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Executive Summary 

In light of the proposed transfer of the authority of inspection and approval of prospectuses for 

transferable securities in Norway, this thesis investigates the market efficiency that has been achieved 

by the company currently in charge of this authority, namely the Oslo Stock Exchange (OSE) itself. Taking 

a different path than most market efficiency papers, this thesis looks at the market reaction following 

the volcanic eruptions of Eyjafjallajökull on Iceland that efficiently closed European airspace for eight 

days in April of 2010. This was a fairly complicated situation, which might say a lot about the efficiency 

at Norway’s only stock exchange. The stock market reaction is tested through the stock price of the only 

airline company enlisted, Norwegian Air Shuttle (NAS). The mean process and volatility of the stock price 

is also modeled to look for further indications of market efficiency. 

To assess the market reaction, an intervention analysis is employed, which shows that the market 

reaction is small and not significant at conventional levels. This is interpreted as an indication that the 

market did not react efficiently to the difficult task of incorporating this new information into the NAS 

stock price. Furthermore, the results show that this reaction declined slowly, which could be interpreted 

as a similar reaction to the post announcement drift phenomenon. Although this is another sign of 

inefficiency, it might be explained by both time varying expected returns and irrational investor 

behavior. 

The mean process and volatility of the NAS stock price is modeled through an AR(1)-EGARCH(1,1). The 

results show that there is asymmetric volatility and mean reversion in the data, and a visual inspection 

indicates increased volatility following the incident. These might be further indications of inefficiency, 

however, they may also have rational explanations. 

The results support most previous research, which have found that there are signs of inefficiencies at 

the OSE. Furthermore, increasing costs of trade, thin trading, a small stock exchange and restrictions of 

uncovered short sales are suggested as possible reasons for the OSE showing signs of inefficiency. 

However, because this thesis does not test any trading strategies related to these inefficiencies, the 

efficient market hypothesis cannot be rejected at the OSE.  
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1. INTRODUCTION 

On December 5th 2008, a new proposal concerning the inspection and approval of prospectuses for 

transferable securities in Norway was sent out on consultation to the Oslo Stock Exchange (OSE). At the 

time, this was done by the OSE and the new proposition suggested that this authority was transfered to 

the Norwegian Securities and Exchange Commission. The background for this change was that the 

European commission did not want private companies to enforce prospectus legislation, as this 

authority should be a public matter. In the hearing the OSE stated that their main task is to “Run a 

market that is perceived to have confidence and integrity in the same lines as the best international 

markets” (Finansdepartementet, 2008). Central elements in achieving this, is to have prices that are 

market appropriate, that market participants have the same information at the same time, and that the 

market is perceived to be efficient and fair.  

A survey performed by NTB among international investors from 2005, showed a quite disturbing result 

compared to what the OSE sees as its main goal. Over half of the international investors who were 

asked, agreed that the OSE was the bad guy among the Nordic stock exchanges, and had a bad 

reputation for participants herding after the well known successful investors (Nrk no, 2005). Was this a 

sign that the authority to inspect and approve prospectuses for transferable securities in Norway should 

be transferred to public authorities as the OSE did not achieve its targets? 

Two years after this hearing, in 2010, for the first time in modern aviation history European air space 

was effectively shut down, not fully open again for another eight days. Following volcanic eruptions 

from the Icelandic volcano Eyjafjallajökull, huge clouds of ash particles came drifting in over Europe, 

forcing European governments to ban all flights until it was again considered safe for aircrafts to depart 

from European airports. This left an already struggling airline industry with all airplanes on the ground, 

and passengers in need of a place to stay, food to eat and refunds for missing work. At the Oslo Stock 

Exchange (OSE) investors now had to get a grip of how this was going to affect the value of the only 

airline on the stock exchange, Norwegian Air Shuttle (NAS). They had to consider the costs incurred by 

the passenger needs mentioned above, the effect it was going to have on travelling when aircrafts were 
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allowed to fly again, how long it was going to take before they were allowed to fly again and what was 

the risk of this incident occurring again in the future. After all, this was only a minor volcanic eruption, 

and geologists warned that the much more serious neighboring volcano Katla often erupted in the years 

following eruptions from Eyjafjallajökull, and that such an eruption could go on for up to two years 

(Videnskab dk, 2010). Luckily, this was not to be the case, and two years later there have been no 

restrictions on air travel related to ash particles over European airspace. 

After this incident, research has shown that European airline stocks reacted efficiently considering the 

difficulty of the situation (Nippani and Washer, 2010). In light of the transfer of authority to inspect and 

approve prospectuses for transferable securities in Norway, it would be interesting to explore if the OSE 

incorporated the information efficiently in this situation. This can give an indication as to whether the 

efficiency has improved since this survey, and if it can be considered efficient at all. It would also be 

interesting to have a look at the mean process and volatility of the NAS stock to see if there is any 

further evidence of inefficiency in the stock price. This leads to the research questions: 

1.1. Research Question 

1. How did the Oslo Stock Exchange react to the closing of European airspace following the 

eruptions from Eyjafjallajökull in April 2010, and what does this say about the efficiency at the 

Oslo Stock Exchange? 

2. Are there further indications towards inefficiency in the NAS stock price, and why might there 

be such inefficiencies at the Oslo Stock exchange? 

To find an answer to these questions, an intervention analysis will be employed to find the stock price 

reaction of the only airline on the OSE, Norwegian Air Shuttle. This can show the magnitude of the stock 

market reaction, and how long the incident had an effect. Furthermore, the mean process and volatility 

of the NAS stock price will be modeled to see if this can give further indications about the efficiency at 

the OSE. 
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1.2. Structure 

In the next section the background of this thesis will be presented to show why the efficiency on the 

OSE should be tested, and what might cause possible inefficiencies. In section 3, the theory of efficient 

markets will be presented, followed by what previous research has found out about market efficiency in 

section 4. Section 5 will present the econometric modeling that is going to be used, and section 6 will 

present the results. These results will be discussed in section 7, and finally in section 8, the conclusion of 

this thesis is presented.  
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2. BACKGROUND 

In this section the background for this thesis will be presented. First of all, the volcanic eruptions that is 

under investigation will be presented to give a clearer picture of how this incident evolved. Following 

this, the characteristics of the OSE and the NAS stock will be presented to look at how these might affect 

the stock market reaction to this incident. 

2.1. The Eruptions and the Reactions of European Stock Markets. 

Following three weeks of smaller eruptions in the autumn of 2010, the Eyjafjallajökull volcano on Iceland 

started spewing ash kilometers into the atmosphere on the 14th of April 2010. Fine ash particles then 

started forming large clouds that drifted with the wind to cover the majority of European airspace. For 

most of eight days, these clouds prevented airplanes from taking off all over Europe, putting an effective 

stop to air travel throughout this period. During this time, there was a lot of difficult news for the stock 

market to deal with. First of all the loss of revenue for the period needed to be calculated. Then came 

the cost of the passengers needs for hotel rooms, food and alternative transportation. There was also 

the issue of refunds for passengers not being able to go on holiday etc. and what insurance companies 

could cover. Speculation was also raised as to what the local governments would be expected to cover, 

as there was no concluding evidence that ash particles could damage airplane engines (Budd, Griggs, 

Howarth and Ison, 2011). 

Many experts on the area tried to give a forecast as to how long this was going to last. Apparently, the 

ice covering the volcano was the reason why ash came out and not lava, which would not produce any 

obstacles for the airline operations. For this reason, the speed at which the ice was melting became an 

important question, and forecasts ranged from a few days to two months. There was also the 

overhanging danger that the neighboring monster volcano Katla could erupt. If this were to happen, the 

eruptions could last for years, causing severe damage to the whole European economy. Historically, 

Katla has had eruptions following volcanic activity at Eyjafjallajökull, and experts on the area feared that 

history was going to repeat itself. 
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When it was all over, more than 108 000 flights had been cancelled, 10,5 million passengers had their 

travel plans disrupted and over 1,7 billion USD was lost in revenues for the airline industry (Eurocontrol, 

2010). NAS later reported that 1 973 flights were cancelled and an estimated shortfall of 300 000 

passengers due to the incident (Norwegian Air Shuttle, 2010a). 

It is easy to see that this was a real test for the investors at the OSE. As will be shown below, the market 

as a whole need not necessary calculate the exact costs correctly to be efficient though. Nappani and 

Washer (2011) investigate the reaction of the Bloomberg airline index to the eruptions. They find that 

the stock markets reacted slowly, but efficiently, showing that the OSE should be able to react in an 

efficient market as well. There is, however, some characteristical differences between the OSE and the 

important international stock exchanges that might explain a different reaction. 

2.2. The Oslo Stock Exchange 

Since its opening in 1819, the Oslo Stock Exchange has been an important part of the Norwegian 

economy in distributing the nation’s capital. In this part, some statistical attributes will be presented 

that might have an effect on the efficiency on the OSE. 

As will be presented later on, most of the important literature concerning market efficiency relates to 

the larger stock exchanges like the New York Stock Exchange (NYSE) and the London Stock Exchange 

(LSE). In figure 1, the OSE is compared to these stock exchanges in the terms of market capitalization, 

volume traded and enlisted stocks. It can be seen that compared to the stock exchanges in London and 

New York, the OSE is very small. According to the statistics database of the World Federation of 

Exchanges (2012) anno January 2012, the capitalization of the NYSE is more than 50 times larger than 

the OSE while the LSE is more than 15 times as large. Comparing the number of stocks on the exchanges, 

the NYSE and LSE have 10 and 12 times as many companies respectively. This shows that not only is the 

OSE a considerably smaller stock exchange, but since the ratios decreases when comparing number of 

companies, it also shows that the companies that are listed are smaller on the OSE. Comparing the 

trading volume, there also seems to be huge differences between the OSE and its larger cousins. The 

NYSE has 74 times higher trading volume, while at the LSE the ratio is 12. This means that the liquidity at 

the OSE is much lower compared to the NYSE, but not compared to LSE.  
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Figure 1 Comparing the OSE to the NYSE and LSE 

 

The OSE is dominated by a few very large companies, like Statoil, and Telenor. At year end 2011, Statoil 

(24,6 %) and Telenor (11,8 %) alone accounted for 36,4 % of the market capitalization on the OSE. Figure 

2 shows how trading volume measured in value is divided when companies are separated by size into 

four equally numbered groups. As can be seen from this graph, the largest 25 % of the listed companies 

account for almost all the traded volume. According to numbers from the OSE yearly statistics (Oslo 

Børs, 2012), when considering the number of transactions, the 20 largest companies accounted for 77 % 

of the transactions on the OSE. Furthermore, out of the 223 regular stocks listed on the OSE, excluding 

exchange traded funds, only 79 where traded every trading day throughout 2011. The average amount 

of trading days was 190, while the exchange was open 253 days this year. This shows that, although the 

volume on the OSE is not that low when the size of the stock exchange is taken into account, this trading 

volume is concentrated in the larger companies and that many stocks have thin trading. 
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Figure 2 Trade volume divided by four groups sorted by size on the OSE from Ødegaard (2012) 

So how might this effect the efficiency of the OSE? Jennergren and Korsvold (1974) suggest that small 

stock markets with thinly traded stock might be less efficient than larger stock exchanges. This may 

come from a less efficient flow of information in smaller markets, or that exploiting information in thinly 

traded stocks is less profitable because even small trades affects the stock price significantly. 

Furthermore, according to Gjærde and Sættem (1999), small stock markets may have manipulation 

opportunities that will not be found on the larger stock exchanges, which might attract speculators onto 

the trading arena. An example of this is that during the last years, robot trading have become an 

increasing problem on the OSE, causing an order fee of 0,05 NOK to eliminate market manipulation by 

these robots. A consequence of this may be an increased likelihood of the market reacting inadequately 

to new information. 

Bushman, Piotroski and Smith (2005) find that analyst coverage is higher on larger stock exchanges in 

terms of listed companies. According to Jegadeesh et.al (2004), the information these analysts produce 

promotes market efficiency by helping investors become more accurate when they value companies, 

hence smaller stock exchanges such as the OSE might be less efficient than the larger stock exchanges. 
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Gjerde and Sættem (1999) also find that the volatility on the OSE is twice as high compared to value 

weighted indices in the US and UK. This may be explained by noise trading and commodity price risk 

resulting from the OSE relying on the price of oil. Another issue with the OSE is that uncovered short 

selling is prohibited, which implies that negative information is less efficiently incorporated into stock 

prices. A consequence of this might be that such inefficiencies are stronger on the OSE. 

In sum, it seems to exist characteristical differences between the OSE and its larger peers, which may 

give reason to expect the informational content of stock prices to be lower on the OSE compared to the 

larger stock markets in the US and UK. As the trade on the OSE is concentrated on a few very large 

stocks, it is interesting to see how the NAS stock fits in to this picture. 

2.3. Norwegian Air Shuttle 

Norwegian Air Shuttle was established in 2003, and was in 2005 introduced on the OSE as the only 

airline company enlisted. The stock was at year end 2011 the 67th most valuable stock on the OSE, 

valued at 1,9 billion NOK, and the 42nd most frequently traded stock with 73 684 trades. In terms of 

trade value it was the 36th most traded stock, with almost 2,9 billion NOK changing hands over the NAS 

stock during 2011 (Oslo Børs 2012). Although NAS is not one of the most important stocks on the OSE 

and only accounted for 0,19 % of the traded value during at OSE during 2011, it is among the fifty most 

traded stocks. If the market cannot incorporate information efficiently into this stock price, there are 

almost 200 stocks less traded that might suffer the same inefficiencies.  

