiendomsselskap deletion was the only one they missed. 

The accuracy of these public predictions demonstrates how straightforward the index changes are in 

Norway and also why the information content in the revisions differ from that of the S&P500 

revisions.  

It is also worth mentioning that the “S&P500 deleted stocks” are primarily a result of corporate events 

such as mergers, acquisitions, and spin-offs, which leaves few pure deletions. In other words, many 

studies on the S&P500 cannot consider deletions due to a lack of deleted observations. In contrast, 

this thesis will be able to collect an approximately equal amount of additions and deletions.  

4 THEORY AND LITERATURE REVIEW 

The modern paradigm within finance is the neoclassical theory. Its importance and, to some extent, 

strict assumptions has made it to a proposition of extensive scrutiny. The literature on the index effect 

represents an important perspective in this discussion. However, there is considerable debate to what 

causes the index effect and whether it actually is evidence of a violation of the neoclassical theory. 
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In the following, a brief introduction to three important theories in the neoclassical theory are 

presented, followed by an introduction of the literature on index effects. 

4.1 NEOCLASSICAL THEORY 

4.1.1 The Capital Asset Pricing Model (CAPM)  

The CAPM, developed by Sharpe (1964), Litner (1965), and Mossin (1966) is an equilibrium model 

concerning the expected return of assets. The equilibrium is made possible by a set of assumptions, 

which, in essence, ensure that individuals are identical, except in their risk aversion and initial wealth, 

and that they are mean-variance rational. From these assumptions the equilibrium is established 

because all investors will choose to hold a portfolio combining the risk-free asset and the market 

portfolio, as this is the only efficient portfolio5. For the sake of this thesis, the most important 

implication of the CAPM is that investors only care about two things when it comes to individual 

assets: the expected return and the contribution to systematic risk (Bodie, et. al., 2018). This is what 

is depicted in the Security Market Line (SML): 

𝐸(𝑟𝑖) = 𝑟𝑓 + 𝛽𝑖(𝐸(𝑟𝑚) − 𝑟𝑓)       (eq. 4.1.1.1) 

Where 𝑟𝑓 is the risk-free rate and 𝐸(𝑟𝑚) is the expected return of the market portfolio.  

 
5 In the CAPM, because investors are mean-variance rational, an efficient portfolio is the portfolio which maximizes the 

expected return relative to the variance of the portfolio. Because investors can diversify their portfolios all idiosyncratic 

risk is removed from the portfolio they hold. In effect, a mean-variance optimal portfolio is the portfolio that maximizes 

expected return relative to systematic risk (beta) as seen in the SML.  

Figure 6 - Theoretical depiction of CAPM for individual securities (SML) 
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From the SML, it can be deduced that all stocks, in equilibrium, will have an expected return solely 

determined by the beta (systematic risk) of the stock. The equilibrium is maintained by the following 

dynamics: say that a stock experience a sudden decline in price. This will lead to an increase in the 

expected return of the stock because the price of the stock equals the expected future cash flows 

discounted by the systematic risk (i.e., its fundamental value). A lower price, without a change in the 

fundamental value therefore implies an increase in expected returns. Therefore, the stock is now 

above the SML (𝑈1 → 𝑈2, Figure 6). This also implies that the stock is inefficiently priced because it 

yields a higher expected return, than the SML, for the same beta. The mean-variance-optimizing 

investors will find this stock attractive and therefore tilt their portfolios towards the under-priced 

stock. This makes the stock increases in price (𝑃1 → 𝑃2) until the risk-return relationship is restored 

to the SML (𝑈2 → 𝑈3). Therefore, in equilibrium, all stocks will be at the SML (Bodie, et. al., 2018). 

An important implication of this, is that all stocks will have horizontal (perfectly elastic) demand 

curves. In other words, any uninformed supply shocks should have no impact on the price of the stock 

(Petajisto, 2009). 

4.1.2 Efficient Market Hypothesis (EMH) 

The Efficient Market Hypothesis (EMH) is defined as a market in which all stock prices reflect all 

available information. The basic premise is that if it is possible to predict a future price increase, it 

would result in an immediate price increase, since market investors would try to enter the stock before 

the price jump. As a result, the current stock price will instantly represent the forecast’s “good news”. 

An important implication from this is that if all available information is represented in prices, then 

stock prices can only move in response to new information. Otherwise, the latest information would 

become part of today’s information. As a result, stock prices are assumed to follow a random walk, 

meaning that price fluctuations are unpredictable and random because new information is 

unpredictable and random. Consequently, stock returns must be independent and identically 

distributed, according to the random walk assumption (Bodie et. al., 2018).  

The EMH distinguishes between three types of forms for market efficiency: weak, semi-strong, and 

strong forms for efficiency. In the weak form, it is assumed that investors know how to take advantage 

of historical prices in order to generate abnormal returns. This implies that trend analyses are useless, 

since stock prices reflect all information that can be obtained from historical prices. On the other 

hand, the semi-strong type of efficiency implies that all stock prices represent all publicly available 

information. This includes for instance a company’s prospectus (e.g., fundamental data, earnings 
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forecasts, dividends announcements, etc.). Lastly, in 

the strong form for efficiency, all stock prices will have 

incorporated all information relevant to the firm, 

including both publicly and privately accessible 

information (inside information). The versions of 

market efficiency have different assumptions, but the 

common denominator is that prices reflect available 

information (Figure 7). It means that market 

participants cannot be sure whether today’s prices are 

too high or too low based on current information, but 

if the market is efficient, they can expect the prices on 

average to be correct (Bodie et. al., 2018).  

EMH’s fundamental principle is that new information should be reflected in stock prices right away, 

so that no profitable trading patterns exist for investors. However, there are several studies of market 

anomalies 6  in the market, such as the index effect and the post-earning announcement effect 

(Rendleman et. al., 1982; Battalio & Mendenhall, 2005, Bernard & Thomas, 1990). It appears that in 

some cases the market only adjusts to information gradually, which means that market participants 

can make abnormal returns simply by waiting for information. These types of predictable continuing 

trends (i.e., momentum) resulting in sustained period of abnormal returns should be impossible in an 

efficient market and can be described as anomalies (Bodie et. al., 2018)  

EMH in any form implies that there is no way to make excessive returns through technical analysis. 

Any potential profitable trading patterns can be described as self-destructing. When investors 

compete to exploit any knowledge obtained from historical prices, the prices will rise to the expected 

levels, thus destroying any profitability. Furthermore, using fundamental analysis to generate long-

term abnormal returns is impossible if the prices reflect all public information, such as the semi-strong 

efficiency form describes. This assertion suggests that active portfolio management is worthless, 

leading many investors to shift to passive investment strategies (Bodie et. al., 2018). Research on the 

index effect, on the other hand, suggest that prices drift away from their fundamental equilibrium 

value as a result of index funds’ enormous buying or selling pressure. In this case, the EMH is 

 
6 Can be described as distortions in returns, which contradict the EMH (Bodie et. Al., 2018) 

Figure 7 - Summary of the three forms of market 

efficiency and available information. 
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inconsistent with any systematic deviations from equilibrium values induced by the index effect 

(Afego, 2017). In other words, it implies that active management is not necessarily pointless. 

4.2 INDEX EFFECT ON THE RETURNS OF STOCKS 

Schleifer (1986) challenged the neoclassical theory, arguing that index revisions are empirical proof 

that stocks’ demand curves slope down. In response, several papers have been published revisiting 

the evidence of Schleifer creating several alternative hypotheses. In the following, the different 

hypotheses are presented as an overview of the discussion on index effect of returns. 

4.2.1 The Price Pressure Hypothesis (PPH) 

The Price Pressure Hypothesis was pioneered by Scholes (1972) and Mikkelson & Partch (1985). 

The objective of the hypothesis was to explain the anomaly that block trades leads to a change in 

price. The theory argues that the investors that accommodate the demand shift must be compensated 

for the transaction costs and portfolio risks that they bear when they agree to immediately buy/sell 

stocks that they otherwise would not trade. These suppliers of liquidity are attracted and compensated 

for their liquidity provision by the price increase (decline) back to their long-run, full-information 

levels (Brooks et. al., 2008). Harris & Gurel (1986) was to first to use the index effect as evidence of 

the PPH. They argued that when S&P determines whether a stock should be included or excluded in 

the index, it is a true information-less event and no price impact should be expected within the 

neoclassical dogma (Harris & Gurel, 1986).  

The PPH can be explained by the following example. Say that a stock, 𝑖, is included in the OSEBX 

index at some event day, 𝑡 = 0 (Figure 8) At the event day, index funds will buy the stock from some 

current stockholders and the sellers will require compensation for selling their stocks that they 

Figure 8 - Theoretical depiction of PPH around the inclusion of a stock to an index. AR is the 

abnormal return of the stock while CAR is the cumulative abnormal return of the stock. 
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otherwise did not plan on selling. This abnormal volume requirement creates an increase in price and 

therefore abnormal returns (Textbox 1). However, once the index funds have entered the stock, the 

price pressure is removed. Current stockholders that are not indexers, recognize that there has been a 

temporary increase in price that is not created by an increase in fundamental value. Therefore, they 

will find it beneficial to sell the stock, creating negative abnormal returns (Textbox 2). This will 

continue until the stock price has fully reversed back at its fair value in the long run creating a 

Cumulative Abnormal Return (CAR) of 0 (Textbox 3). Importantly, note that the PPH therefore 

argues that the demand curves of stocks slope down in the short term, but they are horizontal in the 

long term. 

In line with their arguments, Harris & Gurel finds a statistically significant increase in returns after 

inclusion of 1,52% followed by a complete reversal after about 3 weeks post the event. In comparison, 

Dhillon & Johnson (1991) and Patel & Walch (2017) also finds full reversal. However, as described 

in more detail later, most studies only find a partial reversal, therefore recognizing that PPH is likely 

to be only a part of the full picture to explain the anomaly (Beneish & Whaley, 1996). 

4.2.2 Imperfect Substitutes Hypothesis (ISH) 

In contrast to Harris & Gurel (1986), Schleifer (1986) 

found that the index effect on returns was permanent, rather 

than temporary. This led to the ISH, arguing that the index 

effect is created by the absence of perfect substitutes. 

Specifically, because there are no close substitutes to the 

stocks included/deleted from the S&P500, investors cannot 

exploit the mispriced stocks by replicating it as a 

combination of other stocks (Brooks et. al., 2008). Hence, 

the demand curves for stocks are downward sloping 

(Figure 9). Index inclusion of a stock will introduce more 

excess demand and shift the demand curve (𝐷1 → 𝐷2). A new equilibrium is formed (𝐸1 → 𝐸2) to 

eliminate the excess demand and therefore, as opposed to the PPH, no price reversal is expected in 

the long term. 

Figure 9 - Downward-Sloping Demand Curves 
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Notice therefore, that the ISH, similar to the PPH, argues that there is an immediate price response 

from downward-sloping demand curves at the event day (Textbox 1, Figure 10). However, in contrast 

to the PPH, the ISH argues that the increase in demand caused by the index funds is permanent. 

Therefore, there is no reversal of the price increase seen at the event day (Textbox 2). Ultimately, the 

ISH hypothesis therefore argues that the cumulative abnormal return, in the long run, is positive 

(Textbox 3).  This is also why some researchers refer to this hypothesis as the downward-sloping 

demand curves hypothesis (i.e, Schleifer, 1986) 

Schleifer finds that on average, a stock that is included in the S&P500 between 1966-1983 will have 

a 3-4% stock price increase at the day of the announcement. Moreover, he found no reversal of the 

stock price, indicating a permanent effect and the ISH hypothesis. Some subsequent studies fully 

support the ISH hypothesis (i.e., Morck & Yang, 2001; Belasco, et. al., 2012; Kaul, et. al., 2000). 

However, as mentioned previously, most studies find a partial reversal of the stock price, attributing 

a share of the effect to PPH, in addition to the ISH. In other words, that the PPH and the ISH coexist. 

For instance, Beneish & Whaley (1996) finds 3,7% abnormal return on the event day and a partial 

reversal. In fact, they ascribe 220 bps to price pressures, and the remaining to the ISH hypothesis. 

Wurgler & Zhuravskaya (2002) finds that the existence of imperfect substitutes introduces arbitrage 

risk and therefore deters the risk-averse arbitrageurs to completely flatten the demand curve. Other 

notable examples are Petajisto (2011) and Bechmann (2002). 

Figure 10 - Comparison of theoretical depiction of stock-price response between ISH and PPH of a 

stock being added to an index. AR is the abnormal return of stock i at time t, while CAR is its 

cumulative abnormal return. 
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4.2.3 Information-Content Hypothesis (ICH) 

Yet, Jain (1987) argues that index changes are not information-free events. Rather, he argues that the 

index revisions of the S&P500 could be perceived as revealing non-public information. This is 

because, as described in section 3.2.2, the S&P determines their index constituents based on several 

‘loose’ criteria. Therefore, if the S&P announces that a stock will be included in the index, it can be 

considered as positive information, for instance indicating that the firm is a leading company, or a 

signal of the quality of its management. Moreover, the return impact could also be attributed to the 

value of belonging to the “top tier” list of stocks and the increased attention caused by this. Similarly, 

the general perception that such indices provide a list of potential targets for takeovers by foreign 

firms also increases the likelihood of receiving a take-over premium (Bechmann, 2002). This also 

works in reverse, so that being excluded from the “top tier” list is revealing negative information of 

the stock. 

As a result, the ICH challenges the findings made by Schleifer (1986) and Harris & Gurel (1986), 

claiming that their assumption of no-information events is false. Importantly, this also implies that 

the index effect is not an anomaly and can be explained within the neoclassical theory; the change in 

stock price reflects new information available to the market and therefore also justifies a return 

impact. Importantly, this also implies that, as in the ISH, there should be no reversal of the initial 

stock price shift (Jain, 1987). 

Several subsequent studies find similar proof (Brooks, et. al., 2008; Woolridge & Ghosh, 1986; 

Dhillon & Johnson, 1991). However, as discussed in section 3.2.2, studying the OSEBX is very 

different than studying the S&P500 in terms of the ICH. In contrast to the S&P500, being added, or 

deleted, to the OSEBX does not reveal any new information of the stock. Hence, if there is an index 

effect on the OSEBX index, it cannot be explained by the information content hypothesis. 

4.2.4 The Liquidity Cost Hypothesis (LCH) 

Mikkelson & Partch (1985) and Amihud & Mendelson (1986) developed a model stating that the 

market-observed stock returns are an increasing function of a stock’s liquidity. More precisely, as 

liquidity increases, the bid-ask spread to facilitate these trades decreases and ultimately increases the 

value of the firm. Moreover, the increased trading volume makes it easier for traders to sell or buy 

when convenient, thus implying a lower liquidity risk premium and reduces the cost of acquiring 

additional information as there is more attention given to the stock (Bechmann, 2002; Brooks, et. al., 

2008).  
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This argument set the foundation of the LCH, claiming that that index inclusion will increase the 

liquidity of a stock because of the increase in interest from index funds. Therefore, once the stock is 

added to the index one would expect an immediate increase in its volume (or volume ratio, VR) 

(Figure 11, Textbox 1). This is also in parallel with the PPH (and ISH) who argues for a liquidity 

increase at inclusion from the index funds. However, the LCH argues that the increase in liquidity is 

permanent (Textbox 2). This permanent increase in liquidity also increases the value of the firm, 

leading to a positive cumulative abnormal return in the long run (Textbox 3). Note, that LCH therefore 

is not in conflict with the neoclassical theory but suggests that the price response is related to the 

value of the firm. 

These arguments have been supported by several subsequent studies. Edmister et. al. (1996) and 

Erwin and Miller (1998) both found permanent improved liquidity and decreased bid-ask spreads 

after stocks were added to the S&P500. Importantly, as opposed to the Investor Recognition 

Hypothesis explained later, they found that deletions had a symmetrical, negative impact on the stock 

price because the removal makes the stock unavailable for some investors (Brooks et. al., 2008; Harris 

and Gurel, 1986). Additionally, Chung & Kryzanovski (1998), Bechmann (2002) and Lynch & 

Mendenhall (1997) partially attributes their observed effects to LCH. 

Figure 11 - Comparison of theoretical depiction of PPH and LCH. The top graph depicts Volume Ratio 

(as defined in section 5.2.3) and shows an increase in volume at the event. The bottom graph is the 

cumulative abnormal return. 
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4.2.5 Investor Recognition Hypothesis (IRH) 

Also motivated by explaining anomalies of the neoclassical financial theory, Merton (1987) 

developed the investor recognition hypothesis (IRH). IRH claims that investors hold only stocks that 

they are aware of and demand a premium for the non-systematic risk that they bear (Brooks et. al., 

2008). In the context of index effects, it can therefore be argued that index inclusion results in the 

stocks becoming part of investors’ portfolios because the inclusion makes them aware of the stocks’ 

existence and increase analyst coverage. The required rate of return for the firm that is included should 

therefore fall due to a reduction in non-systematic risk of its stockholders and vice versa for deleted 

stocks (Chen et. Al., 2002). However, the impact on the deleted stocks should be smaller because 

investors will not contemporaneously become unaware of deleted stocks once they are deleted (Figure 

12). 

There is much uncertainty concerning the validity of the hypothesis. Brooks et. al. (2008) initially 

rejects it, however, Chen et. al. (2002, 2005) found permanent abnormal returns after index changes 

and an asymmetrical relationship between the behaviour of additions and deletions. 

4.2.6 Selection Bias in Returns 

A somewhat different explanation of the index effect is presented by Bechmann (2002). He argues 

that a possible explanation to the findings of former studies is that they are affected by selection bias. 

This would occur, because stocks that are selected to be added (deleted) from an index are selected 

because they have had a positive (negative) abnormal return in the period running up to the index 

revision (see section 3.2.2). Therefore, stocks do not exhibit abnormal returns because they are 

included in the index. Rather, they are included in the index because they exhibited abnormal returns. 

Specifically, for the OSEBX, this selection bias is a result of the methodology that OSE uses to select 

its index constituents. As previously mentioned, the OSEBX exclusively use public information 

Figure 12 - Theoretical depiction of the IRH hypothesis 
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criteria related to turnover and free-float adjusted market capitalization for the past 12 months to 

make this selection. More specifically, the past 12 months ending at the final close in April and 

October for the index revision in the spring and fall, respectively. The selection bias argument can be 

outlines as follows; if a stock (“X”) is not included in the index in the spring revision of 2019 but is 

added to the index in the fall revision of 2019, two likely scenarios are:  

(i) In the period May to October, Stock X has experienced a higher turnover than other stocks, 

resulting in it passing the criteria of being top 60% or among the top 30 with highest 

turnover. Therefore, the stock is included in the index. 

(ii) In the period May to October, Stock X has experienced a return which is higher than at 

least one industry peer. The stock has therefore surpassed its peer in the free-float adjusted 

ranking. Therefore, the stock is included in the index. 

More simply, for a stock to be not included in an index in one period, and then included in an index 

in the next, it must have experienced a higher change in turnover or higher returns than some other 

stock. In other words, it is likely that the stock must have experienced either abnormal returns or 

abnormal volume in the pre-period to be included in the index. Therefore, the causality is reversed: 

stocks do not experience abnormal returns or abnormal liquidity because they are included in the 

index, they are included in the index because they experience abnormal returns or abnormal liquidity. 

Selection bias will have a central role in the event studies applied in this thesis. Therefore, it is worth 

keeping in mind a few insights that can be revealed when studying the selection criteria of OSEBX. 

Firstly, the selection bias is likely to be a bit more severe for additions than deletions. This is because 

there are more stocks outside of the index, than stocks inside the index. Moreover, the selection 

criteria for incumbent stocks are easier to pass than for potential entrants. For instance, a constituent 

must only be within the top 90% of its industry group’s fee-float adjusted market capitalization 

(instead of 80% for non-constituents) etc.  In sum, these two effects should make the “competition” 

of stocks to be added somewhat more difficult than for deletions. 

Secondly, selection bias will most likely be about equally severe for the event studies on abnormal 

returns as the event studies on abnormal volume. The severity of the bias depends on which one of 

the scenarios, (i) or (ii), that are more likely. Considering the fact that the OSEBX index in the sample 

period on average consists of about 62 companies, the fact that 30 stocks are selected because of 
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having high volume, while the remaining stocks are selected because of high market-cap ranking, 

suggests that they are about equally likely. 

Finally, the selection bias should have a diminishing relevance after the selection has been made. In 

other words, because the OSE selects the stocks for the OSEBX at the final trading day in 

April/October, the selection bias should have decreasing relevance after this day7. Therefore, it is 

likely that selection bias should not have too much of an impact after the selection has been made.  

In the end, Bechmann (2002) argued that his findings were partially affected by selection bias. 

Moreover, as the event-study methodology has become increasingly sophisticated, it has also allowed 

for increasing event periods and more detection of selection bias problems. In general, it is found that 

event studies in shorter event periods in general are well-specified and therefore will selection bias 

not invalidate the existence of an index effect overall. However, caution must be used when 

implementing very long pre-period event windows (Kasch & Sarkar, 2012; Patel & Welch, 2017). 

4.2.7 Studies on the Norwegian Stock Market 

Although, the index effect on returns has been extensively scrutinized on the S&P500, the research 

in other markets have been much more limited. On the Oslo Stock Exchange, there are three notable 

exceptions. Firstly, Myhre & Nybakk (2012) examined additions on the Norwegian OBX index, 

finding evidence for a positive and temporary impact from 2008-2012, suggesting PPH. Similarly, 

Knutsen (2014) examined additions to the OSEFX, also arguing for the PPH in the period 2008-2014. 

Lastly, Mæhle & Sandberg (2015) studied both additions and deletions in the OSEBX. They reject 

both improved liquidity and information leakage and argued for a combination of PPH and ISH as 

the forces behind the index effect on returns. 

4.3 INDEX EFFECT ON THE RETURN COMOVEMENT OF STOCKS 

Barberis et. al. (2002) defines return comovement as positive correlation patterns among returns from 

different traded securities. In the index effect literature, this comovement can mainly be explained by 

three different views: The traditional “fundamental” view, the “category-based” view, and the 

“habitat-based view”. The latter two are demand-driven perspectives based on trading patterns and 

investor behaviour (Barberis et. al., 2002), and are based on the previous mentioned findings of an 

index effect by Harris & Gurel (1986) and Shleifer (1986). The same findings show that after stocks 

 
7 This is somewhat of a simplification, because it is a known phenomenon that stocks experience momentum in returns 

(Narasimhan & Titman, 1993) 
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have been included in an index, such demand shocks can trigger greater comovement and increased 

correlation with the market. Another alternative viewpoint that is discussed, but less present in the 

literature, is the information diffusion perspective (Claessens & Yafeer, 2012; Barberis et. al., 2005). 

The fundamental view and some of the general early challenging findings, which contradicts the 

fundamental view, will be discussed in the first part. Following the first part, the demand-driven 

perspectives and information-based view will be explained more thoroughly. In the last part, some of 

the more recent research highlighting selection bias and omitted variable bias will be discussed, as 

these studies have in recent time cast doubt on the findings of Barberis et. al. (2002) and strengthened 

the fundamental view. 

4.3.1 Fundamental View on Comovement and Challenging Research 

The “fundamental view” describes the positive correlation of assets returns as a product of correlation 

within rational determinants of the fundamental asset values, such as cash flows or discount rates. 

Companies in the oil sector, for example, move together in response to a common component of news 

that affects future earnings, such as oil price increases. Another macroeconomic factor that influences 

the applied discount rate is interest rate news (Barberis et. al., 2002). 

4.3.1.1 Challenging research 

According to the fundamental view and the efficient market theory, the inclusion of a stock into an 

index should not affect the correlation of the stock’s fundamental value relative to the fundamental 

value of the other index members. In other words, both before and after the index inclusion (removal), 

the stock’s return relative to the index return should have identical slope coefficients. However, many 

research papers have indicated that the fundamental view does not account for all types of return 

comovement.  

Various studies have provided contradictory evidence when researching return comovement. Such 

studies have found that companies in the same industry comove more with their respective index than 

each other (Froot & Dabora, 1999), that closed-end mutual funds comove more with their exchange 

than with the trading location of their assets (Hardouvelis et. al., 1994; Bodurtha et. al., 1995), that 

commodity prices are highly correlated despite trading in different locations and consumed for 

different purposes (Pindyck & Rotemberg, 1990), that stocks after stock-splits will comove more with 

low-priced stocks than with high-priced stocks (Green & Hwang, 2008), and finally that stocks added 

to an index will comove more with the index after inclusion (Barberis et. al., 2002). All these studies 
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contradict the fundamental view because they illustrate cases where assets have stronger correlation 

than justified by fundamentals.  

4.3.2 The Category-based View 

The category-based8 view explains that investors classify different securities into the same asset 

classes and move capital in and out of these classes in correlated ways, causing comovement among 

the securities within the asset classes. This implies that investors make portfolio decisions and allocate 

capital to asset classes rather than individual assets, such as middle-cap stocks, junk bonds, 

commodity stocks, and so on. Despite the fact that the respective cash flows are uncorrelated, 

coordinated demand shocks will generate common factors in the asset returns within same categories 

as resources are moved from one category to another (Barberis et.al., 2002). 

An index such as the OSEBX can be considered a category because the index represents the market 

sentiment, which means that index investors buying index funds are in many cases motivated by the 

same market outlook. When this market outlook or sentiment changes and investors buy (sell) the 

index funds, all stocks in the index will be impacted by the inflow (outflow) of cash because the index 

funds must trade all the stocks in the index, causing excess return comovement. Another consideration 

is that active investors are more inclined to trade individual stocks if they are “categorized” as OSEBX 

constituents (Barberis, 2003). As a consequence, it is expected that removed stocks will experience a 

decrease in return comovement, whereas index-included will have an increase (see Figure 13 on the 

next page) (Barberis et.al., 2002). 

Investors who use index funds to purse passive portfolio strategies and index arbitrageurs who profit 

from price discrepancies are among the category-based investors (Barberis et. al., 2002). According 

to Basak & Pavlova (2013), institutional investors’ trading behaviour has significant effect on asset 

pricing because they generate price pressure and excess return comovement between the stocks in the 

benchmark index. Consequently, the post-index inclusion return comovement has increased over time 

along with the rising popularity of index-based investment products (Claessens and Yafeh, 2012). 

The price pressure is explained by Chabakaur & Rytchkov (2016) as a lockstep trading effect in which 

investors buy and sell the market portfolio as a whole, creating simultaneously price pressure on all 

stocks while also increasing the volatility and correlation of returns. Sushko & Turner (2018) agree 

 
8 Also denoted as «Style Investing» (Barberis, 2003) which refers to the allocation of funds across labels, rather than 

individual securities (Boyer, 2011). Boyer (2011) found that «economically meaningless» index labels influence the 

trading activity of active fund managers. 
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and argue that trading in passive funds increases the correlation between index-constituent stocks 

while reducing the security-specific information contained in prices. Similarly, Pindyck and 

Rotemberg (1993) find that stocks with high institutional ownership have more excess return 

comovement, and Gregorie (2020) discovers that wealthier indices have more return comovement 

and suggests that changes in passive holdings can forecast comovement changes. Claesens and Yafeh 

(2012) support these conclusions, finding that the index effect is greater in countries where 

institutional investors are more prominent.  

4.3.3 The Habitat-based View 

The habitat-based view explains that many investors tend to trade only in a subset of available 

securities due to risk aversion, transaction costs, information capacity constraints, or lack of 

information. These investors will change their exposure to the securities in their habitat when their 

risk profile changes, resulting in a common return factor in the securities, causing comovement 

between the stocks in the habitat. In other words, the habitat-based view argues that there is a common 

factor in the returns of securities that are held and traded by a specific group of investors (Barberis 

et. al., 2002).  

In this thesis, the OSEBX is a preferred habitat for investors if these investors see it as too costly or 

risky to create their own portfolio. The OSEBX index is a “cheap” strategy for a diversified portfolio, 

both from an economic and informational perspective, as also described in section 3. For active 

investors, OSEBX-constituents are more accessible in terms of information available, trading 

restrictions, and media attention, which make the stocks more convenient for active investors.  

Figure 13 describes the expected development in beta, i.e., return comovement, for stocks when 

entering and leaving the index, as described by the category- and habitat-perspective. The only 

difference between the two is the index effect for removed stocks. It is possible, according to the 

habitat perspective, to experience a change in beta for the added stocks and not the deleted stocks. As 

explained below, index inclusion can be described as a form for investor recognition process, and 

exclusion does not cause an investor to become immediately unaware of previous index members. 

For that reason, the index removal effect can be illustrated as a gradual effect, if any effect at all. 
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The habitat-perspective can be described as a process driven by bounded rationality, whereas the 

category-perspective is based on the asset categorizing. According to Veldkamp (2006), asset pricing 

covariance occurs as a result of the high fixed costs of information production. Rational investors will 

choose to buy the same high-demand information and price assets with that information, causing news 

about one asset to affect the prices of other assets. Moreover, investors concentrate more on market- 

and sector-level information than firm-specific information, according to Peng & Xiong (2006), 

driving return correlation among firms higher than fundamentals. They illustrate that firms in sectors 

with lower return correlation have stronger long-run price reversals and short-term momentum. In 

other words, the habitat view is a product of psychological processes among investors.    

4.3.4 The Information-based View 

The information-based view argues that prices of stocks in major indices are expected to reflect 

aggregate information more quickly than non-constituents because they are assumed to have lower 

trading costs, more liquidity, and more analyst coverage. For example, added stocks can become less 

costly to trade or be held by investors with better access to information (and resources to exploit 

mispricing). The ability to incorporate and aggregate new (market-wide) information fast then 

becomes a common factor in the index constituents’ returns. For that reason, newly added stocks tend 

to comove more with the rest of the index since the overall pricing efficiency is improved (Barberis 

et. Al., 2002). To put it another way, the information perspective 9  explains increased return 

 
9 Also denoted as the information diffusion perspective. This paper applies both expressions. 

Figure 13 - Illustration of return comovement development according to category perspective and habitat perspective, 

respectively. 
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comovement as a result of pricing efficiency, while the demand-driven perspectives emphasize the 

excess comovement as a result of mispricing. In particular, the habitat-view highlights investors’ 

human and psychological characteristics, whereas the information-based view emphasize faster 

information diffusion (Greenwood, 2008). 

The information-based perspective has mainly two propositions which makes it possible to 

distinguish the view from the demand-driven perspectives. First, it predicts high-frequency betas 

(daily) changes after index inclusion to exceed changes in the low-frequency betas (weekly) because 

more common information is incorporated into low-frequency stock prices. News about aggregate 

earnings is expected to be incorporated into OSEBX constituents’ prices right away, while the stock 

prices of the companies outside of the index should experience a lag. Since Norway is in general a 

relatively efficient market (Ødegaard et. al., 2007), one would expect this lag to be smaller than one 

week. If this is correct, then the stocks outside of the index should have a lower daily beta than weekly. 

Secondly, the perspective predicts lagged betas for added stocks to be high prior to inclusion and to 

substantially decline afterwards, as a result of a shorter lag in news aggregation (i.e., shorter window 

between breaking news and stock price reaction). In sum, both propositions argue for a more efficient 

stock pricing after index inclusion. 

According to Greenwood (2008), a trading strategy based on the reversion of comovement, such as 

short positions in overweight stocks after index increases and long positions in overweight stocks 

after index decreases, should not generate any economic profit if the information-based view is 

correct. In other words, betting on reversion of “excessive return comovement” should not be 

profitable. For that reason, his studies reject the information-based view as an explanation of excess 

comovement. Similarly, Claessens and Yafeeh (2012) conclude that the perspective cannot explain 

the positive relationship between return comovement and number of stocks in the index. They find 

some support for the information-based view, but the findings are mixed and limited in magnitude, 

so they argue for the demand-based view instead. It is worth noting that in markets where firm-

specific information is scarce, the information-based view might be more appropriate (Claessens & 

Yafeeh, 2012; Morck et. Al., 2000).  

