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Abstract 

The post earnings announcement drift is a market anomaly causing a firms cumulative ab-
normal returns to drift in the direction of an earnings surprise. By measuring quarterly 
earnings surprises using two measures. The first based upon a times series prediction and 
the other based upon on analyst forecast errors. This study finds evidence that the drift ex-
ists in Sweden and that investor’s systematically underreacts towards positive earnings sur-
prises. Further this study shows that the cumulative average abnormal returns is larger for 
surprises caused by analyst forecast errors. While previous studies have tried to explain the 
drift by taking on additional risk or illiquidity in the stocks. This study provides evidence 
supporting that investors limitations in weighting new information causes an underreaction, 
hence a drift in the stock prices. 
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1 Introduction 

This chapter will start of broad by consider the efficient capital market and abnormal returns. This is fol-
lowed by a broad presentation of the post earnings announcement drift. Further sections presents and pene-
trates the previous studies on the phenomenon. This will show the gaps in the research, hence ending up in a 
problem discussion of how to exploit these gaps.   

“Investing in a market where people believe in efficiency, is like playing bridge with someone who has been told 
it doesn’t do any good to look at the cards.” 

- Warren Buffet in Davies (1990) 

Elton, Gruber and Goetzmann (2011) argue that the concept of efficient markets has been 
one of the most dominant themes in academic literature since the 1960s. This argument 
shows how eager people are to find market anomalies, hence find an investment strategy that 
generates abnormal returns. Trading on the stock market has increased heavily during the 
past century, a great reason for this is the technological developments, and in particular the 
Internet. It has increased the possibility for everyone to get information fast and given the 
possibility to buy and sell securities no matter of the location. The main reason for trading 
on the stock markets is for most people to achieve a higher return than the risk free rate. For 
professional investors on the other hand the ambition is to gain abnormal returns. The sem-
inal paper from Fama (1970), states that the capital market is efficient, at least to its semi-
strong form, meaning that one cannot systematically gain abnormal returns based on any 
public information1. In the search for a model that systematically generates abnormal returns, 
many papers in which abnormal returns are found has later been disproven by studies with 
contradicting results. Even though the efficient market has been subject to a great amount of 
research, it even today is in the center of attention for many researchers. Fama (1998) tried 
to explain how different methods claiming to gain abnormal returns had flaws. For most of 
the methods evidence was found, although two anomalies could not be explained, one of 
them the post earnings announcements drift. Namely that the firms reporting the highest 
earnings surprise generates the highest cumulative abnormal returns. 

1.1 Background 

Ball and Brown (1968) first discovered the 
post earnings announcement drift. Their study 
was aiming to show the relation between ac-
counting income at and stock prices, by only 
focusing on firm specific information. They 
found a drift in the stock prices after the quar-
terly earnings reports, which was continuing 
for a month in the direction of the earnings an-
announcements (see figure 1-1).  

This relation should not exist according to the 
efficient market hypothesis by Fama (1970). 
Rather should the prices already include all public information for the semi-strong efficiency 

                                                 
1 See under chapter 2.1 Efficient Market Hypothesis 

2 A research method used when studying how event are associated with behavior in returns, founded by Fama, 
Fisher, Jensen and Roll (1969). For further information see Chapter 3.1 – Event study 

0 
0 time 

Cumulative abnormal returns 
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day 
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Bad news 

Figure 1-1 Post earnings announcement drift 
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to hold. At the time when Ball and Brown (1968) published their study, the efficient market 
hypothesis had not yet been published, hence their study did not test for market inefficiency. 
According to Kothari (2001) this paper is one of the pioneering  studies in accounting, while 
it was one of the first event studies2 conducted.  

Several research papers later confirmed the existence of a drift, however with slightly differ-
ent results. Jones and Litzenberger (1970) found that the stock market do not adjust instantly 
to the quarterly earnings, hence the information are not fully discounted in the prices. Lead-
ing to the conclusion that the market do not follow a random walk. Watts (1978) observed 
abnormal returns, however to exploit the opportunity of the market inefficiency, low trans-
action costs was a requirement. The results from Joy et. al. (1977) also differ with the effi-
cient market hypothesis, hence the drift cannot be explained by their data. A flaw in these 
early studies was the insecurity of the announcement dates. However later studies have been 
carried out with better data and yet confirmed the drift, for example Bernard and Thomas 
(1989), Ke and Ramalingegowda (2005) and Foster, Olsen, and Shevlin (1984). While re-
search about the phenomenon largely has been carried out on the American market, evi-
dence of its existence on other markets, such as UK, Spain and Finland3 has been found.   