Considering the liquidity in the stock, it was on average traded 291 times each day during 2011. This 

means it might be considered thinly traded, but not infrequent, as this often describes a stock that is not 

traded each day the stock market is open. The thin trading might be a problem though, as there is only 

36 trades per hour on average, and with an average transaction value of only 40 000 NOK, it might be 

difficult for traders to exploit information and mispricing concerning the stock. This in turn might lead to 

information not being incorporated efficiently into the stock price, but as pointed out earlier, this is the 

situation for most stocks on the OSE. 
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3. THEORY 

3.1. The Efficient Market Hypothesis 

As the stock markets primary role is to allocate ownership of an economy’s capital stock, it is important 

that the capital holders can entrust the prices in these stock markets. Because capital markets are 

central parts of most industrialized economies, they became an important area of research after the 

Second World War, and the topic generating the most attention was the concept of efficient markets. 

The concept of an efficient market was introduced by Fama (1965) as a market where, given the 

available information, actual prices at every point in time represent very good estimates of their intrinsic 

values. In his later review article, Fama (1970) presented the classical Efficient Market Hypothesis (EMH) 

as a market in which firms can make production investment decisions, and investors can choose among 

the securities that represent ownership of firms’ activities under the assumption that security prices at 

any time fully reflect all available information. The intuition behind being that finding mispriced stocks is 

very valuable, which means that more and more investors will try to profit from trading these stocks. As 

more and more investors try to profit from this, the opportunity to find such stocks will become smaller 

and eventually unlikely over time. As Samuelson (1965) put it:”In competitive markets there is a buyer 

for every seller. If one could be sure that a price would rise, it would already have risen.” The efficient 

market hypothesis paradox is that for the market to be efficient, there needs to be traders who compete 

in finding mispriced stocks so that information is quickly incorporated into stock price. However, if every 

trader believed in the EMH and that there is nothing to gain from finding these mispriced stocks, nobody 

would be looking for them and the market would not be efficient. 

The EMH is not meant to hold in the strictest sense, and different researchers have different 

interpretations of what is a clear violation of market efficiency and what is not. What seems to be 

essential for a market to be efficient is that on average, information is efficiently incorporated into stock 

prices, and that on average no one can consistently beat the market with a certain arbitrage strategy 

taking advantage of inefficiencies in the market. There is of course a lot of ambiguity about what is the 

definition of “efficiently” incorporated, which among others spurred the research leading to the capital 

asset pricing model, which many researchers use as a measure of the “efficient” rate of return. 
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In Fama (1970) there are three conditions under which the EMH will work perfectly: 

1. No transaction costs in trading securities 

2. All available information is costlessly available to all market participants 

3. All investors agree on the implications of current information for the current prices of each 

security 

Although these are not necessary conditions for market efficiency, a breach of one or more of these 

conditions may be potential sources of inefficiency. These conditions for market efficiency was also a 

concern for Grossman and Stiglitz (1980), who showed that they were not realistic in the real world, and 

that the EMH as it was stated would mean that efficient markets could not exist in real life. This is 

because of the “efficient market paradox” mentioned above. As information is costly to retrieve and 

process, there must be a financial incentive to look for new information. If everyone believed markets 

were efficient in the strictest sense, there would be nothing to gain from looking for new information, 

and thereby markets would not be efficient. Jensen (1978) defines a less strict market hypothesis that 

takes this into account. He states that a market is efficient with respect to information   , if it is 

impossible to earn economic profits by trading on the basis of   . This basically means that prices reflect 

all information up to a point where the marginal utility equals the marginal cost of reacting on new 

information, and hence the condition that information is costless is no longer necessary. In this 

framework, there is room for some investors earning an excess risk adjusted return to cover the costs of 

retrieving and absorbing new information. 

The efficient market hypothesis is related to the random walk theory, which says that price changes are 

independent and identically distributed, and thus follows a random walk. The idea being that if 

information is fully reflected in stock prices, tomorrows stock prices will be affected only by tomorrows 

news, independent of today’s news and stock prices. As tomorrow’s news is unpredictable by definition, 

tomorrow’s price change will be equally unpredictable and random (Malkiel, 2003). The relation 

between the random walk theory and market efficiency is not in a strict form, and even though a stock 

price does not strictly follow a random walk, it does not necessarily violate the EMH. Early on, many 

researchers found positive serial correlation in stock prices, which violates the random walk hypotheses. 

These serial correlations, however, where not big enough to make economic profit and thus did not 

break the efficient market hypothesis. 
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As the EMH is a rather wide hypothesis that is difficult to test entirely at once, most researchers focus 

on different forms of market efficiency. Fama (1970) categorized these tests into three forms of market 

efficiency: weak form efficiency tests, semi-strong efficiency tests and strong from efficiency tests. 20 

years later, after seeing what measures were being used to test the different forms of efficiency, Fama 

(1991) renamed these categories respectively as: return predictability tests, event studies and tests for 

private information. 

Weak form of efficiency 

When a market is said to be efficient in the weak form, it means that the future stock prices are 

independent of historical stock prices. As this is standard information which should be fairly easy to 

analyze for all market participants, it should be impossible to consistently make a risk adjusted profit 

from trading upon historical information. This implies that technical analysis of stock price history should 

be practically useless. This does not mean, however, that no one will ever earn excess risk adjusted 

returns using stock price history, as there is room for some investors being exceptionally “good” and on 

the other side exceptionally “bad”. Just by the chance of luck, as there are incredibly many investors out 

there, some market participants should be lucky enough to make a profit several years in a row. The 

important aspect of this form of efficiency is that one should not be able to predict future stock price as 

they should follow a random walk, and if the stock price deviates from the random walk, it should not 

deviate significantly enough that it is possible to earn excess risk adjusted returns from such 

information. 

Semi-strong form of efficiency 

The semi-strong efficient market includes all publicly available information in its stock prices. Since all 

publicly available information ideally is easily available for both buyers and sellers, new information will 

be instantly incorporated in the stock price and thereby cannot be traded upon. This means that both 

technical- and fundamental analysis should be obsolete in a semi-strong market. This is a much stronger 

assumption than in the weak form efficiency. Stock price history is easy to get a hand on and interpret, 

while all publicly available information might be more troublesome to interpret and quantify as an 

impact on future earnings and stock price. Public information might be as straightforward as quarterly 
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results or a dividend payout, but it may also be of a more technical degree, for example in a medical 

research journal. Such information might not always be as easy for a financial analyst to interpret as 

simple historical data.  In the sense of the NAS stock reaction to the eruption, if the OSE is efficient in 

the semi-strong form, the NAS stock price should have an immediate fall following the news that the 

European airspace was going to be closed. The costs of putting all airplanes on the ground for a week 

should be efficiently and instantly incorporated into the NAS stock price. The exact cost may not be 

easily calculated, considering all the refunds, fuel savings, hotel costs etc, but it is not necessary that all 

market participants calculate the right amount, as long as the market as a whole is not consistently 

wrong, and some participants consistently evaluate information better than the market (Fama 1970). 

Strong form of efficiency 

Incorporated in the prices in strong form efficient markets is all existing information. In such a market, 

both publicly available and insider (private) information is immediately included in stock prices, and not 

even an insider with information not publically available will be able to make a profit from trading upon 

insider information. The intuition being that the market anticipates the future development of the 

company, and thereby the insider information is already incorporated in the stock price. It is hard to see 

any connection between inside information and the closing of European airspace, and the focus of this 

thesis will therefore be on the weak and semi-strong efficiency. 

3.2. Behavioral Finance 

Even though this thesis is about testing the efficient market hypothesis at the OSE, it is relevant to 

briefly cover the opposing theory of behavioral finance. There are several anomalies related to the EMH, 

as will be covered in the literature review, that behavioral finance has alternative explanations for. If it is 

found that the OSE shows signs of inefficiency, this literature might also shed some light as to why this 

might be. 

In contrast to the efficient market hypothesis, behavioral finance believes that investors are irrational at 

times and that the market is inefficient in certain situations. Two of the most important building blocks 

of behavioral finance are cognitive psychology and limits to arbitrage.  
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Cognitive Biases 

The cognitive psychology relates to the way people think. As the ones making the decisions in the 

financial markets are human beings, it should be interesting to look at the patterns of the decision-

making behavior from the psychology literature. There is a rich psychological literature documenting 

how people systematically make errors in the way they think, which behavioral finance applies to 

financial markets settings. Ritter (2003) presents the following psychological patterns as the most 

important in behavioral finance: 

 Heuristics: describes how people form mental shortcuts or rules of thumb to make decision 

making easier. People tend to not update these, and when circumstances change, this may lead 

to biases. 

 Overconfidence: people tend to be overconfident about their own abilities, which may lead 

them to overemphasize their own information, and some do not diversify enough because of 

this. 

 Mental accounting: people tend to divide their money in safety capital and risky capital, and 

treat this capital differently. 

 Framing: describes how an individual perceives a concept differently from how it is represented. 

 Representativeness: people put too much emphasis on recent experience, which may lead to 

overreacting on recent news. 

 Conservatism: relates to people being conservative about new information, and react slowly to 

new information. This bias is in conflict with the representativeness. 

 Disposition effect: refers to the pattern that people avoid realizing paper losses, hoping the 

stock price will rise again, and seek to realize paper gains in fear of a stock price decline. In 

reality, both are just as likely. 

Some of these biases are in conflict with each other, and behavioral finance is often accused of model 

dredging, in that they emphasize the best fitting bias to explain a phenomenon in hindsight, not being 

able predict the phenomenon in advance.  
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Limits to arbitrage 

In the EMH, arbitrage plays a critical role as it brings prices to its fundamental value and keeps the 

market efficient. The limits to arbitrage theory presented by Shleifer and Vishny (1997), points out how 

arbitrage does not work in all situations as the EMH assume. An important point in this reasoning is that 

in real life, the investors with enough knowledge and information to engage in arbitrage are relatively 

few, highly specialized investors, combining their knowledge with resources of outside investors to take 

large positions. Because these outside investors only have limited knowledge of the individual markets, 

they create limits to this arbitrage. An example of this is when an arbitrageur has taken a position to 

take advantage of a mispricing, and the mispricing deviates further from its fundamental value than 

when the investor took the position. In this situation, it would be profitable to invest even more, the 

outside investor however, sees that he has lost money and might be reluctant to invest more, or might 

even want to withdraw the money invested to avoid further losses. Because of this, only recurrent 

misevaluations are arbitrageable, and those that are non recurring and long-term in nature, are not. 

Through cognitive biases, limits to arbitrage and other theories not mentioned here, behavioral finance 

explains the different anomalies that are found in financial markets. There is however, no behavioral 

finance theory which explains how the entire market works, which is often pointed out as a weakness 

compared to the EMH. Behavioral finance is on the other hand, in its infancy stage compared to the 

EMH, and it has had a large impact on mainstream finance already. 

  



15 
 

4. LITERATURE REVIEW 

In this part, the most important and relevant findings concerning the EMH will be presented. There are 

differing theories concerning as to why anomalies are found, which will also be presented in this section. 

This thesis researches the stock market reaction to an event and the mean process and volatility of the 

NAS stock price. Because the market efficiency literature is vastly extensive, covering all of it thoroughly 

is out of the scope of this thesis, and therefore only the most important and relevant aspects of this 

literature will be covered here. Finally, the EMH related literature covering the Norwegian stock market 

will be presented at the end of this section. 

4.1 Weak Form Efficiency Tests 

In the early stage of testing the EMH, the weak form of efficiency was the main focus of most research. 

The EMH state that stock prices should resemble a random walk, which implies that returns are 

unpredictable from past returns, and that the best forecast is the historical mean. However, several 

researchers surveyed in Cootner (1964) find positive autocorrelation in short horizon returns in stock 

markets. Although this is contradictory to the random walk theory, the autocorrelation only explain less 

than one percent of the variation in stock prices. Fama and Blume (1966) apply filter rules to investigate 

if these autocorrelations can be profitably traded upon. A filter is a trading strategy where stocks are 

bought and sold according to a certain rule. If for example a 1 % filter rule is applied, the strategy will be 

to buy the stock when rising 1% above a previous low, and sell when the price decreases 1% below a 

previous high. When this is compared to the buy-and-hold strategy, they find that there is not enough 

gain to compensate for trading costs. This led to the view that positive autocorrelation in stock prices is 

not enough to profitably trade against. Although mathematically the random walk theory does not hold, 

economically the markets are still efficient, at least in the weak form. 

Later on this view is challenged by Shiller (1984) and Summers (1986), who represents simple models 

where stock prices take large, slowly decaying swings away from their fundamental values in the long 

run, however, they have little autocorrelation in the short run.  The Shiller-Summers model implies that 

the market is highly inefficient, but in a way so that tests on short term horizons fails to detect it. Keim 
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and Stambaugh (1986) points out that an implication from this model is that long horizon returns have 

highly negative autocorrelation. De Bondt and Thaler (1985) also finds that stocks over long horizons 

tend to mean revert. They construct two portfolios of stocks that have performed extraordinary bad and 

stocks that have performed extraordinary well, and show that the portfolio of “losers” over performs in 

the following long term period, while the “winner” portfolio underperforms. This is interpreted as 

evidence of mean reversion and the effect of overreaction, showing that the market is inefficient. 

Mean reversion is also found by Fama and French (1988) and Poterba and Summers (1988), and provide 

weak statistical evidence against the hypothesis that returns have no autocorrelation and are random 

walks. Fama and French (1988) argue however, that this not necessarily implicates, that these 

fluctuations in stock prices are irrational bubbles, as implied by the Shiller-Summers model. Suppose 

that rational pricing implies an expected return that is highly autocorrelated but mean reverting, and 

shocks to expected return are uncorrelated with shocks to expected dividend. In such a situation, 

expected return shocks have no permanent effect on expected dividends, discount rates or prices, and 

shocks will eventually be erased by temporarily higher expected returns (Fama and French, 1988). This 

shows the common problem in time series tests of market efficiency, that irrational bubbles in stock 

prices are indistinguishable from rational time-varying expected returns. 