4.3.5 Selection Bias in Comovement  

In the previous literature, the category- and habitat-based perspectives argue that excess return 

comovement is a result of trading patterns of investor groups; however, von Drathen (2014) explains 
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that these papers cannot rule out index changes being correlated with unobserved stock 

characteristics. He relies on the assumption that index changes are unlikely to be random and turns 

the argument around: Index revisions do not cause a change in comovement, but a change in 

comovement correlated with changes in unobserved stock characteristics causes the index changes. 

Similarly, Kasch & Sarkar (2012), argue that firms exhibit extraordinary market and earnings 

performance prior to index inclusion because of selection bias. This is similar to the arguments made 

on selection bias on returns, in section 4.2.6. This abnormal performance, lead to an increase 

(decrease) in market value for additions (deletions) and an increase (decrease) in momentum (Textbox 

1, Figure 14). These are changes in fundamentals that also may change the correlation of the stocks. 

For instance, evidence suggest that an increase in market value (and thus also book-to-market value) 

and momentum is associated with changes in comovement of stocks. This is in line with the evidence 

of Fama & French (1993), who document that the stocks’ loading on size on and book-to-market 

account for much of the cross-sectional dispersion of market betas.  

Importantly, these changes are endogenous and not exogenous as is assumed in Barberis et. al. (2005). 

Therefore, Kasch & Sarkar (2012) argue that the observed change in market beta observed by Barberis 

et. al. (2005) is expected and caused by a lack of control (Omitted variable bias). After including the 

Fama-French and Carhart factors in their regression, Kasch & Sarkar (2012) find no excess 

comovement (change in market beta), but significant declines in all coefficients on the remaining 

factors of added stocks. They therefore conclude that there is no excess comovement caused by the 

index effect.  

 

Based on the findings of Kasch & Sarkar (2012), Chen et. al. (2016) revisited the samples and research 

of Barberis et. al. (2002) and Green & Hwang (2008). They found no significant excess comovement 

after considering winner stocks, e.g., stocks that increase during the formation period and holding 

Figure 14 - Selection bias in comovement. 
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period before a decline in the long-term. Univariate regressions on both index-included stocks and so 

called “control stocks” (similar size and momentum) provided no statistically significant different 

results. In addition, the performed bivariate regressions showed an increase in beta with the new 

group (index-constituents), but there was no significant decrease in beta relative to the old group 

(non-constituents). To summarize, recent studies suggest that the anomalous findings observed in 

excess return covariation studies are due to momentum and size, i.e., they are caused by selection 

bias and omitted variable bias. 

5 EVENT-STUDY METHODOLOGY 

The event-study methodology has a central position in research on financial markets. From its long 

history, the event-study methodology has been improved and modified into a sophisticated and well-

known field within econometrics. As stated by Fama (1991): “there was little evidence on the central 

issues of corporate finance. Now we are overwhelmed with results, mostly from event studies”. 

In this instance, three different event-study methodologies will be applied: one for returns, one for 

volume and one for comovement of returns. The first two concerns the index effect on returns. This 

is because, as discussed in section 4.2.4, an appropriate description of which hypotheses prevails on 

the OSEBX index effects needs to consider both returns and volume effects. In relation to returns, the 

methodology applied is based on Fama, et. al. (1969). However, inspiration is also pooled from 

several modern applications, especially with respect to normal return calculations and statistical tests. 

For volume effects, it will be primarily based on Harris & Gurel (1986). Their papers have been very 

influential for the preceding literature and replicated several times on the S&P500. It is therefore 

recognized as a robust methodology. 

In relation to comovement, the methodology is primarily based on Vijh (1994), with modifications 

presented by Barberis, et. al. (2005). Later, additional tests are also performed, inspired by Kasch & 

Sarkar (2012). These methods are acknowledged and applied in many studies, also in modern 

empirical research. The following section will discuss in detail the steps and considerations made in 

specifying the event studies and econometric models. 

The stock data is primarily retrieved from Compustat. The stock returns are calculated as logarithmic 

percentage changes, ln(𝑃𝑖,𝑡/𝑃𝑖,𝑡−1) , where the prices retrieved are adjusted for stock splits and 

dividends. As advocated by Strong (1992, p. 535): “logarithmic returns are analytically more tractable 
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when linking together sub-period returns to former returns over longer intervals. Empirically, they 

are more likely to be normally distributed”. Therefore, the logarithmic conversion is considered 

beneficial both theoretically and empirically.  

5.1 SAMPLE SELECTION 

The gross sample in this study consists of 248 additions and 210 deletions. This is the total number 

of stocks that have been added or deleted from the OSEBX from January 2002 until June 2020. From 

this gross sample, two filters have been applied to ultimately end up at the appropriate net samples. 

As will become clear, the three different event studies will have three different data requirements. 

Therefore, three different net samples will be obtained: (I) net sample used in return calculations, (II) 

net sample used in comovement calculation with 6 months window, and (III) net sample used in 

comovement calculation with 1 year window. 

5.1.1 Filter 1: Data Availability and Quality 

The first filter applied to the gross sample, is to ensure data availability and quality. In terms of 

availability, several stocks in the gross sample lack the required data. This is usually because the 

stock is either listed or delisted within the event period or the estimation window. These stocks are 

therefore excluded from the sample. This has a particularly big impact on deletions, as some deletions 

are attributed to delisting directly. As will be discussed in section 5.1.4, this may cause a survivorship 

bias in the sample, creating an upward bias of the index effect. 

In terms of data quality, there is an issue in retrieving the price of some stocks, especially stock prices 

pre-2006. This is a systematic problem across several sources, and not just the primary source, 

Compustat. When researching the problem further, there appears to be some missing data points 

possibly due to API issues. To resolve this problem, if appropriate, the data from Compustat has been 

complemented with data from other sources (like Yahoo Finance). Nevertheless, some stocks have 

been deleted from the sample due to the significance of the missing data and to maintain the highest 

standard possible in terms of data quality. No systematic reason to why some stocks have missing 

data have been found, and it should therefore not have an influence on the randomization of the 

sampling. 
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As canbe seen in Figure 15, the consequences of this filter differ between the three event studies. The 

biggest data requirement is from event study III, while the lowest requirement is from event study II. 

This less restrictive data requirement for event study II means that it will contain more observations, 

which is the primary reason that event study II was included as a supplement to III.  

5.1.2 Filter 2: Distorting Events and Overlapping Additions and Inclusions 

In all event studies, there is an underlying assumption that what is measured is attributable to the 

event of interest and not to other events. Thus, it cannot be allowed for any other events within either 

the estimation window or the event period that have a significant impact on the return of stocks or the 

comovement of stocks. The second filter applied to the sample has therefore been a qualitative study 

of each stock, screening for important events within the time period. This is especially important 

because the addition and deletion of stocks in an index may be correlated with some of these events, 

creating spurious results. For instance, a deletion from the index may be correlated with increased 

risk of bankruptcy. Therefore, to maintain a true informationless event, these examples must be 

excluded. 

Furthermore, this assumption has also implied that all stocks that are added and deleted in two 

consecutive revisions must be excluded in all three net samples. This can be exemplified by Figure 

16, depicting the bias in a comovement study with 1 year estimation window. Here, it is shown that 

if there is a stock added to the index and then deleted from the index the following revision, the 

Figure 16 – Consecutive additions and inclusions – Example for event study III 

Figure 15 – Number of days of return observations required for the three net samples. 
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estimated index effect on beta will be biased downwards. The “true” beta is expected to increase at 

inclusion and then decrease at exclusion, but the estimated “index effect” is muted by the following 

removal. The same rationale applies also to the remaining event studies. As will be discussed in 

section 5.1.4, this decision will have the negative consequence of increasing survivorship bias in this 

sample, possibly creating an upward bias in the index effect measured. 

5.1.3 Net Sample Comparisons and Consequences of Sampling 

5.1.3.1 Sample Size 

The applied filters to the gross sample are consistent with the sample selection processes seen in the 

academic literature. The net samples are depicted in Table 1. As can be seen, there is approximately 

the same amount for additions and deletions. As mentioned in section 3.2.2, studies on the S&P500 

usually do not contain ‘pure’ deletions in their sample, making the even distribution in the current 

sample a unique strength of studying the OSEBX (Bechmann, 2002). Importantly, the sample size in 

II is significantly smaller than III. This is beneficial, because the reliability of the results will decrease 

if there is a smaller sample size. 

5.1.3.2 Characteristics 

In this section, a brief summary of relevant descriptive characteristics of the stocks included in the 

net samples, will be discussed. These characteristics are important, because particular concentration 

towards some specific types of stocks in the selection process may create bias in the event-studies. 

Moreover, as will become clear, several of these biases can be mitigated, by doing appropriate 

modifications. 

Industry Concentration 

Table 1 - Net sample size. 
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Figure 17 depicts the economic sector classification10 of the stocks in the sample. As can be seen, all 

three net samples have fairly similar industry concentrations. The three largest economic sectors are 

energy, technology, and industrials. This is not surprising, given the fact that historically Oil and 

Energy has been very important industries in the Norwegian economy. Therefore, most stocks in the 

Energy sector are within the subcategory of Oil & Gas. In contrast, the industrial sector and the 

technology sector consist of more industry variety in the sample and therefore represent less 

concentration. Conclusively, there is some concern related to potential bias from these economic 

sectors and industries being correlated with specific stock characteristics. A discussion on how to 

take this into account will be followed in section 5.2.2.  

Distribution over time 

Another potential source of bias stems from how the stocks are distributed over time. This is 

particularly important for two reasons (i) selecting stocks from particular time periods may create 

bias in the estimates, and (ii) data of stocks that are overlapping in calendar time may create clustering 

through cross-correlations. 

With respect to (i), the obvious example would be a stock that is selected in the period around the 

financial crisis 2007/2009. A stock that for instance was added to the OSEBX July 1st, 2008 is likely 

to exhibit very different return characteristics in the 6 months preceding the inclusion (the market11 

went from a high of 491 points, to a low of 398 and then back again to 463) relative to the 6 months 

after inclusion (the market crashed ending at 225 points that year).  

 
10 The classification is based on the framework provided by The Refinitiv Business Classification (TRBC). Note that 

this is different than the framework used in section 3.2.1. 
11 Here defined as the OSEAX index 

Figure 17 – Observations Partitioned into TRBC Economic Sectors 
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As can be seen in the Figure 18, there is a fairly even distribution of additions and deletions 

throughout the different years. However, there is some tendency towards concentration of 

observations in 2005-2009. 2005-2007 can be characterized as a bull period in the market, while in 

2008-2009 the market experienced higher volatility and the financial crisis.  

The share of distributions of additions and deletions over time (Figure 19) reveal some insight the 

understanding of how this time clustering may impact the data. What becomes clear is that in general, 

more stocks are added to the index in bull periods (i.e., 2003-2007 and 2015-2017), while more stocks 

are deleted in bear periods (i.e., 2009 and 2011-2014). This concentration may represent a bias in the 

findings, unless accounted for. This will be done through the normal return model, as will be 

discussed in section 5.2.2.  

With respect to (ii), calendar time clustering is an undesirable property in the sample. This is because 

stocks that are selected from overlapping time periods are likely to be correlated (i.e., through general 

market movements). This is problematic property in the sample, because most parametric statistical 

Figure 18 - Net sample distribution over time 

Figure 19 - Distribution of additions and deletions over time 
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tests rely on the assumption that the observations are independently and identically distributed (i.i.d.) 

and that there is no cross-correlation. This is a well-studied problem in event studies and must be 

taken into consideration in the selection of statistical tests. This will be further explained and 

discussed in section 5.2.5.1. 

Common risk factors in the returns of stocks 

As argued by Fama & French (1992), and later supplemented by Carhart (1997), the shared variation 

in stock returns can be explained by four market factors. These factors will have a central role in this 

thesis and will therefore be explained in detail here. The four factors are constructed based on 

portfolios of stocks, and a coefficient (or ‘loading’) of 1 implies that the partial impact on the stock’s 

normal return will move in parallel with the factor portfolio. The first one, the Risk Premium (RP), 

is the market return, adjusted by the risk-free interest rate. This factor is constructed to capture general 

market movements. The second one, Small-Minus-Big (SMB) is a factor containing a portfolio of 

going long small stocks and shorting big stocks. The High-Minus-Low (HML) factor is constructed 

as a portfolio of stocks, longing stocks with high book-to-market ratio (often referred to as value 

stocks) and shorting stocks with low book-to-market ratio (often referred to as growth stocks). 

Finally, the last factor, PR1YR12, is a momentum factor and is often referred to as UMD, for Up-

Minus-Down. PR1YR is constructed as a portfolio of longing stocks with the highest 30% 11-month 

lagged returns and shorting the stocks with the lowest. For more details on the construction of the 

factors see Appendix 11.1.1. 

The factors are empirically determined, and there is considerable debate on what the factors are 

actually capturing. Fama & French (1993) argue that size is related to profitability (small stocks are 

more profitable than large), while B/M ratio is related to earnings (growth stocks are associated with 

persistently high earnings). Lastly, the momentum factor is added because there is a tendency of 

persistence in stock’s return performance (Narasimhan & Titman, 1993). 

 
12 In addition to UMD, it is also often referred to as MOM (Momentum). This thesis will stick to PR1YR to emphasize 

that the factor is constructed as in Carhart (1997). However, it should be noted that there is an alternative method to 

account for momentum suggested by Fama & French (1998) 
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As can be seen in the Table 2 below, using sample I as an example, additions are associated with 

having market loadings very close to the market itself. Moreover, they tend to be stocks correlated 

with being small, mid-level with B/M ratio stocks and experience some positive momentum. In 

contrast, deletions tend to have somewhat lower market correlation (with the median quite distant 

from the mean), tend to be correlated with bigger stocks than additions, and somewhat higher B/M. 

Lastly, they experience some negative momentum. 

In other words, there appears to be some systematic differences between the sample for additions and 

for deletions. This is also something that should be considered when constructing the normal returns, 

because if these structural differences are not accounted for, it may create a bias in the abnormal 

return, resulting from common differences in stock market return and not actual index effect. This 

will be further discussed in section 5.2.2.4. 

5.1.4 A Note on Survivorship Bias 

Additionally, there could be some survivorship present in the data. This is partly because firms that 

are delisted in the estimation window or the event period are excluded due to a lack of data 

requirements in Filter 1 (see section 5.1.1). This could create an upward bias in the findings but is 

considered to be inconsequential in this study. 

Moreover, this is also exacerbated, as previously mentioned, because stocks that are in added or 

deleted in two consecutive index revisions are deleted from the samples in the second filter applied 

to the sample (see section 5.1.2). In other words, this can create a systematic selection bias towards 0 

for both additions (deletions) because stocks that performed poorly (well) after inclusion (deletion) 

and therefore is deleted from the index will be excluded from sample. Nevertheless, it is considered 

a necessary step. 

5.2 RETURNS AND VOLUME 

As previously mentioned, it is interesting to study both returns and volume in the same period to be 

able to extrapolate economic explanations of the index effect on returns. The following section will 

RP SMB HML MOM RP SMB HML MOM

Average 1,04 0,39 -0,04 0,10 0,86 0,50 0,18 -0,09

Median 0,96 0,34 0,01 0,06 0,64 0,37 0,10 -0,01

Additions Deletions

Table 2 - Sample I's average and median factor loadings in the post-estimation window 
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provide an overview of the methodology for returns and volume, respectively, followed by an in-

depth discussion on considerations and challenges for these methods. 

Returns 

The event-study methodology has its core purpose of trying to dissect the effect of an event to the 

value of the firm from the return that would have materialized had the event not taken place. The 

most common approach to do so with respect to returns, is therefore to use the actual value of the 

firm observed and subtracting an estimated event-free value of the firm. The resulting difference can 

be defined as the value-impact of the event. This will be performed in two separate event studies: one 

for additions and one for deletions. 

In the methodology applied in this thesis, the required data is therefore actual return, 𝑅, normal return, 

𝐸(𝑅), and the difference between these two, abnormal return, (𝐴𝑅). At each day, 𝑡, within a defined 

“event window”, these abnormal returns will be calculated across all observations, 𝑖, where a stock 

has either been added or deleted from the OSEBX index within the sample: 

𝐴𝑅𝑖,𝑡 = 𝑅𝑖,𝑡 − 𝐸(𝑅𝑖,𝑡|𝑋𝑡)       (eq. 5.2.1) 

As can be seen in eq. 5.2.1, the normal returns, 𝐸(𝑅𝑖,𝑡|𝑋𝑡), are estimated conditional on some 

information, 𝑋𝑡. The information used depends on which normal return model that is applied. In this 

instance, the normal return will be estimated based on the market-adjusted model and the Carhart 

model (discussed in section 5.2.2). Moreover, the coefficients required for these are estimated in a 

representative “normal” period, known as the estimation window (discussed in section 5.2.1). From 

these coefficients, the “event-free” normal returns in the event period will be estimated. 

When abnormal returns have been calculated across all observations at each day in the event period, 

the culminating objective is to create a cross-sectional aggregate measure which defines the overall 

index effect on each event day. In this instance, this is estimated as the average abnormal return, 

(𝐴𝑅𝑡̅̅ ̅̅ ̅). In addition, it is also of interest to examine the average abnormal return for longer periods 

around the event. This is made possible by a time-series aggregation via the cumulative average 

abnormal return (𝐶𝐴𝑅̅̅ ̅̅ ̅̅
𝜏1;𝜏2). The time series aggregation in 𝐶𝐴𝑅̅̅ ̅̅ ̅̅

𝜏1;𝜏2 is defined between a defined 

start date, 𝜏1, and a defined end date, 𝜏2 The end result is four aggregated measures in total per event 

day (two for additions and two for deletions). Formally, these are defined as: 

𝐴𝑅𝑡̅̅ ̅̅ ̅ =
1

𝑁
∑ 𝐴𝑅𝑖,𝑡
𝑁
𝑖=1         (eq. 5.2.2) 
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𝐶𝐴𝑅𝜏1;𝜏2
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ = ∑ 𝐴𝑅𝑡̅̅ ̅̅ ̅𝜏2

𝑡=𝜏1+1
       (eq. 5.2.3) 

Where 𝑁 is the total number of additions/deletions in the sample. 

Volume 

In addition to analysing the index effect on returns, it is also beneficial to include liquidity to increase 

the depth of the analyses. As mentioned in section 4.2.4., liquidity patterns can reveal differences 

between which hypothesis that best describes the index effect observed in the abnormal return. In this 

instance volume is used to analyse liquidity, defined as the number of stocks exchanged each event 

day, formulated as a ratio: 

𝑉𝑅𝑖𝑡 =
𝑉𝑖𝑡

𝑉𝑖
         (eq. 5.2.4) 

Where 𝑉𝑖𝑡 is the trading volume of observation 𝑖 at event-day 𝑡 and 𝑉𝑖 is the average trading volume 

for observation 𝑖 in the estimation window. In words, the volume ratio, 𝑉𝑅𝑖𝑡 is a ratio with expected 

event-free volume of 1 and therefore a ratio above 1 can be considered abnormal. From the volume 

ratio, the cross-sectional aggregation is created as a simple arithmetic average across all stocks at 

each event day. In other words: 

𝑀𝑉𝑅𝑖𝑡 = ∑ 𝑉𝑅𝑖𝑡/𝑁
𝑁
𝑖=1        (eq. 5.2.5) 

When 𝐴𝑅̅̅ ̅̅ , 𝐶𝐴𝑅̅̅ ̅̅ ̅̅  and 𝑀𝑉𝑅, has been estimated, the final step is to define statistical tests that can 

evaluate the hypotheses previously stated.  

5.2.1 Determining the Event Periods and Estimation Window 

The event period is the window surrounding the event of interest. The event date for this study is, as 

per common convention, defined as the effective date (ED). This is the date that the stock prior to 

market opening is formally included in the OSEBX index.  However, it should be noted that there is 

no single event day of interest, but rather each day in the event period must be considered as artefacts 

revealing information on the index effect. In fact, as discussed in section 0, it is expected to see most 

index funds rebalancing their portfolios at the day before the effective date, ED-1.  

Moreover, there is also put special emphasis on the announcement date (AD), which is the day that 

Oslo Stock Exchange announces which stocks will be part of the index for the incoming revision. It 

is of special interest because risk arbitrageurs may try to exploit the expected index effect once the 

revision is publicly announced. The OSE has no particular method for announcement, except that it 
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is at least one week before the ED. In the sample at hand, the AD is in between 19 and 10 days before 

the ED. 

Additionally, this thesis also introduces the concept of Calculation Date (CD), which is specific to 

OSEBX. As previously mentioned, the criteria of the OSE for which stocks are changed in the 

forthcoming revision is public information. This implies that market participants will have access to 

all required information to predict which stocks will be added and deleted to the index before the 

announcement. Specifically, because the OSE selects stocks based on 1 years data ending in 

April/October, the day that all information is public is after the close at the last trading day in 

October/April. The CD is in between 5-10 days before the AD and 24 to 19 days before the ED in the 

sample at hand. 

As will become clear in this section, the event-study methodology is usually separated into short-term 

event studies and long-term event studies. In fact, while the short-term studies represent “the cleanest 

evidence we have on efficiency” (Fama, 1991, p. 1602), the long-term studies “require extreme 

caution” (Khotari & Warner, 1997, p. 301). Because it is desirable to analyse both “temporary” and 

“permanent” impacts of the index effect, it is beneficial to separate the event study into two parts: 

one shorter measuring temporary effects and one longer measuring long-term effects. This will be 

discussed in more detail in the following sections. 

Short-Term Event Period 

The short-term event period in this instance is defined as [-3; 5] around the three days of special 

interest; CD, AD and ED (Figure 20). This applies for both abnormal return calculations, but also 

volume ratio calculations. These event periods are long enough to include evidence on the most 

important temporary effects, not only on the specific days of interest, but also around them. The three 

pre-days has the function of capturing whether there is arbitrageur trading before CD/AD/ED. The 

five days post is to capture whether the effect seen on the previous days are reversing or being 

Figure 20 - Timing of the short-term event periods 
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maintained. However, the total event window is also confined to 9 trading days, to avoid statistical 

challenges from longer event periods. 

Long-Term Event Period 

The maximum long-term event period is defined as [ED-120; ED+120] for returns and volume ratio. 

Although the definition of “long” is arbitrary, it usually refers to approximately one year or longer 

(Kothari & Warner, 2006). Considering the length of 241 days in this study, it can therefore 

appropriately be defined as long (~252 trading days on OSE in a year). In general, a longer event 

period, also implies a longer period where it is required to be no structural breaks (changes in true 

coefficients), while also increases overlap and contain more outliers (Patel & Welch, 2017). 

Therefore, a long event period is associated with increasing statistical challenges, which will be 

discussed more in depth later. Nevertheless, it is imperative to study a long event period both before 

and after the ED. A long pre-period is particularly beneficial when studying the OSEBX, because it 

is possible to predict the revision determined by OSE even before CD. Therefore, to ensure that the 

full index effect is captured it is required to have a long pre-period in the long-term event period. 

A long post-ED period is required because, as argued in section 4.2, there is considerable discussion 

in the event study literature to whether the index-effects eventually reverts or not. This can only be 

detected by a long post-event period. Conclusively, even though it implies severe statistical 

challenges, a long event period is imperative for the economic interpretation of this study, which 

cannot be compromised. However, as in Patel & Welch (2017), this thesis will also not confine itself 

to one single long-term event period, but several. As previously mentioned, the longest event period 

is at [ED-120; ED+120], but additional shorter long-term event periods within this maximum time 

frame will be supplied. 

With relation to 𝑀𝑉𝑅, the objective is to test whether there is a “permanent” increase in volume ratio 

after inclusion. Therefore, it is undesirable to let the short-term event periods have an arbitrary impact 

on this test. Thus, the event days [ED-30; ED+30] in the maximum long-term event period are 

excluded. This interval contains the surrounding days of all CDs, ADs and EDs, which could 

potentially bias the findings. The two event periods are therefore defined as a pre period at [ED-120; 

ED-30] and a post period at [ED+30; ED+120]. 

Estimation Window: 
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The estimation window is the representative “normal” period, in which the coefficients of the normal 

models are estimated, except for the market-adjusted model which do not require estimated 

coefficients. This is also the period where the normal volume level, the denominator in volume ratio, 

is calculated. As will be discussed in section 5.2.2, the market-adjusted model is applied for the short-

term event period and the Carhart model for the long-term event period. The market-adjusted model 

does not require coefficients to be estimated (as discussed in section 5.2.2.2), and the estimation 

window is therefore only relevant for the Carhart model and the long-term event study. 

The estimation window can either be a pre-event window, a post-event window, or a pooled event 

window (combination of pre and post) (Skrepnek & Lawson, 2001). In the general event-study 

literature, it is usually considered appropriate to use a pre-estimation window without overlap to the 

event period (Campbell, Lo, & MacKinlay, 1997). This is intuitive, because a pre-event window is 

not affected by the event and therefore should represent an appropriate “normal” period. However, 

the literature on the index effect varies greatly. The problem with a pre-estimation window is that, as 

discussed in section 4.2.6, the event is usually a result of prior abnormal performance because of 

selection bias. This is the argument made by Edmister, et. al. (1994), who finds that the pre-estimation 

coefficients are significantly biased and lead several researchers to mischaracterize the index effect 

as temporary, while it is actually permanent. This is also supported by for instance Khotari & Warner 

(2006), who argues that when studying long-term event periods, it is crucial to apply a post-estimation 

window. As will become clear in section 7, similar findings of non-stationarity due to selection bias 

is present in this thesis, making the post-event estimation window the appropriate choice. A post-

event estimation window is also applied by for instance Jain (1987), Bechmann (2002) and Brooks 

et. al. (2008). 
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In general, the length of the estimation window should balance the statistical accuracy from increased 

data points, but also the relevance of the parameter estimates. Firstly, it is emphasized that there 

cannot be an overlap between event period and estimation window. This is because an overlap could 

imply that the event influences the “normal” performance estimated. In this instance, it is decided 

that an estimation window of 140 days is appropriate. A longer estimation window is undesirable, 

mostly because of the relative long event period, resulting in that the observations used to estimate 

the parameters will at most be 360 trading days after the first event observation. In other words, more 

than one and a half years in terms of trading days making them increasingly irrelevant. Moreover, it 

is also considered long enough to ensure that the variance in the abnormal returns is not increased by 

the sampling variance in the estimated coefficients13 (MacKinlay, 1997). As found in their meta-

research, Holler (2014) finds that results are not sensitive to the estimation window lengths as long 

as it exceeds 100 days. An estimation window of 140 days is also the length applied in for instance 

Bechmann (2002). For consistency, the estimation window length is identical for the event studies on 

both returns and volume. A summary of the event periods and the estimation window is provided in 

Figure 21. 

 

 
13 The variance of the abnormal returns consists of two components, the first being the variance in the residual of the 

estimated normal return model, and the second being additional variance from sample variation in the estimated 

coefficients. In large enough samples (i.e., estimation windows), this second term is reduced to 0. This will be further 

discussed in section 5.3.5. 

Figure 21 - Overview of event period and estimation window 
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5.2.2 Defining Normal Return  

As mentioned above, in order to define abnormal return, the normal return must be estimated. Under 

optimal conditions, the normal return should be the return that would have been materialized if the 

event had not taken place. The models that are used to estimate this relationship are, loosely defined, 

divided into two types: (i) statistical models, and (ii) economic models. The former is based on 

statistical assumptions and is independent of economic arguments. It is also conventional to assume 

that asset returns are jointly multivariate normal and independently and identically distributed (i.i.d) 

over time. This condition is sufficient for the statistical models presented above to be correctly 

specified. It is a strong assumption, but it does not generally lead to problems because it is empirically 

reasonable and the statistical tests applied tend to be fairly robust to deviation from this assumption, 

at least in the short-term (MacKinlay, 1997). In contrast, the economic models assume propositions 

of investor behaviour. This has the benefit of imposing economic restrictions to achieve more precise 

measures. However, as argued by Campbell, et. al. (1997) and Khotari & Warner (2006) there is no 

good reason to use an economic model instead of a statistical model in these event studies. Therefore, 

these will not be considered in the normal model selection in this thesis. 

In selecting which kind of model to depict normal returns, it is usually a question of sample selection 

bias. Each sample collected may present different biases, and each normal return model have strength 

and weaknesses to adjust for these biases (Dionysiou, 2015). In other words, in order to select an 

appropriate model, it is essential to define the characteristics in the sample. This has been previously 

discussed in section 5.1.3. Moreover, the long-term event study requires more caution than the short-

term. Therefore, one model will be selected in the short event period, while another model will be 

selected in the long event period. In the following, each normal return model will be described and 

then a selection will be made, based on the specific characteristics of the sample. 

5.2.2.1 Market Model 

The market model is one of the most popular models applied in event-studies (Skrepnek & Lawson, 

2001). In fact, in a meta-study performed by Holler (2014), he found that ~79% of all event studies 

use the market model. The model can be stated as: 

𝑅𝑖𝑡 = 𝑎𝑖 + 𝛽𝑖𝑅𝑚𝑡 + 𝜖𝑖𝑡       (eq. 5.2.2.1) 

Where 𝑎𝑖 is the intercept, 𝑅𝑚𝑡 is the market return, and 𝜖𝑖𝑡 is the error term. The slope coefficient 

(often referred to as ‘loading’), 𝛽𝑖, is the change in normal return for stock 𝑖 for a one-unit change in 

market return. 
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The market model has the benefit of explaining the portion of the actual return that is related to 

variation in the market return. This can reduce the bias relative to simpler models, because the market 

model adjusts for market movements (i.e., whether the stock is in a bull or a bear market). Thus, it is 

known to produce smaller abnormal return variances and cross-correlations than other simpler models 

and therefore returning more powerful statistical tests. In fact, several studies find that the market 

model performs essentially as well as more comprehensive alternative specifications, including most 

factor models, at least in shorter event windows (Campbell, et. al., 1997; Brenner, 1979). Because 

abnormal return bias tends to be small in shorter event studies, the simplicity and relative strength of 

the market model has made it preferable in studies that focus more on conceptual economic substance 

rather than methodical discussion (Holler, 2014; Ahern, 2009). 

5.2.2.2 Market-Adjusted Model 

The market-adjusted return model can be thought of as a restricted version of the market model, with 

forced 𝑎𝑖 = 0 and 𝛽𝑖 = 1: 

𝑅𝑖,𝑡 = 𝑅𝑚,𝑡 + 𝜖𝑖,𝑡        (eq. 5.2.2.2) 

Where 𝑅𝑚,𝑡 is the market return and 𝜖𝑖,𝑡 is the residual term. Thus, because the coefficients are pre-

determined, it does not require an estimation window. Rather the abnormal return can be calculated 

as the return of stock 𝑖 subtracted by the contemporaneous market return. Again, this model is simple 

and will adjust for general market movement, rather than specific market movement affecting the 

stock (as in say the market model). However, the major benefit is that it does not require an estimation 

window to estimate coefficients. This implies that one can avoid biases reflected from the estimation 

window.  

5.2.2.3 Fama-French 3-Factor Model (FF3) and the Carhart Model 

Fama & French (1992) argues that the market alone is insufficient to explain expected returns of 

stocks. Therefore, they add a size factor (SMB) and a book-to-market value factor (HML): 

𝐸(𝑅𝑖,𝑡) = 𝑎𝑖 + 𝛽𝑖,𝑅𝑃𝑅𝑃𝑡 + 𝛽𝑖,𝑆𝑀𝐵𝑆𝑀𝐵𝑡 + 𝛽𝑖,𝐻𝑀𝐿𝐻𝑀𝐿𝑡 + 𝜖𝑖,𝑡            (eq. 5.2.2.3) 

As an extension, Carhart (1997) argues that the common variation in stock returns, the FF3 should be 

extended to include a momentum factor (PR1YR): 

𝐸(𝑅𝑖,𝑡) = 𝑎𝑖 + 𝛽𝑖,𝑅𝑃𝑅𝑃𝑡 + 𝛽𝑖,𝑆𝑀𝐵𝑆𝑀𝐵𝑡 + 𝛽𝑖,𝐻𝑀𝐿𝐻𝑀𝐿𝑡 + 𝛽𝑖,𝑃𝑅1𝑌𝑅𝑃𝑅1𝑌𝑅𝑡 + 𝜖𝑖,𝑡 (eq. 5.2.2.4) 
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In both equations, the 𝑎s represent the intercept, the 𝛽s represent the loadings on the factors and 𝜖𝑖,𝑡 

is the error term of stock 𝑖 on day 𝑡. In theory, adding these factors to the model could therefore 

increase the explanatory power of the model and increase the representativeness of the normal returns. 