Kothari (2001) claims that due to the rigorous amount of research done on the post earnings 
announcement drift, it provides a serious challenge to towards the efficient market hypothe-
sis. According to Karlberg (2011), high frequency traders have during the last few years 
evolved to cover about 50 percent of the turnover on Nasdaq OMX. Chordia, Roll and 
Subrahmanyam (2005) found by using intraday data that the stock prices adjust quickly and 
after 30 minutes there is no sign of market inefficiency. They argue that these findings ques-
tions the existence of market anomalies. This provides evidence that the market has become 
more efficient due to  high frequency trading, hence there is  a reason to believe that the re-
sults from today differs from earlier studies.  

1.2 Previous Research 

Ball and Brown (1968) first showed evidence that stock prices failed to adjust to earnings 
announcements and the abnormal returns continued to drift in the direction of the news. 
Following their approach, Jones and Litzenberger (1970) argued that random walk theorists 
deny the existence of trends in stock prices, instead competitive interaction cause instant 
price adjustments. In their paper, linear time trends are fitted to the quarterly earnings per 
share between the years 1962 and 1967. The findings suggests that the capital market, unlike 
the beliefs of random walk theorists, was not perfect. Joy et. al. (1977) show similar findings, 
although they find that the market reacts stronger for negative surprises. 

Bernard and Thomas (1989) examined the stock market in 1974- 1986 by using daily data. 
They divided the stocks into ten portfolios based on the level of earnings surprise. In order 
to test the market efficiency they took a long position in the portfolio with the highest earn-
ings surprise and a short position in the portfolios with the lowest earnings surprise. Bernard 
and Thomas (1989) also looked at the relation between the systematic risk and the size of the 
unexpected earnings in order to determine whether the drift could be explained as a risk 

                                                 
2 A research method used when studying how event are associated with behavior in returns, founded by Fama, 

Fisher, Jensen and Roll (1969). For further information see Chapter 3.1 – Event study 

3 See 1.2 - Previous research 
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premium. While their findings showed a positive relationship, it was much smaller than nec-
essary to explain the drift. In a follow up study, Bernard and Thomas (1990) found that a 
significant part of the post earnings-announcement drift is concentrated to the first three 
days after the announcement. They argued that the results suggests that the average investor 
do not understand the implications of the earnings announcements; hence, rely on a random 
walk. While the Bernard and Thomas studies used a time series prediction to measure earn-
ing surprise. Cornell and Landsman (1989) found the drift when measuring earnings surprise 
as a measure based upon analyst forecast errors and revision in forecasts.  

Fama and French (1992;1993;1995) developed a three factor model with market risk, book-
to-market (BTM) and size factors. This research helped explain many market anomalies, for 
example BTM and earnings-to-price ratio (E/P).  For the BTM anomaly, a high ratio means 
that the market judges the firms prospects to be poor, hence discounts the stock price rela-
tive to the book value. While a low ratio is associated with firms persistently reporting high 
earnings. Ball (1978) found that the E/P ratio is related to expected returns, for positive 
earnings. Fama and French (1992) showed that E/P is correlated with the BTM ratio. Ac-
cording to Dongcheol and Myungsun (2003) one need to add an additional risk factor to the 
Fama and French(1995) model in order to explain the post earnings announcement drift. 
While Chordia, Goyal, Sadka and Shivakumar (2009) combined the model with a liquidity 
factor in order to show whether the impact of the drift were different between liquid and il-
liquid stocks. Both of these studies showed that after transaction costs, there was no oppor-
tunity to profit from the drift. Although Chordia et. al. (2009) showed that before accounting 
for transaction costs the drift was larger in illiquid stocks. Similar results was found in Ball 
and Kothari (1991) showing that the drift was larger in small firms, when examining risk and 
return around earnings announcements. Bartov, Radhakrishna and Krinsky (2000) re-
searched the post earnings announcement drift and the relation to institutional investors. 
They found that firms size is of little explanation for the post earnings announcement drift, 
when institutional ownership is high. Hence showing that institutional investors increase the 
efficient pricing of stocks.  