Evidently there are opposing theories of what causes long run mean reversion in stock returns, but 

researchers seem to agree that it exists. Fama (1998) mentions three economic models that have been 

put forth to explain the existence of mean reversion in stock returns. One argues that mean reversion 

reflects the impact of rational investors time varying expected returns, and is consistent with a well 

functioning and efficient market. The other two argues that mean reversion in stock returns is the result 

of an inefficient market, where stock prices temporarily diverge from their underlying fundamental 

values. 

Under- and overreaction theory 

There are mainly two behavioral based theories which try to explain mean reversion as an inefficiency in 

the market. These are the BSV model and the DHS model. 
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In Berberis, Shleifer and Vishny (1998), a behavioral model (the BSV model) for under- and overreaction 

is presented. The model builds upon evidence from two judgment biases:  

1. The representative bias of Kahneman and Tversky (1982), which states that investors tend to 

put too much emphasis on recent patterns in the data and to little on the laws of probability in 

the process. 

2. Conservatism presented in Edwards (1968), which states that models are slowly updated in the 

face of new evidence, which particularly explains the underreaction to news. 

In this model, the earnings of the asset follows a random walk, however, the investor believes that 

earnings are either mean reverting or trending.  When investors believe they are mean reverting, they 

underreact as they mistakenly believe changes in earnings are temporary. When their mistake is 

confirmed, stock prices show a delayed response to the earlier news. On the other hand, when investors 

mistakenly believe that the earnings are trending, they will try to extrapolate this trend, and thus the 

stock price overreacts. When the future earnings do not confirm the trend as it is a random walk, the 

long term returns are reversed. 

Daniel, Hirshleifer and Subrahmanyam (1997) present the DHS model, which has different behavioral 

foundations than the BSV model, namely self attribution and overconfidence. It explains, however, the 

same anomalies. In this model there are informed and uninformed investors.  The uninformed investors 

are not subject to judgment biases, the informed investors on the other hand are subject to 

overconfidence and biased self attribution, and the prices are determined by these biased informed 

investors. The overconfidence describes the way investors believe they are highly skilled, and the private 

information they retrieve through interviewing management, verifying rumors and analyses, are given 

higher importance than publicly available information. The self attribution bias (Bem, 1965) states that 

investors tend to attribute events that confirm their actions are valid to their own skill, while events that 

contradict the validity of their actions are attributed to external noise or sabotage. The result of this 

being, that when information arrives, confirming what the investors have acted on, their self confidence 

rises. On the other hand, if the information is contradicting, their self confidence only falls moderately 

or not at all. When the investors get private information, their overconfidence causes them to 

overweigh this information, again causing an overreaction in the prices to private information. When 

contradictory public information arrives, the self attribution bias makes the investors understate this 
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new information, and only partly correct the overreaction. As more and more public information hits the 

market, the price moves slowly towards full information value, explaining the underreaction seen in the 

market. 

Fama and French (1998) discourage both these models as proof of inefficient markets. First of all, they 

argue that overreaction is just as likely as underreaction, and thereby it is just by chance which one it 

will be, which is not in violation of the EMH. Secondly, these models only explain under- and 

overreaction, well while the EMH models the entire market, which they claim is more valuable. They do 

however, point out that post announcement drift, which will be covered later under semi-strong 

efficiency tests, is the only underreaction that is above suspicion and has survived robustness checks. 

Time varying expected returns 

This explanation of mean reverting stock prices is based on the Capital Asset Pricing Model (CAPM) 

developed by Sharpe (1964) and Lintner (1965): 

              

Where r= expected return, rf=risk free rate of return,  =covariance with the market portfolio divided by 

the variance of the market portfolio and rm is the expected rate of return on the market portfolio. This 

theory states that mean reversion is due to time varying expected returns, that is, the beta ( ) or the 

risk premium (     ) varies over time, causing stock prices to also be varying over time. This view is 

not in conflict with the EMH, as rational investors should adapt to these changes. These changes in 

expected return might be caused by changes in volatility or changes in macroeconomic variables. 

Supporting this theory, Ferson and Harvey (1991) found that changing risk premium, inflation shocks, 

yield curve changes and changes in default spreads, captured most of the predictable variation in stock 

prices. Also, Chan (1988) and Ball and Kothari (1989), show that changes in market beta coefficients can 

explain much of the mean reversion phenomenon of individual common stocks. These findings suggests 

that the predictability of the variation in stock prices is not a source for excess risk-adjusted return, 

which indicates an inefficient market, but rather a reflection of the fact that risk and risk premiums 

change through time. 
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Malkiel (2003) explains that mean reversion need not necessarily come from a market inefficiency, but 

rather partly stem from the volatility in interest rates. As there is a tendency for stocks and bonds to go 

down when interest rates go up and vice versa, and since interest rates tend to mean revert over long 

time intervals, stocks will also mean revert.  As interest rates are important information for stock 

returns, this is a mean reversion that is consistent with market efficiency. 

Both the theories claiming an inefficient market and the theory supporting the EMH, have been proven 

to explain a lot of the predictable variance of stock prices, and there does not seem to be a good 

method of telling these apart. In light of this problem, Fama and French (1986) state that the tendency 

toward reversal may reflect time-varying expected returns generated by rational investor behavior and 

the dynamics of common macro-economic driving variables. On the other hand, reversals generated by 

a stationary component of prices may reflect market-wide waves of over-reaction of the kind assumed 

in models of an inefficient market. This leads to the conclusion that “Whether predictability reflects 

market inefficiency or time-varying expected returns generated by rational investor behavior is, and will 

remain, an open issue” (Fama and French, 1986 p.24). 

 

4.2 Semi-Strong Efficiency Tests 

Most of the tests on the semi-strong efficient market are event studies looking at market reactions to 

new information. Early on, a lot of research concentrated on how efficiently this information is 

incorporated into stock prices in the time aspect. Fama, Fisher, Jensen and Roll (1969), in their 

pioneering event study, consider the stock market reaction to announcements of stock splits. They find 

that the market reacts efficiently to the new information, and supports the EMH. According to Fama 

(1991), most of the studies considering the time aspect of the reaction to new information find that 

stock prices on average seem to adjust to the new information within a day. Patell and Wolfson (1984) 

find even more compelling evidence, in that the reaction time to earnings announcements is between 5 

to 10 minutes. This result is in fact so common that most event studies leave little space devoted to the 

time aspect of market efficiency. Interestingly, Woodruff and Senchack (1988) find that stock prices 

adjust more efficiently to positive earnings news than negative. There are, however, some issues in the 
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event study findings. There appears to be an increased dispersion of returns around information events, 

and some event studies find that part of the event response occur slowly as a post-announcement drift.  

Post-announcement drift 

When studying the impact of earnings announcements, Ball and Brown (1968) find that excess returns 

continue to drift upwards after receiving “good” news and downwards after receiving “bad” news. This 

is illustrated in figure 3 from Foster, Olsen and Shevlin (1984). In this article, they sort companies in to 

ten different groups according to the size of their earnings surprise. The excess risk adjusted return for 

these companies are then calculated for the 60 day period prior to and subsequent to the earnings 

announcement. According to the EMH, the price should immediately incorporate the new information, 

the figure shows however, that the stock price continues to drift in the direction of the earnings 

surprise. The article shows that, going long in stocks giving “good” news and short in stocks giving “bad” 

news over a 60 day period, would give excess annualized returns of about 25 %. They also find that 

smaller firms seem to have a more pronounced drift than the larger ones. 
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Figure 3 Stock returns 60 days prior to and after earnings announcements (Foster, Olsen and Shevlin, 1984) 

There are mainly two competing explanations of what might cause this drift, which of course differ on it 

being a case of inefficiency or rational investor behavior. 

The behavioral explanation, which infers that the post announcement drift is caused by inefficiency in 

the market, suggests that at least part of the response in price to information is delayed. This might be 

because traders fail at trying to see the full implication of the earnings announcement, or because 

transaction costs prevent arbitrageurs from exploiting this information. Bertrand and Thomas (1989) 

find evidence for both investors failing to assimilate new information and transaction costs preventing 

arbitrageurs. They do not, however, have an explanation as to why the price is not “right” from the 

beginning, and why investors do not see the implication of the new information for future earnings. The 

behavioral models BSV and HSD introduced above, explains this on the same line as serial correlation 

and mean reversion, in that it is caused by underreaction to news.  

The explanation that is not in conflict with the EMH, suggests that the post announcement drift is a 

consequence of changing risk. The excess return from trading on this information is found because the 
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CAPM used to calculate excess returns is either incomplete or misestimated, and researchers fail to 

adjust the returns fully for the change in risk. This requires that stocks delivering “good” news become 

more risky, and oppositely stocks delivering “bad” news become less risky. This implies that the excess 

return found by Foster et.al (1984) is just a fair compensation for bearing risk, and does not contradict 

an efficient market reaction. Ball et.al (1988) find evidence that betas tend to shift in the same direction 

as the earnings announcement, leaving the drift no longer significant. This finding is based on a one year 

period after the announcement, while most of the post-announcement drift is in the first three months. 

Bernard and Thomas (1989) find the same effect on quarterly data, but in this case the changes in beta 

are not nearly enough to explain the post announcement drift. Also, intuitively, it would make more 

sense if a stock recently announcing higher earnings than expected, decreased in risk, and a stock 

recently announcing lower earnings than expected, increased in risk. For changing risk to explain post 

announcement earnings drift, the opposite reaction has to incur (Griffin, Ji and Martin, 2003). 

Oddly enough, both the most compelling evidence for the EMH and the most severe evidence against 

the EMH, is found in the semi-strong efficiency test literature. While the mainstream of event studies 

finds that the stock market reacts almost instantly to new information, there does not seem to be a 

sufficient explanation of why many researchers find a post-announcement drift. 

4.3 Further Research on the EMH 

In addition to the autocorrelation, mean reversion and post-announcement drift mentioned above, 

there are several peculiar anomalies in behavioral finance literature, which points towards inefficiencies 

in the market.  

Seasonal anomalies 

Cross (1973) discovered that stock returns are significantly lower on Mondays and higher on Fridays, 

indicating a weekend effect in the market. Ariel (1978) find that there is a turn of the month effect, in 

that stock returns are higher on the last day and the three first days of the month. The January effect 

was found by Rozeff and Kinney (1987), and can still be found 30 years later (Marquering, 2006). This 

finding indicates that stock returns are higher in January, and may be explained by companies selling off 
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their looser stocks in December, and buying them back in January to save taxes. Most of these patterns, 

however, have weakened or disappeared after their discovery. 

Market crashes 

Through history, there have been several market crashes, which some researchers claim disapproves the 

EMH. Starting with one of the earliest examples from the tulip bubble in 1637 in the Netherlands, the 

market crash in 1929, the black Monday in 1987, the internet bubble in 2001, to the still ongoing 

financial crisis in 2008. As there was no new information that could justify these crashes, the 

fundamental values some claim, must have been far off, indicating inefficiency. Malkiel (2003) admits 

that some of the explanation of these crashes might be psychological factors, but also points out that 

significant changes in the external environment, and the fact that no one could profit from this, defends 

the EMH to some extent. 

Volatility 

Furthermore, Shiller (1981) finds that stocks show excess volatility compared to what the EMH would 

predict through expected returns. This means that stock price changes occur without any fundamental 

reason at all. Fama (1991) does not reject the possibility of excess volatility in the stock market, but 

rather points out that the model that is supposed to measure the efficient markets expected return is 

insufficient, rejecting these findings. 

Mutual funds 

An area of research taking a quite different approach is the literature on the performance of 

professional investors, often through the profitability of mutual funds. Instead of testing some anomaly 

or stock price process, the focus is simply on the ability of professional investors to outperform the 

market. According to the EMH, professional investors should on average not be able to consistently 

make a higher risk adjusted return than the market, which intuitively is fairly straight forward.  

Malkiel (1973) quite boldly states that a blindfolded chimpanzee throwing darts at the stock pages could 

pick out stocks and have the same chance at gaining abnormal profits as a professional investor. Of 
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course this is kind of an overstatement, the point being that it should be random if a professional 

investor outperforms the market or not. In Malkiel (2005), the performance of 139 mutual funds that 

has survived since 1970, are compared to the S&P 500 during this period lasting to 2003 (see figure 4). 

Even though this comparison is upward bias since all the non-survivors are excluded, it shows that only 

five of the 139 mutual funds included, outperform the market by 2 % or more. 

              

Figure 4 Mutual funds compared to the S&P 500 during 1973-2003. Malkiel (2005) 

In Jensen (1968), the alpha formula is introduced as a means to adjust mutual funds for their exposure 

to the market portfolio, and many researchers, including Jensen (1968), have found that management 

funds do not outperform the market. Fama and French (2010) find that the reason for mutual funds 

underperforming is the high cost of active management, which makes any abnormal returns from skilled 

investors evaporate. Mutual funds also have to struggle with high transaction costs, as their strategies 

involve a lot of trading, often changing their whole portfolio several times a year. Jensens (1978) 

definition of the EMH states that it is possible to earn risk adjusted returns, but only in such a manner 

that it covers the costs of retrieving and absorbing new information, which seems to hold up in this 

research. 
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This is strong evidence supporting the EMH, as it shows that no matter what anomalies that might be 

found, even professional mutual funds cannot on average beat a simple buy and hold strategy. 

Asymmetric volatility 

As part of the research in this thesis concerns the volatility of the NAS stock price, the phenomenon of 

asymmetric volatility should also be mentioned in this review. This has not been a central issue in the 

efficient market literature, and many claim that this is a stylized fact of stock market prices. However, 

there are some researchers criticizing the conventional theory on this phenomenon, and there is 

disagreement regarding whether this is a sign of inefficiency or not.  