However, it is not obvious that these models are better alternatives. As argued by both Petajisto (2011) 

and Bechmann (2002), the increased standard error from additional coefficients may bias the results. 

It should, however, be noted that the benefit of including additional factors is especially prevalent in 

samples where the stocks have common characteristics, as being in the same industry or they are 

approximately the same size (Campbell, et. al., 1997; Ahern, 2009). It should also be mentioned that 

momentum may also be particularly relevant, because of potential selection bias issues (Chen et. al., 

2016). Moreover, for longer event periods, the more sophisticated factor models generally provide 

better accuracy than the simpler models (Kothari & Warner, 2006). 

5.2.2.4 Normal Model Choice and Considerations 

The strengths and weaknesses of each model is summarized in Table 3.  

Short-Term Event Period:  

As mentioned previously, in shorter event periods, the selection of the normal return model is not 

crucial (Bechmann, 2002; Fama, 1998). As explained by Khotari & Warner (2006), because short-

horizon abnormal returns are calculated on single-day observations, daily error in adjusting risk is 

likely to be small. For instance, say that the daily expected return is about 0.03% (annualized ~12%) 

and assume a misestimation by 50% (estimated beta of 1, when actual is 1,5), the error (here, less 

than 0,015%14) is small relative to the abnormal return of 1-4% typically documented in short-term 

event periods. For this reason, it can be concluded that normal return models are not important when 

studying short-term event periods and temporary effects. 

Consequently, statistical explanatory power can beneficially be sacrificed for the benefit of decreased 

bias from the estimation window. This is only possible by using the market-adjusted return model. 

 
14 This is assuming the market model. The error will be smaller than 0,015% if the 𝑎𝑖 > 0. 

Table 3 - Strengths & weaknesses of normal return models 

Normal Return Model Strengths Weaknesses

Market-Adjusted Model
Does not rely on estimation window because it 

does not require estimates of coefficients

Cannot account for stock-specific 

characteristics

Market Model
Simple model with relatively high explanatory 

power

Lower explanatory power than more extensive 

factor models

Fama-French 3-Factor Model High explanatory power
Does not consider momentum and has 

relatively higher standard error

Carhart 4-Factor Model Considers momentum Increase complexity and higher standard error
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As mentioned previously, although it is not the most accurate model, it mitigates potential bias by not 

being contingent on the estimation window. This property of the model has also made it very popular 

in studying index effects in the short term. It is the model preferred by for instance Beneish & Whaley 

(1996), Lynch & Mendenhall (1997), Bechmann (2002) and Petajisto (2011). 

In this context, it should be mentioned, that imposing these restrictions on the normal model estimates 

should be done with caution. Therefore, additional robustness tests have been performed in Appendix 

11.2.1. Specifically, the abnormal returns have been calculated using the market model, the FF3 and 

the Carhart model. As can be seen, the inference resulting from these alternative models are 

economically similar to the market-adjusted model.  

Long-Term Event Period: 

As previously mentioned, extended event periods are more difficult to interpret and analyse and the 

appropriate normal return model to solve this issue remains unsolved. In the words of Fama (1998, 

p. 291): “all models for expected returns are incomplete descriptions of the systematic patterns in 

average returns”, and this can lead to spurious conclusions regarding the abnormal return. Hence, in 

the words of Khotrai & Warner (2006), the risk-adjusted return measurement is the “Achille’s heel” 

of multi-year long-term event periods. Specifically, the problem with longer event periods is that even 

small errors in risk adjustment can make an economically large difference once it accumulates over 

longer horizons and the abnormal return estimates are thus highly sensitive to model choice (Kothari 

& Warner, 2006). Therefore, more weight must be put on accuracy of the selected normal return 

model than in the shorter event study. 

Based on the previous arguments it is considered that the market-adjusted model is unlikely to yield 

sufficient explanatory power in the long-run event study. The three remaining factor models, have all 

been commonly applied in the academic literature on index effects, but especially the Carhart model 

has gained momentum in recent research (Pastor & Stambaugh, 2003; Sadka, 2006; Holler, 2014). 

Importantly, both the FF3 and the Carhart extension are known to increase explanatory power in 

markets that are skewed towards specific characteristics. As mentioned in section 5.1.3, the sample 

at hand is concentrated around stocks in the energy, technology, and industrials sector, particularly 

the oil & gas industry. Additionally, it is also concentrated in size and book-to-market ratio and 

specific momentums. These are arguments which favours including factor models that control for 

these characteristics (Campbell, et. al., 1997). 
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It is also emphasized that recent research has discovered that momentum is a particularly important 

factor to account for, when studying index effects, suggesting the Carhart model as the appropriate 

choice (Chen et. al., 2016; Kasch & Sarkar, 2012). This decision is also supported when studying 

regression diagnostics. For both additions and deletions, the Carhart model provides a higher 𝐴𝑑𝑗. 𝑅2 

and smaller standard error than the other alternatives (Appendix 11.1.2). Moreover, the FF3 and 

Carhart factors are statistically significant from 0. In sum, it is therefore argued that the Carhart model 

is appropriate to apply for the long-term event period. 

Constructing the factors 

The factors applied in this instance, are constructed based on country-level portfolios. In other words, 

the portfolios are confined to the Norwegian market and retrieved from Ødegaard (2020). Whether 

the models should be based on global or local factors, is up for discussion. However, as shown by 

both Griffin (2002) and Fama & French (2011), the local models are superior to the global, especially 

in European stock markets. Conclusively, all three models constructed are based on Norwegian-

specific stocks. In accordance with Bechmann (2002), the market portfolio is represented by OSEAX, 

representing all publicly available stocks on Oslo Stock Exchange. A viable alternative to the 

OSEAX, is to use the OSEBX, but as argued by Griffin (2002), a total stock index is preferable when 

considering local stock market factors. Additionally, the question of using a total-index vs. another 

alternative usually has little material difference in event studies (Patel & Welch, 2017). 

Performing the regression 

There are several relevant alternatives when performing the regressions required to retrieve the 

coefficients. The common practice is to utilize an OLS specification, and this is regarded as a well-

specified procedure for estimating the model parameters in event studies (Brown & Warner, 1980; 

MacKinlay, 1997). However, due to microstructure problems like nonsynchronous trading (see 

section 5.2.5), the OLS may create a serious bias in the estimated coefficients (Scholes & Williams, 

1977). An alternative specification could for instance be the Generalized Least Squares (i.e., Collins 

& Dent, 1984), but also Scholes-Williams (1977) or Dimson (1979) procedures. However, Malatesta 

(1986) and Brown & Warner (1985) reports that these alternatives are not superior to the OLS in 

event studies and that the OLS is well specified. 
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5.2.3 Defining Normal Volume 

As with abnormal returns, in order to estimate abnormal volume, its normal value must be estimated. 

As pointed out by Næs et. al. (2009), a problem with liquidity is that it is a vague term that can be 

defined in many different ways. It has a trading cost dimension, a speed and time dimension and a 

quantity dimension. Ultimately, this has caused a proliferation in the academic literature to how 

liquidity should be measured, with little actual consensus. This is also partly extended to studies on 

index effects and volume. However, in general, the broader descriptive studies, like for instance 

Schleifer (1986), Harries & Gurel (1986), Lynch & Mendenhall (1997), Bechmann (2002) and Chen 

et. al. (2004) all focus on the quantity dimension. Specifically, trading volume and turnover (volume 

divided by total number of shares outstanding) are common. Although there are alternatives, like for 

instance Chung & Kryzanowski (1998) and Elliot et. al. (2006) who both focus on bid-ask spreads 

(cost dimension), these studies have a narrower focus in their analysis. In this thesis, a broader 

perspective is preferred, and therefore the focus will be on the quantity dimension, specifically, daily 

volumes.  

In this study, an unadjusted-volume model is used to estimate normal volume levels: 

𝐸(𝑉𝑖,𝑡) = 𝜇𝑖 + 𝜖𝑖,𝑡        (eq. 5.2.3.1) 

Where 𝜇𝑖 is the average volume in the estimation window and 𝜖𝑖,𝑡 is the error term. This model is not 

able to adjust for general market movements, nor other factor movements, and should therefore have 

low explanatory power15. In general, it should be mentioned that it is considered beneficial to adjust 

for market volume, especially in longer event studies (Campbell & Wasley, 1993; Chung & 

Kryzanowski, 1998). However, data on general market volumes have not been available, which is 

why this thesis is restricted to the unadjusted volume estimate. A redeeming quality of the unadjusted 

model is that it is a standard model in index effect studies, applied by for instance Beneish & Whaley 

(1996) and Lynch & Mendenhall (1997). The consequences of this will be further discussed in Section 

9. 

5.2.4 Defining the Hypotheses 

The objective of this thesis is ultimately to be able to describe what may be appropriate hypotheses 

for the index effect. Based on the literature review (section 4.2), it is possible to define statistical 

 
15 A more common approach, implemented by for instance Harris & Gurel (1986), is to adjust the volume by the market 

(m) as follows 𝑉𝑅𝑖,𝑡 =
𝑉𝑖,𝑡

𝑉𝑚,𝑡

𝑉𝑚

𝑉𝑖
.  
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hypotheses that can be used to differentiate between the theoretical hypothesis of the index effect. 

These will be presented in this section.  

Testing Temporary Impact 

The first objective is to identify whether there is a temporary impact at all. The first way to do so is 

by determining whether the average abnormal return across stocks, is statistically significant from 0 

(eq. 5.2.4.1). The same mindset can be applied when considering the mean volume ratio. However, 

in this case, the null hypothesis is whether it is equal to 1, as 1 is the expected value if there is no 

index effect (eq. 5.2.4.2). Also notice in eq. 5.2.4.2 that the test applied is one-sided as prescribed by 

the economic theory on the LCH. 

The test statistics are calculated at each day in the event period for additions and deletions separately. 

In other words, the two tests for each event day are: 

𝐻0:𝐴𝑅𝑡̅̅ ̅̅ ̅ = 0,𝐻1:𝐴𝑅𝑡̅̅ ̅̅ ̅ ≠ 0       (eq. 5.2.4.1) 

𝐻0:𝑀𝑉𝑅𝑡 = 1,𝐻1:𝑀𝑉𝑅𝑡 > 1      (eq. 5.2.4.2) 

A rejection of the null hypothesis in eq. 5.2.4.1 indicate that there is an index effect on average returns 

on that event day. Similarly, a rejection of the test in eq. 5.2.4.2 indicate an index effect on average 

volume ratio on that event day. 

Testing Permanent Impact 

After providing statistical tests on the temporary effects, similar hypotheses can be constructed for 

the long-term effects. Here, it is common convention to analyse the cumulative abnormal returns 

(𝐶𝐴𝑅̅̅ ̅̅ ̅̅ ). This is because 𝐶𝐴𝑅̅̅ ̅̅ ̅̅  provides a measure for whether there is an abnormal return in an interval 

period, rather than at each individual day. The MVR is tested on the average difference between the 

pre-period to the post-period. 

𝐻0:𝐶𝐴𝑅𝜏1;𝜏2
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ = 0,𝐻1:𝐶𝐴𝑅𝜏1;𝜏2

̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ ≠ 0      (eq. 5.2.4.3) 

𝐻0:𝑀𝑉𝑅𝑝𝑜𝑠𝑡 −𝑀𝑉𝑅𝑝𝑟𝑒 = 0,𝐻1:𝑀𝑉𝑅𝑝𝑜𝑠𝑡 −𝑀𝑉𝑅𝑝𝑟𝑒 > 0   (eq. 5.2.4.4) 

𝐻0:𝑀𝑉𝑅𝑝𝑜𝑠𝑡 −𝑀𝑉𝑅𝑝𝑟𝑒 = 0,𝐻1:𝑀𝑉𝑅𝑝𝑜𝑠𝑡 −𝑀𝑉𝑅𝑝𝑟𝑒 < 0   (eq. 5.2.4.5) 

Where eq. 5.2.4.4-5 are specific for additions and deletions, respectively. A rejection of the null 

hypothesis in (eq. 5.2.4.3) would imply that there is a permanent long-term effect from the index 
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effect. Moreover, a rejected null hypothesis in (5.2.4.4-5) would imply that there is no permanent 

change in the mean volume ratio. 

5.2.5 Determining the Test Statistics 

These defined hypotheses can be tested by utilizing statistical tests. However, there are many 

variations applied in the literature, each with its own set of strengths and weaknesses. A selection 

must be made, by first considering which statistical properties that are present in the sample at hand, 

followed by a discussion of the most popular statistical tests and their strengths and weaknesses. 

Please note that the test statistics will be presented in this section in a collective form. For 

convenience, a more transparent step-by-step description of all the calculations made is presented in 

Appendix 11.1.5. 

5.2.5.1 Properties of the Sample at Hand 

As presented by Brown & Warner (1985), using daily data in event studies involves a number of 

potential challenges. These include (i) non-normality, (ii) non-synchronous trading and normal model 

parameter estimation, and (iii) variance estimation. 

Ad 1: Non-Normality 

Non-normality of abnormal returns 

Normality is assumed when applying the parametric test statistics presented below. This is 

problematic, because daily stock returns and abnormal returns depart materially from normality, with 

fat-tails relative to the normal distribution (Fama, 1976; Brown & Warner, 1985). These properties 

are also found in the sample at hand: the abnormal returns for both additions and deletions depart 

from normality with heavy kurtosis (Appendix 11.1.3). As expected, these properties implies that 

normality can be rejected, using a Jarque-Bera test and Shapiro-Wilks test for both additions and 

deletions. This is an undesirable property for the parametric tests. However, as argued by Brown & 

Warner (1985), although there is non-normality in the abnormal returns, evidence suggests that as the 

number of sample securities increases, the cross-sectional mean converges close to normality. This 

conversion happens in very small samples, and standard parametric tests will therefore usually exhibit 

the appropriate probability of type I errors. Nevertheless, it is recommended to also implement 

nonparametric tests to decrease exposure to this assumption. 

Non-normality of abnormal trading volume 
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The problem of non-normality is more severe for abnormal trading volume. Prior methodological 

studies on abnormal trading volume conclude that the raw abnormal trading volume is highly non-

normal, with positive skewness and kurtosis (Ajinkya & Jain, 1989; Cready & Ramanan, 1991). As 

can be seen in Appendix 11.1.3, this is also what is found in the sample at hand and normality can be 

rejected. To increase robustness of the analysis, winsorization has been tested to avoid heavy impact 

from a few outliers. However, this analysis is left out of the results as a result of little material effect 

to the economic interpretation of the results (see Appendix 11.1.4). A different remedy, however, is 

that the nonparametric tests still are well specified, because they do not require normality. As found 

by Campbell & Wasley (1996) p. 325; “The nonparametric test statistic is always more powerful in 

detecting abnormal trading volume when compared to the parametric test statistic.” 

Ad 2: Non-Synchronous trading 

The problem with non-synchronous trading is that when the returns of a security and the returns of 

the market index are each measured over a different trading interval, OLS estimates of the model 

parameters are biased and inconsistent. For instance, the daily prices and volumes applied in the data 

are adjusted “closing” prices. These prices do not occur at the same time each day, but when referring 

to them as “daily”, it is implicitly assumed that they are equally spaced at 24-hour intervals. This is 

incorrect and the nontrading effect induces biases in the moments and co-moments of returns 

(Campbell, et. al., 1997). In other words, it may be problematic with relation to the long-term evidence 

on returns when using the Carhart model. In fact, evidence suggests that shares traded infrequently 

have downward biased estimates, while those traded frequently have upward biased estimates.  

Several alternatives have been suggested, but there is no evidence of a benefit from applying these 

alternatives (Brown & Warner, 1985). Moreover, problems associated with non-synchronous trading 

are generally unimportant in event studies (Campbell, et. al., 1997). With relation to the specific 

sample, the stocks are relatively heavily traded in the event period studies because the event period 

naturally attracts higher liquidity and frequency. Therefore, this issue is not pursued further and 

considered immaterial to the results. 

Ad 3: Variance Estimation 

The most problematic component in this event study analysis, is the variance estimation. This is 

because of clustering in the data, as briefly discussed in section 5.1.3. Clustering leads to both (i) 

cross-sectional correlation of abnormal returns and volume, and (ii) distortions from event-induced 
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volatility changes. Both issues create a downward bias in the standard deviation estimated and thus 

overstates the significance of test statistics that does not account for this leading to potential type I 

error (Kothari & Warner, 2006). 

The former problem results from overlap of events in the sample across firms in calendar time (see 

Figure 18). This becomes problematic because of the fact that economy-wide, and industry-specific 

factors generate contemporaneous comovement in a security. The consequence of this overlap is that 

the covariance of the abnormal returns and volume becomes different from 0, and therefore will create 

an upward bias in the inference and reduces the power of the statistical tests (MacKinlay, 1997; 

Skrepnek & Lawson, 2001). The test statistics therefore must take this clustering into consideration. 

The second problem, event-induced volatility, may cause the standard error to be falsely estimated. 

It is caused by the event having different effects across firms, for instance because the event has 

triggered factors that are increasing uncertainty. Boehmer, et. al. (1991) finds that the standard 

deviation in the estimation window is commonly smaller than the standard deviation in the event 

period.  In fact, several studies suggests that the standard deviation may as much as double in the 

event-period (Brown & Warner, 1985). This, in turn, increases the probability of type I and type II 

errors (Boehmer, et. al., 1991). The test statistic must therefore take this clustering into account. 

In sum, both the calendar clustering and event-induced variances are important properties of the 

sample at hand. This must be kept in mind when considering the strengths and weaknesses of the 

statistical tests, as discussed in the following.  

5.2.5.2 Cross-Sectional t-tests 

Many pioneering event studies used standard t-tests. In this case, the method used is described in 

Boehmer et. al. (1991): 

𝑡-𝑠𝑡𝑎𝑡𝐴𝑅𝑡̅̅ ̅̅ ̅ =
𝐴𝑅𝑡̅̅ ̅̅ ̅

𝑆(𝐴𝑅𝑡̅̅ ̅̅ ̅)/√𝑁
=

1/𝑁∑ 𝐴𝑅𝑖,𝑡
𝑁
𝑖=1

√ 1

𝑁(𝑁−1)
∑ (𝐴𝑅𝑖,𝑡−∑

𝐴𝑅𝑖,𝑡
𝑁

𝑁
𝑖=1 )

2
𝑁
𝑖=1

    (eq. 5.2.5.1) 

Additionally, to test whether the cumulative abnormal return is different from 0 within an interval of 

days in the event period, [𝜏1; 𝜏2], one can formulate the test statistic: 

𝑡-𝑠𝑡𝑎𝑡𝐶𝐴𝑅𝜏1;𝜏2̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ =
𝐶𝐴𝑅𝜏1;𝜏2
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅

𝑆(𝐶𝐴𝑅𝜏1;𝜏2
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)/√𝑁

=
1/𝑁∑ 𝐶𝐴𝑅𝑖,𝜏1;𝜏2

𝑁
𝑖=1

√ 1

𝑁(𝑁−1)
∑ (𝐶𝐴𝑅𝑖,𝜏1;𝜏2−∑

𝐶𝐴𝑅𝑖,𝜏1;𝜏2
𝑁

𝑁
𝑖=1 )

2
𝑁
𝑖=1

 (eq. 5.2.5.2) 
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These two test statistics, follow a student’s t-distribution with 𝑁 − 𝑘 degrees of freedom, where 𝑘 is 

the number of coefficients required in the normal return model. The tests assume that each stock’s 

abnormal returns are i.i.d. and therefore will converge to normality in large samples. 

This test will also be applied on the mean volume ratio, 𝑀𝑉𝑅𝑡, in the short-term event window. The 

test-statistic is calculated identically to 𝐴𝑅𝑡̅̅ ̅̅ ̅ , eq. 5.2.5.1, however the hypothesized value (1) is 

subtracted from the observed 𝑀𝑉𝑅𝑡. 

𝑡-𝑠𝑡𝑎𝑡𝑀𝑉𝑅𝑡 =
𝑀𝑉𝑅𝑡−1

𝑆(𝑀𝑉𝑅𝑡)/√𝑁
=

1/𝑁∑ 𝑉𝑅𝑖,𝑡
𝑁
𝑖=1 −1

√ 1

𝑁(𝑁−1)
∑ (𝑉𝑅𝑖,𝑡−∑

𝑉𝑅𝑖,𝑡
𝑁

𝑁
𝑖=1 )

2
𝑁
𝑖=1

   (eq. 5.2.5.3) 

Strengths of the cross-sectional t-test 

The test statistics in eq. 5.2.5.1-3 use standard deviations that are estimated based on the event-day 

cross-sectional variation. In other words, the standard deviation is calculated based on variation across 

stocks at each event day. This is important because it implies that the standard deviation will vary 

through time. It therefore reveals one of the strengths of the cross-sectional t-test, which is that it is 

well-specified, even in the case of event-induced volatility (Boehmer, et. al., 1991).  

Weaknesses of the cross-sectional t-test 

The drawback is that it assumes that the variance of the aggregated abnormal returns can be calculated 

without considering covariance between individual samples (i.e., they are assumed independently and 

identically distributed). As previously mentioned, there is event overlap in calendar time present in 

the sample, making this assumption unrealistic and implying that the t-test may have a downward 

bias. 

5.2.5.3 Crude Dependency Adjustment 

The crude dependency adjustment is fairly similar to the cross-sectional t-test. However, instead of 

using the variance from the event period as an estimator of the variance, it applies a variance estimated 

from the estimation window.  This can be done because, under the null-hypothesis and conditional on 

the normal return model, the abnormal returns will by jointly normally distributed with a conditional 

mean of 0 and a conditional variance. The ‘trick’ is that the conditional variance is considered 

constant across time. This is because the variance from the sampling error (which may lead to serial 

correlation) is assumed to be approximately zero in large samples. Therefore, the remaining source 
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of variance is the variance of the abnormal returns individually for each stock, 𝜎𝐴𝑅𝑖
2 16. Thus, the 

estimated standard deviation in the estimation window can analogously be applied on any day in the 

event period. 

Conclusively, there are two steps in order to calculate the standard deviation for  𝐴𝑅𝑡̅̅ ̅̅ ̅; 1) calculate 

the variance of the abnormal return of each stock individually across time in the estimation window, 

and 2) calculate a cross-sectional average standard deviation from the standard deviations presented 

in 1). The test statistic then becomes: 

𝐶𝐷𝐴𝐴𝑅𝑡̅̅ ̅̅ ̅ =
𝐴𝑅𝑡̅̅ ̅̅ ̅

𝑆(𝐴𝑅̅̅ ̅̅ )
=

1/𝑁∑ 𝐴𝑅𝑖,𝑡
𝑁
𝑖=1

1

𝑁
√∑

1

𝑇−1
∑ (𝐴𝑅𝑖𝑡−∑

𝐴𝑅𝑖𝑡
𝑇

𝑇
𝑡=1 )

2
𝑇
𝑡=1

𝑁
𝑖=1

    (eq. 5.2.5.4) 

Where 𝑡 is the specific day and T is the total number of days in the estimation window (i.e., 𝑇 =

140). Note that because the standard deviation in eq. 5.2.5.4 is constant through time, there is no 𝑡 

subscript in the standard deviation. This also allows for an aggregation of 𝑆(𝐶𝐴𝑅𝜏1;𝜏2
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅) across time 

as:  

𝐶𝐷𝐴𝐶𝐴𝑅𝜏1;𝜏2̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ =
𝐶𝐴𝑅𝜏1;𝜏2
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅

𝑆(𝐶𝐴𝑅𝜏1;𝜏2
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)

=
1/𝑁 ∑ 𝐶𝐴𝑅𝑖,𝜏1;𝜏2

𝑁
𝑖=1

√∑ 𝑆2(𝐴𝑅𝑡̅̅ ̅̅ ̅)
𝜏2
𝑡=𝜏1

     (eq. 5.2.5.5) 

Both of these CDA tests, assume a student’s t-distribution under the null hypothesis with 𝑁 − 𝑘 

degrees of freedom, where 𝑘 is the number of coefficients required to estimate the normal return. 

The CDA with respect to the 𝑀𝑉𝑅𝑡, in the short-term event window is calculated as in eq. 5.2.5.4. In 

other words: 

𝐶𝐷𝐴𝑀𝑉𝑅𝑡 =
𝑀𝑉𝑅𝑡

𝑆(𝑀𝑉𝑅)
=

1/𝑁∑ 𝑉𝑅𝑖,𝑡
𝑁
𝑖=1 −1

1

𝑁
√∑

1

𝑇−1
∑ (𝑉𝑅𝑖𝑡−∑

𝑉𝑅𝑖𝑡
𝑇

𝑇
𝑡=1 )

2
𝑇
𝑡=1

𝑁
𝑖=1

    (eq. 5.2.5.6) 

Strengths of the CDA test 

In comparison to the cross-sectional t-statistic, the CDA test differs in that it estimates the standard 

deviation individually for each stock across time in the estimation window (step 1). This will have 

the benefit of accounting for cross-sectional dependence because the variability of the returns through 

 

16 The variance in smaller samples of would be 𝜎2(𝐴𝑅𝑖,𝑡) = 𝜎𝐴𝑅𝑖
2 +

1

𝐿
[1 +

(�̂�𝑡−�̅̂�)
2

�̂�2
], where X represent the information 

factors included in the models. The second term is the sample error of the coefficients and approaches 0 in large 

samples. 
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time incorporates the cross-dependence that exist among the return on the stocks (Kothari & Warner, 

2006). 

Weaknesses of the CDA test 

Nevertheless, it is still a requirement for the CDA that the abnormal returns be i.i.d. As previously 

noted, this is not realistic because of calendar-time clustering being present in the sample which is 

not accounted for in the CDA. This is also why the dependency adjustment is referred to as a “crude” 

one (Brown & Warner, 1980). Moreover, as the estimator of the standard deviation is constant 

through time, it will not be able to capture event-induced volatility. 

5.2.5.4 Adjusted BMP Test 

Modern studies commonly standardize the abnormal returns before the cross-sectional aggregation 

(Skrepnek & Lawson, 2001). This was popularized by, among others, Patell (1976), where each 𝐴𝑅𝑖,𝑡 

is standardized by its standard deviation: 

𝑆𝐴𝑅𝑖,𝑡 =
𝐴𝑅𝑖,𝑡

𝑆(𝐴𝑅𝑖)
=

𝐴𝑅𝑖,𝑡

1

𝑁
√ 1

𝑇−1
∑ (𝐴𝑅𝑖𝑡−∑

𝐴𝑅𝑖𝑡
𝑇

𝑇
𝑡=1 )

2
𝑇
𝑡=1

     (eq. 5.2.5.7) 

The intuition behind the standardization in 5.2.5.7 is that each individual observation is weighted with 

the inverse of the standard deviation. In other words, more volatile observations (and therefore also 

more noisy observations) get less weight in the averaging than the more reliable observations. This 

has the drawback of being more difficult to interpret, but it has proven to display better statistical 

properties for testing than abnormal returns. Hence, these scaled returns should be used for statistical 

testing, while the raw returns should carry the economically intuitive information for interpretation 

(Kolari & Pynnönen, 2010). 

In this context, it should be noted that it also common to apply a forecast-error correction (or an event 

period correction) because the event-window abnormal returns are out-of-sample predictors 17 . 

 

17
 The commonly used Patel (1976) adjustment for the market model is defined as 𝑆𝐴𝑅𝑖,𝑡

2 = 𝑆𝐴𝑅𝑖
2 (1 +

1

𝑀𝑖
+

(𝑅𝑚,𝑡−�̅�𝑚)
2

∑ (𝑅𝑚,𝑡−�̅�𝑚)
2𝜏1

𝑡=𝜏0

). Where �̅�𝑚 is the average market return in the estimation window and 𝑆𝐴𝑅𝑖
2  is estimated as in eq. 

5.2.5.9. A slight modification in this instance would be required, by assuming the Carhart model and the market-

adjusted model. 
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However, as argued by Serra (2004), this can safely be ignored if the estimation period is sufficiently 

long. 

The BMP test is a built on Patell (1976), in that it also applies the standardization in eq. 5.2.5.7. The 

standardization in the BMP test, estimates the standard deviation individually for each stock in the 

estimation window, as in the CDA in eq. 5.2.5.4. Note again that this is why the standard deviation 

in this equation does not have a time subscript, 𝑡. After obtaining 𝑆𝐴𝑅𝑖,𝑡, the steps performed are 

identical to the cross-sectional t-test (eq. 5.2.5.1-2). In other words, one can test the null of  𝑆𝐴𝑅𝑡̅̅ ̅̅ ̅̅ ̅ =

0, by: 

𝐵𝑀𝑃𝑆𝐴𝑅𝑡̅̅ ̅̅ ̅̅ ̅ =
𝑆𝐴𝑅𝑡̅̅ ̅̅ ̅̅ ̅

𝑆(𝑆𝐴𝑅𝑡̅̅ ̅̅ ̅̅ ̅)
=

1/𝑁∑ 𝑆𝐴𝑅𝑖,𝑡
𝑁
𝑖=1

√
1

𝑁(𝑁−1)
∑ (𝑆𝐴𝑅𝑖,𝑡−∑ 𝑆𝐴𝑅𝑖,𝑡/𝑁

𝑁
𝑖=1 )

2𝑁
𝑖=1

   (eq. 5.2.5.8) 

With respect to the cumulative abnormal returns, the same procedure applies. First a standardization 

of each stock’s abnormal return on each event day: 

𝑆𝐶𝐴𝑅𝑖,𝜏1;𝜏2 =
𝑆𝐶𝐴𝑅𝑖,𝜏1;𝜏2

𝑆(𝑆𝐶𝐴𝑅𝑖,𝜏1;𝜏2)
=

𝐶𝐴𝑅𝑖,𝜏1;𝜏2

1

𝑁
√

1

𝑇−1
∑ (𝐶𝐴𝑅𝑖,𝜏1;𝜏2−∑ 𝐶𝐴𝑅𝑖,𝜏1;𝜏2/𝑇

𝑇
𝑡=1 )

2𝑇
𝑡=1

  (eq. 5.2.5.9) 

Then a test of the cross-sectional average by using a cross-sectional standard deviation estimated in 

the event interval. 

𝐵𝑀𝑃𝑆𝐶𝐴𝑅𝜏1;𝜏2̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ =
𝑆𝐶𝐴𝑅𝜏1;𝜏2
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝑆(𝑆𝐶𝐴𝑅𝜏1;𝜏2
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ )

=
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𝑖=1

√
1
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𝑁
𝑖=1 )

2𝑁
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 (eq. 5.2.5.10) 

Finally, the problem with the BMP correction is that it does not account for additional bias caused by 

calendar clustering. Therefore, Kolari & Pynnönen (2010) proposed a modification to the BMP test. 

They show, that because scaled abnormal returns have the same variance, the implied cross-

correlation problem can be reduced into the single number of average cross-correlation: 

𝐴𝑑𝑗. 𝐵𝑀𝑃 = 𝐵𝑀𝑃√
1

(1+(𝑁−1)�̅�)
      (eq. 5.2.5.11) 

Where �̅� is the average of the sample cross-correlation of the estimation window abnormal returns. 

The test statistics for both 𝑆𝐴𝑅𝑡 and 𝑆𝐶𝐴𝑅𝜏1;𝜏2 are distributed by a Student’s t-distribution with 𝑁𝑖 −

𝑘 degrees of freedom under the null. 
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The correlation, �̅�, is estimated in two steps: 1) calculate the Pearson correlation18 between all pairs 

of observations 𝑖  and observation 𝑗, where 𝑗 ≠ 𝑖 , in the estimation window, and 2) calculate the 

arithmetic average of all pairs of observations: 

�̅� = ∑ �̂�𝑖,𝑗/𝑁
𝑁
𝑖=1         (eq. 5.2.5.12) 

Where 𝑖 ≠ 𝑗. As seen in this adjustment, if �̅� is assumed 0, the adjusted BMP statistic is equal to the 

unadjusted BMP. It is also emphasized that under the assumption of the square root rule of standard 

deviation of returns, the correlation factor is equal when testing 𝐴𝑅 and 𝐶𝐴𝑅. 