Ke and Ramalingegowda (2004) investigated how transient institutional investors4 affected 
the post earnings announcement drift. They looked at the stock market between 1986 and 
1999 and made a combined time series and cross sectional regression. Finding that by ex-
ploiting the drift one earns an 22.1% annual abnormal return and that transient institutional 
investors help improve the market efficiency. Chordia et. al. (2005) showed that the in gen-
eral the market adjusts to news in no more than 30 minutes and that it is questionable 
whether market anomalies exists. Although when using intraday data Battalio and Mendelhall 
(2011) found that investor’s reacts slowly to the news, hence causing a drift. Their evidence 
showed that the drift was not bound by market frictions as transaction costs, hence was ex-
ploitable and a violation to the efficient market hypothesis. 

A majority of the research on the post earnings announcement drift is conducted using US 
data, although studies have showed that the drift exists on other markets as well. One of the-
se are Booth, Kallunki and Martikainen(1996) aiming to show whether there is a drift on the 
Finnish market. In order to widen the insight of the drift, they investigate whether income 

                                                 
4 Investors that are actively trading on stock market to maximize short-run profit 
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smoothing5 is connected to the drift. Compared to the US market, the Finnish market is 
much more illiquid, hence it is likely to have a slower speed of adjustment. The results shows 
that the drift do exists, even though it is small, and that the effect is larger for firms without 
income smoothing. Since income smoothing is concentrated in large firms, this provides one 
explanation of why the drift is larger in small firms. 

Liu, Strong and Xu (2003) studied the UK market and found evidence that the market was 
inefficient. For explaining the drift, they used Fama and French’s three-factor model, the re-
sults showed that both size and BTM were insignificant. Their explanation for the drift in-
stead was that investors do not process earnings announcements efficiently. Another study 
using the three-factor model was Forner, Sanabria and Marhuenda (2009), showing that the 
model was unable to capture the Spanish post-earnings announcement drift. Similar to the 
Liu et. al. (2003) they argue that the explanation lies in the investor’s inability to process the 
earnings announcement, suggesting that behavioral finance might provide an explanation. 
Following up the Forner et. al. (2009) study, Forner and Sanabria (2010) tested the three ma-
jor theories in behavioral finance6 on the Spanish market. Fama (1998) says these models are 
specifically designed to explain patterns of these types, hence they are likely to do so. Alt-
hough the Forner and Sanabria (2010) study shows that this is not the case on the Spanish 
market, the behavioral finance models cannot explain the drift. Their explanation is that 
those models are specifically designed using US data; hence, differences in the capital mar-
kets and the individuals of the countries are different. One flaw as I see it in this study is that 
they use a calendar time approach, rather than using  an event study as the majority of the 
drift studies have used. This prohibits this study to fully show the event effects, hence fails 
to capture the essential parts of the drift in a short time perspective. To summarize the pre-
vious research, table 1-1 show a selection of the earlier studies.  

                                                 
5 Income smoothing can occur in two ways, either a natural way when the income process produce a smooth 

income stream or when management actions effects the reported earnings.  

6 See Chapter 2.3.3 - Inefficient Markets 
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Table 1-1: Previous research (Surprise represents measure of earnings surprise, while “AR measure” represent  how the studies have calculated expected returns.) 

Authors Market Data Surprise AR measure Drift 
Ball and Kothari(1991) US Daily - 1980-1988 UE CAPM Yes, positive for small firms 

Bartov, Radhakrishnan and Krinsky (2000) US Daily - 1989-1993 SUE EWP Yes 

Bernard and Thomas(1989) US Daily 1974-1986 SUE EWP Yes, positive and negative 

Chordia, Goyal, Sadka, Shivakumar (2009) US Monthly 1972-2005  SUE FF Yes for both positive and negative 
before transaction costs, no after 

Cornell and Landsman(1989) US Daily 1984-1986 FE MM Yes 

Dongcheol and Myungsun(2003) US Daily 1984-1999 SUE FF No after risk adjustment 

Joy, Litzenberger and McEnally(1977) US Monthly 1963-1968 UE  Yes, positive and negative 

Ke and Ramalingegowda (2004) US Daily 1985-1999 SUE  Small after direct and indirect costs. 