Asymmetric volatility describes the relation between stock price changes and volatility. Black (1976) and 

Christie (1982) found that a drop (increase) induces a higher (lower) volatility in stock price. That is, 

stock price changes are negatively correlated with changes in stock price volatility. This means that 

following bad news, the volatility rises and following good news, volatility falls. Black (1976) and Christie 

(1982) explain this behavior as the leverage effect. The intuition behind the leverage effect is that when 

a stock price decreases, and thereby also its equity value, its debt to equity ratio increases, thus making 

it more leveraged. This in turn makes the stock more risky, increasing the volatility of the stock price, 

resulting in an asymmetric volatility pattern. They find, however, that the leverage effect cannot fully 

explain asymmetric volatility. Pindyck (1984) and French, Schwert and Stambaugh (1987) present an 

alternative theory in the volatility feedback model, which claims that asymmetric volatility can be 

explained by time-varying risk premiums. This theory suggests that, if volatility is priced, the stock 

market anticipates a change in volatility and raises or lowers the required return on equity, leading to an 

immediate change in stock price.  

These models suggest different causalities in that the volatility feedback model claims volatility to cause 

a change in stock price, while the leverage effect model implies that a change in stock price causes a 

change in volatility. It is possible however, that these two effects can be working together, causing 

asymmetric volatility. A situation where this could be possible is when an increased volatility is 

expected, the stock price falls and thereby the leverage increases, and the stock becomes even more 

volatile.  
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Avramov, Chordia and Goyal (2006) argue that, although these models may have explanatory power of 

asymmetric volatility in low frequency data, they do not explain the asymmetric volatility in daily 

individual stock prices. The reason being that daily leverage changes can be perceived as transitory and 

economically small, and should not create asymmetric volatility. Furthermore, expected returns, which 

explain the volatility feedback model, may vary with the business cycle which is unlikely in daily data. 

This is also supported by Cochrane (2000), who argues that it is not plausible for risk and risk aversion to 

change at daily frequencies. They find that trading activity might be a better explanation of asymmetric 

volatility at the daily frequency. 

Even though there are some critics that are skeptical to explanatory power of the leverage effect and 

the volatility feedback model, these models have been the dominant explanations used by researchers, 

and asymmetric volatility has not been viewed as an anomaly against the EMH. Some recent articles 

however, have applied behavioral finance models to explain this phenomenon, pointing at irrational 

investor behavior as the cause of asymmetric volatility. As this research is rather new, the models does 

not seem to be fully developed yet, and there has not been much testing on how well these models fit 

the data in general. It is, however, interesting to look at other explanations than the traditional ones, as 

they seem to have some weaknesses, especially in individual stock price data which is the center of 

attention in this thesis. 

Low (2004) presents such a behavioral model in which “loss aversion”, a phenomenon presented by 

Kahneman and Tversky (1979), plays an important role. This loss aversion causes the participants to 

react stronger to losses than to gains, as there is a higher probability of a market crash than a market 

rally. This in turn should explain why the volatility reacts stronger to negative shocks than to positive. 

 Daigler, Dupoyet and Hibbert (2008) explain asymmetric volatility as the product of irrational investors 

being biased from representativeness and affect. The representativeness relates to investors judging the 

return-risk relation for stocks to be negative, that is, high return and low risk is seen as a good 

investment. This concept can be extended to the market, such that negative returns and larger risk or 

volatility are seen as related characteristics of market behavior. The affect bias relates to the investors 

forming emotional associations with activities, giving them positive and negative labels. This has been 

shown to strongly affect people’s decisions (Finucane et al. 2000). When the investors then use 
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heuristics to make decisions, both the representativeness and the affect bias create a negative relation 

between return and risk, and when reinforcing each other, cause asymmetric volatility. 

This shows that there can be both efficient and inefficient explanations to this phenomenon, although 

the behavioral models have not been thoroughly tested yet. This is not yet commonly viewed as an 

anomaly, but as mentioned earlier, if it is found in individual daily stock prices, the conventional 

explanations may not hold. 

 

Final comments on the international efficient market literature 

Not surprisingly, there are a lot of people quite skeptical of the EMH. It basically says that technical and 

fundamental analysis can create no value, and that one cannot consistently find over- or undervalued 

stocks in an efficient market. This questions the ability of most investors, as they do not create any value 

in an efficient market.  

In general, the EMH supporters’ response to most of the evidence against the EMH is that there are no 

alternative hypotheses that can be tested against the EMH to explain these anomalies, and those 

theories that can be tested, do not explain the whole market as the EMH does. There is also the problem 

of data mining. When several researchers explore a rich data set going far back, there will be some 

anomalies and some random profitable trading rule fitting the data set. One should remember that 

journals mainly publish statistically significant results, which gives incentive to find anomalies against 

the EMH, because trying to find something that turns out not to be nothing will never get published. 

Another problem with data mining is that they often find a pattern or profitable trading strategy for 

previous data. When these strategies are tested out in real life they turn out to be unprofitable, because 

such patterns are only temporary and not permanent inefficiencies in the market. 

Even though the EMH has been under attack almost ever since it was proposed, it holds up well to most 

attacks, and although there are several anomalies which might not be explained by the EMH, they are 

still called anomalies. Most of this research is conducted on the large stock exchanges like the NYSE and 

LSE. These stock markets have evolved decades ahead of the OSE, and are much larger and have much 
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more trading than the OSE has. This makes it interesting to look at what the efficient market literature 

has to say about the Norwegian stock market. 

4.4 Literature Review Concerning the Oslo Stock Exchange 

The literature concerning efficiency at the OSE is not nearly as vast as the literature concerning 

international stock markets. There are, however, a few articles on the matter, which mainly concern the 

weak form efficiency aspect. There has also been conducted some research that only touches the 

subject of efficiency at the OSE, in addition to several master theses which tests the EMH at the OSE. 

 

Price Formation in the Norwegian and Swedish Stock Markets: Some Random Walk Tests, Jennergren 

and Korsvold (1974) 

In this article, Jennergren and Korsvold test the random walk hypothesis on the OSE and the Stockholm 

Stock Exchange (SSE), considering the 45 largest stocks on these exchanges. They explore the 

independence assumption of successive stock price changes by the means of serial correlation and runs 

tests.  

The serial correlation coefficient is the correlation between the price change and the lagged price 

changes, defined as 

   

 
   

     
 

   
          

 
   

      
   
   

   
   

   
   

 
 

   
     

 
   

    
  
   

       
 

   
     
   
         

   
   
   

   
   

   
 

This correlation coefficient should be insignificant for the random walk hypothesis to hold.  

The runs test measures the runs of positive and negative price changes. This is then compared to what 

should be expected, and the deviation can tell if it has too many or too few sign changes.  

Several findings suggest that many stock price returns do not follow the normal distribution. The runs 

test is a non-parametric test which does not require the returns to be normally distributed, which may 

make it preferable to the serial correlation test. 
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According to Wallis and Roberts (1956), the amount of runs that should be expected can be found 

through the formula 

             
  

 

   

   

where N is number of price changes and    is number of price changes of each kind (negative, positive 

and zero), and the standard error of m is given by 

     
   

   
      

  
                 

  
      

        
 

   

 

For the random walk hypothesis to hold, the amount of runs should not be statistically different from 

the expected value. If there are too many runs it would indicate that the sign changes frequently, 

indicating negative serial correlation, while if the opposite is true, it would indicate positive serial 

correlation. 

In the serial correlation test, Jennergren and Korsvold find that 8 out of 15 stocks on the OSE show 

significant serial correlation at lag one, and a mean absolute serial correlation of 0,083. Compared to the 

findings of Fama (1966) on the NYSE, there is a higher percentage of stocks with serial correlation, and 

almost twice as high mean absolute serial correlation among the stocks on the OSE. This is, however, 

lower than what is found at the LSE (Dryden, 1970), which weakens the evidence against the weak form 

efficiency at the OSE. 

The runs test gives some stronger evidence against the random walk hypothesis at the OSE. All of the 

stock both on the OSE and SSE have significantly less runs than would be expected, indicating positive 

serial correlation. The mean standardized variable is 4,69, which is considerably higher than what is 

found on the NYSE (1,53) and LSE (3,29). 

The article finds that the random walk hypothesis must be rejected for most of the stocks investigated. 

They cannot however reject the EMH, as they do not test if this is possible to profit from, and state that 

the OSE and SSE might as well be weak form efficient even though price changes seem to deviate from 

randomness. 
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Efficiency in the Norwegian Stock Market, Hammer, Moberg and Strøm (1987) 

This is a follow up article to Jennergren and Korsvold (1974) to investigate if the efficiency at the OSE has 

improved in the 13 years that has passed. In 1983, many restrictions concerning stock market trading 

was removed, inducing a rapid increase in activity at the OSE, which in turn might have an effect on the 

efficiency. They test the weak form efficiency by looking at the stocks on the “A-list”, which are the 19 

most traded stocks on the OSE and are traded almost every trading day. They investigate this by looking 

at the serial correlation coefficients, and by using runs tests in a similar manner to Jennergren and 

Korsvold (1974). They do not find that any stock has a significant Q-value, indicating that all the 

correlation coefficients together are not statistically significant different from zero. This shows that the 

market may not be strongly inefficient. They do, however, find that many stocks have significant 

individual correlation coefficients at the 99 % level. In Jennergren and Korsvold (1974), this is found in 

60 % of the stocks in their study, while Moberg and Strøm (1987) find this in almost 80 % of the stocks. 

This indicates, contradicting what they expected, that the stock exchange actually has become less 

efficient than in Jennergren and Korsvold (1974). Part of the explanation might be that Jenneregren and 

Korsvold (1974) ignored missing values in their study. In the period from 1967-1971, there were 1254 

trading days, while the most traded stock in their study had 1023 trading days. It should be noted that 

both articles use only 10 and 19 stocks in their research, which might indicate that this percentage could 

be random. 

Furthermore, the runs tests show that there is still too few runs compared to what should be expected. 

The mean standardized variable is now only 2,6, which is lower than what is found in Jennergren and 

Korsvold (1974), but still indicates positive serial correlation in the stock prices. 

The conclusion of the article is that the hypothesis of weak form efficiency at the OSE must be rejected, 

but that the OSE is not strongly inefficient. Furthermore, the inefficiencies should be large enough to be 

profitably traded upon, although the article does not test this per se. 
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Random walks and market efficiency in European equity markets, Higgs and Worthington (2004) 

This article does not look specifically at the OSE, but includes it when researching efficiency in European 

stock markets. This is done by testing the value weighted equity indices for serial correlation in a similar 

manner to the two articles reviewed above. The data is collected over the period 1988-2003. 

The test results show that the value weighted equity index for OSE (OSEBX) has statistically significant 

negative serial correlation indicating mean reversion. The runs test show that there are significantly 

fewer runs than expected, and that the OSEBX actually had the most negative z-value of the 20 markets 

included in the article. 

The conclusion of the article is that the OSEBX does not follow a random walk, and the weak form 

efficiency is rejected. They do not, however, test if this can be profitably traded upon, which means that 

their conclusion is in line with the previous two articles. This does also show that the efficiency has not 

improved when the period is prolonged to 2003, it should be noted though, that this article concerns 

the most liquid stocks as a whole and not separately as the previous articles. 

Furthermore, the article show that the biggest economies like the United Kingdom, Germany and the 

Netherlands are the only economies in the article that follow a random walk. This indicates that the 

larger stock exchanges are more likely to be efficient than the small ones. 

 

Share Price Reaction to Dividend Announcements: Empirical Evidence on the Signaling Model from the 

Oslo Stock Exchange, Capstaff, Klæboe and Marshall (2004) 

This article does not look at the market reaction to dividends to test for market efficiency specifically, 

but rather tries to find evidence on the signaling model. Their findings, however, can tell a lot about the 

efficiency at the OSE. Using stock market data from 1993 to 1998, they find that the market reacts to the 

new information on the day it is announced, in the same direction as the dividend news. Following 

Miller and Modigliani (1961), a dividend announcement should not affect the stock price on the 

announcement day, only at the day the stock goes ex. dividend should the stock price decline with the 

amount corresponding to the dividend payout. Even though the market does react irrationally compared 

to the Miller and Modigliani model, it need not necessary be caused by market inefficiencies. First, 
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according to Pettit (1972), a dividend announcement is important information that may give a clear 

indication from the management about future earnings, and for a market to be efficient it is important 

that such information is incorporated into the stock price. Secondly, the article finds that the OSE 

differentiates between those dividend announcements that are followed by a permanent change in 

future earnings and those that are not. All in all, it seems that these findings indicate efficiency on the 

OSE more than it is rejecting it.  

 

What factors affect the Oslo Stock Exchange? Næs, Skjeltorp and Ødegaard (2009) 

In this article the authors try to find what factors can explain stock price behavior on the OSE in the 

period 1980-2006. By constructing portfolios on the basis of size, B/M, liquidity and momentum which 

are rebalanced at year end each year, the authors find that stock returns on the OSE are affected by firm 

size, B/M ratio and liquidity. They also find a momentum effect, however this is not as significant and 

they only find weak support for it. It is pointed out in the article that CAPM anomalies can explain stock 

returns on the OSE. They do not however go any further in researching if this is caused by rational stock 

price behavior such as different risks and varying risk premiums, or if it is caused by irrational investors 

in an inefficient stock market. 

 

Prospect theory and momentum on the Oslo Stock Exchange, Knut Nygaard (2010) 

In this paper, Nygaard establishes a connection between household traders and momentum in stock 

prices on the OSE, which is one of the more serious anomalies against the EMH. First of all he finds 

momentum on the OSE, and that a momentum strategy gives abnormal risk adjusted returns. Secondly, 

he finds evidence that household investors actually tend to sell winners to realize their winnings, and 

keep losers, a bias often referred to as the disposition effect. This in turn causes mean reversion and 

momentum on the OSE. Admittedly, household traders cannot stand for this anomaly alone, however, 

Frazzini (2006) has found that fund managers also exhibit a disposition effect. As household traders are 

shown to exhibit a disposition effect on the OSE and mutual fund managers elsewhere has also been 

shown to exhibit a disposition effect, it could indicate that the mean reversion found is caused by 

inefficiency on the OSE. 
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An article written by Aitken and Siow (2003), ranking world equity markets is also worth mentioning 

here. In this article, the efficiency of 25 stock exchanges around the world are compared, and it is found 

that the OSE only ranks 20 of the 25 stock exchanges included. This is far behind the stock exchanges 

that are thought to be comparable, like Stockholm (7), Helsinki (11), Copenhagen (12) and New Zealand 

(16). The efficiency of each market is not thoroughly explored in this article though, and the findings are 

based on one proxy for efficiency, indicating that one should not put too much emphasis on this article. 