Strengths of the Adjusted BMP test 

The BMP test can be considered as a hybrid between the cross-sectional t-test and the CDA. This is 

because the standardization in eq. 5.2.5.7 uses the standard deviation of the estimation window (as in 

the CDA). Moreover, the test statistic in eq. 5.2.5.8 and eq. 5.2.5.10 applies the cross-sectional 

standard deviation on the event day (as in the t-test). Therefore, it considers both cross-sectional 

dependency and event-induced volatility. Moreover, when adjusting the traditional BMP for 

calendar-time clustering, it becomes robust to calendar-time clustering, also in longer event periods 

(Kolari & Pynnönen, 2010). 

Weakness of the Adjusted BMP test 

Although the Adjusted BMP test is considered to adjust for both types of clustering, its superiority is 

not uncontested. There is still debate to whether it is an improvement of the standard BMP test 

(Dionysiou, 2015). This will not be pursued further in this thesis. However, the weakness of the 

Adjusted BMP is simply that it has an increased complexity to the other tests. Moreover, it cannot be 

applied to the market-adjusted return in the short-term event period because the market adjusted 

return does not have an estimation window.  

5.2.5.5 Nonparametric Tests 

The nonparametric tests are generally used as a supplement to parametric tests in the event study 

methodology. This is because nonparametric tests have the benefit of being free of assumptions 

 

18 Pearson correlation is calculated as: �̂�𝑖,𝑗 =
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regarding the distribution of stock returns and are less sensitive to outliers (Skrepnek & Lawson, 

2001; Cowan, 1992). 

The two most often used nonparametric tests are the generalized sign test and the rank test (Skrepnek 

& Lawson, 2001). In this instance, it is considered that the generalized sign test, proposed by Cowan 

(1992), is the most beneficial. This is because, even though it is known that the rank test is better 

under some conditions, the generalized sign test is less sensitive to longer event windows (Cowan, 

1992). Moreover, the generalized sign test is robust to event-induced volatility and robust to a certain 

degree of calendar-time clustering (Kolari & Pynnonen, 2011). It is also standard in the literature (i.e., 

Bechmann, 2002; Brooks, et. al., 2008). 

The Cowan generalized sign test compares the number of observations that has a positive sign on a 

specific day in the event period with the average number of observations with a positive sign in the 

estimation window. Hence, it does not consider the size of the effect, but only the sign of the effect. 

𝑆𝑖𝑔𝑛𝑡𝑒𝑠𝑡 =
𝐴−𝑁𝑝

√𝑁𝑝(1−𝑝)
        (eq. 5.2.5.13) 

Where: 

𝑝 =
1

𝑁
∑

1

𝑇

𝑁
𝑖=1 ∑ 𝜑𝑖,𝑡

𝜏2
𝑡=𝜏1

       (eq. 5.2.5.14) 

Where 𝑁  is the number of observations in the sample, 𝐴  is the number of stocks with positive 

𝐴𝑅𝑖,𝑡/𝐶𝐴𝑅𝜏0;𝜏1/𝑉𝑅𝑖,𝑡 on the event day, 𝑇 is the length of the estimation window, and 𝜑 is 1 if the 

𝐴𝑅𝑖,𝑡/𝐶𝐴𝑅𝜏0;𝜏1/𝑉𝑅𝑖,𝑡 has a positive sign in the estimation window and 0 otherwise. In words, 𝑝 is 

the share of the total number of stocks in the estimation window that have positive 

𝐴𝑅𝑖,𝑡/𝐶𝐴𝑅𝜏0;𝜏1/𝑉𝑅𝑖,𝑡.The test assumes a normal approximation of the binominal distribution of 𝑝 

and 𝑁 (Cowan, 1992). 

The 𝑝 estimated is different depending on what measure is testes (𝐴𝑅̅̅ ̅̅ , 𝐶𝐴𝑅̅̅ ̅̅ ̅̅  or 𝑀𝑉𝑅), which normal 

model is used (Carhart or Market-Adjusted) and finally whether it is for additions and deletions. The 

estimates for 𝑝 are presented in Appendix 11.1.6. Lastly, it is noted that the test for a permanent 

change in volume, i.e., the hypothesis tests in eq. 5.2.4.4-5, does not use an estimation window and 

therefore assumes a p of 0,5. 

Strengths of the Generalized Sign Test 
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The strength of the generalized sign test is that it is less restrictive in its assumption. As previously 

discussed, there is problems with relation to the non-normality of both abnormal returns and abnormal 

volume, suggesting that a sign test can be a beneficial supplement. 

Weaknesses of the Generalized Sign Test 

The main weakness of this test is that it does not take the size of the underlying effect into account. 

Therefore, it ignores essential structures of the underlying data. 

5.2.5.6 Difference in means 

Finally, to test for a permanent increase of 𝑀𝑉𝑅𝑡 in the long-term window, a difference in means test 

is applied (Stock & Watson, 2011). The test performed compares the average 𝑀𝑉𝑅𝑡  aggregated 

across time between a defined pre and post period. As mentioned, these two periods are defined as 

[𝐸𝐷 − 120; 𝐸𝐷 − 30]  and [𝐸𝐷 + 30; 𝐸𝐷 + 120] , respectively. In other words, to calculate the 

statistic, the first step required is a time-series aggregation of each event-day in the specified periods 

for all stocks: 

𝑀𝑉𝑅𝑝𝑟𝑒 =
1

𝑁
∑ 𝑀𝑉𝑅𝑝𝑟𝑒,𝑖
𝑁
𝑖=1 =

1

𝑁
∑

1

𝑇
∑ 𝑉𝑅𝑖,𝑡
−30
𝑡=−120

𝑁
𝑖=1     (eq. 5.2.5.15) 

𝑀𝑉𝑅𝑝𝑜𝑠𝑡 =
1

𝑁
∑ 𝑀𝑉𝑅𝑝𝑜𝑠𝑡,𝑖
𝑁
𝑖=1 =

1

𝑁
∑

1

𝑇
∑ 𝑉𝑅𝑖,𝑡
120
𝑡=30

𝑁
𝑖=1     (eq. 5.2.5.16) 

Then, the test statistic is calculated: 

𝑡-𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐 =
𝑀𝑉𝑅𝑝𝑜𝑠𝑡−𝑀𝑉𝑅𝑝𝑟𝑒

𝑆𝐸(𝑀𝑉𝑅𝑝𝑜𝑠𝑡−𝑀𝑉𝑅𝑝𝑟𝑒)
=

𝑀𝑉𝑅𝑝𝑜𝑠𝑡−𝑀𝑉𝑅𝑝𝑟𝑒

√𝑆𝑝𝑜𝑠𝑡
2 /𝑁+𝑆𝑝𝑟𝑒

2 /𝑁
     (eq. 5.2.5.17) 

The standard deviations for 𝑀𝑉𝑅𝑝𝑟𝑒 and 𝑀𝑉𝑅𝑝𝑜𝑠𝑡 are estimated cross-sectional in the two periods: 

𝑆(𝑀𝑉𝑅𝑝𝑟𝑒) = √ 1

𝑁−1
∑ (𝑀𝑉𝑅𝑝𝑟𝑒,𝑖 −

1

𝑁
∑ 𝑀𝑉𝑅𝑝𝑟𝑒,𝑖
𝑁
𝑖=1 )

2
𝑁
𝑖=1     (eq. 5.2.5.18) 

𝑆(𝑀𝑉𝑅𝑝𝑜𝑠𝑡) = √ 1

𝑁−1
∑ (𝑀𝑉𝑅𝑝𝑜𝑠𝑡,𝑖 −

1

𝑁
∑ 𝑀𝑉𝑅𝑝𝑜𝑠𝑡,𝑖
𝑁
𝑖=1 )

2
𝑁
𝑖=1    (eq. 5.2.5.19) 

This test assumes a student’s t-distribution with 𝑁 − 𝑘  degrees of freedom. The strength and 

weaknesses of this test can be seen in parallel with the cross-sectional t-test presented earlier. In other 

words, it simply assumes that the cross-correlation between observations is 0 and is therefore not able 

to capture cross-sectional clustering. Nevertheless, it is able to capture differences in variance across 

the pre and post period. 
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5.2.5.7 Strengths and Weaknesses of the test statistics 

The discussion presented above has had two parts. First, a discussion of the most important properties 

in abnormal returns and volume that may have an impact on the statistical tests. This is summarized 

in Table 4. As seen in the table, all these challenging properties are present in the sample at hand. 

Especially important, are the problems of calendar-time clustering and event-induced volatility. 

These properties are important to keep in mind, when looking at the strengths and weaknesses of the 

statistical tests presented above. 

Table 5 presents a summary of the strengths and weaknesses of the statistical tests presented in this 

section. From the discussion, it is clear that the parametric tests in general are not as affected by non-

normality nor non-synchronous trading. This implies that parametric tests may be well-specified. 

However, because of calendar-time clustering and event-induced volatility, the test statistics that do 

not appropriately adjust for this will be biased upward. As discussed above, and summarised in the 

table below, the cross-sectional t-test can adjust for event-induced volatility, while the CDA can 

adjust for cross-sectional dependence. Therefore, it is expected that both differ depending on which 

property that is the most important to adjust for. However, the adjusted BMP test is able to adjust for 

both calendar-time clustering and event-induced volatility and should therefore be the test with the 

highest power and least likelihood of type I errors. It is therefore expected that the adjusted BMP is 

more conservative than the other two, but also the more appropriate. Lastly, with relation to the sign 

test, non-normality is considered less important in the short-term event window. However, it is 

considered moderately important in the long-term and is therefore supplied as a supplement. 

With relation to abnormal volume, as seen in Table 4, it is considered that the non-normality of 

abnormal volume to be a more important problem than for abnormal return. Moreover, both event-

Table 4 - Summary of section 5.2.5.1. Importance of properties in the sample at hand 

Sample Properties
Short-term

 event period

Long-term

event period

Presence in 

sample at hand

Non-normality of Abnormal 

Returns
Low Moderate Moderate

Non-normality of Abnormal 

Volume
Moderate Moderate High

Non-Synchronous Trading Low Low Moderate

Calendar-Time Clustering Moderate High High

Event-induced volatility Moderate High High

Theoretical importance of bias 

introduced by sample property



5 Event-Study Methodology 

66 

 

induced volatility and calendar-time clustering will also have a severe impact on the tests. 

Conclusively, special emphasis is put on the sign test because it is less restrictive in its requirements 

of non-normality. This applies both for the test of the null hypothesis 𝑀𝑉𝑅𝑡 = 0, but also the long-

term difference in means test, 𝑀𝑉𝑅𝑝𝑜𝑠𝑡 −𝑀𝑉𝑅𝑝𝑟𝑒 = 0. 

5.3 COMOVEMENT 

The econometric model for comovement is based on event-study methodology proposed by Vijh 

(1994). The objective of the methodology in comovement is to estimate the event-induced change in 

comovement between stocks upon OSEBX inclusion and exclusion. To achieve this goal, the change 

in beta must be estimated across all inclusion and deletion events: 

𝐸(𝑅𝑖,𝑡) = 𝛼𝑖 + 𝛽𝑖𝑅𝑚,𝑡 + 𝜖𝑖,𝑡       (eq. 5.3.1) 

Δ𝛽𝑖 = 𝛽𝑖,𝑝𝑜𝑠𝑡 − 𝛽𝑖,𝑝𝑟𝑒        (eq. 5.3.2) 

In parallel with abnormal returns, the observations are aggregated across observations, as the 

arithmetic average change in beta 19  across all stocks before and after the addition or deletion, 

respectively: 

Δ𝛽̅̅̅̅ =
1

𝑁
∑ Δ𝛽𝑖
𝑁
𝑖=1         (eq. 5.3.3) 

To obtain an appropriate estimator of the coefficients, the regression is performed by simple OLS. 

Details about the linear OLS regression and its assumptions are supplied in Appendix 11.1.7, but can 

be skipped without the loss of continuity. The beta measures the average change in the returns of 

 
19 The beta of a stock is estimated by OLS and can be formally defined as 𝛽𝑖 =

𝐶𝑜𝑣(𝑅𝑖,𝑅𝑚)

𝑉𝑎𝑟(𝑅𝑚)
 

Table 5 - Summary of strengths and weaknesses of test statistics. 

Test Statistic Strength Weakness Used for testing the null

Cross-sectional t-test
Simplicity + Accounts for event-

induced volatility
Prone to calendar clustering

Crude Dependency Adjustment
Accounts for cross-sectional 

dependence

Prone to calendar clustering and 

event induced volatility

Patell Standardized Residual 

Statistic

Decreases weight of unreliable 

observations

Prone to event-induced volaility and 

calendar clustering

BMP test
As Patell, but accounts for event-

induced volatility
Prone to calendar clustering

Adjusted BMP test
As BMP test, but also accounts for 

calendar clustering

Increased complexity and cannot be 

used with market-adjusted model

Generalized Sign Test Less restrictive assumptions

Ignores the magnitude of the 

abnormal return and abnormal 

volume

Difference-in-means test
Simplicity + Accounts for event-

induced volatility
Prone to calendar clustering

𝐴𝑅𝑡 = 0, 𝐶𝐴𝑅𝜏1 ;𝜏2 = 0,𝑀𝑉𝑅𝑡 = 0

𝐴𝑅𝑡 = 0, 𝐶𝐴𝑅𝜏1;𝜏2 = 0,𝑀𝑉𝑅𝑡 = 0

𝑁 𝑡𝑈𝑠𝑒𝑑

𝐶𝐴𝑅𝜏1 ;𝜏2 = 0

𝑁 𝑡𝑈𝑠𝑒𝑑

𝐴𝑅𝑡 = 0, 𝐶𝐴𝑅𝜏1;𝜏2 = 0,

𝑀𝑉𝑅𝑡 = 0,𝑀𝑉𝑅𝑝𝑜𝑠𝑡 −𝑀𝑉𝑅𝑝𝑟𝑒 = 0

𝑀𝑉𝑅𝑝𝑜𝑠𝑡 −𝑀𝑉𝑅𝑝𝑟𝑒 = 0
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security 𝑖 , associated with a one-unit change in the market return. Again, the market return is 

represented by the OSEAX index. 

5.3.1 The OSEBX Index as a Category and a Habitat 

Excess comovement is driven by investors investing in category-based products or in their natural 

‘habitat”, as described in the literature review in Section 4. It is therefore necessary to define why the 

OSEBX index is a proper category/habitat, in addition to the mechanisms described in the literature 

review, before a test for excess return comovement can be performed.  

The growing popularity of OSEBX-linked products suggests that the index is a natural category for 

many. Category-based products as OSEBX index funds, futures, and options, are growing in 

popularity among institutional investors and index arbitrageurs. In particular, the growth of OSEBX 

index funds may indicate that investors who doubt the performance of active fund, view the OSEBX 

as their natural habitat. Moreover, even if investors trade OSEBX futures and options rather than the 

underlying stocks, the price effect of these financial products will still affect the cash market through 

index arbitrageurs. The stocks in the OSEBX are also liquid and traded by financial institution, which 

means that market-wide cash-flow news is likely to be quickly incorporated in the stock prices. In 

sum, the OSEBX is as a result a natural category and habitat for many investors in Norway.  

5.3.2 Frequencies 

In contrast to the methodology in returns, comovement has the benefit of not being constricted to only 

daily returns. Different frequencies provide different properties of the data and will also reveal insight 

to which of the hypotheses are appropriate depictions of the index effect. More generally, the 

advantage of running tests on longer frequencies is that it contains less noise. Therefore, weekly 

observations are also included in addition to daily frequencies20.  

 
20 It should be noted that monthly observations will not be included. This is to avoid longer estimation windows than 

one year while also maintaining a high number of observations in the coefficient estimates. 
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5.3.3 Determining the Pre and Post Estimation Windows 

In parallel with the discussion regarding event period and estimation window in section 5.2.1, when 

determining the length of the pre and post estimation windows, one must balance a trade-off. A longer 

estimation window implies increased accuracy of estimation, but also an increasing risk of structural 

breaks (changes in true coefficients). In this instance, two symmetric estimation periods are selected. 

The first is a symmetric pre and post period, each lasting one year. This is the same length as in 

Barberis, et. al. (2002). In addition, an additional event study using a 6-month pre and post estimation 

period is supplied for daily frequency only. This shorter estimation period is included because it will 

allow for the inclusion of more observations in the sample as it will lead to fewer overlaps (see section 

5.1). The 6-month window is also restricted to only daily observations to maintain enough 

observations for statistical accuracy. The pre window is defined as ending the month before the month 

of the announcement day (AD), while the post window starts the month after the month after the 

effective day (ED), as depicted in Figure 22.  

5.3.4 Defining the Hypotheses 

Since the stated goal of the OSEBX index is to represent the Norwegian economy, not to provide any 

signals about potential cash flow, a stock’s inclusion into the OSEBX index should have no effect on 

its cash flow variance with the cash flow of other stocks. It implies that the beta coefficients of the 

added (removed) stocks should not change after inclusion (deletion).  Any beta changes would signal 

excess comovement between the stock’s returns.  

In other words, from the aggregation in eq. 5.3.3, the eventual goal is to test the following hypothesis: 

𝐻0: Δ𝛽̅̅̅̅ = 0, 𝐻1:Δ𝛽̅̅̅̅ ≠ 0       (eq. 5.3.4.1) 

A significant test statistic implies that one can reject the null of no change in beta after the 

inclusion/exclusion of the OSEBX index and therefore that there is an index effect.  

Figure 22 - Timeline of Additions and Deletions 
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5.3.5 Test Statistics and Standard Deviation 

As with the problems observed when studying abnormal returns and volume, there are several 

challenges with the test statistics in this event study. The most notable problem is nonsynchronous 

trading. As previously mentioned, stocks traded infrequently have downward biased estimates, while 

those traded frequently have upward biased estimates. As argued by Chen et. al. (2016) this could 

create a spurious ‘index effect’ because stock outside the index usually have lower trading frequency 

than index constituents. As will become clear in section 6.2, an increase in volume can be rejected, 

suggesting that this is unproblematic in this study.  

Another important challenge stem from the calendar time clustering described in section 5.2.5, which 

is even more severe in this study, as all observations from the same revisions will perfectly overlap. 

To account for this cross-sectional and time-dependent variance, heteroskedasticity- and 

autocorrelation-consistent (HAC) standard errors are applied. This is performed by first calculating 

the standard deviation assuming that the observations are i.i.d.: 

𝑆Δβ̅ = √
1

𝑁−1
∑ (Δ𝛽𝑖 − Δ𝛽̅̅̅̅ )

2𝑁
𝑖=1       (eq. 5.3.5.1) 

Where 𝑁 is the number of stocks in the sample. Second, because this standard deviation assumes no 

dependency, it must be multiplied by an estimator of an additional factor taking correlation into 

account: 

𝑆Δ�̅�,𝐻𝐴𝐶 = 𝑆Δβ̅𝑓𝑇        (eq. 5.3.5.2) 

Where 𝑓𝑇  is an adjustment factor due to correlation between cross-sectional correlation and 

autocorrelation. The task of estimating a consistent estimator of 𝑓𝑇 is challenging. This is because (i) 

estimating all correlation coefficients individually will require the estimation of numerous correlation 

estimators making it inconsistent, and (ii) using only a few correlation coefficients as an estimator 

will be inconsistent because it ignores the remaining correlations at higher lags. Therefore, the 

Newey-West compromise is applied: 

𝑓𝑇 = 1 + 2∑
𝑚−𝑗

𝑚
�̂�𝑗

𝑚−1
𝑗=1        (eq. 5.3.5.3) 

Where �̂�𝑗 is the estimated correlation coefficient for stock 𝑗, 𝑚 is the truncation parameter and 𝑇 is 

the sample size. 
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In this instance 𝑓𝑇 is calculated as in Newey-West, using the standard truncation parameter21 (Stock 

& Watson, 2011). In practice, this is achieved by first regressing Δ�̅�𝑡 on a constant, and second testing 

using the Newey West standard errors: 

t-statΔ�̅�𝑡 = Δ�̅�𝑡/𝑆Δ�̅�,𝐻𝐴𝐶       (eq. 5.3.5.4) 

This test follows a student’s t-distribution, with 𝑁 − 𝑘 degrees of freedom. 

Additionally, a nonparametric test is included. This is because, as previously mentioned, 

nonparametric tests have the benefit of imposing less restrictive assumptions about the distribution 

of the change in the coefficients estimated. In parallel with the tests on volume and return, a 

generalized sign test of Cowan (1992) is included. However, instead of estimating the parameter 𝑝 in 

some normal period, it is assumed that 𝑝 = 0,5. The sign test can therefore be formally defined as: 

𝑍-𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐 =
𝐴−0,5𝑁

√𝑁0,5(1−0,5)
       (eq. 5.3.5.5) 

Where 𝑁 is the number of observations, 𝐴 is the number of stocks with positive (negative) Δ𝛽𝑖 for 

additions (deletions). The test assumes a normal approximation of the binominal distribution of 𝑝 and 

𝑁 (Cowan, 1992). 

The strengths and weaknesses of the three test statistics is summarized in Table 6: 

 

5.3.6 Assessment of Information Diffusion Perspective 

As discussed in the literature review section 4.3, the information diffusion perspective has two 

propositions that differs from the other demand-driven theories.  

Proposition 1: 

 
21 The truncation parameter is calculated 𝑚 = 0.75𝑇1/3 in 𝑓𝑇 = 1 + 2∑

𝑚−𝑗

𝑚
�̂�𝑗

𝑚−1
𝑗=1 , where �̂�𝑗 is the estimators of the 

correlation coefficients. 

Table 6 - Strengths & weaknesses of test statistics 

Test statistic Strengths Weaknesses

t-test Simplicity
Does not consider autocorrelation or 

heteroskedasticity

HAC-test
Considers autocorrelation and 

heteroskedasticity

Relatively reliant on assumptions on the 

distribution of the coefficients

Sign test
Less restrictive assumptions on the distribution 

of the coefficients

Does not consider the magnitute of the 

coefficient changes, but only the sign
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First, the information-based view suggests that pre-inclusion weekly betas are larger than pre-

inclusion daily betas for added stocks because common information is assumed to already be 

incorporated in the weekly returns (Barberis et. al., 2005). 

Consequently, the change in comovement should also be greater at daily frequencies compared to the 

weekly frequencies if the information diffusion perspective is correct. In other words, if the 

information diffusion perspective is the appropriate, it must be true for added stocks that: 

𝛽𝑝𝑟𝑒,𝑤𝑒𝑒𝑘𝑙𝑦̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ > 𝛽𝑝𝑟𝑒,𝑑𝑎𝑖𝑙𝑦̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅        (eq. 5.3.6.1) 

Δ𝛽̅̅̅̅ 𝑑𝑎𝑖𝑙𝑦 > Δ𝛽̅̅̅̅̅
𝑤𝑒𝑒𝑘𝑙𝑦        (eq. 5.3.6.2) 

It implies for deleted stocks: 

𝛽𝑝𝑜𝑠𝑡,𝑤𝑒𝑒𝑘𝑙𝑦̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ > 𝛽𝑝𝑜𝑠𝑡,𝑑𝑎𝑖𝑙𝑦̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅       (eq. 5.3.6.3) 

Δ𝛽̅̅̅̅ 𝑑𝑎𝑖𝑙𝑦 > Δ𝛽̅̅̅̅̅
𝑤𝑒𝑒𝑘𝑙𝑦        (eq. 5.3.6.4) 

Proposition 2: 

Another proposition concerns the lag of information. The information predicts that the information 

aggregation lag should fall when the stock is in the index as a result of a shorter window between 

breaking news and stock price reaction. If that is the case, then the lagged daily beta must be positive 

and large prior to inclusion and to decline substantially post-inclusion. The opposite applies for 

deletions. In other words, for added stocks: 

𝛽𝑙𝑎𝑔,𝑝𝑟𝑒̅̅ ̅̅ ̅̅ ̅̅ ̅̅ > 𝛽𝑙𝑎𝑔,𝑝𝑜𝑠𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅         (eq. 5.3.6.5) 

It implies for deleted stocks: 

𝛽𝑙𝑎𝑔,𝑝𝑟𝑒̅̅ ̅̅ ̅̅ ̅̅ ̅̅ < 𝛽𝑙𝑎𝑔,𝑝𝑜𝑠𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅         (eq. 5.3.6.6) 

The 1-day lagged daily beta is found by regressing the future stock return at 𝑡 + 1 on the market 

portfolio (OSEAX) at 𝑡 in the same pre-defined window as earlier:  

𝐸(𝑅𝑖,𝑡) = 𝛼𝑙𝑎𝑔,𝑖 + 𝛽𝑙𝑎𝑔,𝑖𝑅𝑚,𝑡−1      (eq. 5.3.6.7) 

The average across all stocks prior to and after the inclusion is found by applying an arithmetic 

average: 
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Δ𝛽𝑙𝑎𝑔̅̅ ̅̅ ̅̅ ̅ =
1

𝑁
∑ Δ𝛽𝑙𝑎𝑔,𝑖
𝑁
𝑖=1        (eq. 5.3.6.8) 

5.3.7 Testing with Additional Controls 

As discussed in section 4.3.5, the above studies of comovement inspired by Barberis et. al. (2005) 

does not consider expected changes in the event stocks’ common factor weights around 

inclusions/exclusions. Specifically, the argument made is that the regressions in eq. 5.3.1 is an 

underspecified model, affected by omitted variable bias. As seen in Appendix 11.1.7, omitted variable 

bias is an important assumption in the Ordinary Least Squares (OLS) linear regression and a violation 

of this assumption would leave the estimator of the market beta coefficient to be biased.  

More formally, omitted variable bias is introduced in regression 5.3.1 if two conditions are present: 

(i) an omitted variable which is not included in the model has explanatory power on the expected 

return of stocks, (ii) this omitted variable is also correlated with the variable of interest (here, the 

market return) (Stock & Watson, 2011). With respect to (i), it is apparent that modern economic 

literature suggests that the Fama-French and Carhart factors do contain explanatory power of the 

expected returns of stocks (Bodie et. al., 2018). Therefore condition (i) is fulfilled. Moreover, as 

found by Fama & French (1993), the SMB and HML factors do account for much of the cross-

sectional dispersion in market betas, i.e., they are correlated with the market risk premium. Moreover, 

because the Carhart momentum factor is likely to change following the selection bias, it is important 

to control for a change of sensitivity to the PR1YR factor as well (Kasch & Sarkar, 2012; Narasimhan 

& Titman, 1993). Therefore, condition (ii) is fulfilled. Conclusively, the estimator of 𝛽𝑖 in eq. 5.3.1 

is a biased one and a BLUE22 estimate can only be obtained by adding additional controllinh factors. 

This bias can mathematically be defined  as follows: 

�̂�𝑅𝑃 = 𝛽𝑅𝑃 + 𝜌𝑅𝑃,𝑢𝜎𝑢/𝜎𝑅𝑃       (eq. 5.3.7.1) 

Where u is the residual of the OLS model in eq. 5.3.1 which is correlated with the error term because 

of the lack of control variables, i.e., SMB, HML and PR1YR. The first term is the true unbiased 

estimator of 𝛽𝑅𝑃  (market beta). However, because economic theory suggests that the model is 

underspecified, the is omitted variable bias and is different from 0 (the second term). Moreover, one 

would expect a decrease (increase) in the additional factors for additions (deletions), i.e., selection 

bias leads to abnormal returns, which leads to a larger size and therefore lower correlation with SMB 

 
22 Best Linear Unbiased Estimator 
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from pre to post. Therefore, one can expect that the change in ΔβRP̅̅ ̅̅ ̅̅ ̅ is biased upwards (downwards) 

for additions (deletions) if the additional factors are not controlled for. 

In this context, it should be mentioned that the notion that Fama-French and Carhart factors persist 

explanatory power in the common returns of stocks is a debatable one. However, an increasingly 

accumulation of literature suggests that they are relevant, at least in most markets. Moreover, as 

argued in section 5.2.2 on normal return models, the factors are considered appropriate to apply in 

this study. For that reason, it is necessary to re-examine the changes in comovement around index 

inclusions and exclusions by considering changes in the betas with respect to the Carhart (1997) return 

factors. The excess returns are regressed against the same 4-factor model as described in section 

5.2.2.3: 

𝐸(𝑅𝑖,𝑡) = 𝑎𝑖 + 𝛽𝑖,𝑅𝑃𝑅𝑃𝑡 + 𝛽𝑖,𝑆𝑀𝐵𝑆𝑀𝐵𝑡 + 𝛽𝑖,𝐻𝑀𝐿𝐻𝑀𝐿𝑡 + 𝛽𝑖,𝑃𝑅1𝑌𝑅𝑃𝑅1𝑌𝑅𝑡 + 𝜖𝑖,𝑡 (eq. 5.3.7.2) 

The three tests described in section 5.3.4-5, are performed on Δ𝛽𝑅𝑃̅̅ ̅̅ ̅̅ ̅ to investigate whether the change 

in return covariation with the market is statistically different from 0, when accounting for the 

additional empirical return factors: 

𝐻0: Δ𝛽𝑅𝑃̅̅ ̅̅ ̅̅ ̅ = 0,𝐻1:Δ𝛽𝑅𝑃̅̅ ̅̅ ̅̅ ̅ ≠ 0        (eq. 5.3.7.3) 

A rejection of the null hypothesis implies no statistically significant change in the average of firms’ 

return covariation with respect to the market returns when added or deleted to an index. In that case, 

any changes in comovement must be a product of a change in loading on one of the other return 

factors.  

6 INDEX EFFECT AND RETURN DYNAMICS 

6.1 TEMPORARY FINDINGS 

As discussed in section 5, the emphasis in this section is to look at price and volume developments 

in the short-term event window surrounding the calculation date (CD), the announcement date (AD) 

and the effective date (ED) of the index changes. The section will explore whether there is an index 

effect at all, as well as whether the observed returns and volumes support any of the previous 

presented hypotheses. It is worth mentioning that the OSEBX selection process creates some degree 

of “noise” since the arbitrageurs can enter already prior to calculation date, as argued in section 5.2.1. 
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6.1.1 Empirical Return Analysis 

As seen in Table 7 below, the t-stats, in general exhibit a smaller significance than the CDA. This 

confirms the previously expressed feature of the sample, that event-induced volatility is present and 

essential to consider.  This also implies that, in the short-term window, more weight should be put on 

the t-test, as well as the nonparametric sign test.  

Event Days around Announcement date 

Table 7 describes the price effects in a nine-day period around AD and ED. Prior to and after AD, 

both samples have mostly small, insignificant price effects, with an average impact of less than 1% 

in both samples. The AD, unsurprisingly, has the most pronounced price movements, which can be 

explained by the index revisions being reported prior to the market opening. As a result, these 

movements are consistent with arbitrageurs and indexers trading on newly revealed information. 

Furthermore, these findings are significant using the t-test and CDA for both added and removed 

stocks; however, the sign test does not return any statistical significance, despite 54% and 61% of the 

samples providing positive and negative abnormal returns, respectively. 

  

The  𝐶𝐴𝑅̅̅ ̅̅ ̅̅  over the announcement period show a negative return of -4,06% that is statistically 

significant at 99% confidence using all three tests. In comparison, the addition sample exhibits only 

Notes: The 𝐴𝑅̅̅ ̅̅ s are represented in the white area and 𝐶𝐴𝑅̅̅ ̅̅ ̅̅ s in the grey area. 

Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.   

The reported Sign test is not the test statistic, but the share of stocks in the period with positive and negative AR, 

respectively. 

 

Table 7 - AR (CAR) in short-term event window. 
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a cumulative abnormal return of 1,13%, which is only partially significant using the non-parametric 

test. The sign test rejects that there are no positive abnormal returns. The differences in cumulative 

abnormal returns between the added and deleted stocks is peculiar because it indicates a very negative 

momentum for the “soon-to-be” excluded stocks in this period. An explanation may be that stocks 

added to the index are generally more heavily traded than the stocks that are removed from the index. 