Booth, Kallunki and Martikainen(1996) Finland Daily 1989-1993 UE MM Yes for positive 

Forner, Sanabria and Marhuenda(2009) Spain Daily 1992-2003 SUE and 
REV 

FF Yes, positive and negative 

Liu , Strong and Xu (2003) UK Daily 1988-1998 SUE and 
REV 

FF Yes 

Battalio and Mendenhall(2011) US Intraday  1993-2002 SUE and 
FE 

 Yes, positive and negative 

FE=Earnings – Forecasted earnings (May also be scaled by a factor)         
UE=Earnings-Previous Earnings (When scaled by common factor it becomes SUE)                                                                                      
REV=Revision in analyst forecast 
CAPM = Capital Pricing Asset Model                                                    FF = Fama and French (1993) Three factor model, in some cases with additional variables 
MM = Market model                                                                                EWP = equally weighted portfolio based on size  
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1.3 Problem discussion 

The post earnings announcement drift was first found in the end of 1960s, a market anomaly 
giving investor’s an opportunity to generate abnormal returns. Studies such Bernard and 
Thomas (1989), Bartov et. al. (2000) and Battalio and Mendenhall (2011) have shown that 
the drift exists on the US market. Further have studies on smaller capital markets such as 
Spain, UK and Finland (Forner et. al., 2008; Liu et. al., (2003); Booth et. al., 1996) found evi-
dence for the drift. While I believe this would indicate that the drift should exist on the Swe-
dish market.  Karlberg (2011) shows that the high frequency trading on the Nasdaq OMX 
has dramatically increased during the latest years. This could indicate that the market has be-
come more efficient, hence decreasing the speed of adjustment and removing the opportuni-
ty to generate abnormal returns.   

Different approaches to explain the drift have been used, such as through an additional risk 
factor (Bernard and Thomas, 1989; Dongcheol and Myungsun; 2003) or due to illiquidity 
(Chordia et. al., 2009; Booth et. al., 1996). However, these factors have failed to fully explain 
the drift. Liu et. al. (2003) are one of the studies trying to explain the drift using the Fama 
and French Three-factor model, although fails, instead they claim that investor’s limitation in 
processing the earnings announcements is causing the drift. I believe this points towards us-
ing behavioral finance as a tool for explaining the drift.  Forner and Sanabria (2010) used this 
approach when trying to explain the post earnings announcement drift. In the paper they 
tested the three major models within behavioral finance, although the drift could not be ex-
plained. They found that cultural differences between US and Spain could be the reason for 
this. Except for the Forner and Sanabria study, there is a lack of studies outside of the US 
testing these models in order to explain the drift. According to Kothari (2001) the efficient 
market hypothesis is increasingly questioned. This raises questions, regarding the empirical 
evidence and explanatory power these models have outside of the US. 

This section has shown the inability for financial models such as the Fama and French 
Three-factor model in explaining the drift. Further it shows that the drift has been robust 
towards additional risk and liquidity factors. While the earlier studies show that there exists a 
drift on several markets, there is a lack of evidence in Sweden. Further has it shown that 
there is questions remaining in how the drift can be explained.  

1.4 Purpose 

This study aims to show whether there is a post earnings announcement drift in Sweden. 
Further, it will also test whether theories in behavioral finance can explain the phenomenon.  

1.5 Method 

In order to fulfill the purpose, this study will investigate the earnings surprises occurring 
when firms reports their quarterly earnings. By focusing upon large-cap firms the liquidity 
factor will be taken into account, hence the likelihood of the study being transferable to the 
entire market is large. Further by using large-cap firms and measuring abnormal returns, this 
paper will determine whether the drift is robust towards additional risk and liquidity.  The 
paper will also test for economical significance in order to show the possibility to exploit the 
drift. Whether this is true, the study will test if behavioral finance provide an explanation. 
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2 Theoretical Framework 

This chapter will present the theories aiming to provide an explanation of the post earnings announcement 
drift. The choice of the theories are based upon the findings from previous studies. Starting off with explaining 
traditional financial theories, such as the efficient market hypothesis and the random walk theorem. Further 
the chapter will introduce theories in behavioral finance and how they can be applied in this study. 

2.1 Efficient market hypothesis 

“To beat the market you'll have to invest serious bucks to dig up information no one else has yet.” 
- Merton Miller 

Fama (1970) defines an efficient market where prices fully reflect all available information. 
However for a market to be perfectly efficient, there are three characteristics that should 
hold: 

1. There are no transaction costs. 
2. All information is available for everyone without cost. 
3. Everybody agree on implications of current information on price and distri-

bution of future price, in other words the market participants are rational. 