It is, however, another indication in the direction of low efficiency on the Oslo Stock Exchange. 

 

Master theses 

Contrary to the scarcity of published research papers concerning the efficiency on the OSE, there are 

several master theses on the subject. Most of these are not available for students outside Norway, 

however, as they only come in printed versions. For this reason, they will not be thoroughly covered in 

this thesis and on most accounts, only their main findings will be presented.  

 

A popular way of examining efficiency for Norwegian students seems to be testing weak form efficiency 

through technical analysis. Bjørnmyr and Bolstad (2008) review eight theses that use technical analysis 

or recommendations from analysts using technical analysis. These construct trading strategies based on 

momentum, moving averages, and more complicated technical patterns and compare them to the buy 

and hold strategy. Including Tollefsen (2010), there are ten theses concerning the efficiency on the OSE 

of which, four conclude that the market is inefficient in the weak form. Many find abnormal returns, 

although these tend to disappear when transaction costs are introduced. The two theses concerning 

technical analysts’ recommendations both have negative returns in their investment strategy, strongly 

rejecting the profitability of exploiting patterns in the data. This indicates that when finding that a 

strategy that would have been profitable in the previous period, analysts will find out and hence it will 

not be profitable in the next period. Another reason for these results might be that the 

recommendations come from extensive data mining which. often does not make profits in out of sample 

testing. 
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If these two theses are excluded, four out of seven theses conclude that the market is inefficient in the 

weak form, and the last three theses do not conclude for or against efficiency at the OSE. These results 

might suggest that when considering technical analysis, the EMH may not hold for the OSE. 

Furthermore, Toftedahl and Mørk (2002) explore anomalies at the OSE, and find that in the three days 

leading up to an earnings announcement there is a significant abnormal return. This leads them to reject 

the semi-strong efficient form at the OSE. 

Summary of findings on the Oslo Stock Exchange 

Summing up the previous findings, it seems that there might be some inefficiency issues at the OSE. 

Even though there is not much unambiguous evidence, most of the research articles find evidence that 

OSE might not be efficient. Jennergren and Korsvold (1974) suggests that this may be because many 

stocks on the OSE are so thinly traded that investors are prohibited from exploiting new information. 

This is because they can trade only small amounts before the stock price changes. In a working paper 

concerning liquidity variation on the OSE, Næs, Skjeltorp and Ødegaard (2008) find that the implicit cost 

of trading is higher now than before. This means that even though the transaction fee has become 

lower, other costs, like bid-ask spreads, are rising, leading the total costs of trading to rise as well. As this 

makes it more expensive for traders to exploit new information, it may also be a contributing factor to 

what might be inefficiencies at the OSE.  

Not to put too much emphasis on earlier master theses, but many of them do find anomalies at the OSE, 

and some of them find that these can be profitably traded upon and thus reject both the weak and 

semi-strong form of efficiency at the OSE. 

On the other hand, one article does find the market to react to dividend announcements. This is, 

however, only in respect to dividend announcements, and it is not quite clear if it supports the EMH or 

not. Concerning the thin trading problem at the OSE, there are still a lot of thinly traded stocks on the 

OSE. However, considering figure 4 below, it can be seen that the trading activity at the OSE has grown 

rapidly in recent years. Furthermore, the three articles by Jennergren and Korsvold (1974), Hammer, 

Moberg and Strøm (1987) and Higgs and Worthington (2004), seems to present the strongest evidence 

indicating inefficiency at the OSE. According to figure 4, the trading volume has increased substantially 
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since these articles were written, which might indicate that their results might not describe the OSE as it 

is today.  

 Figure 4 Quarterly trade volume at the OSE. Ødegaard (2012) 

This makes it interesting to look at the development of the efficiency at the OSE since these articles 

were written, and to see if this trading activity increase has had any effect. As the efficiency did not 

seem to increase from 1974 to 2003, this might not be the case.  
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5. ECONOMETRICS 

To determine whether there are signs of inefficiency at the OSE, this thesis will employ an intervention 

analysis to assess the reaction of the NAS stock price to the closing of European airspace following the 

volcanic eruptions on Iceland 14th of April 2010. This method was introduced by Box and Tiao (1975) to 

precisely assess the impact of a known intervention such as governmental policy, natural disasters, 

industrial strikes etc., on the underlying time series. By using an intervention analysis one can find 

evidence that the expected change in the time series actually occurred, and what the nature and 

magnitude of this change is. Furthermore, the NAS stock price will be modeled to explore if the stock 

price can be predicted by its historical values. This process will also include looking at the conditional 

variance of the NAS stock price through ARCH modeling introduced by Engle (1982). In the following 

section the econometric theory and procedure behind the intervention analysis and conditional variance 

modeling will be explained. 

5.1 Time Series Analysis and ARIMA Modeling 

It this thesis the variable in question, the NAS stock price, is a time series variable. To analyze this time 

series the Box-Jenkins methodology will be applied to find the appropriate Autoregressive-Integrated-

Moving Average (ARIMA) for the data. This method is a popular method of analyzing time series data 

and the intervention analysis used later on is an extension of this methodology.  

ARIMA models are used to analyze the stochastic properties of economic time series explained by its 

lagged values rather than explanatory variables. An ARIMA model is said to be autoregressive of order p, 

integrated of order d and moving average of order q giving an ARIMA(p,d,q).  

An autoregressive (AR) process occurs when the forecast variable is explained by its own time-lagged 

values  

                       or using backshift notation            
      

     



37 
 

Just as it is possible to explain the forecast variable on its own time lagged values, it can also be 

explained by the time-lagged errors called a moving average process 

                       or using backshift notation                    
     

The integration describes the differencing needed for a time series variable to become stationary. A 

process need not necessarily become stationary by differencing once, and the integration describes the 

d degrees of differencing necessary to become stationary.  

A model can often include all three processes giving an ARIMA (p,d,q) model. 

The Box-Jenkins methodology of ARIMA modeling consists of four steps: 

1. Identification. This step consists of finding appropriate values for p, d and q using 

autocorrelation function- (ACF) and Partial Autocorrelation Function (PACF) diagrams. 

2. Estimation. In this stage the parameters of the appropriate values of p, d and q found in step 

one are estimated. This is a routine task for modern statistical packages, and how these are 

estimated will not be covered in detail. 

3. Diagnostics checking. When the identification of the model and the estimation of the 

parameters is done, it is time to evaluate the model. It is important to check if the model fits the 

data reasonably well, and if the parameters are significant. Alternative models should also be 

considered, as they might fit the data better. It is often said that the Box-Jenkins methodology is 

more of an art than a science, which is why it is important to check different models even 

though they may not be obvious from the ACF and PACF diagrams. 

4. Forecasting. In this thesis it is not interesting to forecast the values of the stock price, and this 

step is thereby not covered further. 

Identification 

First of all it is important to identify if the series need to be differenced to become stationary. The 

methodology will not work if the nonstationarity is not removed, and results cannot be generalized to 

other periods as the time series will change its behavior over time.  
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A stochastic process is said to be stationary if its mean and variance is constant over time, and the 

covariance between two time periods depends only on the distance between the two periods and not at 

which time the covariance is calculated. That is, its mean, variance, and auto covariance is time invariant 

(Damodar and Porter, 2009).  

Nonstationarity is often found in economic and financial time series, either as a random walk as the 

EMH predicts, as a random walk with drift or as a random walk with drift around a deterministic trend. 

There are several tests to detect if a time series is stationary or not. First of all one should take a look at 

the data through a plot against time and see if the data seems random, or if it looks like it is dependent 

on its own lag and have a trend. This will not give an exact answer, but it often gives a certain idea of 

whether the time series is stationary or not. An important instrument in detecting nonstationarity and 

also detecting the right ARIMA model, is the Autocorrelation Function (ACF). 

Autocorrelation function 

The autocorrelation function (ASF) is the relationship between the covariance at different lags and the 

variance, that is, the correlation of the time series with itself lagged 1, 2 or more periods.  

   
  
  

 
                   

        
 

Where    is a number between -1 and 1, and is often shown graphically in a correlogram, showing its 

value at each lag. If the series is in fact stationary this value should hover around 0, not having any 

values statistically different from zero. Bartlett (1946) shows that the autocorrelation coefficient of a 

white noise series has a sampling distribution that can be approximated by a normal curve with zero 

mean and standard error of 1/√n. At a 95 % confidence limit, the autocorrelation function should stay 

within          , which is also known as the critical value. Typically, a nonstationary time series will 

have a large significant value at lag one, slowly declining towards zero over several lags. 

Ljung and Box (1978) presents the Ljung-Box statistic, which can be used to test if all    up to a certain 

lag are simultaneously equal to zero.  The Ljung-Box statistic is defined as 
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The resulting Ljung-Box statistic should then be compared to the    probability of obtaining such a 

value. If this is higher than 0,05 (if setting a 95% confidence limit), the values all together are not 

statistically different from zero.  

Removing nonstationarity 

If nonstationarity is found in the time series at hand, it is important that this is removed before moving 

on with the ARIMA model building. The ACF diagram is going to be used in the model building process 

and when the series is nonstationary, positive autocorrelations will dominate the diagram. Taking the 

first difference of the series should usually take care of the nonstationarity problem. 

In the case of studying the logarithm to a stock price, this means studying the change in stock price 

instead of each price. This means replacing              

                     or using a backshift operator        . 

If the series now becomes stationary it is said to be first difference stationary I(1). A time series can also 

be second difference stationary I(2), although one differencing often turns out to be satisfactory. 

Having decided on the degree of integration, it is time to check if there are signs of AR or MA processes 

in the data. At this point not only the ACF, but also the Partial Autocorrelation Function (PACF) is used to 

identify the most likely ARIMA model. 

Partial autocorrelation function 

The PACF, like the ACF, is a measure of the series covariance with its own lags. The difference is that in 

the PACF, the effects of the other lags are removed. Say that there is autocorrelation between    and 

    . This means that there will also be a correlation between      and      , since they also are one 

time unit apart. As a consequence of both    and      being related to      , there will also be a 

correlation between    and     . In the PACF this effect is partialled out, and only the real correlation 

between    and      will be measured.  

Quenouille (1949) has shown that the critical value of the PACF is the same as the ACF, namely 1/√n. 



40 
 

Now that the most important tools in identifying the ARIMA model is in place, the ACF and the PACF, the 

appropriate model can be identified. This is done by looking for certain patterns in the ACF and PACF of 

the stationary series. Makridakis, Wheelwright and Hyndman (1998) has summed up what models one 

might expect from certain patterns in the ACF and PACF in table 1: 

Process   ACF   PACF 

AR(1)   Exponential decay: on positive 
side if φ1 > 0 and alternating in 
sign starting on negative side if 
φ1 < 0. 

  Spike at lag 1, then cuts off to 
zero: Spike positive if φ1 > 0, 
negative if φ1 < 0.   

AR(p)   Exponential decay or damped 
sine-wave. The exact pattern 
de- pends on the signs and sizes 
of φ1,…, φp. 

  Spike at lag 1 to p, then cuts off 
to zero. 

MA(1)   Spike at lag 1, then cuts off to 
zero: Spike positive if θ1 < 0, 
negative if θ1 > 0.   

  Exponential decay: on negative 
side if θ1 > 0 and alternating in 
sign starting on positive side if 
θ1 < 0. 

MA(q)   Spike at lag 1 to q, then cuts off 
to zero. 

  Exponential decay or damped 
sine-wave. The exact pattern de- 
pends on the signs and sizes of 
θ1,…, θp. 

Table 1 Expected patterns in the ACF and PACF for simple AR and MA models from Makridakis, Wheelwright and Hyndman 

(1998). 

These are pure AR and MA models and the pattern is more complicated when the two are combined in a 

mixed ARIMA model. This does, however, give some features to look for when trying to identify the 

appropriate ARIMA model. It should also be noted that alternative models might describe the process as 

well as, or better than, the model fitting the ACF and PACF patterns.  

Estimation 

Having decided on a preliminary model, the parameters have to be estimated.  It is now important to 

check that all the parameters are statistically significant. If this is not the case, some insignificant 

parameters must be considered dropped. Even if everything looks good in terms of significant 
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parameters, other likely models should also be tested. Especially with mixed ARIMA models, it is hard to 

identify one correct model, and other models than the one fitting the ACF and PACF best, might do a 

better job at describing the time series. To figure out which model should be preferred, Akaike’s 

Information Criterion (AIC) or Schwarz’s Bayesian Information Criterion (SBC) can be used. These 

measure how well the model performs through likelihood and penalize additional terms added. The 

preferred model will have the lowest AIC and SBC values. 

Diagnostic checking 

Although the selected model appear to be the best among the considered models, it is still necessary to 

apply diagnostic checking to verify the model. This is done by checking if there is any pattern left in the 

residuals, which should now be white noise. This can be done by obtaining the ACF and PACF of the 

residuals, which should show no significant spikes. The tests introduced earlier can also be applied to 

check that the residuals are white noise. If it is detected that the residuals are not white noise, it is 

necessary to go back and check other models. Usually though, the model with the lowest AIC and BIC is 

the model most likely to pass these tests. 

5.2 Intervention Analysis 

Taking the ARIMA modeling a step further, an intervention analysis involves introducing explanatory 

variables into the ARIMA framework presented above. This involves regression with ARIMA errors and 

dynamic modeling, which will be covered next. 