As a result, given the same rise in the number of shares traded, this change will relatively be most 

pronounced for the deleted stocks. 

Event Days around Effective Date 

The greatest price effects are found on ED-1 for both the additions and deletions, as illustrated in 

Table 7. These price movements also exhibit significance at the 1%-level using the t-test, CDA, and 

sign test. Respectively, 76% and 77% of additions and deletions samples showed abnormal positive 

and negative returns at ED-1. Furthermore, the deletions have a strong price reversal at ED of 1,16%, 

that is statistically significant at 5% using the t-test and CDA. The additions have several partial price 

reversals post-ED, however, the only significant one is at ED+1. The pattern where the additions 

(deletions) experience positive (negative) abnormal returns at ED-1 followed by negative (positive) 

returns at ED is consistent with theory and indicate price pressure at ED-1 caused by index traders, 

as proposed by industry insights, Blume & Edelen (2003) and Chen et. Al. (2004). The reversal is 

then caused by a gradual decline in the price pressure. Interestingly enough, there is no statistically 

significant cumulative abnormal returns over the period, which implies that the abnormal trading 

behaviour is temporary.  

In comparison to the effect seen at AD, the impact at ED-1 is noticeably more pronounced. The 

transparency of the OSEBX selection process may be one of the underlying causes for this 

observation. Recall that, as stated in section 3, the OSEBX changes are solely based on transparent, 

mathematical calculations on the last trading day of the month prior to announcement. It suggests that 

institutional investors and index funds can predict future index changes and makes it profitable for 

investors to position themselves prior to announcement. This would reduce the overall price effect at 

AD because the index changes have already been priced into the stocks (Bechmann, 2002; Wang et. 

al., 2015; Vespro, 2006). If this is the case, some effect should be possible to observe around the 

calculation date, which will be explored in the following. 

Event Days around Calculation date 



6 Index Effect and Return Dynamics 

76 

 

As discussed above, market participants at the OSEBX can identify index changes as early as 5-10 

days prior to the announcement. Since the market has a long opportunity window to predict the 

changes, it is difficult to determine precisely when the index effect occurs. Table 8 illustrates the 

short-term event window around CD, which is the last trading day in the month before the AD. The 

findings are inconsistent as the added stocks exhibit no cumulative abnormal returns from CD-3 to 

CD+5, although there is a significant abnormal return of 1,33% at CD+1 for the included stocks. 

However, the deleted stocks experience on average an abnormal negative return of -7,72% from CD-

3; CD+5. This negative abnormal return could initially suggest that some traders offload their stocks 

prior to the announcement in order to avoid the “index sell-off”. However, the impact is strongest at 

CD+2 and CD+4, which is peculiar, since one can already sell at CD+1 without risk. Consequently, 

it is necessary to test the volume as well, to see whether there is abnormal trading volume causing 

price pressure.   

 

6.1.2  Empirical Volume Analysis 

As mentioned in section 5.2.5, the volume ratio is likely to be affected by event-induced volatility 

and a positively skewed distribution. These properties are also observed in Table 9, which is why the 

CDA is more lenient towards rejecting the null (type I error) than the t-test. In sum, these two insights 

dictate higher reliance towards the nonparametric sign test and the t-test. 

Event Days around Announcement date 

Table 8 - AR (CAR) in short-term calculation date event window. 

Notes: The 𝐴𝑅̅̅ ̅̅ s are represented in the white area and 𝐶𝐴𝑅̅̅ ̅̅ ̅̅ s in the grey area. 

Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.   

The reported Sign test is not the test statistic, but the share of stocks in the period with positive 

and negative AR, respectively.  

 

t-test CDA Sign test t-test CDA Sign test

CD-3 0,34 % 0,82 0,95 49 % CD-3 -1,12 % -3,04*** -2,56** 65%*

CD-2 -0,01 % -0,03 -0,03 51 % CD-2 -0,51 % -0,71 -1,17 45 %

CD-1 -0,17 % -0,60 -0,47 47 % CD-1 -0,33 % -0,66 -0,75 56 %

CD -0,19 % -0,57 -0,52 51 % CD -0,18 % -0,44 -0,42 57 %

CD+1 1,33 % 3,22*** 3,68*** 66%*** CD+1 0,20 % 0,41 0,45 52 %

CD+2 0,22 % 0,60 0,60 48 % CD+2 -1,82 % -2,60** -4,16*** 53 %

CD+3 0,05 % 0,13 0,15 44 % CD+3 -0,93 % -2,02** -2,13** 63%*

CD+4 -0,01 % -0,02 -0,02 46 % CD+4 -2,54 % -1,28 -5,80*** 58 %

CD+5 -1,89 % -3,29*** -5,23*** 36%* CD+5 -0,48 % -0,81 -1,11 61 %

CD-3: CD+5-0,33 % -0,33 -0,30 53%* CD-3: CD+5 -7,72 % -2,44** -5,89*** 68%**

Additions (N=72) Deletions (N=74)
  (   )   (   )
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Table 9 shows the mean volume ratio (MVR) for the additions and deletions over the short-term event 

window. The deletion sample has in general a higher increase in trading volume compared to the 

added stocks, which translates well to the abnormal return findings in Table 7, showing greater price 

movements for deletions. The volume ratio data provides some evidence of statistically significant 

volume increase at AD, in line with the abnormal returns at AD in Table 7. The AD+5 have the 

greatest volume, however, is only statistically significant using the CDA and sign-test for additions. 

The trading activity at AD-2 and AD-1 is similar or greater than the volume at AD, which may 

indicate arbitrageur trading since all market participants can predict the index changes. Finally, Table 

9 illustrates that maximum 40% (except AD for additions) of the sample has an MVR above 1 for the 

announcement period, indicating the average being materially affected by a few heavy observations 

(see estimated p in Appendix 11.1.6).  

 

Event Days around Effective Date 

Similar to previous observations, there is a statistically significant increase in trading volume at ED-

1 for both additions and deletions. This finding is consistent with the evidence in Table 7, indicating 

price pressure on the day before the effective day. The previous observations of price pressure and 

Table 9 - MVR in short-term event window 

Notes: Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.   

The reported Sign test is not the test statistic, but the share of stocks in the period with MVR above 1. 

Mean t-test CDA Sign test Mean t-test CDA Sign test

AD-3 1,05 0,42 0,33 36%* AD-3 1,22 0,95 1,12 32%*

AD-2 1,58 1,69** 3,82*** 40%** AD-2 1,61 1,43* 3,03*** 31%*

AD-1 1,36 1,46* 2,35** 40%** AD-1 1,72 1,89** 3,62*** 34%**

AD 1,29 1,73** 1,92** 46%*** AD 1,68 1,46* 3,42*** 35%**

AD+1 1,06 0,40 0,41 37%* AD+1 1,48 1,46* 2,40*** 37%***

AD+2 0,97 -0,25 -0,21 33 % AD+2 1,17 0,62 0,83 34%**

AD+3 1,73 1,45* 4,79*** 33 % AD+3 1,72 1,71** 3,58*** 40%***

AD+4 0,97 -0,28 -0,19 39%** AD+4 1,50 1,37* 2,48*** 39%**

AD+5 2,01 1,17 6,65*** 40%** AD+5 3,61 1,01 13,07*** 27 %

ED-3 1,19 1,08 1,28 39%** ED-3 1,98 1,77** 4,90*** 44%***

ED-2 1,22 1,17 1,42* 37%* ED-2 1,55 2,41** 2,77*** 47%***

ED-1 3,42 5,02*** 15,93*** 63%*** ED-1 5,47 4,53*** 22,38*** 71%***

ED 1,24 1,22 1,56** 39%* ED 1,83 2,83*** 4,17*** 47%***

ED+1 1,59 0,94 3,89*** 29 % ED+1 1,41 1,56* 2,03** 42%***

ED+2 1,64 1,27 4,23*** 40%** ED+2 1,70 1,87** 3,51*** 42%***

ED+3 1,24 0,91 1,58* 37%* ED+3 2,53 2,29** 7,67*** 40%***

ED+4 1,38 0,83 2,52*** 30 % ED+4 1,22 1,08 1,12 40%***

ED+5 1,13 0,46 0,85 27 % ED+5 1,38 1,4* 1,89** 37%**

Additions (N=72) Deletions (N=74)
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abnormal returns at ED-1 are strengthened by these results. The jump in trading activity is most 

noticeable for the deletions. An explanation may be that it is more important for investors to adjust 

portfolios for deleted stocks than it is for added stocks. Some investors are required by their mandate 

to hold only OSEBX stocks, which means that deleted stocks must be sold before the effective change. 

For additions, there is more flexibility for when to purchase the added stocks (Bechmann, 2002).  

Event Days around Calculation date 

The returns section demonstrated some evidence of abnormal returns around CD+1 for the added 

stocks and CD+2; CD+3 for the deleted stocks. Although the evidence is not clear, the volume event 

analysis (Table 10) finds some significant 𝑀𝑉𝑅𝑡  on the applicable days. As previously discussed, the 

t-test is the more appropriate measure of significance in this analysis, and it returns statistical 

significance for the additions and deletions at CD+1 and CD+3, respectively. This may indicate that 

CD provides investors with some valuable information to use on CD+1, however, the deletions 

sample provides some doubts around this finding. 

6.1.3 Review of Hypotheses 

This section will discuss the findings in perspective of the previous explained hypothesis established 

in the literature. The literature review in section 3 presents five possible explanations for the 

temporary findings:  

Information Content Hypothesis (ICH) 

According to the ICH, one can interpret the addition into the OSEBX-index as positive information 

about the fundamental values of the company. In this case, the stock will be purchased until it reaches 

a new equilibrium price. The deletion from the index can be regarded as negative news and should 

trigger the opposite response. However, as argued in section 3.2.2, the selection process for the 

Table 10 - MVR in short-term event window for calculation date. 

Notes: Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.   

The reported Sign test is not the test statistic, but the share of stocks in the period with MVR 

above 1. 

MVR t-test CDA Sign test MVR t-test CDA Sign test

CD-3 1,27 1,08 1,76* 40%** CD-3 2,56 1,52 7,82*** 33%**

CD-2 1,26 1,38 1,74* 37 % CD-2 0,74 -2,23** -1,28 19 %

CD-1 0,94 -0,43 -0,36 30 % CD-1 1,58 0,96 2,92*** 26 %

CD 1,30 1,08 1,99* 35 % CD 1,55 1,00 2,74*** 28 %

CD+1 1,62 1,83* 4,07*** 47%*** CD+1 1,12 0,38 0,60 26 %

CD+2 1,10 0,59 0,64 33 % CD+2 1,23 0,56 1,13 29 %

CD+3 1,19 0,77 1,23 30 % CD+3 1,76 2,08** 3,82*** 38%***

CD+4 0,98 -0,14 -0,16 32 % CD+4 0,97 -0,21 -0,16 29 %

CD+5 1,25 1,37 1,63 42%** CD+5 1,15 0,86 0,75 36%***

Additions (N=72) Deletions (N=74)
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OSEBX is mathematical, which means that the revisions cannot represent any “real” information 

about the fundamentals of a company. This implies that rational investors will not change their price 

targets for the different stocks based on index changes. For that reason, one can reject the information 

content hypothesis, as there is an index effect on the OSEBX (Bechmann, 2002).  

Liquidity Cost Hypothesis (LCH) and Investor Recognition Hypothesis (IRH) 

Even though the information content hypothesis (ICH) is rejected, index changes can have indirect 

information consequences, as described by investor recognition hypothesis (IRH) and liquidity cost 

hypothesis (LCH). These two hypotheses are similar in nature; however, their “indicators” are 

different. First, according to the IRH, index inclusion will increase analysts’ coverage and media 

attention for the index-included stocks. More information about the OSEBX is produced, making it 

cheaper for investors to obtain information about the stocks, lowering the systematic risk and, as a 

result, lowering the investors’ required rate of return. Any price effects at AD would be the market 

incorporating this new information about the information production of the added (removed) stocks. 

Secondly, the LCH follows a similar reasoning pattern. Index inclusion in this case results in 

increased trading volume and a lower spread, making it easier for traders to buy and sell the stock. A 

reduced spread implies a lower liquidity risk premium and a lower required rate of return for 

investors. Any market effects at AD (or CD) would be a reaction to new information about the stocks’ 

liquidity in this case.  

The price reaction by index removals is the difference in the expected evidence, according to LCH 

and IRH respectively. Since the deleted stocks become unavailable for some institutional investors, 

the LCH assume symmetrical price reactions for the additions and deletions, i.e., the added stocks 

experience a price increase relatively equal to the deleted stocks’ price decrease. On the other hand, 

the IRH will point to an asymmetrical price reaction. According to this viewpoint, investors would 

not contemporaneously become unaware of the deleted stocks when removed from the index, so there 

should be no index effect for this sample. Table 7 shows price responses for both the added and 

deleted stocks, which is consistent with the LCH and suggests that the market reaction reflects 

investors adjusting their discount rate in response to the anticipated shift in liquidity risk premium. 

However, it is necessary to look at the long-term event window to determine whether the theories are 

valid. 

Price Pressure Hypothesis (PPH) and Imperfect Substitutes Hypothesis (ISH) 
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Finally, the impact around ED-1 can be described using the imperfect substitutes hypothesis (ISH) 

and the price pressure hypothesis (PPH). Both theories claim that stocks have downward-sloping 

demand curves because index revisions do not represent any new information to the market. 

Furthermore, the theories expect positive (negative) price effects for additions (deletions) around ED. 

The main difference between the theories is that the PPH expects only a short-term price effect, i.e., 

short-term price reversal, while ISH suggests a permanent shift in the demand curves. For the 

OSEBX, these theories would suggest a price effect at ED-1 because the index revisions, i.e., new 

weights, are calculated using the closing prices at ED-1. Hence, index funds employing a “full 

replications strategy”, would seek to rebalance their portfolios at ED-1.  

The results in Table 7 are in accordance with the suggestions by the PPH and ISH.  First of all, both 

samples provided no cumulative abnormal returns for the effective period, which points to PPH. The 

price effects are greatest around ED-1 and the traded volume are also statistically significantly greater 

than normal. The rebalancing by index funds at ED-1 leads to higher demand for the additions and 

higher supply for the deletions at this day. Moreover, there is a partial short-term price reversal at the 

days after ED-1 from ED to ED+3, as proposed by the PPH. However, these price-reversals are small 

and generally not significant (except at ED for deletions and ED+1 for additions), as suggested by 

the ISH. The price correction at ED for the deletions is 1,16%, which is a stronger price reversal than 

the additions (0,34% for additions). The “full price reversal” are respectively -1,80% and 2,62% for 

the additions and deletions, compared to an effect of 2,45% and -3,57% at ED-1. The trading volume 

also falls dramatically after ED-1, which is consistent with the presented theories. While the partial 

price reversal points to the ISH, the insignificant cumulative abnormal returns of the “effective date 

period” argues that the PPH may be more appropriate. In other words, there are evidence of both 

theories, although, the results are conflicting as to which theory is the likeliest.   

The MVR observations provide support for the abnormal trading volume and price pressure proposed 

by PPH and ISH. The trading volume at AD initially indicate index fund trading at this day; however, 

the impact is of a small magnitude, which implies more index fund trading at a later day in time. The 

data on arbitrage strategies and industry insights also suggest that the index funds delay the trading 

until closer to effective date, which is in line with the general notion that they want to minimize 

tracking error. The price movement at AD can be caused by the arbitrageurs front-running the index 

managers with expectations of price changes around ED. It is worth highlighting again, though, that 

the index revisions are purely mathematical. For that reason, arbitrageurs do not have to wait until 

AD before they do their trades since they have already all necessary public information around CD. 
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Summary 

ICH and IRH are based on the discussion above rejected, whereas LCH must be considered in the 

next section due to the symmetrical price reactions. There are also support for both ISH and PPH 

short-term.  

6.2 PERMANENT FINDINGS 

As argued in the temporary findings, it is difficult to decipher the total size of the index effect, because 

part of the effect is materialized around AD and CD, but also possibly in the period before CD. This 

makes it highly relevant to study the pre-period, to really get an understanding of the size of the index 

effect on returns. Moreover, a long-term post period can reveal whether the index effect reverses in 

the long-term, or whether it is permanent. The following will be a discussion of the findings from the 

return and volume event-study in the long-term event window, with a special emphasis on which 

hypothesis is appropriate to explain the observed dynamics. 

6.2.1 Empirical Return Analysis 

An overview of the long-term event window is presented in Figure 23 below. It is imminent that the 

𝐶𝐴𝑅̅̅ ̅̅ ̅̅  for both additions and deletions are economically sizeable, ending at 31% and -34%, 

respectively. In other words, at face value, these findings suggest that stocks that are added (deleted) 

from the index increase (decrease) their price by ~1/3.  This reveals the importance of studying the 

long-term effects around the event. 
Figure 23 - CAR in long-term event window 

The figure above depicts  𝐶𝐴𝑅−120;𝜏2
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  in the maximum event period for additions and deletions. The yellow and grey 

background show the calculation dates and announcement days in the sample, respectively. 
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In fact, as seen in Figure 23, most of the index effect is materialized in the first 1/3 of the long-term 

event period [ED-120; ED-41] prior to any of the short-term event periods. In this period, the 

accumulated 22% and -20% in abnormal returns for additions and deletions, represent 70% and 60% 

of the total index effect seen in the whole event period (Table 11). At face value, this could indicate 

that most of the risk arbitrageurs are able to predict very early which stocks that will be changed in 

the upcoming revision, and act on this information before it is announced. Interestingly, the abnormal 

return exhibited for deletions is sharper and mostly accumulates in a smaller time period, compared 

to additions, possibly indicating that it is more difficult for arbitrageurs to predict deletions than to 

predict additions early. 

In the middle 1/3 of the long-term event period, i.e., [-40; 40], there is, in general no statistically 

significant abnormal return. Although it should be noted that the findings on deletions do show a 

partially significant abnormal return in [-40; 40], with respect to the t-test. Moreover, the CDA argues 

that there is a long-term effect in this time period. However, as previously argued, less weight is put 

on this statistic because it cannot take event-induced volatility into account. Moreover, in the last 1/3 

of the event period, the abnormal returns remain relatively flat with no statistical significance in the 

cumulative abnormal return.  

In sum, in the full event-period [-120; 120], both additions and deletions report statistically 

significant  𝐶𝐴𝑅̅̅ ̅̅ ̅̅ . This is not surprising, considering the economically substantial impact observed. 

However, as previously noted, it appears that most of the statistically significant returns stem from 

Table 11 - Statistical Tests of Long-Term Event Periods 

Notes: Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.  The reported Sign test is not 

the test statistic, but the share of stocks in the period with positive  𝐶𝐴𝑅𝜏0;𝜏1
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅. 

t-test CDA Sign test Adj. BMP

[-120;120] 30,74 % 3,71*** 5,25*** 66%*** 2,96***

[-120; -41] 22,26 % 5,28*** 6,61*** 72%*** 3,68***

[-40; 40] 4,96 % 1,28 1,46 57 % 1,53

[41; 120] 3,51 % 0,95 1,04 52 % 0,20

[-25; 120] 8,32 % 1,52 1,83 54 % 1,14

t-test CDA Sign test Adj. BMP

[-120;120] -34,31 % -3,27*** -5,08*** 68%** -2,21**

[-120; -41] -20,03 % -3,67*** -5,19*** 68%** -2,54***

[-40; 40] -10,47 % -1,95* -2,7*** 57 % -1,45

[41; 120] -3,80 % -0,78 -0,98 53 % -0,69

[-25; 120] -11,74 % -1,55 -2,24*** 55 % -1,02

Additions (N=72)

Deletions (N=74)

[  ;   ]

[  ;   ]
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the initial 1/3 of the sample, which is why [-120; -41] also yield statistically significant returns, while 

the remaining event periods, in general, do not. Again, there appears to be a systematic trend towards 

the CDA being more lenient towards rejecting the null hypothesis. This is also seen in the temporary 

evidence, and most likely stems from the fact that it is not able to integrate event-induced increase in 

variance, creating an upward bias in the test-statistic. The two most reliable statistics, the z-test, and 

the adjusted BMP, are fairly coordinated in their judgements. They argue that there are statistically 

significant abnormal returns in the full period and the first third of the sample, but not in the remaining 

periods.  

Nevertheless, there is also reasons to be sceptical of accepting the findings in Figure 23. The large 

effect observed in the initial 1/3 of the period is cause for concern because it could potentially be 

explained by selection bias, as introduced in section 4.2.6. Therefore, parts of the pre-effect may 

therefore be appropriate to exclude, which is why a more modest [ED-25; ED+120] is introduced. 

The appropriateness for selection this interval will be discussed in in section 6.3. 

6.2.2 Empirical Volume Analysis 

Figure 24 exhibits the Mean Volume Ratio and the Median Volume Ratio23 in the full event period 

[−120; 120]. An immediate insight is that the mean, for additions, is substantial higher before ED 

than after. In fact, it seems as if the trading volume gradually increases until the days before the ADs. 

In contrast, deletions have fairly low volume, with a few exceptions around the ADs and then an 

increase in trading volume after exclusion. This is in stark contrast to the expected increase (decrease) 

in mean volume ratio for additions (deletions) predicted by the LCH. Moreover, it is also clear that 

there is a substantial deviation between the mean volume ratio and the median volume ratio, 

especially in the pre-ED period for additions. In fact, even though there appears to be some level 

difference from pre- to post-ED for the median, it is substantially smaller for the mean. This can be 

interpreted a few more “heavy” observations increasing the mean significantly in the pre-ED period. 

This is also observed when studying the winsorized volume ratio (Appendix 11.1.4). 

 
23 The median volume ratio is included to emphasize the importance of heavy observations in the mean volume ratio. 

The median volume ratio is calculated as in eq. 5.2.5, however, as a median rather than the arithmetic average. 



6 Index Effect and Return Dynamics 

84 

 

 

The same rationale appears to be true in terms of statistical inference (Table 12). The null hypothesis 

cannot be rejected, meaning that it cannot be rejected that there is no change in mean volume ratio 

for additions and deletions from pre to post. In fact, for additions there is a decline in MVR. This 

could be explained by indexers simply buy and hold the stock (rather than actively trade it), causing 

a decrease in MVR from pre to post. Similar evidence has been found in several other studies (i.e., 

Bechmann, 2002; Kasch & Sarkar, 2012; Chen, et.al., 2003). Although it should be mentioned that 

the share of observations with an increase in volume is 44% for additions, suggesting that the 

substantial decline observed in the difference in means is affected by a few heavier observations. As 

noted previously, this latter observation can also be seen graphically in Figure 24 as the median 

change is substantially smaller than the mean. 

 

 

 

 

 

Figure 24 – MVR in long-term event period 

The figure above depicts 𝑀𝑉𝑅𝑡 in the maximum long-term event period. The yellow and grey background 

represents the interval for the calculation days and the announcement days in the sample. 
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6.2.3 Review of Hypotheses 

As discussed in section 5.2.4, statistical testing can be used to decipher what may be the appropriate 

hypothesis to explain the observed index effect on returns. Note that because the ICH can be rejected 

in the temporary findings, it will not be further discussed here. 

Liquidity Cost Hypothesis (LCH): 

The LCH argues that a long-term index effect is caused by an increase (decrease) in liquidity as stocks 

are added (deleted) from the index. In other words, a rejection of the 𝐻0 of no long-term abnormal 

returns and a rejection of the 𝐻0 of no permanent increase in liquidity would indicate the LCH. This 

latter hypothesis cannot be rejected suggesting that an increase in liquidity is not necessarily an 

appropriate depiction of the observed permanent findings. In fact, as argued in section 6.2.2, the 

observed long-term volume effect is actually a decrease in mean volume for additions, while no 

observed change for deletions.  This is in stark contrast to the explanation of the LCH. Hence, despite 

the temporary findings identified LCH as a potentially appropriate hypothesis, the permanent findings 

suggest strong evidence against the LCH. However, the problem with selection bias, mentioned in 

section 4.2.6 must be accounted for. This will be discussed in section 6.3. 

Investor Recognition Hypothesis (IRH): 

The IRH argues that the index effect is caused by an increased recognition among investors. However, 

because deleted stocks are not momentarily, but gradually removed from the investor’s awareness, 

there should be observed an asymmetric response: a statistically significant long-term price response 

for additions, and only a very gradual long-term price effect for deletions. The predictions of the IRH 

do not appear to be appropriate in this sample. The observed response on deletions is rapid and steep 

Notes: Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.  “Diff” 

represents 𝑀𝑉𝑅𝑃𝑜𝑠𝑡 −𝑀𝑉𝑅𝑃𝑟𝑒. The sign test reported is not the test statistic, but the 

share of observations with positive (negative) change for additions (deletions). Recall 

that the p used in the sign test is assumed to be 0,5 (see section 5.2.5.5) 

Table 12 - Permanent Volume Findings 

Additions (N=72) Deletions (N=74)

1,48 1,35

1,14 1,46

Diff -0,34 0,12

t-test -1,97 0,81

Sign test 44 % 48 %

[-120;-30] & [30;120]
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and therefore do not seem to be caused by a gradual decline in investor awareness. This is also 

supported by the lack of increase in volume in the post period for additions. Considering that both the 

temporary and the permanent findings argues against the IRH, it can be rejected as an appropriate 

hypothesis for the findings in this study. 

Imperfect Substitutes Hypothesis (ISH): 

With respect to the ISH, the conclusions made must be more nuanced. The ISH would argue that the 

observed index effect is caused by a permanent increase in demand, which again results in a 

permanent price increase. This would imply that the abnormal returns should be statistically 

significant in the long run. This is also what is observed in the longest event window, i.e., [ED-120; 

ED+120]. Therefore, the ISH hypothesis do appear to be an appropriate depiction of the index effect 

on OSEBX. However, as previously discussed, the long-term event period may be affected by 

selection bias, which could impede this conclusion. 

Price Pressure Hypothesis (PPH) 

The PPH argues that the index effect is caused by a temporary price pressure on the stock. In other 

words, for the PPH to be appropriate, it must imply a reversion of the observed abnormal returns, 

leading to a failure to reject the null of no effect. This is not what is observed in the long-run event 

period, i.e. [ED-120; ED+120], where there is a statistically significant effect. This suggests that it 

can be rejected that the index effect is reversed, but rather indicating that it is permanent. However, 

as previously mentioned, this thesis cannot simply reject the PPH, without considering the problem 

of selection bias. This will be discussed in the following section.  

6.3 ALTERNATIVE EXPLANATIONS 

When studying Figure 23 it is imminent that the majority of the abnormal returns generated appear 

before the effective date, but also before AD and CD. This is not unreasonable; in fact, as presented 

in section 3.2.2, DNB was able to predict 14 out of 15 stocks to be changed in the upcoming. 

revision about one week before the calculation date. Thus, it is possible to fairly accurately predict 

how the revision is going to be in the period before CD. However, the abnormal returns depicted in 

Figure 23 would imply that these risk arbitrageurs are able to predict the revision as early as 120 

days before the revision for additions, and about 80 days for deletions. In other words, they would 

have to predict which stocks would be included and/or deleted from the index, 6-4 months before 
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the index-inclusion is made into effect. This assumption is difficult to find reasonable in practice 

and could indicate that what is measured by 𝐶𝐴𝑅−120;120̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ is not solely measuring an index effect, 

but also abnormal returns form some other source. 

This can most likely be explained by selection bias. As argued in section 4.2.6, the addition (deletion) 

of a stock to an index is correlated with having a good (poor) performance in the period before the 

addition (deletion) because of OSE’s selection criteria. Bechmann (2002) argues that a theoretical 

depiction of selection bias would be an even development of the  𝐶𝐴𝑅̅̅ ̅̅ ̅̅  over time, followed by a 

decline in its slope once selection bias is removed. This seems like a reasonable description of 

the 𝐶𝐴𝑅̅̅ ̅̅ ̅̅ the Figure 25, especially for additions. Interestingly, as argued in section 4.2.6, the specific 

selection criteria of the OSEBX suggest that selection bias for additions is more severe than for 

deletions. This may also explain why the selection bias explanation seems more suitable for additions 

than deletions. 

As previously mentioned, what makes the study of returns on the OSEBX especially difficult is that 

there is no single event day. In an efficient market, one would expect a gradual materialization of the 

index effect as it becomes increasingly certain that the relevant stocks are included in the index. This 

is also fairly similar to what would be expected in a selection bias scenario. Therefore, making 

definitive conclusions of the exact size of the index effect and the selection bias requires additional 

research beyond the scope of this thesis. Alternatives to how it could be possible to mitigate the 

selection bias problem, is discussed in section 9. 

Figure 25 - CAR in long-term event window 

The figure above is identical to Figure 23, but with added red background. The red background represents the time interval 

where selection bias is the most prominent, i.e. [-120; -19]. 
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In sum, it is therefore concluded that there is strong evidence of some impact of selection bias. 

Moreover, the selection bias is likely stronger for additions than deletions, but present in both. Then 

again, as argued in section 4.2.6, most of the selection bias is likely to be removed once the selection 

has been made at CD. Therefore, selection bias is most likely not affecting temporary evidence or 

post-CD evidence. However, it should be noted that it is possible that some of the selection bias also 

may have a momentum effect beyond the CDs (Chen et. al., 2016). Moreover, the earlier in the long-

term event period, the less reliable is the  𝐶𝐴𝑅̅̅ ̅̅ ̅̅  as an estimator for the total index effect. Therefore, as 

depicted in the Table 13, the confidence interval around the statistically significant 𝐶𝐴𝑅̅̅ ̅̅ ̅̅
−120;120 of 

31% and -34% for additions and deletions, respectively, found in section 6.2 is likely an 

overstatement of the index effect. However, the statistically insignificant confidence interval around 

𝐶𝐴𝑅−25;120̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  of ~8% and ~-12% is likely an understatement of the index effect. In sum, as concluded 

in section 6.2.3, there is strong evidence of the PHH. However, there is also some evidence suggesting 

that the ISH may also be appropriate. 

 

Volume 

As argued in section 4.2.6 it is also likely that there is selection bias present in the volume analysis. 

Hence, even though there is no increase in the volume ratio for additions from pre to post in section 

6.2, this could be due to selection bias affecting the results. In a selection bias scenario, one could 

expect an increase (decrease) in volume in the pre-period for additions (deletions) that is not caused 

by the index effect. Therefore, the observed lack of increase (decrease) in Figure 26 could be simply 

a result of selection bias being present in the pre period, and then removed in the post period. The 

long-term test of a change in volume may therefore not truly represent the index effect. 

Table 13 – 95% Confidence intervals of the index effect 

The 95% confidence intervals are calculated using the standard 

deviations similar to the cross-sectional test statistic. LCI is the 

Lower Confidence Interval and UCI is the Upper Confidence 

Interval 

95% LCI 95% UCI

[-120;120] 30,74 % 14,17 % 47,30 %

[-25; 120] 8,32 % -2,64 % 19,29 %

95% LCI 95% UCI

[-120;120] -34,31 % -55,29 % -13,33 %

[-25; 120] -11,74 % -26,89 % 3,41 %

Additions (N=72)

Deletions (N=74)

[  ;  ]

[  ;  ]
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Graphically, it is difficult to make a clear statement of the extent of this selection bias. It is noted that 

there may be some indication of a systematic change after the CDs, but the limited amount of data 

points in this period makes it difficult to make specific conclusions. It should also be noted that a 

winsorized version of this figure can be seen in Appendix 11.1.4, however there is no material 

difference in the inference generated. Ultimately, some scepticism towards the volume ratio 

calculations seems appropriate, making the long-term volume test weak, but not necessarily invalid. 

In sum, it is therefore concluded that the rejection of an increase in volume and therefore rejection of 

LCH in section 6.2.2 is still valid, but the evidence is weak and requires more research. 