Fama (1970) further argues that while this description does not fit any capital market in prac-
tice, it does not necessarily mean that the capital markets are inefficient. In order to deter-
mine whether the market is efficient Fama developed the Efficient Market Hypothesis 
(EMH). According to the EMH the market have three different levels at which it is consid-
ered to be efficient: weak, semi-strong and strong. 

Early studies on market efficiency have been testing whether the prices are fully reflected in 
the historical prices on the capital markets. Most of the theories for these studies are based 
upon the random walk theorem. These studies tested what Fama (1970) calls the weak form 
efficiency. If this holds there should be no possibility to develop trading systems that leads 
to profits based on the historical data, in other words the use of technical analysis. When 
studying the post earnings announcement drift the weak form is not tested. This since the 
weak form claims that the historical prices are to contain all information about the current 
price level, hence  in a weak form efficient market it is still possible to use public as well as 
private information in order to “beat” the market.  

When new information is added to the market it should according to Fama (1970) already be 
incorporated in the pricing, if this is the case the market is so called semi-strong efficient. 
Studies testing this form of efficiency, tests whether the speed of which the market adjusts to 
this information in terms of how it affects the stock prices. The post earnings announcement 
drift have been studied since the 1960s, according to the semi strong efficiency this drift 
should not exist, rather the market should have adjusted to this information.  

Testing whether the market is semi-strong efficient, means that first of all technical analysis 
of the historical stock prices cannot be used in order to develop a profitable trading system. 
Second, it also means that one cannot conduct fundamental analysis of the new information 
in order to build a profitable trading strategy. One reason for not being able to profit from 
the information is according to Black (1971) that people gather information for the funda-
mental analysis, however some of that data is good while others is bad, hence they take each 
other out and one cannot profit from using it. 
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Finally what Fama (1970) calls the strong form efficiency, for this to hold, all public and pri-
vate information should be reflected in the stock price and there is no possibility to gain ab-
normal returns from for example insider trading. This is a very strong assumption and al-
ready when writing the paper Fama (1970) says that it is unlikely to hold and one cannot ex-
pect this to be an exact description of reality.  

The strong-form efficiency will however not be tested, to determine when an insider gets a 
hold of this information is not of interest rather whether an investor can make use of the in-
formation when it is released. Hence, the semi-strong form will be tested in order to deter-
mine the speed at which the market reacts to this information. According to the EMH, there 
should not be any time for the market to exploit this information, rather the information will 
already be incorporated into the pricing of the security.  

2.2 Random Walk 

“On Wall Street, the term "random walk" is an obscenity. It is an epithet coined by the academic world and 
hurled insultingly at the professional soothsayers. Taken to its logical extreme, it means that a blindfolded 

monkey throwing darts at a newspaper's financial pages could select a portfolio that would do just as well as 
one carefully selected by the experts.”  
- Burton Malkiel (1990) p.24 

According to Fama (1965) the random walk in stock prices are based upon two hypothesiz-
es:  

 Successive prices changes are independent. 

 The prices changes are based upon a probability distribution. 

Independent price changes, means that price changes are unrelated to the previous price 
change. Fama (1965) points out that it is impossible to find a time series that is perfectly in-
dependent, however for practical purposes the price changes are seen as independent if not 
above a minimum level. The independent price changes are the most important hypothesis 
and the probability distribution is acceptable if prices conform to some probability distribu-
tion. According to Van Horne and Parker (1967) this means that stock price changes have 
“no memory”, in other words forecasts on future market prices are useless, so called tech-
nical analysis. Instead the market price is the best estimate of the security’s real value. The 
real value or “intrinsic” value is determined by fundamental analysis of a firm’s future earn-
ings performance. When new information is added to the market, the security price will be 
affected, however the random walk theory implies that the change of the stock price will be 
random. If there would be a pattern in the stock prices that could generate arbitrage this will 
quickly disappear since the market are crowded with rational investors. Hence they will can-
cel out this arbitrage.  

This suggests that investors will react differently to the earnings announcement, hence im-
plying that there should not be any possibilities to systematically generate abnormal returns. 
If the random walk holds, Murphy (1999) says that the best market strategy would be to fol-
low a buy and hold strategy, rather than attempting to beat the market.  
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2.2.1 Technical analysis 

According to Murphy (1999) technical analysis is the study of market action by studying 
charts in order to forecast future price trends. There are three assumptions of which tech-
nical analysis is built upon: 

 Market action discounts everything. 