Regression with ARIMA errors 

The traditional ARIMA model described so far is simply the time series regressed on its own lagged 

values and errors, and includes no other information in the model. There is however situations where 

other information can help in modeling the series, such as when a volcanic eruption affects an airline 

stock price. If there is such information that can improve the model, a regression with ARIMA errors that 

combines a multiple regression model with an ARIMA model, should be used. 

A regression with ARIMA errors may be written as follows 
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                        where                          and    is white noise. 

As can be seen, there is now an explanatory variable and the error series follow an ARIMA model. The 

difficulty in such a model is that until a model is fitted, there is no way of examining the    series. 

Pankratz (1991) suggests fitting a low order AR model as a proxy, and then examine the resulting error 

series using the Box-Jenkins methodology described previously, and refit the entire model accordingly. 

Dynamic regression models 

Sometimes the effect of a change in an explanatory variable on the forecast variable is not necessarily 

only instant, but rather has an influence over several future time periods. The volcanic eruptions might 

influence the stock price of NAS for several periods, even after the no flight ban has been lifted, 

although it should not according to the EMH. Such a model should include not only the explanatory 

variable, but also its lagged values written as below 

                                   , where    is an ARIMA process. 

The weights       are called the impulse response weights and can be shortened to       which 

gives 

                

     is called the transfer function and describes how a change in the explanatory variable can be 

transferred to the forecast variable. Models such as these, are called dynamic models because of this 

dynamic relationship between a response series and the explanatory variable. 

The dynamic model in the form as above can, however, have up to infinity of v-weights, which 

necessitates a more parsimonious form. Koyck (1954) show that when the effect of X decreases 

exponentially the model can be written as: 

                                     Where | |<1. 

He further simplifies this model to: 
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Where                
        

   

              
        

  

And r, s and b are constants. 

In this form the transfer function      has been replaced by 
    

      
, which is a more parsimonious way 

of writing the transfer function, reducing the number of parameters to estimate and making more 

efficient use of the data (Makridakis, Spyros, Wheelwright and Hyndman, 1998).  

Intervention analysis 

In some situations, time series are interrupted by special events or circumstances such as policy 

changes, strikes, advertising promotions or natural disasters, which will be referred to as intervention 

events. In an intervention analysis, the transfer function models presented above are used, with a 

dummy variable indicating the interruption event as the explanatory variable.  

The general intervention model can be written as: 

   
      

    
   

    

    
   

Box, Jenkins and Reinsel (1994) presents two common types of deterministic input variables that have 

been found useful to represent the impact of an event on a time series. These are the step function and 

the pulse function. The step function takes the value of 0 before the event and 1 after, and is used when 

the intervention is expected to have a permanent effect to some extent on the time series. The pulse 

function takes the value of one only during the event and 0 before and after. The pulse function is used 

when the intervention is temporary and will die out. Because of the deterministic nature of the indicator 

input series, the intervention operator model or transfer function v(B) = 
    

    
, has to be postulated 

through consideration. That means one has to consider the mechanisms that are expected to cause the 

change or effect, and what is the nature of the form the change is expected to have. In figure 5, taken 

from Box and Tiao (1975), different response patterns according to choice of transfer function and input 

variable are shown. 



44 
 

 

Figure 5 Responses to a step and pulse input, Box and Tiao (1975) 

Taking figure 5 (d) as an example, this would imply an initial response of magnitude w, and then a δ rate 

of decay back to pre intervention levels. A small (large) δ would then indicate a slow (fast) return to pre 

intervention levels. 

Enders (2010) suggests the following procedure for conducting an intervention analysis: 

1. Use the longest data span either before or after the intervention to find a plausible ARIMA 

model. This will be done by using the Box-Jenkins procedure described above. 

2. Estimate the chosen model over the entire sample period including the effect of the 

intervention. 

3. Perform diagnostic checks. This involves testing if the estimated coefficients are statistically 

different from zero. The residuals should also be checked, as they need to resemble white noise. 
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Other plausible models should also be estimated to check if they outperform the model of 

choice. 

5.3 Volatility Modeling 

In addition to the intervention analysis, this thesis will also look at the NAS stock price process during 

2010. This is to investigate if there were any other signs of inefficiency concerning the NAS stock price in 

this period. Previous research on the OSE has shown that stock prices are not strictly unpredictable, 

which makes it interesting to see if this is the case for the NAS stock price as well. While modeling the 

mean process, it might also be interesting to look at the behavior of the volatility of the stock price. This 

can also improve the efficiency of the parameter forecast. The econometric procedure of mean 

modeling will not be covered thoroughly in this thesis at it is fairly basic, and a standard part of the 

volatility model output.  

While regular OLS regressions assume homoscedasticity in the residuals, many financial time series 

show heteroscedasticity in the residuals, that is, they seem to vary through time, thus not appearing 

random. This non-randomness in the residuals that is often detected is known as a phenomenon called 

volatility clustering.  

Volatility clustering 

Mandelbrot (1963) was among the first to address the issue of positive correlation in volatility, stating 

that “large changes tend to be followed by large changes of either sign and small changes tend to be 

followed by small changes” (p.418). This behavior is called volatility clustering, and is often observed in 

financial data as periods where the stock price exhibits relative tranquility followed by periods with high 

volatility. Such series are called conditionally heteroscedastic, as the unconditional variance is constant 

while the conditional variance varies. 

Autoregressive conditional heteroscedastic models 

Engle (1982) shows that it is possible to simultaneously model the mean and the conditional variance of 

a time series. In this article, the Autoregressive Conditional Heteroscedastic (ARCH) model is introduced, 
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and becomes an important breakthrough in volatility modeling. This process is similar to the AR(q) part 

of an ARIMA model, but instead of modeling the conditional variance on its lagged residuals, it is now its 

lagged squared residuals that is being used. This gives the model 

                  

Where           and    is a white noise process. 

             
 

 

   

 

Although the ARCH model was a pioneer in modeling volatility, when applied to financial time series it is 

often necessary to use a high order ARCH model. This shows the need of a more parsimonious model. 

Generalized ARCH models 

Bollerslev (1986) extends the ARCH model by developing a technique that allows the conditional 

variance to be modeled as an ARMA process. This model is called the Generalized ARCH or GARCH 

model, which allows for a more flexible lag structure, and in many situations a more parsimonious 

description of the volatility 

         

             
 

 

   

        

 

   

 

Where             are nonnegative. 

As one can see, this models the conditional variance on lags of both the squared error term and 

conditional variance itself. This model is preferred by most users, as it allows for a more parsimonious 

modeling than the ARCH model. Although it is similar to the ARIMA model described earlier, in that it 

can be modeled in the same manner only this with time squared residuals, most users prefer a low order 

GARCH (p,q) model. As the ACF used in regular ARIMA modeling measures linear relationships between 

    and     , it may fail to detect nonlinear relationships in nonlinear models like the GARCH model. 
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Research has shown that the GARCH (1,1) usually models the conditional variance of stock prices 

adequately. This model can be written as 

         

            
         

 

A special case of the GARCH model is the integrated GARCH (IGARCH). In this model the GARCH 

representation has a unit root, that is       is set to equal unity. Theoretically, such a phenomenon 

might be caused by occasional level shifts in volatility (Tsay, 2005). This model may be written as  

         

             
 

 

   

        

 

   

 

Where     
 
       

 
      

 

Even though the GARCH model has become very popular, Nelson (1991) criticizes some limitations with 

the model. First of all, the GARCH model assumes that only magnitude and not the positivity or 

negativity of unanticipated excess returns, determines future   . This means that it does not capture the 

asymmetric volatility aspect, which is often found in financial time series data. A second limitation is 

that the coefficients are restricted to be nonnegative, so that   
  stays nonnegative for all t with 100 % 

probability. This rules out the possibility of random oscillatory behavior in the     process. This can also 

make it difficult to estimate GARCH models at times where these restrictions do not hold. 

Exponential GARCH 

To improve on these limitations, the Exponential GARCH (EGARCH) is introduced by Nelson (1991) 
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This model is in log-linear form, which makes it impossible for the implied value of    to become 

negative, hence there is no need to restrict the coefficients such as the GARCH needs to. Furthermore, it 

allows for good and bad news to have different effects on the conditional volatility. Engle and NG (1993) 

illustrate this in the news impact curve (see figure 6). In the regular GARCH(1,1) model the equation for 

the news impact curve is  

           
  where          

This model does not respond different to positive and negative returns. The equations for the 

EGARCH(1,1) news impact curve is 

 

         
     

 
      , for       , and 

         
     

 
      , for       , 

   Where                   
 

 
  

 

In the EGARCH model, the positive and negative news clearly have a different impact on the conditional 

volatility. As can be seen in the news impact curve, the EGARCH captures the asymmetric effect by 

allowing the curve of the two sides of the impact curve to have different slopes. 
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Figure 6 News impact curves of the GARCH(1,1) model and the EGARCH(1,1) model (Engle and NG 1993). 

 

ARCH in mean 

It is not only interesting to model the volatility of a stock price, but also to investigate if the stock price 

might be dependent on its own conditional variance. To be able to model such a phenomenon, Engle, 

Lilien and Robins (1987) introduced the ARCH in mean, or ARCH-M model. The intuition being that risk 

averse agents will require compensation for holding risky assets, and given that an assets riskiness can 

be measured by the variance of returns, the stock price might vary with the conditional variance. This 

model extends the ARCH model to allow the conditional variance to affect the mean. In this way, 

changing conditional variances directly affect the expected return of a stock. This extension is not only 

valid for the ARCH model, as it can be applied to any heteroscedastic model. In this model the 

conditional volatility term is introduced in the mean process 
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If this relationship is significantly different from zero, it could indicate a time varying risk premium in 

stock prices. Since the conditional variance is not necessarily undiversifiable risk, like the CAPM focuses 

on, one might expect an efficient market to not price such volatility for individual stocks. 

Detection and Diagnostic Checking 

Enders (2010) recommends that one casually inspect the data to get impression of the time series 

process of the data, and to see if the variance seems to be heteroscedastic.  This is, however, only to get 

an impression, and to find out if there is statistically significant volatility clustering in the data, it needs 

to be formally tested. The econometric software used in this thesis is SAS, which produces two 

diagnostic tests to check for heteroscedasticity in the data. These are the portmanteau Q-test and the 

Lagrange multiplier test for ARCH disturbances, which are the same tests recommended in Enders 

(2010). These tests should also be used to assess the final model to check if it adequately describes the 

conditional heteroscedasticity (if found) in the data. 

Portmanteau Q-test 

The Portemanteau Q-test in nonlinear time series is based on the squared residuals and is used to test 

for independence of the series. McLeod and Li (1983) show that the Ljung-Box Q-statistic described in 

the ARIMA section, can be applied to the squared residuals to test if the first m lags are not statistically 

significantly different from zero. 

Lagrange Multiplier Test for Arch Disturbances 

The Lagrange multiplier test for arch disturbances was introduced by Engle (1982). This uses an F-

statistic to test that the squared residual of the mean equation is independent of its own lags. That is 
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Where the F statistic is defined by 

  
             

             
 

 

Both the Lagrange Multiplier test and the Portmanteau test are asymptotically distributed as a chi 

squared distribution with m degrees of freedom under the null hypothesis. The resulting p-value is 

compared to the critical value, and if the p-value is less than the critical value, the null hypothesis of 

homoscedasticity is rejected and there are ARCH effects in the time series. 
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6. RESULTS 

In this section, the results from the procedures and models described above will be presented. The 

section will, however, begin with a description of the data included in this thesis. 

6.1 The Data 

The dataset used in this thesis consists of adjusted daily closing prices of the NAS stock. The data have 

been taken from the Yahoo finance database and have also been compared to other databases to check 

for errors. In the intervention analysis, the data consists of daily closing prices from March 16th to May 

21st 2010, with 43 observations in total. When conducting an intervention analysis, the timeframe 

should not be too wide in order to get a clear result concerning the intervention, which is why the time 

span is one month before and after the incident. 

When modeling the mean and volatility on the other hand, the time span needs to be wider which is 

why the period is increased to cover the entire 2010 with 253 observations of the adjusted closing price 

of the NAS stock price. 

6.2 Intervention Analysis Results 

The first step is to detect the appropriate ARIMA model needed for the intervention analysis. 

The recommended procedure for fitting an ARIMA as a part of an intervention analysis, is to analyze 

either the period before or after the intervention, depending on which has the most observations 

(Enders, 2010). In this data set, both periods has the same amount of observations, and so the ARIMA 

model is fitted to the pre-intervention period, and as a precaution it is checked if the same model fits 

the post intervention period. Figure 7 shows the ACF diagram for the NAS stock price data. 
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Figure 7 Autocorrelation function for the NAS stock price data. 

Observing figure 7, the lags are declining slowly, indicating that the NAS stock price is probably 

nonstationary, as is often the case for most financial time series. The Ljung-Box statistic for the data is 

15,56, which also indicates that the time series at hand is nonstationary. To make the NAS stock price 

stationary, the data will be differentiated. This means that the return is now being modeled, and the 

resulting ACF diagram is shown below in figure 8 

  

 

Figure 8 Autocorrelation function and partial autocorrelation function for the NAS stock return. 

Figure 8 shows that there are no significant lags in neither ACF nor PACF, and hence the chosen ARIMA 

model specification is (0,1,0). The Ljung-Box statistic is now 1,8, indicating no further autocorrelation. 
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The same results are found for the post intervention period, and no other plausible ARIMA specifications 

are shown to outperform this specification. 

The intervention model is now ready to be estimated. The volcanic eruptions on Iceland and the 

following closing of European airspace was a temporary intervention, and should not have had any 

effect on the return of the NAS stock price after it was open again. Because of this, the intervention 

dummy variable will be a pulse function. The dummy will be set to 1 during the intervention, that is, the 

interval 14th to 22nd of April 2010, and 0 elsewhere.  