6.4 CONCLUDING REMARKS 

In sum, the temporary findings (short-term event windows) indicate a statistically significant 

abnormal return at ED-1 of 3,42% and -5,47% for additions and deletions, respectively. Moreover, 

the initial impact is then partially reversed at ED and ED+1, resulting in an insignificant abnormal 

return in the short-term event period ED-3 to ED+5. Importantly, because the OSEBX revision does 

not reveal any new information, the presence of an index effect also leads to a rejection of ICH as 

being the cause of the index effect. For the ADs and CDs, the evidence is less clear with sporadic 

Figure 26 - Median and Mean Volume Ratio in long-term event window 

The figure above is identical to Figure 25, but with added red background. The red background represents the time 

interval where selection bias is the most prominent, i.e. [-120; -19]. 
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statistical significance, but also AD showing the largest impact. The observed dynamics provide 

strong evidence for the PPH, but also some evidence for the ISH hypothesis since the price pressure 

is not fully reversed in the following days. 

The same applies for the temporary evidence on volume. The statistically significant impact around 

ED-1 to ED+1 indicates the PPH and ISH. The PPH argues for a temporary price pressure caused by 

abnormal trading volume while the ISH claims a temporary abnormal trading volume until the new 

equilibrium price is met.  

The long-term findings, suggest a statistically significant  𝐶𝐴𝑅̅̅ ̅̅ ̅̅  in the period [-120; 120], but most of 

this abnormal return is accumulated in the first third of the window, making the remaining 2/3 

insignificant. The longest event window therefore provides evidence of the ISH hypothesis. However, 

as argued in section 6.3, because of selection bias it is not easy to determine what share of the 

abnormal return observed is an index effect and what is selection bias. Therefore, the statistically 

significant long-term effect of [-120; 120] of 31% and 34% for additions and deletions, respectively, 

can therefore be interpreted as a maximum index effect. In contrast, the statistically insignificant 

effect in [-25; 120] of 8% and -12% for additions and deletions, respectively, should be interpreted 

as a minimum index effect. Conclusively, there is evidence of both PPH and the ISH. 

Lastly, the long-term test of changes in volume ratio shows an insignificant increase (decrease) for 

additions (deletions). This implies a rejection of LCH. However, it should be mentioned that this 

evidence also may be impacted by selection bias, making this evidence somewhat weaker.  

7 INDEX EFFECT AND COMOVEMENT DYNAMICS 

The section is divided into two main parts. The first part describes the empirical findings of the paper 

in light of the theories proposed by Barberis et. al. (2002), Claessens & Yafeeh (2012) and more. The 

results are presented and discussed using the non-fundamental perspectives. However, as discussed 

in the literature review, more recent studies suggests that the beta change is driven by 

overperformance prior to inclusion (Kasch & Sarkar, 2012). For that reason, part two of this section 

will increase the model specification to account for this selection bias.  
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7.1 EMPIRICAL FINDINGS 

7.1.1 Initial Findings 

Event studies with daily frequency 

Table 14 below presents the results with a daily frequency and estimation window of 6 months and 1 

year, respectively. For the additions, there is a statistically significant change in beta in both event 

studies. However, the sign tests shows that only 56% of the stocks show an increase in the 6 months 

event study, suggesting that much of the effect captured by the parametric tests could be driven by a 

few heavy observations. The deleted stocks, however, have a relatively smaller change in beta, at -

0,05 and -0,01 for the 1-year and 6 months event study, respectively. These are not statistically 

significant at any of the statistical test, which means that the fundamental view cannot be rejected for 

this sample. 

Interestingly, the results are in general greater for the 1-year horizon. An explanation for this may be 

that the stock prices before and after inclusion (exclusion) are vulnerable to idiosyncratic volatility, 

that will revert to more “normal” pattern with a longer horizon. Furthermore, only the changes for the 

additions are significant. It implies that there may be an “index inclusion effect”, whereas the 

deletions sample cannot reject the fundamental perspective of return comovement. This evidence is 

also in line with the habitat perspective, in which the deletion sample does not necessarily have an 

index effect, as explained in section 4.3.3. 

Event studies with weekly frequency 

Table 14 - Statistical tests of 6 months and 1 year pre- and post-betas for added and removed stocks. 

Notes: Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.  The reported Sign test is not the test statistic, but 

the share of stocks in the period with positive and negative beta coefficients, respectively. 



7 Index Effect and Comovement Dynamics 

92 

 

Table 15 below illustrates the beta changes using weekly return frequencies. All beta coefficients, 

except the beta change for deletions, are greater than the daily betas. This is unsurprising, given that 

weekly return observations are assumed to contain less noise than the daily return observations. 

However, it is surprising that the economically large beta change of 0,18 for the added stocks is only 

significant with a confidence of 90% (t-test). Similarly, the beta change of -0,19 for the removed 

stocks appears to be unusually high compared to the daily beta change of -0,05, implying that there 

may a change in excess return comovement on a weekly basis. However, the sign test does not return 

any significance, arguing that the size of beta change and the statistically significance in the 

parametric test may be driven by a few outliers. In sum, the strength of the daily return findings is 

weakened by the lack of significance for the weekly beta changes.  

7.1.2 Review of Information Diffusion Perspective Hypothesis 

The findings in the additions sample in the previous section seem to be consistent with the three 

proposed theories that are different from the fundamental view. However, it is still necessary to 

distinguish whether the impact is caused by demand shocks (category- and habitat-based view) or a 

more efficient market (information-based view). This section contains a review of the different 

theories and two tests that is meant to test the validity of the information-based perspective, as 

described in section 5. The information-based view makes some suggestions that are different from 

those of the demand-based view, in particular regarding the levels and changes in contemporaneous 

and lagged beta at different frequencies.  

As mentioned in the methodology (section 5.3.6), the information-based perspective expects greater 

weekly pre-betas than daily pre-betas for added stocks. This implies an expectation of a greater beta 

Table 15 - Statistical tests of 1 year weekly pre- and post-betas for added and removed 

stocks. 

Notes: Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.  The 

reported Sign test is not the test statistic, but the share of stocks in the period with 

positive and negative beta coefficients, respectively. 
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changes for the daily observations, compared to the weekly observations. For the deleted stocks, the 

daily post beta should revert, while the weekly post-beta should remain relatively stable.  

The thesis finds little evidence of these propositions suggested by the information-based perspective 

in Table 14 and Table 15. The daily pre-beta (0,71) for the added stocks is not that small compared 

to the weekly returns (0,77) and the beta-change is the same for both frequencies. The deletions 

sample produces less confirmation of the previously stated conjectures. The post beta for the daily 

returns is in fact higher compared to the weekly returns and the deletion’s beta change is much more 

pronounced for the low-frequency measures. This indicate that the results cannot be explained by 

information diffusion24. These indications are in line with studies by Barberis et. al. (2005) illustrating 

the relative importance between the three non-fundamental views. He found slow information 

diffusion to play a relatively small role in the beta shifts, compared to the category- and habitat-view.  

The information diffusion-perspective also predicts that, if comovement is driven by the ability of 

index-included stocks to aggregate information, then the lagged daily beta must be positive and large 

prior to the inclusion and decline substantially after inclusion. This is implied by a shorter window 

between news and stock price reaction. The deleted stocks should have a similar, opposite reaction.   

The above table illustrate the changes in 1-day lagged betas (𝛽𝑙𝑎𝑔̅̅ ̅̅ ̅)  for both the additions and 

deletions. The sample average pre-inclusion lagged beta for the added stocks is 0,05 and the post-

inclusion lagged beta is 0,01, which is a decrease of -0,04. The pre-inclusion beta is not as high as 

expected, however, declines after inclusion. This is consistent with theory, saying that the lag of 

information aggregating falls post inclusion, implying more efficient pricing. However, the 

 
24 One would also expect the weekly frequency beta to be weaker according to the category-based view because noise 

traders would eventually revert and diffuse information to be incorporated, so that the lower frequency pattern of 

comovement will be more closely tied to fundamentals. 

Table 16 - Pre- and Post- lagged betas for added and removed stocks. 

Notes: Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.  The 

reported Sign test is not the test statistic, but the share of stocks in the period 

with positive and negative beta coefficients, respectively. 
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magnitude of the changes remains small and statistically insignificant. The lagged beta for the 

deletions also declines substantially post-exclusion. Interestingly enough, the lagged pre-beta is 

greater for the deletions, which implies that OSEBX-constituents have a greater lagged beta than non-

constituent. In other words, both the deletion and addition samples suggest that the information-

diffusion perspective is not likely to explain the excess return covariation beyond fundamentals.  

7.2 ALTERNATIVE EXPLANATIONS 

The findings in section 7.1, if accepted at face value, therefore gives partial support for the demand-

based view, presented by Barberis et. al. (2005). This is because, there appears to be a statistically 

significant change in the beta of additions (at least at daily frequency) which is demand-driven, rather 

than fundamentally driven or by information diffusion. However, even though Barberis et. al. (2005) 

is undoubtably correct in that index-inclusion does not cause a change in the covariance matrix of the 

firm’s cash flow, it could be that a change in this covariance matrix leads to index-inclusion. This is 

the argument made by Kasch & Sarkar (2012) and following their argument, the test previously made 

in section 7 can be replicated, this time using the Carhart model as the model specification to account 

for the bias25. 

Selection bias and omitted variable bias in additions: 

The tests with a new model specification are depicted in Table 17. The expected change, in a selection 

bias setting, would be a decrease in the Fama-French and Carhart factors for additions. This is because 

the positive abnormal return in the pre-period should make the firm larger, making it correlate more 

with larger firms (i.e., lower SMB loading) and with growth stocks (i.e., lower HML loading), while 

also observing a decrease in momentum (i.e., lower PR1YR loading). Finally, there should be no 

change (or at most a very small increase26) in beta. 

As seen in Table 17, the decrease in SMB loading of -0,06 is not statistically significant at any 

reasonable level of confidence. The lack of change in the SMB factor is somewhat surprising. 

Considering the substantial returns documented in section 6, one would expect the included stocks to 

increase their correlation with bigger companies. It appears, therefore, that the increase in size does 

 
25 Note that Ødegaard (2020) only have monthly and daily frequencies in his presented Carhart factors. Moreover, it is 

not possible to simply compound the daily portfolio returns to weekly to obtain the appropriate factor returns. 

Therefore, tests with weekly frequency will not be performed. 
26 A very small increase in beta could be expected because in the long run all stocks that survive in the market will 

become increasingly large and ultimately have an expected beta of 1. Because the SMB factor is declining, one could 

expect that the stock has an increasing share of the market and therefore also increases their correlation somewhat. 
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not explain the increase in beta documented in section 7.1. The same is true for the momentum factor 

PR1YR. One would expect a significant decline in momentum, as omitted variable bias would suggest 

high momentum in the pre-period. Again, it appears that the beta increase documented in 7.1 cannot 

be explained by a decrease in momentum from pre- to post. 

Lastly, the loading on the HML factor does exhibit an economically large and statistically significant 

decline. In fact, pre-inclusion HML loading is similar to stocks with the top 35% B/M ratio on the 

OSE. However, the post-inclusion beta is similar to stocks closer to the average B/M ratio on the OSE 

(Næs et. al., 2008). Moreover, as the HML factor is significant, it also seems to be reducing the 

explanatory power of the market, making the market model beta insignificant. The finding that a 

change in HML may explain a change in beta is a well-documented weakness of the CAPM beta; the 

CAPM tends to designate higher betas to growth stocks – the reverse of the value premium it should 

explain (French & Fama, 1998). In other words, the increase in beta observed in section 7.1 can be 

explained by stocks becoming increasingly more correlated with growth stocks. This should also be 

interpreted as a change not driven by demand, as proposed by Barberis et. al. (2005), but rather a 

change driven by selection bias. 

With respect to 1 year estimation window, the evidence is more mixed. There appears to be little 

change in either SMB or the momentum factor. However, both the increase in beta and the decrease 

in HML is statistically significant at <1%.  This indicates that even though some of the change in beta 

could be explained by an increase in HML, it appears that the long-term change in beta is not fully 

explained by these factors. This indicates that the demand-based view on comovement may still be 

valid. In fact, the 1-year evidence does indicate that the beta increases by an economically substantial 

amount of 0,18 (instead of 0,12 found in 7.1).  

Omitted variable bias and selection bias in deletions: 

Table 17- Tests of nonstationarity in Carhart return factors on additions for 6 months and 1 year. 

Notes: Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.  The reported Sign test is not the test statistic, but 

the share of stocks in the period with positive factor coefficients.  

6 months

(N=90)

1 year

(N=59)

Pre 0,96 0,43 0,14 0,21 Pre 0,88 0,30 0,09 0,16

Post 0,98 0,36 0,04 0,17 Post 1,06 0,40 -0,05 0,14

Change 0,02 -0,06 -0,18 -0,04 Change 0,18 0,10 -0,14 -0,01

t-test 0,29 -0,83 -3,51*** -0,55 t-test 2,53*** 1,25 -3,03*** -0,20

HAC-test 0,29 -0,79 -4,01*** -0,56 HAC-test 2,36*** 1,31 -3,43*** -0,20

Sign test 50 % 49 % 38%** 53 % Sign test 57 % 61%* 33%*** 49 %
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For the deleted stocks, the expected change in the factor loadings, according to a selection bias 

argument, would be no change in market beta and an increase in all other factor coefficients. The 

selection bias argument assumes abnormal negative performance in the pre-period, making the value 

of the stock smaller, while also having a negative momentum. Thus, the expected increases in factor 

loadings in the “normal” post-period would be a product of smaller market capitalization (i.e., 

increase in SMB and HML) and less momentum (i.e., increase in PR1YR).  

As shown in Table 18, there is no statistically significant change in the beta of the removed stocks. 

In fact, there is no significant changes in any of the Carhart return factors. It is not surprising when 

taking into the account the findings of section 6.3. The deleted stocks exhibit less selection bias than 

the added stocks, which translates to more “normal” return comovement in both the pre- and post-

period. In addition, section 7.1, also failed to show any substantial decline in excess comovement for 

deleted stocks following index exclusion, which is also most likely a consequence of a lower degree 

of selection bias. In other words, the null hypothesis that index inclusion has no effect on beta (i.e., 

systematic risk) cannot be dismissed.  

Despite the lack of statistically significant relationship, the table still provides some useful insights. 

First of all, the table shows a drop in momentum (i.e., PR1YR) after OSEBX removal, that is line 

with the literature review’s discussion of omitted variable bias. Furthermore, over a one-year horizon, 

HML and SMB increase. More weight put on these return factors implies a lower market 

capitalization and increased correlation with small-cap stocks and value stocks. In particular, the 

SMB-factor-development is of interest. The coefficient development changes sign from six months 

to one year, indicating a negative short-term trend and positive long-term trend. In six months, the 

size premium (SMB) is comparable to 50% of the smallest companies at OSE, and in one year, the 

size premium is similar to 30% of the smallest firms (Næs et. al., 2010). It implies that over time, the 

deleted stocks become even more correlated with small stocks. In sum, the trend in the factor loadings 

from the pre-window to post-window is driven by size and earnings declines prior to index exclusion. 

Table 18- Tests of nonstationarity in Carhart return factors on deletions for 6 months and 1 year. 

Notes: Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.  The reported Sign test is not the test statistic, but 

the share of stocks in the period with negative beta coefficients. 

6 months

(N=85)

1 year

(N=55)

Pre 0,87 0,34 0,04 -0,24 Pre 0,90 0,31 0,10 -0,18

Post 0,85 0,27 0,05 -0,17 Post 0,84 0,39 0,19 -0,12

Change -0,02 -0,07 0,01 0,07 Change -0,06 0,08 0,09 0,06

t-test -0,28 -0,68 0,20 1,07 t-test -0,51 0,68 1,18 1,01

HAC-test -0,25 -0,78 0,17 1,08 HAC-test -0,41 0,55 0,93 0,99

Sign test 55 % 50 % 53 % 49 % Sign test 55 % 43 % 41 % 49 %
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7.3 CONCLUDING REMARKS 

The initial results in section 7.1 are conflicting. On the one hand, there is a statistically significant 

increase in beta for additions in both event studies with daily frequency. The evidence indicate a 

demand-driven increase in beta when stocks are added to the index, after assessing the validity of the 

information-based view. However, the event studies on deletions both show that there is no change 

in beta. This, in turn, suggests that the demand explanation is inappropriate, and there is no clear 

evidence against the fundamental view on comovement. Then again, when studying weekly 

frequencies, the conclusions are different. The added stocks show a partially significant change, while 

the deleted stocks exhibit a statistically significant change (except for the sign-test). 

With respect to added controls for selection bias, the findings are somewhat different. The beta of 

deleted stocks continues to be insignificant. However, the added stocks show that part of the change 

in beta can be explained by a change in the factor loading on HML. This results in a statistically 

insignificant change in beta at the 6-months event study, but also a statistically significant change in 

the 1-year event study. 

In sum, the findings in this section are sporadic. There are indications of a demand-based view may 

be appropriate in some cases and could therefore represent an anomaly to the neoclassical school. 

Then again, there is also a lack of evidence in several event studies, suggesting a fundamental view 

which is in line with the neoclassical school.  

8 INTERRELATION BETWEEN RETURNS AND COMOVEMENT IN 

A NEOCLASSICAL PERSPECTIVE 

As previously mentioned, Wurgler (2010) argue that the index funds are creating ‘new phenomena in 

their own right’. Based on the findings in this thesis, it is possible to determine whether this holds 

true. However, it should be noted, that this is not a formal test of neoclassical theory. Rather, it should 

be considered as a descriptive perspective to the potential consequences of the index effect. 

8.1 THE CAPITAL ASSET PRICING MODEL (CAPM)  

As described in section 4.1, the equilibrium state of the CAPM can be depicted by the SML. Here, 

all stocks are priced according to their systematic risk and expected return. Any deviation from the 



8 Interrelation Between Returns and Comovement in a Neoclassical Perspective 

98 

 

SML, will indicate a violation of the CAPM. The observed dynamics in section 6 and 7.1 can therefore 

appropriately be compared to the CAPM27. 

A review of the CAPM in perspective of the findings is not interesting in itself. As mentioned in 

section 5.3.2, it is widely acknowledged in academia that CAPM does not hold (i.e., Fama & French, 

1992). However, what makes the CAPM interesting in this perspective, is that Barberis et. al. (2005) 

and Wurgler (2010) argue that the index effect shows that the CAPM is exactly “backward”. This is 

because the CAPM argues that an increase in beta should be followed by negative abnormal returns 

for the added stock to compensate for the increase in systematic risk. However, they find that the 

stocks increase in beta, but this is followed by positive abnormal returns for the added stock. The 

CAPM is therefore not simply wrong it in its predictions, it is completely reversed. Based on the 

arguments made by Barberis et. al (2005) this section will therefore attempt to see if the same 

violation holds true in the findings in section 6 and 7.1. 

In this context, it should be noted that the CAPM states that expected returns are a function of market 

risk and not additional factor risk. The findings in section 6 are calculated based on the Carhart model. 

However, when the tests in section 6 are replicated using the market model28, the inference generated 

is similar. Therefore, for the sake of this section, it can be assumed that the normal model used in 

section 6 was the market model rather than the Carhart model. The findings when using the market 

model can also be seen in Appendix 11.3.1. 

 
27 Note that part of what makes a positive test of CAPM difficult is that the CAPM can be rejected at a normative level. 

In other words, the CAPM’s assumptions are unrealistic and therefore, the model is unrealistic. For example, in this 

thesis it is assumed that the market is represented by OSEAX. However, the “true” CAPM market should be 

represented by all traded assets in the world. This is often referred to as “Roll’s critique”, from Roll (1977). Commonly, 

it is solved by imposing realistic assumptions and the most practical method is to test the SML line (Bodie et. al., 2018). 

This is also the method preferred in this thesis. 
28 In the literature on testing the CAPM, what is in this thesis referred to as the market model, is often referred to as the 

index model. This model is commonly used as an approximate representation of the market in the CAPM (Bodie et. al., 

2018). 
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The findings in section 6 and 7.1 is conflicted, and can be interpreted as four different CAPM 

equilibria: 

Equilibrium 1: The PPH and the fundamental view on comovement 

Recall, that with respect to abnormal returns (Section 6), it is concluded that both the PPH and ISH 

hypothesis may be appropriate. This is because the 𝐶𝐴𝑅−120;120̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  is statistically significant and 

therefore argue for a permanent price effect and the ISH hypothesis. At the same time 𝐶𝐴𝑅−25;120̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ is 

insignificant and therefore argue for no permanent price effect and the PPH. With respect to beta 

(Section 7.1), the evidence was also conflicting. There are some indications of a demand-based 

perspective (i.e., Δβi̅̅ ̅̅ ≠ 0 ), but also some indications of a fundamental view (i.e., Δβi̅̅ ̅̅ = 0 ). 

Nevertheless, say that the PPH hypothesis and that the fundamental view is correct. This means that 

there is no long-term index effect because there is no permanent price impact and no change in beta. 

The observed effects for both added and deleted stocks, 𝑖, are therefore: 

𝐶𝐴𝑅𝑖 = 0&Δ𝛽𝑖 = 0         (eq. 8.1.1) 

If these findings are assumed, there is no violation of the CAPM in the long term. This is simply 

because there is no long-term index effect, and stocks that are efficiently priced before they are added 

(deleted) to the OSEBX index and will remain efficiently priced after (𝐸1,𝐴 and 𝐸1,𝐷, Figure 27). 

Equilibrium 2: The ISH and the fundamental view on comovement 

In this equilibrium, it is assumed that selection bias is not material in the findings in Section 6.2. 

Therefore, the PPH is rejected and the ISH is assumed. Moreover, if it is still assumed that the 

Figure 27 – Potential equilibria of findings in relation to CAPM. Additions to the left and deletions to the right 



8 Interrelation Between Returns and Comovement in a Neoclassical Perspective 

100 

 

fundamental view on comovement is correct (as in Equilibrium 1) this would imply a permanent price 

impact and no change in beta. In other words: 

𝐶𝐴𝑅𝑖,𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑠 > 0, 𝐶𝐴𝑅𝑖,𝐷𝑒𝑙𝑒𝑡𝑖𝑜𝑛𝑠 < 0&Δ𝛽𝑖 = 0     (eq. 8.1.2) 

In a CAPM perspective, this assumption would mean that there is a price effect in the long run. For 

additions, this price effect will be positive, and the stock will become more expensive. However, if 

there is no increase in the fundamental value of the firm, nor a decrease in beta to justify the increase 

in price, the CAPM will deem that the change in value was unwarranted and the stock is now over-

priced (𝐸1,𝐴 → 𝐸2,𝐴). The stock is overpriced, because it is now possible to invest in stocks that have 

the same beta, but with a higher expected return. However, once the stock is deleted, the increase in 

demand from index funds is removed and there is a permanent price decline. The stock therefore 

returns to the efficient pricing on the SML (𝐸2,𝐷 → 𝐸1,𝐷 ). This equilibrium clearly shows the 

arguments of Schleifer (1986): in the ISH hypothesis, the demand-curves of stocks are not perfectly 

elastic, but downward-sloping.  

Equilibrium 3: The PPH and the demand-based view on comovement 

This equilibrium, as in Equilibrium 1, assumes that the return findings suggest only a temporary 

impact on returns. This is in line with the selection bias argument, suggesting PPH and no long-term 

impact (rejection of ISH). However, in contrast to Equilibrium 1 and 2, it is assumed that there is a 

permanent change in beta. In other words, the index effect is that stocks that are added (deleted) to 

the index experience no impact on their price, but an increase (decrease) in beta. In mathematical 

terms: 

𝐶𝐴𝑅𝑖 = 0, Δ𝛽𝑖,𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑠 > 0&Δ𝛽𝑖,𝐷𝑒𝑙𝑒𝑡𝑖𝑜𝑛𝑠 < 0     (eq. 8.1.3) 

With respect to the CAPM, a change in beta, must be followed by a change in price. For added stocks, 

the observed increase in beta should be followed by a decrease in price (negative abnormal returns). 

This is because a decrease in price, would also increase the expected return of the stock and 

appropriately compensate investors for holding the now increasingly risky stock. However, because 

there is no observed price decline, in fact there is no permanent change in price at all, the stock is 

now over-priced (𝐸1,𝐴 → 𝐸3,𝐴). Conversely, once the stock is deleted from the OSEBX, its systematic 

risk decreases, and it returns to the SML. 
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Equilibrium 4: The ISH and the demand-based view on comovement 

The last equilibrium is a combination of Equilibrium 3 and 4. This time it is assumed that there is an 

index effect on both abnormal returns and beta simultaneously. In other words, the ISH hypothesis is 

assumed as well as a demand-based view on beta. This is what Wurgler (2010) argues to be the 

“detachment” of index funds: the increased demand from index funds pushes the prices of stocks 

upwards as well as increases their systematic risk. This is also what Barberis et. al. (2005) argues to 

be present on the index constituents of the S&P500. In other words, it is assumed: 

𝐶𝐴𝑅𝑖,𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑠 > 0, 𝐶𝐴𝑅𝑖,𝐷𝑒𝑙𝑒𝑡𝑖𝑜𝑛𝑠 < 0, Δ𝛽𝑖,𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑠 > 0&Δ𝛽𝑖,𝐷𝑒𝑙𝑒𝑡𝑖𝑜𝑛𝑠 < 0 (eq. 8.1.4) 

This equilibrium would imply that there are two simultaneous effects. For added stocks, the increase 

in beta would push the stock to the right of the SML (𝐸1,𝐴 → 𝐸3,𝐴). As mentioned in Equilibrium 2, 

the CAPM would argue that this increase in beta should be followed by a decrease in price, because 

investors must be compensated for their increase in risk. However, because the observed index effect 

is an increase in the stock price, the expected return decreases and the stock is pushed downwards 

relative to the SML (𝐸3,𝐴 → 𝐸4,𝐴 ). Similarly, once the additional demand from index funds is 

removed, the beta of the stock decrease (𝐸4,𝐷 → 𝐸3,𝐷) and its price decreases, returning the stock to 

the SML (𝐸3,𝐷 → 𝐸1,𝐷). This is the most severe violation of the CAPM of the four explanations. This 

is because investors could now find the added stocks with a materially higher expected return or a 

significantly lower beta. Conversely, the deleted stocks have a materially lower beta than other stocks 

with the same expected return, and a higher expected return than stocks with the same beta. 

Concluding Remarks 

If either of the three latter equilibria is correct, it would imply that stocks in the OSEBX is overpriced 

suggesting an anomaly to neoclassical theory. Moreover, as argued by Wurgler (2010) and Barberis 

et. al. (2005), if Equilibrium 4 is the true explanation of the index effect, it would represent a severe 

violation of the CAPM. This is important, not only because the CAPM is widely used in practice (i.e., 

in capital budgeting decisions etc.), but also because it would show that its expectations are reversed. 

However, in contrast to the findings of Barberis et. al. (2005), this thesis argues that Equilibrium 4 is 

not necessarily true. In fact, there is considerable evidence for all four equilibria in section 6.1 and 

section 7.1.  
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Interestingly, there is more evidence in section 7.1 of a demand-based view on comovement for 

additions than deletions. However, if accepted at face value, this would imply that the initial demand 

causes an increase in beta and the stock is pushed to the right of the SML (𝐸3 or 𝐸4). However, once 

the stock is deleted and the demand which initially caused the shift in beta is removed, it does not 

revert back to the SML. In other words, it stays at 𝐸3 or 𝐸4. An alternative interpretation is provided 

by the habitat-based view on comovement, which argues that once the stock is out of the index, it 

does not immediately disappear from the habitat of the investors. Rather, it is a gradual process where 

the beta slowly reverts back to its fundamental level. This shows that the implications, in a CAPM 

perspective, differs depending on whether the habitat-view, the category-view or the fundamental 

view on comovement. In sum, there is some evidence suggesting that a “dark side of index-linked 

investing” holds true, but also evidence for no index effect (Israeku, Charles, & Suhas, 2017). 

8.2 THE EFFICIENT MARKET HYPOTHESIS (EMH) 

The index effect has been described by many as a market anomaly (Afego, 2017). Meaning that by 

performing fundamental analysis of publicly available data, it is possible to forecast changes in stock 

prices when stocks are included in an index. Such anomalies contradict the semi-strong efficiency of 

markets, since stock prices should reflect all publicly available information, according to this 

perspective. This section seeks to explore this relationship between EMH and the findings of this 

paper. It is divided into one section discussing the temporary findings and one section highlighting 

the permanent findings. The previous findings will be mentioned briefly in order to provide a more 

thorough discussion. Lastly, note that the EMH do not make any particular predictions regarding the 

beta of stocks. Therefore, this section will solely focus on the return findings found in section 6.  

8.2.1 Temporary Findings and EMH 

This paper has found significant evidence of an index inclusion effect in the short-term event window, 

most likely caused by the PPH or ISH. Moreover, no cumulative abnormal returns were found for the 

additions in neither the calculation period, the announcement period, or the effective date period. For 

the deletions, there was significant cumulative abnormal returns for the announcement period and the 

calculation period. Both the additions and deletions exhibited abnormal returns at AD and ED-1, 

followed by several partial price reversals. Finally, the index inclusion-event was identified to be an 

information-free event based on the transparency of the OSEBX selection process and the short-term 

findings.  
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The first part of this section contains a hypothetical scenario and describes what would have been 

expected in the findings if the market were efficient. The second part, on the other hand, concerns 

what is actually seen in the findings and argues for why the results are in contradiction with the EMH. 

Hypothetical Scenario: The index inclusion effect, if any, should happen at calculation date if the 

market is efficient 

Stock prices should reflect all publicly available information, according to the semi-strong efficiency. 

If this is true, then stock prices should always reflect the possibility of being added to the index since 

the revisions are based on purely public information, such as turnover and free-float market cap data. 

Figure 28, therefore, represent what pricing patterns would have been expected if the market was 

efficient. Since the arbitrageurs are assumed to know about the price pressure at AD and ED-1, the 

interest around possible index entrants should increase gradually up to calculation date (CD). In an 

efficient world, there should be no effect after CD, since this is the last calculation date. At this date, 

there should be no doubt about what stocks will be added to or removed from index. It implies that 

there should be no price movements at AD because all investors are aware of the index changes at 

CD and have already entered the relevant stocks. The stabilized prices at CD should hold throughout 

the effective date as the arbitrageur selling should equal the index fund demand in this period.  

 

Observed findings: The semi-strong market efficiency and random walk assumption are violated 

The abnormal returns in the findings would have a mean of zero and no tendency to go up or down if 

the above-mentioned EMH assumptions hold. These assumptions are clearly violated in this thesis, 

as the event-induced abnormal returns in the results show that investors can obtain profits based on 

publicly available information. Remember, the deletions have a negative price response in the 

Figure 28 - Timeline of stock returns for additions in an efficient market. 
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findings whereas the additions have a positive price response. Investors can calculate the index 

revisions at CD using public information and then exploit the price deviation by entering the new 

index-constituents either at AD-1 or ED-2 (see Figure 29). In addition, the consistent price pressure 

at ED-1 and AD contradicts the random walk-assumption since the stock return pattern at these 

specific dates are not independent and identically distributed. In sum, the temporary price responses 

indicate inefficiencies in the market.  

Another factor is the momentum for the deleted stocks. There should be no opportunities to predict 

the stock prices based on analysis of historical information, according to the weak form for market 

efficiency. However, the deleted stocks exhibit strong negative cumulative abnormal returns in both 

the calculation period and announcement period. It appears that the market adjusts to the deletions 

gradually, resulting in sustained period of negative returns. Evidently, investors can earn abnormal 

profits by shorting the relevant stocks after announcement date. These types of predictable continuing 

trends should be impossible in an efficient market. 

One can argue that there are significant price increases throughout the pre-event-period up to CD, as 

argued by the semi-strong efficiency. However, selection bias and changes to factor loading (changes 

to risk premiums) have been identified as possible explanations for these cumulative abnormal 

returns, as discussed in section 6. In addition, it does not explain the returns at announcement and 

effective date. There should be no price effect at either of these dates in an efficient world, since all 

the public available information is “out there”. In other words, any price impacts can be considered 

as anomalies. 

Figure 29 - Index Inclusion (additions) timeline of opportunity window for arbitrageurs. 
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8.2.2 Permanent findings and EMH 

The findings for the long-terms cumulative abnormal returns were described in section 6.1 as more 

inconsistent and questionable. There was some degree of significance cumulative abnormal returns 

for the whole event-period, however, the impact was questionable due to selection bias. Furthermore, 

the cumulative abnormal returns in the period from Calculation Date (-25) to the end of the event-

period (+120) were respectively 8,32% and -11,74% for additions and deletions. However, none of 

these results were statistically significant. Similarly, the tests failed to find any significant abnormal 

returns for the period from [ED-1; ED+120] (see Appendix 11.2.1). As a result, the ISH in the long-

term was not confirmed. 

The conflicting evidence of a long-term price effect, as proposed by ISH, speaks in favour of a long-

term efficiency in the market. From a valuation perspective, inefficiencies in the market would 

indicate a permanent stock price shift at announcement date or effective date, which do not reverse 

back. However, the findings show conflicting evidence regarding any significant cumulative 

abnormal returns from this period to the end of the event-period. In other words, the thesis cannot 

reject that the cumulative abnormal returns in fact are zero, which implies full reversals of any price 

pressures. This phenomenon would be explained by arbitrageurs “front-running” each other up to 

calculation date, thus destroying any profit opportunities. As a result, the contradicting evidence of 

ISH makes it difficult to reject the idea of semi-strong market efficiency in the long-term, ignoring 

any temporary inefficiencies. 

9 DISCUSSION 

9.1 VOLUME AND RETURNS 

9.1.1 Volume Methodology and Weak Rejection of LCH 

The findings in section 6.2.2 argues for a rejection of the liquidity hypothesis. However, even though 

the methodology used in this section is standard in the literature, it is also criticized. This is because 

the volume ratio is very sensitive to the estimated base volume levels (Brooks et. al., 2008). Moreover, 

as previously mentioned, there is a problem of non-normality in the volume ratio, making inference, 

especially using parametric tests, more difficult. An additional problem is selection bias. As 

mentioned in section 6.2.2, selection bias is problematic and may artificially create a downward bias 

in the test statistic. Considering these three problems collectively, it is emphasized that the findings 
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on volume are the most uncertain of all event studies applied in this thesis. In the end, this makes the 

evidence of a rejection of the liquidity-cost hypothesis weak. 

Therefore, further research is required to confidently be able to reject the liquidity-cost hypothesis. 

An alternative method, to avoid the statistical problems would be to address a different dimension 

than the quantity dimension. The natural alternative is the cost dimension, specifically bid-ask 

spreads, as in for instance Chung and Kryzanowski (1998) and Beneish & Whaley (1996). The benefit 

of using bid-ask spreads is that they are more directly related to the LCH hypothesis, which in essence 

is built on the hypothesis of lower bid-ask spreads as well as being a more stable proxy for liquidity 

over time. A different alternative would be to include the log-transformed volumes instead of the 

volume ratio to reduce problems of non-normality (Ajinkya & Jain, 1989). However, as argued by 

Campbell & Wasley (1996), event studies on volume will always contain non-normality even when 

log-transformed. 

9.1.2 Weak rejection of IRH 

This thesis has assumed that the OSEBX changes are information-free events as a result of the 

transparent selection process. However, as mentioned in section 6, the LCH and IRH are theories that 

points to “informational implications” from OSEBX changes. These theories would argue for a new 

permanent price equilibrium based on reduced required returns.  

This thesis rejects the IRH based on the empirical findings in section 6. However, the empirical and 

theoretical basis for this rejection is somewhat limited and would initially require more robustness 

tests. The investor recognition hypothesis suggests that that the index effect and decreased required 

returns are driven by increased media attention and information production. Therefore, it would make 

sense to study the relationship between index membership and number of firm-specific news, to 

explore further insights in relation to this hypothesis. Some relevant indicators are potential changes 

to the precision in consensus estimates from analysts (Wang et. al., 2013; Baran & King, 2014), 

number of covering analysts (Chen et. al., 2003; Wang et. al., 2013), and firm-specific news (Liu, 

2009; Daya et. al., 2012), following index inclusion (removal).  

The above-mentioned tests could provide useful insights into whether the rejection of IRH is 

appropriate. The IRH could not only be a more appropriate explanation for the index effect, but it 

would also suggest that the results do not necessarily contradict the CAPM and EMH. Consequently, 

further tests should be performed if IRH were to properly be rejected. To put it another way, this 
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thesis rejects the IRH on dubious empirical grounds, and failing to adequately investigate the IRH 

could have a pronounced impact on the discussion of results and their connection to the neoclassical 

paradigm.  

9.1.3 The Appropriate Normal Model 

Previously, it has been argued that the Carhart model is appropriate to use. This is because both the 

SMB and the momentum are statistically significant in the sample in addition to the increasingly 

accumulated evidence in the literature of the importance of these factors. However, as found by Næs 

et. al. (2008), the best model to depict returns on the OSE would be to include a market risk premium, 

the SMB factor, and a liquidity factor. In this context, it could therefore be argued that introducing 

the HML and the momentum factor would increase the standard error of the estimated coefficients 

unnecessarily, while not increasing explanatory power sufficiently. Moreover, that the abnormal 

return estimated, especially in the long run, may be biased because it does not consider the liquidity 

of the stocks directly. 

An additional, yet unaddressed problem, in the normal model of choice in this thesis is the 

comparatively small stock market at the OSE (in 2021 there are 321 stocks at the OSE). This is 

problematic with respect to normal models, because it would imply that the factors used in the Carhart 

model will be based on comparatively small factor portfolios (Dionysiou, 2015). This could increase 

the sensitivity of the findings to the underlying construction of these factors. An alternative would be 

to select global factor portfolios, but as argued by Griffin (2002) domestic portfolios are in most cases 

preferable. 

9.1.4 The Bad Model Problem 

As previously discussed, the normal return models are the Achille’s heel of long-term event studies. 

Even if the best model is selected, either as a Carhart model or the model discussed in section 9.1.3, 

it is going to be a biased one. This is known as the ‘bad model problem’, where no long-term abnormal 

return model (here 𝐶𝐴𝑅) is without anomalies. The bad model problem is two-pronged (Fama & 

French, 1998).  Firstly, asset pricing models are incomplete descriptions of expected returns. If the 

sample is concentrated towards characteristics not described by the model, the estimated normal 

returns are likely to be biased. The most prevalent one for the Carhart/Fama-French model is known 

as the ‘BM anomaly’. This anomaly argues that growth stocks tend to outperform value stocks in the 

period before portfolio construction. However, once the portfolio has been made the relationship 
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starts to reverse. In other words, value stocks tend to increase their returns and growth stocks tend to 

decrease their returns (the opposite of what the Fama-French model assumes) (Fama & French, 1993). 

This is often known to imply a market ‘overreaction’ at the event and will by default lead to some 

reversal of the event effect once the market realizes its valuation mistake. This is problematic, because 

it may be that the abnormal returns calculated over time is not in fact abnormal returns, but simply 

due to a ‘bad model’. The second problem relates to the estimation window, which may not be 

representative simply because events may be preceded with unusual performance. Mitchell & 

Stafford (2000) suggest that 1/3 of their sample 𝐶𝐴𝑅 is a result of such model deficiencies rather than 

the event. Moreover, Kasch & Sarkar (2012) argue that this is the cause of the ‘permanent’ effect in 

most event studies on the index effect. In other words, this is a fundamental challenge to the use of a 

normal model and confidence into this thesis’ long-term event studies. 

This is also why some critics, including Fama (1998) argues that it is not possible to test the validity 

of the EMH as have been performed in section 8.2 in this thesis. This is because any attempts to test 

for market efficiency must, by definition, involve an asset pricing model. Therefore, because all 

normal return models are inaccurate depictions of actual expected returns, it is not possible to know 

whether the market ‘anomalies’ are a result of a market inefficiency, an inaccurate pricing model, or 

both. When confronted by why markets appear to overact in some circumstances and underreact in 

others, Fama (1998, p. 287) replies: 

The market efficiency hypothesis offers a simple answer to this question – chance. Specifically, 

the expected value of abnormal returns is zero, but chance generates apparent anomalies that 

split randomly between overreaction and underreaction. 

In sum, the bad model problem is an existential threat to the validity of all event studies and of testing 

the EMH. The debate regarding the consequences of the bad model problem for event studies is 

considerable and some argue that it is small (i.e., Khotari & Warner, 1996; Jegadeesh, 2000), while 

some argue that it is large (Lyon et. al., 1999; Ritter & Welch, 2002). To sum up, in the words of 

Dionysiou (2015, p. 163): “The ambiguous ability of pricing models to correctly predict expected 

returns on securities create concerns about the validity of long-run event studies”. 

9.1.5 Long-Run Event Studies 

In addition to the problems related to the normal model, there are also considerable problems in the 

event study design. These include, among others, survivorship bias, non-normality, cross-sectional 
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dependence etc. An alternative approach to deal with these problems was proposed by Fama (1998), 

known as calendar-time abnormal return (CTAR) portfolio approach (or the Jensens alpha approach) 

as in Jaffe (1974) and Mandeleker (1974). Another popular alternative is the Buy-and-Hold AR 

(BHAR) approach. Although each of these alternative models have their weaknesses, it is in general 

considered beneficial to supplement the standard CAR approach with both of these additional 

methods. This is to avoid bias resulting from the general econometric issues in the standard CAR 

approach (Khotari & Warner, 2006; Dionysiou; 2015). This is a general problem in the index effect 

literature because there are still very few index effect event studies where these two methods are 

applied (Patel & Welch, 2017). 

The BHAR approach is especially relevant in this thesis, because first of all, it mitigates the bad 

model problem mentioned in section 9.1.4. Moreover, it is not as sensitive to selection bias problems, 

which indeed is a central aspect in this thesis. This is because the BHAR approach, instead of using 

a normal return model, uses a mimicking factor portfolio (or matching stocks) as the normal model. 

Practically, it would mean that the normal returns are calculated based on a portfolio of stocks that 

are not OSEBX constituents, but with characteristics similar to the event-stocks. These characteristics 

could for instance be stocks with similar pre-event size, B/M ratio, momentum etc. The benefit is that 

because they have similar pre-event characteristics, they will experience the same “selection bias”-

tendency as the event stocks. Therefore, the BHAR approach can explain part of the selection bias. 

The BHAR approach would therefore represent a significant contribution of this thesis’ findings. 

9.1.6 Index Effect Over Time 

Section 8.2 provided a discussion of the findings with respect to the efficient market hypothesis. The 

findings confirmed a violation of the EMH in the short-term, but not necessary in the long-term. In 

order to better investigate the efficiency of the market, it would have been necessary to look at the 

magnitude of price pressure effects over time.  

Most research in the Nordics show that the temporary index effects have increased, and the long-term 

effects have decreased over the years. Other studies argue that the economic magnitude of index 

inclusions, both temporary and permanent, have diminished over the years (Petajisto, 2011; Kamal, 

2014; Soe & Dash, 2008). In particular, in his studies of the of the S&P500 and Russel 2000 indices, 

Petajisto (2011) claims that the index inclusion effect peaked in 2000 before gradually declining. 

There are different theories as to why the index inclusion effect apparently has declined. Kamal et. 

al. (2012) points to increased global financial market regulation and tighter rules after 2000, aimed at 
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increasing corporate transparency and limiting information asymmetry in financial markets as 

reasons. Inspired by this, Kamal’s (2014) studies of the S&P500 index show insignificant changes in 

liquidity for deleted stocks post 2000. On the other hand, Boehmer & Kelley (2009) claim that the 

increased presence of institutional investors, rather than active management, is the driver of increased 

market efficiency. Therefore, there is conflicting evidence as to which impact the institutional 

investors have on the strength of the index effect (Ye, 2012; Chabakauri & Rytchkov, 2016, Barberis, 

et. Al., 2002). However, in sum, a weaker index inclusion would imply more investors paying 

attention and front-running the index funds. Such trading pattern argues for some degree of market 

efficiency working against the index inclusion effect. 

Based on the discussion above, a logical step forward would be to see price pressure over time in 

association with the change in passive ownership over time. The development of the magnitude of 

the price pressure could have some insightful indicators as to whether the market inefficiencies has 

increased or decreased over time along with the increase in passive management. Naturally, this could 

also provide some understanding regarding the role of passive funds in this market anomaly. In sum, 

an investigation of the economic magnitude of price pressure over time could provide necessary 

insight as to whether the market efficiency has improved over time.  

9.2 COMOVEMENT 

9.2.1 Measurement Problems 

One of the main conclusions in the event studies on comovement is that the findings are conflicting. 

This may partly be attributed to the design of the event study. Several of the same problems apply to 

the comovement study as with the study on returns. Among these are the appropriate model to depict 

comovement of returns and the bad model problem. Additionally, the beta estimate on single stock 

returns is known to be imprecise and sensitive in small samples (Fama & French, 2004). Considering 

that the sample size of this thesis is relatively small, the results are sensitive to this property. 

Moreover, as mentioned in section 4.3.1, Chen et. al. (2016) critically reflects on the reliability of 

testing changes in beta, because of differences in nonsynchronous trading. He argues that the changes 

in beta are expected because stocks included in the index will have higher liquidity. Because 

nonsynchronous trading will provide a negative bias in illiquid stocks and positive bias in liquid 

stocks, the change in beta is expected. However, in this context, it should be mentioned that, in 
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contrast to the findings of Chen et. al. (2016) this thesis has not identified a significant change in 

volume, and therefore is the explanation of nonsynchronous trading difference less likely.  

9.2.2 Matching Stocks 

A potential solution to the selection bias problem in comovement is proposed by Kasch & Sarkar 

(2012) and Chen et. al. (2016). They match the added stocks with stocks that have similar pre-event 

changes in characteristics. Therefore, the only difference between the matched pair of stocks would 

be that the one is added to the index, and the other is not. These two studies match the stocks based 

on size, momentum, and book-to-market ratio, to ensure that the change in fundamentals is aptly 

adjusted for when matching the stocks. The rationale is therefore similar to that of the BHAR 

approach, mentioned in section 9.1.5 and could potentially separate the index effect and the selection 

bias effect. 

9.2.3 The CAPM Beta 

As briefly noted in section 8.1, Roll’s critique is at the centre of whether it is possible to see the results 

in section 6 in relation to the CAPM. This is partly because, even though the market model is common 

to use as a CAPM proxy, it insufficient to really represent the CAPM ‘market portfolio’, which 

consists of, amongst others, real estate, human capital, consumer durables etc. The market used as a 

proxy for the CAPM market portfolio is the OSEAX index, which fall short of the requirement of 

really testing the CAPM and may also fall short of Fama & French’s (2004) requirement of a 

‘reasonable proxy’. This may create a bias in the interpretation of the findings in relation to the CAPM 

in section 8. However, it should be noted that this thesis should not be interpreted as a formal test of 

the CAPM, but rather a descriptive depiction of the index effect in relation to the CAPM.  

10 CONCLUSION 

The findings in this thesis point to much uncertainty regarding the index effect on the OSEBX index. 

With respect to returns, there is strong evidence towards the Price Pressure Hypothesis in the 

temporary findings, and some support for the Imperfect Substitutes Hypothesis. These price pressures 

are identified at several points in time but are especially pronounced at the Announcement Date and 

the day before the Effective Date. For additions, these effects are 0,97% and 2,45%, respectively, 

while for deletions these effects are -0,95% and -3,57%. This is consistent with risk arbitrageurs front-

running the indexers at the Announcement Date, and index funds rebalancing their portfolios the day 
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before effective date to minimize tracking error. Nevertheless, the findings surrounding Calculation 

Date is more sporadic, with less clear economic interpretation.  

However, there is considerable uncertainty to whether the index effect is permanent. At one hand, if 

the findings are accepted at face value, there is statistically significant abnormal returns for both 

additions and deletions in the longest event period [-120; 120] of 31% and -34%, respectively. 

However, it is also evident that this is an overstatement of the index effect, partly driven by selection 

bias. A more moderate measure of the total index effect on returns would be in the period [-25; 120], 

finding a statistically insignificant abnormal returns for additions and deletion of 8,32% and -11,74%. 

Depending on the extent of selection bias being present in the findings, both the PPH and ISH 

hypothesis may therefore potentially explain the observed index effect. Therefore, further research is 

required to confidently determine whether there is a permanent index effect. 

Nevertheless, there is evidence against both the LCH and the IRH. The former is rejected because 

there is no evidence of a statistically significant increase (decrease) in liquidity at addition (deletion). 

The latter hypothesis can be rejected because there is a rapid index effect on deletions, contrasting 

the gradual decline hypothesized by the IRH. 

In relation to comovement, following the method of Vijh (1994), there is evidence of a demand-based 

view on comovement for additions, but not for deletions. The evidence suggests a significant beta 

increase at index inclusion of 0,18 (1-year study) and 0,13 (6-months study). In contrast, both event 

studies on deletions suggest no statistically significant change in beta loading. The finding of an 

asymmetric index effect on additions and deletions, could be explained by the habitat-view on 

comovement, but also gives partial support for the fundamental view. Nonetheless, following the 

method of Kasch & Sarkar (2012), the index effect on additions in the event study using 6-month 

estimation window disappears. Therefore, there is some evidence that part of the index effect 

observed in the initial study, is driven by a change in fundamentals (specifically, the HML factor), 

rather than index inclusion in itself. This strengthens the argument made by Kasch & Sarkar (2012) 

and Chen et. al. (2016) arguing that parts of the observed ‘index effect’ is explained by selection bias. 

In sum, there is considerable evidence indicating the fundamentals view on comovement, but also 

some evidence for the demand-based view on comovement. 

The inconsistencies and uncertainties observed in the event studies, create some ambiguity to how 

this relates to the CAPM. If selection bias is assumed to be immaterial to the studies performed, there 

is evidence of both ISH and a demand-based view on comovement. This would imply that the index 
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effect represents a severe violation of the CAPM. It would therefore support the description of 

Wurgler (2010), arguing that index constituents are overpriced and contain a higher systematic risk 

than other stocks, ‘detaching’ them from the rest of the stock market. However, because there is 

evidence of selection bias having an impact on the findings, both the PPH and a fundamental view 

on comovement are still likely explanations for the index effect. If these two views are assumed, there 

is no evidence of an index effect, resulting in no violation of the CAPM and no long-term index effect 

at all. Considering that both explanations may be appropriate, it would be premature to conclude that 

the index effect, in fact, is evidence against the CAPM. 

The evidence on the EMH is clearer as the semi-strong market efficiency is violated in the short-term. 

Significant price pressure at AD and ED-1(i.e., PPH) indicate market inefficiencies and arbitrage 

opportunities. However, the evidence is more conflicting in the long-term as a result of selection bias 

and choice of interval. The lack of clear-cut evidence for ISH makes it difficult to reject the semi-

strong market efficiency in the long-term. 

In the end, this thesis does not find sufficient grounds to easily incorporate the index effect into the 

growing literature of neoclassical anomalies. 

10.1 IMPLICATIONS  

From a theoretical viewpoint, the main implication of this thesis is that it provides a starting point for 

further research on OSEBX. The index effect on returns in Norway has scarcely been studied and the 

index effect on comovement, to the best of authors’ knowledge not been studied at all. Secondly, the 

paper provides some additional evidence towards the existence of an index effect on Oslo stock 

exchange, both in the short-term and long-term. However, the main contribution is the study of a 

selection bias which invalidates some of the findings in the “traditional”, but possibly predated, 

studies. This also applies to previous research on the Oslo Stock Exchange, which has not addressed 

selection bias as a source of error in their findings.  Selection bias indicates that the long-term index 

effect is not a result of inefficiencies in the market, but instead, a change in stock characteristics. In 

other words, parts of the observed causality are reversed; Index inclusion (exclusion) does not cause 

abnormal performance, but abnormal performance causes index inclusion (exclusion). Finally, the 

potential existence of a selection bias indicates that the EMH and CAPM are not necessarily violated 

by the observed long-term index effect. 
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From a practical viewpoint, there are some conclusions to be drawn in regard to index funds. The size 

of the tracking error is used to measure the performance of these passive funds, making it 

advantageous to rebalance “as late as possible”. Not to mention the fact that some index funds are 

required by their mandate to keep tracking error to a minimum. However, the findings of this thesis 

show that, by trading at the ED-1, index funds maximize price pressure and end up buying (selling) 

at unfavourable prices, i.e., buying after price increase and selling after price decrease. Petajisto 

(2011) denotes this concept as the “index turnover cost” because a mechanical indexer must always 

buy stocks with the index premium (after index effect) and sell them without the premium. This cost 

is hidden from index investors who simply focus on explicit fees of index funds and tracking error as 

performance measures because the cost is suffered by the benchmark index itself. However, by 

comparing to an “index-neutral” strategy 29 , he finds a significant annual index turnover cost 

(Petajisto, 2011). As a consequence of this trading pattern, Blume and Edelen (2003) and Chen et. al. 

(2004) estimates a significant wealth transfer from index funds to arbitrageurs. The findings in this 

paper back up their suggestions. The evidence indicates that index fund can generate excess returns 

using a different rebalancing strategy, despite the possibility of increased tracking error. Similarly, it 

indicates that index investors experience an unambiguous and hidden drag on returns, which can be 

avoided by following a simpler index-neutral strategy.  

Considering the findings suggesting that an index turnover cost exist, another question is how Oslo 

Stock Exchange can mitigate the OSEBX index effect. One argument is that the selection rules should 

be as unpredictable as possible because the index effect is also influenced by arbitrageurs (Chen et. 

al., 2006). Unpredictable selections and a limitation of advanced knowledge make it more difficult 

for arbitrageurs to “time” the index changes, and therefore to exploit the index funds. Therefore, 

according to the view of Chen et. al. (2006), a potential mitigation of the negative consequences of 

the index effect could be to make the selection process more unpredictable and complex. 

It is too early to determine that a ‘dark-side of index funds’ actually do exist and that they ‘create 

their own phenomena in their own right’. However, there are significant indicators pointing to an 

index effect at OSEBX which creates an ‘index turnover cost’ for the tracking index funds. 

 
29 Consists of holding a portfolio with the same characteristics as the index, but not being automatically tied to holding 

the index at all times. 
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10.2 FURTHER RESEARCH 

A natural starting point for any further research would be to investigate other “index effects” at 

OSEBX. It would be particularly interesting to study how the index effects affect the return volatility 

of index constituents. Index changes are related to changes in institutional ownership, trading volume, 

systematic risk, and risk premiums, as mentioned in this thesis, making volatility a logical next move. 

In particular, the dynamics of increased passive ownership and shifts in volatility, would be insightful. 

Increased passive ownership (passive funds and ETFs) has been claimed to increase the volatility 

(Wurgler, 2010; Sullivan and Xiong, 2012; Chabakauri & Rytchkov, 2016), however, this proposition 

has been overlooked in almost all of the existing research, despite the fact that it could have 

pronounced ramifications for the so-called diversification benefit of index funds.  

In relation to the discussions of this thesis, a natural extension would be to increase robustness of the 

long-run tests on volume, as discussed in section 9. Interesting methods to circumvent the 

methodological problems in the volume analysis would be to investigate alternative liquidity 

measures, as for instance bid-ask spreads. 

However, the central aspect of uncertainty in this thesis is selection bias in returns and comovement. 

An extension of this thesis would be to focus on methods that avoid selection bias problems. This can 

be done by using BHAR methods, as discussed in section 9.1.4 and a matching exercise as discussed 

in section 9.2. This will be challenging, considering the relatively small pool of stocks which can be 

used to perform the matching exercise, but would also be a valuable input to the literature. An 

alternative method to avoid selection bias problems could be to avoid event-studies at all. For 

instance, a valuation-approach where it is attempted to use standard valuation proxies to see whether 

the stocks in the OSEBX are permanently overvalued or not. This would have the benefit of 

circumventing the abnormal performance from selection bias surrounding the event. Two examples 

of such studies on the S&P500 are Morck & Yang (2001) and Belasco et. al. (2012) who study 

whether index constituents are overvalued on Tobin’s Q, Price/Earnings and Price/Book. 

Another interesting aspect would be to look at the index effect over time. As argued by Kasch & 

Sarkar (2012), a caveat for the ISH hypothesis and the demand-based view on comovement is that 

the index effect does not increase over time. An increase would be expected because the relative share 

of index funds is increasing rapidly.  If the index effect does not increase over time in the same rate 

as index funds’ share of the market, it would indicate increasing evidence towards a selection bias 
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effect rather than an index effect. This could provide valuable insight to the discussion in the 

literature. 

Finally, much of the “index effect research” has been dedicated to studies of the added and deleted 

stocks. Another interesting dimension of the index effect is any potential effects on the existing 

incumbents, i.e., firms that retain their membership after the revisions. Gygax & Otchere (2010) found 

significant positive (negative) cumulative abnormal returns associated with S&P500 additions 

(removals) for industry peers 30 . There are almost no other studies on how revisions influence 

incumbent companies.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
30 Incumbents in the same industry as the added or deleted stock. 
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11 APPENDICES 

11.1 EVENT-STUDY METHODOLOGY 

11.1.1 Constructing the Fama–French Factors 

In this instance, all stocks in the Norwegian market are allocated in 631 sub-portfolios: 

SMB is created by first subtracting the equally-weighted average return of the three small portfolios 

(S/L, S/M and S/H) minus the equally-weighted average returns of the three big portfolios (B/L, B/M 

and B/H). HML is the equally-weighted average of the two high B/M portfolios (S/H and B/H) minus 

the two low B/M portfolios (S/L and B/L). The reason for constructing the portfolios this way is to 

ensure that the factors capture for instance size, keeping B/M constant and vice versa. 

The last factor, PR1YR32, is a momentum factor and is often referred to as UMD, for Up-Minus-

Down. PR1YR is constructed as a portfolio of longing stocks with the highest 30% 11-month lagged 

returns and shorting the stocks with the lowest. 

11.1.2 Comparison of Factor Models 

Average adjusted 𝑅2 and standard errors for all observations for both additions and deletions. This 

can be interpreted as the Carhart model having the highest explanatory power among them. 

 
31 The Size portfolio is only split into two portfolios because evidence suggests that B/M has a stronger role in returns 

than size (Fama and French, 1992). 
32 In addition to UMD, it is also often referred to as MOM (Momentum). This thesis will stick to PR1YR to emphasize 

that the factor is constructed as in Carhart (1997). However, it should be emphasized that there is an alternative method 

to account for momentum suggested by Fama & French (1998) 

Appendix Table 2 - Determination coefficient and standard error of three 

factor models in the sample 

Appendix Table 1 - Construction of Fama-French Factors 
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When testing the Carhart factors there is significance of all factors, except for the HML factor. 

However, this factor is kept for maintaining theoretical validity and generate findings that are easily 

comparable across studies. The factors are tested as follows: 

11.1.3 Non-Normality of Abnormal Return and Abnormal Trading Volume 

Regarding abnormal return, the figure supplied below show that both additions and deletions have 

heavy kurtosis. This departure from normality is what causes both the Shapiro-Wilks test and the 

Jarque-Bera test to reject normality, as seen in the table below. 

 

The same applies for abnormal trading volume. As can be seen in the Figure below, abnormal trading 

volumes exhibit both heavy kurtosis and positive skewness. In fact, the departure from normality 

seems even more severe for abnormal trading volume, relative to abnormal returns. The Jarque-Bera 

test rejects normality, as seen in the figure below. 

RP SMB HML PR1YR

Average 1,04 0,39 -0,04 0,10

t-test 13,85*** 5,41*** -0,61 1,90*

Average 0,86 0,50 0,18 -0,09

t-test 11,55*** 5,88*** 2,74*** -1,77*

Additions

Deletions

Appendix Table 3 - Test of Carhart coefficients in the sample 

Notes: Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.  The 

tests are simple cross-sectional t-test. 

Appendix Figure 1 - QQplot of AR_(i,t) in the event period Appendix Figure 2 - Normality test of AR_(i,t) 

additions (above) and deletions (below) 
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11.1.4 Winsorized Volume Ratio 

To see the impact of outliers in the data, statistical tests with a 95% winsorization of the volume ratio 

has been included. As can be seen in the Figure below, there is a substantial difference between the 

average volume ratio when winsorized and not winsorized. This is not surprising considering the 

knowledge that the volume ratio is significantly right-skewed and has considerable outliers as seen 

in Appendix 11.1.3. Importantly, in term so inference, as seen in the table below, there is no material 

difference between the winsorized and not-winsorized volume ratio in the test size. Moreover, there 

is also a substantial spike at ED-1. 

 

 

 

 

Appendix Figure 3 – Qqplot of VR_(i,t) in the event period 

Appendix Figure 4 – Normality test of VR_(i,t) 

additions (above) and deletions (below) 

Winsorized Not Winsorized Winsorized Not Winsorized

Pre 1,13 1,46 1,05 1,37

Post 0,95 1,13 1,07 1,49

Diff -0,19 -0,33 0,02 0,12

t-stat -3,09*** -3,64*** 0,31 0,99

Additions Deletions

Appendix Figure 5 - Statistical tests of MVR_t. Comparison of winsorized and not winsorized 

Notes: Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.  The tests are simple cross-

sectional t-test 
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11.1.5 Step-By-Step Guide to Test Statistics 

In this Appendix, how to calculate the test statistics is exemplified. Specifically, data from 4 stocks 

(MPC, BWO, AS & PCI) is used and the test statistics are calculated for 9 event days [ED-3; 

ED+5]. Also notice that some of the calculations require an estimation window. This estimation 

window is assumed to be 5 days long. 

Cross-sectional t-test (t-test) 

The previously presented eq. 5.2.5.1 can be repeated as follows: 

𝑡-𝑠𝑡𝑎𝑡𝐴𝑅𝑡̅̅ ̅̅ ̅ =
𝐴𝑅𝑡̅̅ ̅̅ ̅

𝑆(𝐴𝑅𝑡̅̅ ̅̅ ̅)/√𝑁
=

1/𝑁∑ 𝐴𝑅𝑖,𝑡
𝑁
𝑖=1

√ 1

𝑁(𝑁−1)
∑ (𝐴𝑅𝑖,𝑡−∑

𝐴𝑅𝑖,𝑡
𝑁

𝑁
𝑖=1 )

2
𝑁
𝑖=1

     (eq. 5.5.1) 

Appendix Figure 6 - 95% winsorized MVR_t in the long-term event period for additions 

(above) and deletions (below) 
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Notice, that when leaving out 1/√𝑁   the denominator is the simple standard deviation across 

observations.  

𝑆(𝐴𝑅𝑡̅̅ ̅̅ ̅) = √ 1

𝑁−1
∑ (𝐴𝑅𝑖,𝑡 − ∑

𝐴𝑅𝑖,𝑡

𝑁
𝑁
𝑖=1 )

2
𝑁
𝑖=1 =

1

√𝑁
√ 1

𝑁−1
∑ (𝐴𝑅𝑖,𝑡 − ∑

𝐴𝑅𝑖,𝑡

𝑁
𝑁
𝑖=1 )

2
𝑁
𝑖=1  (eq. 5.5.2) 

This is similar to simply using the MS Excel formula “Stdev.S” across the four stocks (here for event 

day 5): 

 

As can be seen in the output above. At 𝐸𝐷 − 1  𝐴𝑅̅̅ ̅̅ = 1,74% while the standard deviation is 3,5%. 

The standard deviation is converted to the standard error by 
1

√𝑁
. Thus, the test statistic is calculated: 

𝑡-𝑠𝑡𝑎𝑡𝐴𝑅𝑡̅̅ ̅̅ ̅ =
𝐴𝑅𝑡̅̅ ̅̅ ̅

𝑆(𝐴𝑅𝑡̅̅ ̅̅ ̅)/√𝑁
=

1,74%

3,5%/√4
= 0,99      (eq. 5.5.3) 

The calculations for  𝐶𝐴𝑅̅̅ ̅̅ ̅̅  and 𝑀𝑉𝑅 are identical to  𝐴𝑅̅̅ ̅̅ . 

Crude Dependency Adjustment (CDA) 

The previously presented CDA test statistics in equation 5.2.5.4 is: 

𝐶𝐷𝐴𝐴𝑅𝑡̅̅ ̅̅ ̅ =
𝐴𝑅𝑡̅̅ ̅̅ ̅

𝑆(𝐴𝑅𝑡̅̅ ̅̅ ̅)
=

1/𝑁∑ 𝐴𝑅𝑖,𝑡
𝑁
𝑖=1

1

𝑁
√∑

1

𝑇−1
∑ (𝐴𝑅𝑖𝑡−∑

𝐴𝑅𝑖𝑡
𝑇

𝑇
𝑡=1 )

2
𝑇
𝑡=1

𝑁
𝑖=1

    (eq. 5.5.4) 

The crude dependency adjustment is fairly similar to the cross-sectional t-test. However, instead of 

using the variance from the event period as an estimator of the variance, it applies a variance estimated 

from the estimation window. Notice that this means that 𝐴𝑅𝑖𝑡 must be estimated for all stocks in the 

estimation window as well. This is performed identically to ARs in the event period. 