The next step is to decide on a transfer function fitting the expected reaction to the intervention. 

According to the EMH, the new information of the intervention should be incorporated efficiently into 

the stock price. This means that the intervention dummy should have a large initial affect on the NAS 

stock return, and then quickly decline to pre intervention levels, a reaction illustrated in figure 9. 

Figure 9 Illustrated response to the intervention (Box and Tiao, 1975) 

The chosen model can be written as 

   
 

     
      

Where                                                        

                                    

The ω indicates the return reaction to the volcanic eruptions. This should be negative, as there 

undoubtedly should be a negative response to the intervention. The δ indicates how fast this effect 

declines. If it is close to one, it means the decline is slow, while if it is close to zero, it means the effect 

will die out quickly returning to pre intervention levels.  
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The resulting model is shown in table 2 

Coefficient Estimate Std. Error t pr>|t| 

ω -0.00232 0.002141 -1.09 0.2843 

δ 0.96622 0.08275 11.68 <.0001 
        Table 2 Transfer function for intervention analysis 

 

This gives the model 

         
        

           
        

 

Table 2 shows that the initial reaction ω is not significantly different from zero at conventional levels. 

The insignificant reaction is also very small, but with the expected negative sign. Basically, the only thing 

these results say is that the NAS stock return had no significant reaction and that it lasted for a long 

time. The process has been modeled with different data lengths and different pulse patterns, all giving 

similar results. 

According to the efficient market hypothesis, one should expect a large initial effect and then a fast 

decline back to normal returns, while the results show the exact opposite. This may indicate that the 

reaction of the OSE to the intervention was inefficient, and one might expect to find further signs of 

inefficiencies in the volatility and mean process. 

6.3 Volatility and Mean Process 

Taking a preliminary look at the data in figure 10, where the percentage changes in the NAS stock is 

plotted through 2010, it seems like there are periods of tranquility followed by periods indicating 

volatility clustering in the data. This pattern becomes even clearer in figure 11, where the squared 

percentage changes are plotted against time. This strongly indicates that there might be 

heteroscedasticity or ARCH effects in the stock price data at hand. 
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Figure 10 Percentage change in daily stock price of NAS 2010 

 

Figure 11 Squared change in NAS stock price 2010 

-10,00% 

-8,00% 

-6,00% 

-4,00% 

-2,00% 

0,00% 

2,00% 

4,00% 

6,00% 

8,00% 

10,00% 

ΔlnPrice 

ΔlnPrice 

Before After 

0,00% 

0,20% 

0,40% 

0,60% 

0,80% 

1,00% 

ΔlnPrice^2 

ΔlnPrice^2 

Before After 



57 
 

Looking at the plotted returns can give a certain idea about the volatility of the data, however, there are 

diagnostic tests that can determine for certain if there are ARCH effects in the time series. The results of 

the Portmanteau test and Lagrange multiplier is presented in table 3 below 

Order Q Pr > Q LM Pr > LM 

1 1560.7693 <.0001 183.7768 <.0001 

2 2638.0185 <.0001 183.9222 <.0001 

3 3405.2818 <.0001 183.9896 <.0001 

4 3918.7963 <.0001 184.2516 <.0001 

5 4251.2545 <.0001 184.2577 <.0001 

6 4480.482 <.0001 184.2921 <.0001 

7 4666.2228 <.0001 184.9563 <.0001 

8 4823.0124 <.0001 184.9648 <.0001 

9 4941.3361 <.0001 185.0643 <.0001 

10 5055.6227 <.0001 185.7251 <.0001 
       Table 3 Portemanteau Q-test and Lagrange multiplier test from the NAS data. 

These tests strongly indicate heteroscedasticity, as the p values are less than the critical values for all lag 

windows. As there is heteroscedasticity even at lag 10, this indicates that if fitting an ARCH(q) model, a 

very high order model would be needed, indicating that a more parsimonious GARCH(p,q) will be a 

better fit. 

To model the volatility clustering, an AR(1)-GARCH(1,1) model will be employed, and since there might 

be asymmetric volatility in the time series, an AR(1)-EGARCH(1,1) will also be tested to see if it 

outperforms the GARCH model. Furthermore, the in mean versions of these models will also be 

employed to see if the conditional volatility has an effect on the mean process of the NAS stock price. 

Since there are 253 observations in the dataset, the normal distribution will be assumed, which is a 

normal procedure with large data sets. The results are presented in table 4 below. 
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Model Intercept AR1 Α α1 β   In mean term 

GARCH 4.724* -0.9888* 0.000292** 0.3151** 0.3698***     

  (0.0232) (0.0111) (0.000120) (0.1360) (0.2078)     

GARCH-M 4.7243* -0.9888* 0.000293** 0.3185** 0.3664***   -0.0144 

  (0.025) (0.0111) (0.000122) (0.1375) (0.2118)   (0.3586) 

IGARCH 4.7170* 0.9865* 0.000253* 0.7713* 0.2287***     

  0.0221 (0.009051) (0.0000695) (0.1252) (0.1252)     

IGARCH-M 4.7194* -0.9861* 0.000261* 0.7955* 0.2045***   -0.0793 

  (0.0229) (0.009033) (0.0000685) (0.1209) (0.1209)   -0.1319 

EGARCH 4.7698* -0.9897* -2.4124** 0.4876* 0.6626* 
-0.2356***   

  (0.0238) (0.009741) (0.9849) (0.1734) (0.1375) (0.1435) 
  

EGARCH-M 4.7422* -0.9884* -10.8656* 0.2748** -0.5099** 0.0478 0.8013*** 

  (0.0302) (0.0112) (1.87) (0.1282) (0.2595) (0.1709) (0.4406) 
Table 4 Volatility models of the NAS stock price. *99%, **95% and ***90%. 

Looking at the results, the in mean models looks to be the only ones with insignificant coefficients, with 

the delta term being insignificant in the GARCH-M and IGARCH-M models, and the   being highly 

insignificant in the EGARCH-M model. 

Considering the AIC, SBC and log likelihood measure in table 5, the EGARCH seems to outperform the 

other models. Even though the EGARCH-M gets a higher measure on the Log likelihood, the y is highly 

insignificant, making the regular EGARCH a better fit.  The IGARCH models has the lowest score of all the 

models, as should be expected as the sum of α+ β is not close to one, which would have indicated an 

IGARCH model. 

Model AIC Log Likelihood SBC 

GARCH -1075.2 542.58 -1057.5 

GARCH-M -1073.2 542.58 -1052.0 

IGARCH -1072.5 540.24 -1058.4 

IGARCH-M -1070.9 540.45 -1053.3 

EGARCH   -1079.8* 545.92   -1058.7* 

EGARCH-M -1078.6   546.31* -1053.9 
   Table 5 Comparing the volatility models 
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The residuals of the AR(1)-EGARCH(1,1) model has also been tested through the Portemanteau Q-test 

and Lagrange Multiplier test, to see if the model adequately describes the conditional heteroscedasticity 

in the data. 

Order Q Pr > Q LM Pr > LM 

1 0.922 0.337 0.9414 0.3319 

2 0.9363 0.6262 0.9879 0.6102 

3 5.4956 0.1389 5.4757 0.1401 

4 5.4997 0.2398 5.5331 0.2368 

5 5.7955 0.3266 5.7963 0.3265 

6 7.0539 0.3159 7.693 0.2615 

7 7.4101 0.3875 7.8868 0.3427 

8 9.9438 0.269 11.013 0.201 

9 10.0539 0.3461 11.0524 0.2721 

10 10.054 0.4358 11.0939 0.3502 
      Table 6 Portmanteau and Lagrange Mulitplier test results for the AR(1)-EGARCH model 

Table 6 shows the Portmanteau and Lagrange multiplier test results for the model. As can be seen, all 

the probabilities up to lag ten are larger than 0,05, indicating that the ARCH effects are now taken care 

of, and that the chosen model is adequate for describing the conditional heteroscedasticity in the 

model. 

 

This gives the following model: 

                             

         

                     
                   

    
                 

As can be seen, the   is negative, which means that the conditional variance of the NAS stock is 

asymmetric, and that bad news are followed by high volatility and good news are followed by low 

volatility. 
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Furthermore, the model of the mean process of the logarithm of the NAS stock price, shows that the 

NAS stock price is mean reverting. As the parameter is very close to one, it indicates a very high degree 

of mean reversion, which was also found in all the other models considered. 
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7. DISCUSSION 

7.1 Intervention Analysis 

The intervention analysis gives the following result 

   
        

           
       

Where the numerator of -0,00232 is only significant at a 70 % confidence interval. 

According to Fama (1991), the speed of stock price response to new information is the central issue for 

market efficiency. The stock price of NAS however, shows no clear significant reaction to the volcanic 

eruption that caused NAS to put all of its airplanes on the ground. This indicates that there might be an 

efficiency problem at the OSE. Clearly, this was going to hurt the earnings of NAS, and it should have 

been incorporated in its stock price immediately if the stock exchange is said to be semi-strong efficient. 

The literature review showed that most research on the response to news find that the market 

incorporates new important information at least within the trading day. However, most research on 

how news are incorporated into stock prices are related to classical news such as stock splits, dividend 

news, quarterly results etc. These are fairly easy to incorporate into stock prices, and investors probably 

have different scenarios planned out for such events. These studies may not be directly comparable to 

the volcanic eruptions on Iceland, as this was the first time in modern aviation history that the European 

airspace has been closed, and could justify to some extent that there was not a clear instant response. 

There has been found a clear reaction in other European countries though, which might indicate that 

the OSE is less efficient in incorporating new information than its bigger European counterparts. 

Although it may have been difficult to calculate, the exact cost of the incident precisely, it was very clear 

that this would affect the company’s earnings severely, and it should have induced a significant negative 

reaction in the stock price. 

While this reaction is hard to defend from an efficient market hypothesis point of view, behavioral 

finance suggests an explanation based on irrational investor behavior. In Ritter (2003) a similar situation 

is presented, in that when a stock has been having a longer period of good news and increasing stock 
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price, investors biased from conservatism will be reluctant to adjust their expectations for future cash-

flows. This fits the situation almost perfectly, as NAS had been through a period with extraordinary good 

performance. The year preceding this event, the NAS stock price grew 238 %, and at the day of the 

closing of European airspace, the growth so far in 2010 was 37 %, indicating an annual growth rate of 

almost 100 %. Furthermore, 2009 had been the company’s best financial year ever, even though most 

airline companies experienced a decrease in profits this year (Norwegian Air Shuttle, 2010b). Only five 

days before the closing of European air space, the company could report that earnings were up by 15 % 

in the first quarter, and with the renewal of the aircraft fleet, the company was headed for another 

great year financially (Norwegian Air Shuttle, 2010c). Behavioral theories like this one are often criticized 

because they use the best fitting cognitive bias post event, according to how the market has reacted. In 

this instant however, there is substantial motive for the investors to fit the cognitive bias suggested. 

This shows that irrational investors biased from conservatism at the OSE, may explain why the stock 

price did not have a significant reaction, which in turn might indicate that the OSE showed signs of 

inefficiency during this event.  

Another reason for the inefficient reaction to eruptions might be that there are several aspects that 

could make it difficult for arbitrageurs to exploit mispricing in the NAS stock, and thereby achieving 

efficiency. As pointed out previously, there are restrictions to uncovered short sales at the OSE, making 

positive price deviations difficult to exploit. There are also few and relatively small trades in the NAS 

stock, resulting in even small trades affecting the stock price and making arbitrage less profitable. The 

increasing trading costs might also hurt this profitability. 

Looking past the lack of an instant stock price reaction to the eruptions, the intervention analysis show 

signs that might indicate a reaction similar to a post announcement drift. The results of the intervention 

analysis show a small reaction, only significant at a 70 % confidence level that is very slowly declining, 

similar to what would be expected from a post announcement drift. In the review of the semi-strong 

efficiency tests, it is shown that many researchers have found that the stock market tends to underreact 

to unexpected earnings announcements, leading to the anomaly called post announcement drift. 

Researchers do not agree as to what extent this is a matter of inefficiency in the market or merely 

decreasing risk, as it would have to be in the event studied in this thesis. Bernard and Thomas (1989) 

finds that a change in beta does not explain post announcement drift, but rather transaction costs and 
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investors not seeing the implications, of the eruption in this case, on future earnings. As mentioned, the 

intervention analysis shows a very small reaction, only significant at a 70 % significance level, but which 

lasts for a very long time. This could indicate that there might have been a weak post announcement 

drift after the eruptions. Furthermore, figure 12 show that the NAS stock continues to drift slightly 

downwards after the eruptions, even though the market practically moves sideways, which may also 

point in the direction of a post announcement drift. 

     

Figure 12 Post-eruption price developments of NAS and OSEBX. Stockprice at 13.04.2010 = 100 

These are, however, only weak indications, and what might be concerning is that most research on post 

announcement drift find an immediate reaction to the announcement, and only part of the total market 

reaction can be related to the drift. If it is a case of post announcement drift in the reaction of the stock 

market to the volcanic eruptions, it means that all of the reaction comes in the post-announcement 

drift. To some extent, it is not unreasonable that a larger part of the stock price reaction comes in the 

post-announcement drift, as normal research on this anomaly considers quarterly- or annual reports, 

with more tangible information than in this case. One of the explanations Bernard and Thomas (1989) 

present in their paper, is that investors cannot see the full implications of the announcement on future 

earnings, and thereby some of the reaction comes when the next quarters’ earnings are announced. The 

April traffic figures announcement at NAS was on the 6th of May declaring the impact of the eruptions, 

and by the end of the next day the stock price had declined by 10 %. Although this does not prove 
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anything, it is an indication that investors may not have figured out exactly how much impact the 

eruptions was going to have on the future earnings of NAS until this announcement.  