Appendix Figure 7 - Cross-sectional t-test example 
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𝑆(𝐴𝑅𝑖) =
1

𝑇−1
∑ (𝐴𝑅𝑖𝑡 −∑

𝐴𝑅𝑖𝑡

𝑇
𝑇
𝑡=1 )

2
𝑇
𝑡=1      (eq. 5.5.5) 

Notice that this variance is calculated individually for all stocks across time. Therefore, by using MS 

Excel’s formula Var.S, the standard deviation for each stock 𝑆(𝐴𝑅𝑖) can be calculated (in red): 

 

 

After calculating the standard deviation for each stock, it can be averaged as follows: 

𝑆(𝐴𝑅̅̅ ̅̅ ) =
1

𝑁
√∑ 𝑆(𝐴𝑅𝑖)

𝑁
𝑖=1 =

1

𝑁
√∑

1

𝑇−1
∑ (𝐴𝑅𝑖𝑡 − ∑

𝐴𝑅𝑖𝑡

𝑇
𝑇
𝑡=1 )

2
𝑇
𝑡=1

𝑁
𝑖=1  (eq. 5.5.6) 

In other words, in this example it can be calculated as: 

𝑆(𝐴𝑅̅̅ ̅̅ ) = √
0,00%+0,03%+0,01%+0,04%

4
= 0,71%    (eq. 5.5.7) 

Notice that this is the standard deviation across all observations estimated from the estimation 

window. This is therefore assumed to be constant across time. In other words, 0,71% for all event 

days. Therefore, the CDA test for all event days can be calculated as: 

Therefore, in for instance 𝐸𝐷-1, the CDA test is found as: 

EW Day MPC BWO AS PCI

1 0,00-     0,00     0,01-     0,05     

2 0,00     0,03-     0,01-     0,02     

3 0,00     0,02-     0,01     0,00     

4 0,00-     0,02-     0,00     0,00-     

5 0,00-     0,04-     0,01-     0,02     

0,00 % 0,03 % 0,01 % 0,04 % 0,71 %

 (  )

 (  )

Appendix Figure 8 - Calculating the standard deviation for the CDA test 

Event Day MPC BWO AS PCI

-3 0,02     0,07     0,01     0,00-     1,36 % 0,71 % 1,91     

-2 0,04     0,04-     0,01-     0,06-     -1,54 % 0,71 % 2,17-     

-1 0,02-     0,01     0,01     0,07     1,47 % 0,71 % 2,07     

0 0,02     0,01-     0,03-     0,06     -1,95 % 0,71 % 2,75-     

1 0,06-     0,05-     0,03     0,01     1,66 % 0,71 % 2,33     

2 0,04     0,05-     0,03-     0,01     1,26 % 0,71 % 1,77     

3 0,03-     0,01-     0,00     0,03-     -0,01 % 0,71 % 0,02-     

4 0,01-     0,03-     0,00-     0,01-     3,04 % 0,71 % 4,28     

5 0,01     0,04     0,02     0,02-     2,11 % 0,71 % 2,97     

   (      

Appendix Figure 9 - Calculating the CDA test 
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𝐴𝑅𝑡̅̅ ̅̅ ̅

𝑆(𝐴𝑅𝑡̅̅ ̅̅ ̅)
=

1,47%

0,71%
= 2,07        (eq. 5.5.8) 

Adjusted BMP Test 

The adjusted BMP test is performed in several steps. The presented test statistic in eq. 5.2.5.8 was: 

𝐵𝑀𝑃𝑆𝐴𝑅𝑡̅̅ ̅̅ ̅̅ ̅ =
𝑆𝐴𝑅𝑡̅̅ ̅̅ ̅̅ ̅

𝑆(𝑆𝐴𝑅𝑡̅̅ ̅̅ ̅̅ ̅)
=

1/𝑁∑ 𝑆𝐴𝑅𝑖,𝑡
𝑁
𝑖=1

√
1

𝑁(𝑁−1)
∑ (𝑆𝐴𝑅𝑖,𝑡−∑ 𝑆𝐴𝑅𝑖,𝑡/𝑁

𝑁
𝑖=1 )

2𝑁
𝑖=1

   (eq. 5.5.9) 

And then, the Adjusted BMP was presented as follows in eq. 5.2.5.11: 

𝐴𝑑𝑗. 𝐵𝑀𝑃 = 𝐵𝑀𝑃√
1

(1+(𝑁−1)�̅�)
      (eq. 5.5.10) 

The first step is to find 𝑆𝐴𝑅𝑖,𝑡 . This is done by using the estimated standard deviation from the 

estimation window used in the CDA,  𝑆(𝐴𝑅)𝐶𝐷𝐴. For instance, for the Stock BWO, it would mean 

that all event days 𝐴𝑅𝐵𝑊𝑂 is divided by 0,03% (retrieved from Appendix Figure 2). 

𝑆𝐴𝑅𝑖,𝑡 =
𝐴𝑅𝑖,𝑡

𝑆𝐴𝑅𝑖,𝑡
=

𝐴𝑅𝑖,𝑡

√ 1

𝑇−1
∑ (𝐴𝑅𝑖𝑡−∑

𝐴𝑅𝑖𝑡
𝑇

𝑇
𝑡=1 )

2
𝑇
𝑡=1

     (eq. 5.5.11) 

For BWO at event day -3 (Appendix Figure 1) the 𝐴𝑅𝐵𝑊𝑂 = 0,07. Therefore 𝑆𝐴𝑅𝐵𝑊𝑂,−3 =
0,07

0,03%
=

253,49. 

Following the 𝑆𝐴𝑅𝑖,𝑡 for each stock is tested as in the cross-sectional t-test. In other words, across all 

observations at each event day: 

 The BMP test statistic is calculated similar to the cross-sectional t-test. For 𝐸𝐷-1 this means: 

𝐵𝑀𝑃−1 = −
394

985/√4
= −0,8       (eq. 5.5.12) 

Appendix Figure 10 - Calculating the BMP test statistic 



11 Appendices 

133 

 

Finally, the Kolari & Pynnönen (2010) modification is applied: 

𝐴𝑑𝑗, . 𝐵𝑀𝑃 = 𝐵𝑀𝑃√
1

(1+(𝑁−1)�̅�)
      (eq. 5.5.13) 

Where �̅� is the average of the sample cross-correlation of the estimation window abnormal returns. 

In this example it is estimated to be �̅� = 0,001. Therefore, at 𝐸𝐷 − 1: 

𝐴𝑑𝑗, . 𝐵𝑀𝑃 = −0,8√
1

(1+(4−1)0,001)
= −0,799    (eq. 5.5.14) 

Cowan’s Generalized Sign test 

The presented Sign test in eq. 5.2.5.13 is as follows: 

𝑆𝑖𝑔𝑛𝑡𝑒𝑠𝑡 =
𝐴−𝑁𝑝

√𝑁𝑝(1−𝑝)
        (eq. 5.5.15) 

Where: 

𝑝 =
1

𝑁
∑

1

𝑇

𝑁
𝑖=1 ∑ 𝜑𝑖,𝑡

𝜏1
𝑡=𝜏0

       (eq. 5.5.16) 

The A is the number of stocks with positive 𝐴𝑅𝑖,𝑡 at the event day of interest. As can be seen in 

Appendix Figure 1, there are 3 stocks with positive 𝐴𝑅𝑖,𝑡 at 𝐸𝐷-1. Therefore 𝐴 = 3. P is found in two 

steps. First count how many days each stock has a positive 𝐴𝑅𝑖,𝑡 in the estimation window. For BWO, 

as seen in Appendix Figure 2 this is just 1 day. The share of positive observations for BWO is 

therefore 0,25% (=1/4). When this is done for all stocks, calculate the average across all stocks: 

When p has been estimated it can be multiplied by the number of stocks in the sample to find the 

hypothesized “normal” number of stocks with positive sign. In this instance it would be (0,45 ∗ 4 =

1,8). Then, because 𝐴 = 3 at 𝐸𝐷-1 the Sign test can be found as: 

𝑆𝑖𝑔𝑛𝑡𝑒𝑠𝑡 =
𝐴−𝑁𝑝

√𝑁𝑝(1−𝑝)
=

(3−4∗0,45)

√4∗0,45(1−0,45)
=

3−1,8

0,99
= 1,21    (eq. 5.5.17) 

EW Day MPC BWO AS PCI

1 0,00-        0,00     0,01-     0,05     

2 0,00        0,03-     0,01-     0,02     

3 0,00        0,02-     0,01     0,00     

4 0,00-        0,02-     0,00     0,00-     

5 0,00-        0,04-     0,01-     0,02     

A 40 % 20 % 40 % 80 % 45,00 %

 

Appendix Figure 11 - Calculating p 
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Difference in means test 

Finally, to test for a permanent increase of 𝑀𝑉𝑅𝑡 in the long-term window, a difference in means test 

is applied: The test performed compares the average 𝑀𝑉𝑅𝑡 aggregated across time between a defined 

pre and post period. As mentioned, these two periods are defined as [𝐸𝐷 − 120; 𝐸𝐷 − 30] and 

[𝐸𝐷 + 30; 𝐸𝐷 + 120], respectively. In other words, to calculate the statistic, the first step required is 

a time-series aggregation of each event-day in the specified pre-period: 

𝑀𝑉𝑅𝑝𝑟𝑒 = ∑
1

𝑇
∑

𝑉𝑅𝑖,𝑡

𝑁

𝑁
𝑖=1

−30
𝑡=−120       (eq. 5.5.18) 

𝑀𝑉𝑅𝑝𝑜𝑠𝑡 = ∑
1

𝑇
∑

𝑉𝑅𝑖,𝑡

𝑁

𝑁
𝑖=1

120
𝑡=30        (eq. 5.5.19) 

Then, the test statistic is calculated: 

𝑡-𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐 =
𝑀𝑉𝑅𝑃𝑜𝑠𝑡−𝑀𝑉𝑅𝑃𝑟𝑒

𝑆𝐸(𝑀𝑉𝑅𝑃𝑜𝑠𝑡−𝑀𝑉𝑅𝑃𝑟𝑒)
=

𝑀𝑉𝑅𝑃𝑜𝑠𝑡−𝑀𝑉𝑅𝑃𝑟𝑒

√
𝑆𝑃𝑜𝑠𝑡
2

𝑁𝑃𝑜𝑠𝑡
+
𝑆𝑃𝑟𝑒
2

𝑁𝑃𝑟𝑒

    (eq. 5.5.20) 

The standard deviations for 𝑀𝑉𝑅𝑃𝑟𝑒 and 𝑀𝑉𝑅𝑃𝑜𝑠𝑡 are estimated cross-sectional in the two periods: 

𝑆𝑝𝑟𝑒/𝑝𝑜𝑠𝑡 = √ 1

𝑁(𝑁−1)
∑ (𝑀𝑉𝑅𝑡 −

1

𝑁
∑ 𝑀𝑉𝑅𝑝𝑟𝑒/𝑝𝑜𝑠𝑡
𝑁
𝑖=1 )

2
𝑁
𝑖=1    (eq. 5.5.21) 

11.1.6 Estimated p 

The estimated p in the sign test differs, depending on what measure is tested (AR, CAR or MVR), 

on which normal model is used (Carhart and Market-Adjusted) and finally whether it is for 

additions or deletions. The formula for estimating p is: 

𝑝 =
1

𝑁
∑

1

𝑇

𝑁
𝑖=1 ∑ 𝜑𝑖,𝑡

𝜏1
𝑡=𝜏0

       (eq. 5.2.5.14) 

And the estimated ps used are: 

Appendix Table 4 - Estimated p for all event studies 

 

Additions Deletions

AR CAR AR CAR AR CAR AR CAR

49 % 50 % 52 % 52 % 48 % 45 % 52 % 51 % 29 % 23 %

VolumeCarhart

Additions Deletions

Market-Adjusted

Additions Deletions
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11.1.7 Ordinary Least Squares (OLS) Assumptions and Methodology 

The central idea of the OLS method, is to minimize the sum of the squared errors by performing a 

first-order derivation with respect to each coefficient. If 𝑏0, … , 𝑏1  is the general estimators of 

𝛽0, … , 𝛽𝑘 the following equation needs to be minimized: 

 

∑(𝑌𝑖 − 𝑏0 − 𝑏1𝑋1𝑖 −⋯− 𝑏𝑘𝑋𝑘𝑖)
2

𝑁

𝑖=1

 

Eq. (xx) 

 

Solving this equation, the resulting estimator of coefficient of the variable(s) of interest is the Best 

Linear Unbiased Estimator (BLUE) given the general OLS assumptions. These are: 

1. Linearity in parameters 

2. Random sampling (i.i.d. observations) 

3. No perfect collinearity 

4. Zero-conditional mean 

5. Homoskedasticity 

6. Normality of errors 

Assumption 1-5 are known as the Gauss-Markov Assumptions. The first four of these are related to 

the unbiasedness of the OLS-estimator, and assumption 5 is relation to the efficiency of the OLS-

estimator. 

Of special interest in this study is assumption 4, regarding the zero-conditional mean. If a variable 

which is correlated with both expected returns and the market return is omitted, it will lead to 

omitted variable bias. This bias will therefore mean that the estimator of the true market beta will 

converge into something other than the true market beta, even in large samples. 

11.2 IMPACT ON RETURN DYNAMICS 

11.2.1 Comparison of Normal Return Models 

Temporary Findings 

As can be seen from the table below, there is a very small difference between the three factor models 

applied. Indeed, there are only minor differences in terms of significance, but no material impact of 

these differences in terms of economic intuition. 
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Appendix Table 5 - Comparison of models in short-term event periods 

 

 

Permanent Findings 

The same rationale applies for the permanent findings as for the temporary. There is no material 

difference, making the choice between normal return models immaterial to the economic 

interpretation of the results. Also, it is noted that there is some material discrepancy, especially in 

terms of the level of the market adjusted model vs. the factor models. This is likely because of a lack 

of explanatory power in the long run for the market-adjusted model. It is also noted that there is some 

discrepancy between the market model and the Carhart model for deletions. The difference in terms 

of inference is considered immaterial to the conclusions in this thesis and is discussed in Appendix 

11.3.1. In the following table, additional tests with alternative event periods are calculated, using the 

Carhart model. 

 

Mark. Adj. CH FF3 MM Market. Adj. CH FF3 MM

AD-3 0,57 % 0,34 % 0,29 % 0,43 % AD-3 -0,24 % 0,14 % 0,02 % 0,07 %

AD-2 0,19 % 0,44 % 0,33 % 0,18 % AD-2 -0,70 % -0,27 % -0,27 % -0,43 %

AD-1 -0,16 % -0,42 % -0,13 % -0,12 % AD-1 -0,20 % -0,02 % -0,18 % -0,19 %

AD 0,97%* 1,06%** 1,02%** 0,62 % AD -0,95%** -0,67%* -0,67%* -0,82%**

AD+1 0,20 % 0,90%*** 0,48 % 0,21 % AD+1 0,11 % 0,24 % 0,30 % 0,22 %

AD+2 -0,79%** -0,70%** -0,59%* -0,70%* AD+2 -0,72%* -0,32 % -0,40 % -0,77 %

AD+3 -0,21 % -0,75%* -0,60 % -0,14 % AD+3 -0,84 % -0,65 % -0,68 % -0,66%*

AD+4 -0,03 % -0,33 % -0,24 % -0,02 % AD+4 0,06 % -0,09 % -0,04 % -0,08 %

AD+5 0,40 % 0,52 % 0,43 % 0,19 % AD+5 -0,59%* -0,04 % -0,11 % -0,31 %

AD-3: AD+5 1,13 % 1,06 % 1,00 % 0,64 % AD-3: AD+5 -4,06%*** -1,68 % -2,04%* -2,97***

ED-3 -0,33 % -0,20 % -0,20 % 0 % ED-3 -0,09 % -0,19 % -0,03 % -0,08 %

ED-2 0,46 % 0,38 % 0,31 % 0 % ED-2 -0,18 % 0,12 % 0,13 % 0,11 %

ED-1 2,45%*** 2,70%*** 2,70%*** 2,87%*** ED-1 -3,57%*** -3,43%*** -3,40%*** -3,57%***

ED -0,34 % -0,34 % -0,38 % -0,69%*** ED 1,16%* 2,25%** 2,31%*** 1,96%***

ED+1 -0,82%** -0,87%** -0,84%** -0,98%*** ED+1 0,74 % 0,85 % 0,85%* 0,82 %

ED+2 -0,50 % -0,35 % -0,38 % 0 % ED+2 0,40 % 0,35 % 0,44 % 0,46 %

ED+3 -0,13 % 0,19 % 0,18 % 0 % ED+3 0,32 % 0,24 % 0,17 % 0,21 %

ED+4 0,16 % 0,20 % 0,27 % 0 % ED+4 -0,03 % 0,03 % 0,04 % -0,06 %

ED+5 -0,04 % -0,19 % -0,15 % 0 % ED+5 0,45 % 0,62%* 0,67%* 0,37 %

ED-3: ED+5 0,89 % 1,53 % 1,51 % 1,64%* ED-3: ED+5 -0,80 % 0,84 % 1,17%** 0,21 %

Additions Deletions

Notes: Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.  The tests are simple cross-sectional t-test. Mark. 

Adj. – Market adjusted model, CH – Carhart, FF3 – Fama-French 3-factor model, and MM – Market Modely 
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Notes: Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.   

 

CAR t-test CDA Sign test Adj. BMP

[-120;120] 30,74 % 3,71*** 5,25*** 65,67%*** 2,96***

[-120; -41] 22,26 % 5,28*** 6,61*** 71,64%*** 3,68***

[-40; 40] 4,96 % 1,28 1,46 57 % 1,53

[41; 120] 3,51 % 0,95 1,04 52 % 0,20

[-25; 120] 8,32 % 1,52 1,83 54 % 1,14

[-1; 120] 6,41 % 1,37 1,54 55 % 0,89

[0; 120] 3,71 % 0,96 0,89 52 % 0,34

CAR t-test CDA Sign test Adj. BMP

[-120;120] -34,31 % -3,27*** -5,08*** 68%** -2,21**

[-120; -41] -20,03 % -3,67*** -5,19*** 68%** -2,54***

[-40; 40] -10,47 % -1,95* -2,7*** 57 % -1,45

[41; 120] -3,80 % -0,78 -0,98 53 % -0,69

[-25; 120] -11,74 % -1,55 -2,24*** 55 % -1,02

[-1; 120] -1,51 % -0,22 -0,31 50 % -0,34

[0; 120] 1,92 % 0,28 0,4 52 % -0,01

Additions

Deletions

[  ;  ]

[  ;  ]

Appendix Figure 12 - Additional tests of long-term event periods 

Appendix Figure 13 - Comparison of factor models in maximum long-term event period 
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11.3 INTERRELATION BETWEEN RETURNS AND COMOVEMENT IN A NEOCLASSICAL 

PERSPECTIVE 

11.3.1 Inference When Using the Market Model 

The inference when using the market model is fairly similar to the Carhart model, albeit with some 

statistical significance in the period [-25; 120] for deletions. The sign test and the Adjusted BMP 

shows no statistical significance, and partial significance, respectively. This therefore provides 

similar conclusions as in the Carhart model. In other words, some evidence for the ISH hypothesis, 

and some evidence for the PPH hypothesis. 

 

11.4 R-CODES FOR ADDITIONS RETURNS 
 

library("readxl") 
library("stargazer") 
library("sandwich") 
library("lmtest") 
 
ew <- read_excel("Additions Data Joakim.xlsx", sheet = 9, col_names = TRUE, col
_types = c("numeric"), na = "N/A", skip = 0) 
ewstocks <- data.frame(ew[,7:77]) 
ewreducedstocks <- data.frame(ew[,11:77]) 
ewmarket <- data.frame(ew[,3]) 
ewff3 <- data.frame(ew[,3:6]) 
ewff3 <- ewff3[,-2] 
ewch <- data.frame(ew[,3:7]) 
ewch <- ewch[,-2] 
 
 
#------------------------------------------------------------------------------
-------------------------------------------------------------------------------

Notes: Significance codes used are ‘***’<1%, ‘**’<5%, and ‘*’<10%.   

 

t-test CDA Sign test Adj. BMP

[-120;120] 30,96 % 3,89*** 5,71*** 68%*** 4,00***

[-25; 120] 8,21 % 1,59 1,95* 55 % 1,52

t-test CDA Sign test Adj. BMP

[-120;120] -44,33 % -4,49*** -5,84*** 77%*** -3,23***

[-25; 120] -17,59 % -2,37** -2,98*** 60 % -1,73*

Additions (N=72)

Deletions (N=74)

[  ;  ]

[  ;  ]

   

   

Appendix Table 6 - Long-term event period tests using the market model 
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---------------------------------------------------- 
#####Market Model##### 
 
set.seed(1) 
 
# number of stocks 
new <- 71 
 
# run n regressions 
ewreg <- lapply(1:new, function(x) lm(ewstocks[,x] ~ ewmarket[,1])) 
test <- lm(ewstocks$ELKEM.ASA ~ ewmarket$R_M) 
testsum <- summary(test) 
testsum$sigma 
 
# extract summary statistics 
coefs <- sapply(ewreg, coef) 
ewsummaries <- lapply(ewreg, summary) 
coefs 
ewsummaries 
summary 
summary <- lapply(ewreg, summary) 
rlist <- sapply(summary, function(x) c(r_sq = x$adj.r.squared)) 
mean(rlist) 
stderr <- sapply(summary, function(x) c(r_sq = x$sigma)) 
mean(stderr) 
write.csv(coefs, "additionsMMcoefs.csv") 
 
 
#------------------------------------------------------------------------------
-------------------------------------------------------------------------------
---------------------------------------------------- 
#####FF3##### 
 
# number of stocks 
new <- 68 
 
# run n regressions 
ewreg <- lapply(1:new, function(x) lm(ewreducedstocks[,x] ~ ewff3[,1] + ewff3[,
2] + ewff3[,3])) 
 
# extract summary statistics 
coefs <- sapply(ewreg, coef) 
ewsummaries <- lapply(ewreg, summary) 
coefs 
ewsummaries 
 
summary <- lapply(ewreg, summary) 
rlist <- sapply(summary, function(x) c(r_sq = x$adj.r.squared)) 
mean(rlist) 
stderr <- sapply(summary, function(x) c(r_sq = x$sigma)) 
mean(stderr) 
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write.csv(coefs, "additionsFF3coefs.csv") 
 
 
#------------------------------------------------------------------------------
-------------------------------------------------------------------------------
---------------------------------------------------- 
#####Carhart##### 
set.seed(1) 
 
# number of stocks 
new <- 67 
 
# run n regressions 
ewreg <- lapply(1:new, function(x) lm(ewstocks[,x] ~ ewch[,1] + ewch[,2] + ewch
[,3] + ewch[,4])) 
 
# extract summary statistics 
coefs <- sapply(ewreg, coef) 
ewsummaries <- lapply(ewreg, summary) 
coefs 
ewsummaries 
 
summary <- lapply(ewreg, summary) 
rlist <- sapply(summary, function(x) c(r_sq = x$adj.r.squared)) 
mean(rlist) 
stderr <- sapply(summary, function(x) c(r_sq = x$sigma)) 
mean(stderr) 
 
 
write.csv(coefs, "additionsCHcoefs.csv") 
 
#------------------------------------------------------------------------------
-------------------------------------------------------------------------------
---------------------------------------------------- 
#####Average Cross Correlation##### 
 
ewma <- read_excel("Additions Data.xlsx", sheet = 16, col_names = TRUE, col_typ
es = c("numeric"), na = "N/A", skip = 0) 
ewch <- read_excel("Additions Data.xlsx", sheet = 17, col_names = TRUE, col_typ
es = c("numeric"), na = "N/A", skip = 0) 
 
ewmastocks <- data.frame(ewma[1:140, 2:72]) 
ewchstocks <- data.frame(ewch[1:140, 2:69]) 
 
ewmastocks <- ewmastocks[-9] 
ewchstocks <- ewchstocks[-6] 
 
ewmastocks 
ewchstocks 
 
marketadjustedcorr <- cor(ewmastocks) 
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carhartcorr <- cor(ewchstocks) 
 
write.csv(marketadjustedcorr, "marketadjustedcorr.csv") 
write.csv(carhartcorr, "carhartcorr.csv") 

 

11.5 R-CODES FOR ADDITIONS COMOVEMENT 
 

library("readxl") 
library("stargazer") 
library("sandwich") 
library("lmtest") 
library("dplyr") 
 
pre1y <- read_excel("Additions Data Joakim.xlsx", sheet = 5, col_names = TRUE, 
col_types = c("numeric"), na = "N/A", skip = 0) 
pre1ystocks <- data.frame(pre1y[,5:65]) 
pre1ymarket <- data.frame(pre1y[,4]) 
 
post1y <- read_excel("Additions Data Joakim.xlsx", sheet = 6, col_names = TRUE,
 col_types = c("numeric"), na = "N/A", skip = 0) 
post1ystocks <- data.frame(post1y[,5:65]) 
post1ymarket <- data.frame(post1y[,4]) 
 
 
pre6m <- read_excel("Additions Data Joakim.xlsx", sheet = 7, col_names = TRUE, 
col_types = c("numeric"), na = "N/A", skip = 0) 
pre6mstocks <- data.frame(pre6m[,5:98]) 
pre6mmarket <- data.frame(pre6m[,4]) 
 
post6m <- read_excel("Additions Data Joakim.xlsx", sheet = 8, col_names = TRUE,
 col_types = c("numeric"), na = "N/A", skip = 0) 
post6mstocks <- data.frame(post6m[,5:98]) 
post6mmarket <- data.frame(post6m[,4]) 
 
 
#------------------------------------------------------------------------------
-------------------------------------------------------------------------------
---------------------------------------------------- 
#####1Year##### 
 
set.seed(1) 
 
# number of stocks 
n1y <- 61 
 
 
# run n regressions 
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pre1y <- lapply(1:n1y, function(x) lm(pre1ystocks[,x] ~ pre1ymarket[,1])) 
post1y <- lapply(1:n1y, function(x) lm(post1ystocks[,x] ~ post1ymarket[,1])) 
 
# extract summary statistics 
prebetas1y <- sapply(pre1y, coef)[2,] 
postbetas1y <- sapply(post1y, coef)[2,] 
diffbetas1y <- postbetas1y - prebetas1y 
 
presummary1y <- lapply(pre1y, summary) 
preR21y <- sapply(presummary1y, function(x) c(r_sq = x$r.squared)) 
postsummary1y <- lapply(post1y, summary) 
postR21y <- sapply(postsummary1y, function(x) c(r_sq = x$r.squared)) 
diffR21y <- postR21y - preR21y 
 
#Table statistics 
mean(prebetas1y) 
mean(postbetas1y) 
 
regbeta1y <- lm(diffbetas1y ~ 1) 
coeftest(regbeta1y) 
coeftest(regbeta1y, vcov=NeweyWest(regbeta1y)) 
 
write.csv(diffbetas1y, "diffbetas1yv2.csv") 
 
#------------------------------------------------------------------------------
-------------------------------------------------------------------------------
---------------------------------------------------- 
#####6months##### 
 
set.seed(1) 
 
# number of stocks 
n6m <- 94 
 
# run n regressions 
 
pre6m <- lapply(1:n6m, function(x) lm(pre6mstocks[,x] ~ pre6mmarket[,1])) 
post6m <- lapply(1:n6m, function(x) lm(post6mstocks[,x] ~ post6mmarket[,1])) 
 
# extract summary statistics 
prebetas6m <- sapply(pre6m, coef)[2,] 
postbetas6m <- sapply(post6m, coef)[2,] 
diffbetas6m <- postbetas6m - prebetas6m 
 
presummary6m <- lapply(pre6m, summary) 
preR26m <- sapply(presummary6m, function(x) c(r_sq = x$r.squared)) 
postsummary6m <- lapply(post6m, summary) 
postR26m <- sapply(postsummary6m, function(x) c(r_sq = x$r.squared)) 
diffR26m <- postR26m - preR26m 
 
#Table statistics 
mean(prebetas6m) 
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mean(postbetas6m) 
 
regbeta6m <- lm(diffbetas6m ~ 1) 
coeftest(regbeta6m) 
coeftest(regbeta6m, vcov=NeweyWest(regbeta6m)) 
 
write.csv(diffbetas6m, "diffbetas6m.csv") 
 
#------------------------------------------------------------------------------
-------------------------------------------------------------------------------
---------------------------------------------------- 
#####Year Change##### 
library(dplyr) 
preold <- data.frame(pre1y[,5:65]) 
preold <- select(preold, 1:16, 18:32, 61) 
 
preNew <- data.frame(pre1y[,5:65]) 
preNew <- select(preNew, 17, 33:60) 
 
postold <- data.frame(post1y[,5:65]) 
postold <- select(postold, 1:16, 18:32, 61) 
 
postNew <- data.frame(post1y[,5:65]) 
postNew <- select(postNew, 17, 33:60) 
 
#------------------------------------------------------------------------------
-------------------------------------------------------------------------------
----------------------------------- 
#Old data 
set.seed(1) 
 
# number of stocks 
nold <- 32 
 
# run n regressions 
preoldreg <- lapply(1:nold, function(x) lm(preold[,x] ~ pre1ymarket[,1])) 
postoldreg <- lapply(1:nold, function(x) lm(postold[,x] ~ post1ymarket[,1])) 
 
# extract summary statistics 
prebetasold <- sapply(preoldreg, coef)[2,] 
postbetasold <- sapply(postoldreg, coef)[2,] 
diffbetasold <- postbetasold - prebetasold 
 
preoldsum <- lapply(preoldreg, summary) 
preR2old <- sapply(preoldsum, function(x) c(r_sq = x$r.squared)) 
postoldsum <- lapply(postoldreg, summary) 
postR2old <- sapply(postoldsum, function(x) c(r_sq = x$r.squared)) 
diffR2old <- postR2old - preR2old 
 
regbetaold <- lm(diffbetasold ~ 1) 
regR2old <- lm(diffR2old ~ 1) 
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mean(prebetasold) 
mean(postbetasold) 
 
mean(preR2old) 
mean(postR2old) 
 
coeftest(regbetaold) 
coeftest(regR2old) 
 
coeftest(regbetaold, vcov=NeweyWest(regbetaold)) 
coeftest(regR2old, vcov=NeweyWest(regR2old)) 
#------------------------------------------------------------------------------
-------------------------------------------------------------------------------
---------------------------------------------------- 
 
#New data 
set.seed(1) 
 
# number of stocks 
nNew <- 29 
 
# run n regressions 
preNewreg <- lapply(1:nNew, function(x) lm(preNew[,x] ~ pre1ymarket[,1])) 
postNewreg <- lapply(1:nNew, function(x) lm(postNew[,x] ~ post1ymarket[,1])) 
 
# extract summary statistics 
prebetasNew <- sapply(preNewreg, coef)[2,] 
postbetasNew <- sapply(postNewreg, coef)[2,] 
diffbetasNew <- postbetasNew - prebetasNew 
 
preNewsum <- lapply(preNewreg, summary) 
preR2New <- sapply(preNewsum, function(x) c(r_sq = x$r.squared)) 
postNewsum <- lapply(postNewreg, summary) 
postR2New <- sapply(postNewsum, function(x) c(r_sq = x$r.squared)) 
diffR2New <- postR2New - preR2New 
 
regbetaNew <- lm(diffbetasNew ~ 1) 
regR2New <- lm(diffR2New ~ 1) 
 
mean(prebetasNew) 
mean(postbetasNew) 
 
mean(preR2New) 
mean(postR2New) 
 
coeftest(regbetaNew) 
coeftest(regR2New) 

 