Behavioral finance explains the post announcement drift as an underreaction in the BSV and DHS 

models. Here they use psychological traits such as representativeness, conservatism, self attribution and 

overconfidence to explain the behavior of irrational investors in the market. In the context of the new 

information that European air space was going to be closed, conservatism may have delayed the 

response as to updating the stock price projections. Investors may have been overconfident in private 

information that the impact would not be as severe as it was going to become, or that in spite of these 

eruptions, the stock price would continue to rise in the future, leaving no need to sell. Then, when the 

bad news kept coming about the effects of the volcano, the investors gradually included the information 

in the stock price. This is, however, rather uncertain and is merely speculation concerning why there 

seems to have been a slight drift following the incident. Fama (1998) argues that an overreaction to an 

event is roughly as frequent as an underreaction, and thereby no one can profit from this as it cannot be 

predicted. This defends the EMH on this account, and as there have not been several eruptions closing 

European airspace, it is hard to generalize this into a trading rule.  

The EMH does, however, state that all information should be instantly incorporated into stock prices, 

which is at the very least doubtful in this case. It is possible that cognitive biases and limits to arbitrage 

can explain the lack of an instant reaction to the volcanic eruptions, which might indicate that the OSE is 

not efficient, at least not in this case. The results from the volatility model might give some further 

indication as to the efficiency concerning the NAS stock price. 

7.2 The Volatility Model 

The EGARCH(1,1) model gives the following results of the NAS stock price process 
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The results show that there is an asymmetric reaction in the volatility, and that the stock price has a high 

degree of mean reversion. The volatility of the NAS stock price will be discussed in this section while the 

mean reversion will be considered in the next section. 

 

It was shown in the ARCH tests of the data that there is volatility clustering. It turned out that the 

EGARCH(1,1) model adequately models this volatility clustering, leaving no significant ARCH effects 

behind. The interesting thing now is to look at what the volatility can indicate about the efficiency at the 

OSE.  

As previously stated, there is volatility clustering in the data, that is, large errors tend to be followed by 

large errors and small errors tend to be followed by small ones. Volatility clustering in itself is not in 

violation of the EMH, as news also tends to come in clusters, thus explaining this phenomenon. 

However, looking back at figure 10 and 11, it seems that there was a period of increased volatility 

following the eruptions. This might indicate that instead of a clear reaction in stock price, there was a 

reaction in volatility. Increased dispersion of returns around information events is a common finding. 

“The question is if this is a rational result of uncertainty about new fundamental values or if it is an 

irrational but random under- and overreaction to information that washes out in average returns?” 

(Fama, 1991 p.29) 

There was definitely a lot of uncertainty following these eruptions, as this was a one of a kind incident. 

Normally, insurance companies can cover some of the expenses of stranded travelers, however, most of 

them do not cover natural disasters. Who was going to take on these expenses? Another issue 

concerned whether the airline companies where going to go after the authorities to get their losses 

refunded. There was scarce research on the dangers of flying through these ash clouds, and several 

airlines claimed the dangers were exaggerated. The length of the closing was another uncertainty that 

might have caused volatility following the intervention. Even geologists struggled to give a precise 

estimate of when these ash clouds were going to disappear. Not to forget the overhanging danger that 

the monster volcano Katla could erupt, making this incident seem trivial in comparison. Since Katla 

normally erupts within some years after Eyjafjallajökull, this uncertainty would have lasted for a long 

time, making it hard to quantify the new fundamental value of NAS. 
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Considering that this incident demanded the skill to handle information that investors do not normally 

possess, it may not be a breach of the efficient market hypothesis that there was an increase in 

volatility, and it might rather be explained by increased uncertainty following the eruption. There was 

constantly arriving news about how long it was going to last, how much the airlines would have to 

refund, and the likeliness of this phenomenon occurring again. No reaction at all would have been a 

clearer breach of the EMH, as there was new information arriving, which should get a response in stock 

prices. 

Looking at the results from the EGARCH(1,1) model, the   is statistically significant and negative. This 

confirms that there is asymmetric volatility in the NAS stock price, in that, negative shocks has a larger 

impact on volatility than positive shocks. Traditionally this is explained by the leverage effect and the 

volatility feedback model. As noted in the literature review, most research on this phenomenon 

considers low frequency data, where these models are shown to explain the asymmetric volatility. This 

is however the daily data for an individual stock price, where these models do not have the same 

explanation power. An increase in leverage caused by stock price decline should be considered 

transitory and economically small in daily data, which disproves the leverage effect to some extent. 

Considering the volatility feedback model, expected returns are found to vary with the business cycle 

which is unlikely on a daily basis. On the other hand, alternative explanations are few and not 

thoroughly developed, and asymmetric effects in daily stock price data have been found in the larger 

stock exchanges as well. 

From the results of the volatility model, the important findings are that there are indications of 

increased volatility following the eruptions, these indications are, however, weak. Furthermore, both 

increased volatility following an event and asymmetric volatility might be explained by rational investor 

behavior and they are both found on the larger stock exchanges. The result is that no strong conclusion 

can come out of this and that although there are signs of inefficiency, it is just as likely that the signs can 

be explained without rejecting the efficiency at the OSE. 

7.3 Mean Reversion 

The mean process of the logarithm to the NAS stock price gives the following model 
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The model explaining the mean process of the NAS stock price exhibits a statistically significant negative 

autocorrelation. This shows that the stock is mean reverting, which clearly is a breach of the random 

walk theory, and some researchers claim that this is also evidence of inefficiency in the market. This 

shows that it is possible to forecast the stock price from its historical values, which should not be 

possible in a weak form efficient market. When a stock is mean reverting it can deviate from its intrinsic 

value, but will eventually come “back” to its mean. As a result, one can find over- and underpriced 

stocks, which is said explicitly to be impossible on average, according to the EMH. In this case, the 

coefficient is very close to -1, which indicates a high degree of mean reversion. This means that the stock 

price will revert back to its mean rapidly. Looking at the three articles by Jennergren and Korsvold 

(1974), Moberg and Strøm (1987) and Higgs and Worthington (2004), the results presented here is in 

line with their findongs when testing Norwegian stocks or the OSEBX for serial correlation. They all 

reject that stocks at the OSE follow a random walk, but cannot reject weak form efficiency at the OSE 

because a profitable trading strategy is not tested against the buy-and-hold strategy. 

As can be seen from the theory review, several international researchers, including Fama and French 

(1998) and De Bondt and Thaler (1985), have found mean reversion in stock prices. While Fama and 

French (1998) claim this is a consequence of time varying expected returns, De Bondt and Thaler claims 

it is caused by irrational overreaction in the market. 

Considering the time varying expected return theory first, which says that the mean reversion arise 

because of changes in the expected risk premium, French et. al (1987) find a positive relationship 

between volatility and risk premium. It is shown in the volatility model that there is volatility clustering 

in the data, and that this volatility is asymmetrical. This might indicate that the changing volatility have 

had an impact on the risk premium of the NAS stock leading to this mean reversion. If this is the case, 

the mean reversion is not inefficiency in the market but rather a case of changing risk. However, the 

mean reversion in this case is rather strong and the in mean volatility models showed no significant 

relationship between the volatility and mean process. This might indicate that other theories may be 

able to explain this process better. 

The behavioral models explanation of mean reversion or overreaction is divided between the BSV and 

the DHS model. They both agree however, that it is caused by irrational investor behavior. The BSV 
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model explains mean reversion in that investors suffer from representativeness bias, which makes them 

put too much emphasis on recent patterns in the data, and to little emphasis on the laws of probability 

in the process. Taking a look at the stock price preceding this mean reversion in figure 12, one can see 

that the NAS stock had an upward trend almost through the whole year of 2009, following positive 

earnings announcements, as mentioned earlier. This could have had the investors thinking the NAS stock 

price would continue to be trending. After trying to extrapolate this trend, they may have realized that 

this was not the case, as earnings are a random walk, and hit by the closing of European airspace, the 

price of NAS came down again, giving a mean reverting price through 2010. 

        

Figure 12 Adjusted closing price of the NAS stock 2009 

The DHS model claims that, biased from overconfidence, investors overreact to private information, 

before self attribution bias makes them adjust slowly to contradicting public information. These two 

reactions together make up a mean reverting stock price. There are not many indications as to why this 

might be the case, and one should be careful when applying cognitive biases after fitting the data 

without further indications, which is one of the strongest critiques towards behavioral finance models. 

As can be seen from the interpretation of the results, there is no telling what causes the mean reversion, 

because both the efficient and inefficient model can explain the stock price behavior. This is also put 

forward in Fama (1998), who says that whether mean reversion comes from time varying expected 

returns, varying macroeconomic variables or behaviorally explained inefficiencies, is an open issue. 
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Because of this, pne cannot conclude that the mean reversion is a sign that the NAS stock is inefficiently 

priced by the market. As this thesis does not test if it is possible to make abnormal risk adjusted returns 

from trading upon this information, the weak form efficiency cannot be rejected. However, the same 

signs of inefficiencies are still present in 2010, as earlier research on the OSE has found, indicating that 

there has been no improvement from the increased trading volume.  
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8. CONCLUSION 

Throughout this paper, the efficiency at the Oslo Stock Exchange has been discussed through the 

reaction of the NAS stock price to the volcanic eruptions on Iceland, and through the same stock prices 

mean process and volatility behavior.  

The intervention analysis show only a very small reaction, not significant at conventional confidence 

levels, and it seems that the OSE did not incorporate the new information efficiently. On one hand, this 

was an unconventional event that might be considered one of a kind so far, which to some degree 

justifies the inefficient reaction. On the other hand, the larger European stock markets did have a 

significant drop in the airline stock prices, indicating that the OSE might be considered less efficient in 

comparison. Furthermore, there are weak indications that there might have been a drift following the 

event, similar to a post announcement drift. This is one of the anomalies which is also found on the 

larger stock indices around the world, and thus does not point towards the OSE being less efficient than 

the larger stock indices. Through the literature review, it is found that this could be explained both by 

behavioral models indicating an inefficient market, and time varying expected returns supporting the 

EMH. It is noted though, that one of the leading researchers on the area of market efficiency, admits 

that post announcement drift is one of few anomalies which seems robust through time. Even though 

there is no certain conclusion as to whether there is a drift following the event or whether this drift 

indicates inefficiency at the OSE, the initial reaction to the volcanic eruptions is found to be absent, 

indicating that the OSE might not be considered semi-strong efficient. This is the strongest evidence that 

is found to indicate inefficiency at the OSE in this thesis.  

Furthermore, the stock price of the NAS turns out to be highly mean reverting through 2010. This stock 

price behavior has been found by many researchers, both nationally and internationally. The Norwegian 

studies however, have found a higher degree of mean reversion, indicating that it might be profitable to 

trade upon, which this finding supports. Like the post announcement drift, the mean reversion can also 

be explained by both behavioral models and time varying expected returns. As there is no way of 

separating the effect suggested by the behavioral models and the effect of varying expected returns, 

and since a profitable trading strategy is not tested in this thesis, one cannot conclude that the weak 
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form efficiency at the OSE should be rejected. The high degree of mean reversion of a short time span 

does however indicate that there might be inefficiencies at the OSE. 

Finally, the volatility model shows that there is volatility clustering in the NAS stock price through 2010, 

and that this volatility is asymmetric. The asymmetric volatility has traditionally been explained through 

the leverage effect and the volatility feedback model in perfect harmony with the EMH. There is, 

however, no evidence that these two theories can explain the asymmetric volatility effect in individual 

daily stock prices. Behavioral models based on loss aversion contradicting the EMH, can also explain why 

this phenomenon has become a stylized fact of financial data. As many researchers find that neither the 

leverage effect nor the volatility feedback model can fully explain the asymmetric volatility, these 

behavioral models might have some explanatory power. Asymmetric volatility is however found in most 

financial data, which means that this is not a particular weakness at the OSE, but might rather be an 

anomaly contradicting the EMH.  

There are several possible explanations as to why there is a lack of reaction to new information, and 

why there are other signs of inefficiencies at the OSE. First of all, the OSE is a relatively small stock 

exchange compared to the larger more efficient stock exchanges, like the NYSE and the LSE. Small 

exchanges are often perceived to be less efficient, as there is less activity, less analytics following the 

stocks and so on. There are also many stocks that are thinly traded. The NAS stock is only among the 50 

most traded stocks on the OSE, which could indicate that arbitrageurs are prevented from trading away 

inefficiencies because there are too few trades to make it profitable, and each trade might have too 

much of an impact on the stock price. Furthermore, it has been found that the actual costs of trading, 

including bid-ask spreads, are increasing at the OSE. Considering that many stocks are already thinly 

traded, the high trading costs might make it even harder for arbitrageurs to extract profits from new 

information. The restriction on uncovered short selling is also mentioned as a possible reason for 

inefficiency, as this prevents arbitrageurs from extracting profits when prices are higher than their 

fundamental values. 

Whether the signs of inefficiency are the results of the OSE being so much smaller than the mayor stock 

exchanges, that the costs of trading has increased, or that many of the stocks, including NAS, are thinly 

traded, is not known. The fact that there are several signs of inefficiencies, however, is an indication that 

the OSE may not have succeeded in their task of running a market that is perceived to have confidence 
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and integrity in the same lines as the best international markets. Part of their task of achieving this, is to 

have market appropriate prices and a market that is perceived to be efficient and fair, which this thesis 

at least suggests is doubtful. This again, indicates that changing the authority of inspection and approval 

of prospectuses, from the OSE to the Norwegian Securities and Exchange commission, might be a good 

idea. Both research prior to the suggestion of a change in authority, and this thesis after the proposition 

was suggested, indicates that the OSE has not convincingly succeeded in performing their main task of 

running a market that is perceived to be as efficient as the best international markets. The market 

seems to have failed the difficult test of efficiently incorporating the new information related to the 

volcanic eruptions of Eyjafjallajökull in April 2010. 
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