 Price move in trends. 

 History repeats itself. 

Murphy argue that the first assumption is the cornerstone in technical analysis. By market ac-
tion it is meant that everything that potentially can affect the price, such as fundamental, po-
litical and psychological factors are reflected in the price. Previous studies such as Bernard 
and Thomas (1989)  showed that before an earnings announcement, the firms that will deliv-
er the highest earnings surprise , also shows the highest abnormal returns before the an-
nouncement. Hence this suggests that one should be able to use technical analysis in order to 
make an investment strategy.  

2.2.2 Fundamental analysis 

While the technical analysis is concentrated on market actions, the fundamental analysis on 
the other hand is focusing on economic forces of supply and demand. When conducting 
fundamental analysis, Murphy (1999) argues that one is looking for the intrinsic value of the 
market. By doing this one aims to find out whether the market is over- or underpriced. In 
short,  fundamental analysis studies aims to explain what causes the market to move. Many 
of the previous studies on the drift have shown abnormal returns indicating that fundamen-
tal analysis can be made in order to earn abnormal returns.  

Murphy (1999) argues that the market seems random for those who do not understand it, 
however that the market is not random and trends do exist. To explain this an increasingly 
amount of studies are being conducted, trying to explain the relation between security pric-
ing and human psychology, this field has the name Behavioral Finance.  

2.3 Behavioral Finance 

“I think markets will never be efficient because of human nature.”  
– Seth Klarman 

One of the main assumptions on the EMH is that all market participants are rational, wheth-
er this really is the case have been questioned for many years. Among one of them Daniel 
Kahneman awarded the Nobel Prize for his research on this topic in 2002. This adds to the 
doubts of whether the market really is efficient. Shefrin (2002) says there are three main 
fields in behavior finance: frame dependence, heuristic-driven bias and inefficient markets. 

The main focus will be held upon the latter two, where the heuristic driven bias are factors 
influencing models aiming to explain inefficient markets. 

Although before introducing these factors, a key concept within this field is over- and 
underreaction. 
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As figure 2-1 shows, on time zero new information is added to the market, according to the 
EMH the market should adjust to the new information instantly. However in violation to 
this, behavioral finance do not see investors as rational, rather they under or overreacts to 
the new information. Underreaction shows that the market adjusts slowly to the new infor-
mation, while overreacting shows how the market overvalues information, hence driving the 
price above the new level. This causes the stock price to gradually adjust to the new price 
level.  

2.3.1 Frame dependence 

With frame Shefrin (2002) means how people’s 
decision-making differs depending on how the  
information is presented. One factor influenc-
ing this is people’s attitude towards gains and 
losses. Kahneman and Tverski (1979) argue 
that people behave differently based on how 
the information is presented. Figure 2-2 shows 
how people generally values losses and gains, 
showing a steeper slope for losses. Indicating 
that small losses are associated with a higher 
absolute value than equal sized gains. Further 
Kahneman and Tverski states that while this 
result is based on monetary options, it is appli-
cable to choices involving other attributes. 
Considering the post earnings announcement drift I believe that this influences how the in-
vestors reacts to positive and negative earnings surprises.  

2.3.2 Heuristic driven bias 

In short a heuristic driven bias is according to Shefrin (2002) the underlying process at which 
people find things out for themselves, this later develops rules of thumb. Several factors are 
influencing the process at which these rules of thumb are developed, one of the most im-
portant ones are representativeness (judgments on stereotypes). This factor is related to analysts, 
since the only information about stocks is the past information. Shefrin(2002) argues that 
this makes analyst overly optimistic about past winners compared to past losers. Another 
factor is overconfidence, that people overvalues their capability to do something. This is seen for 
example when analysts makes their predictions about the future, by setting up a too narrow 

New price level 

EMH 

Overreaction 

Underreaction 

0 time 

Price 

t 

Figure 2-2 : Value cross (Kahneman and Tverski, 
1979) 

Figure 2-1: Over and Underreaction 
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confidence interval causing frequent surprises. A factor related to overconfidence is conserva-
tism, Shefrin (2002) explains that analysts fail to revise their earnings forecasts, hence also 
causing surprises. Doukas and McKnight (2005) explains that these surprises is caused since 
investors having problem with weighting new information, hence making it difficult to make 
decision around the variety of information. These psychological factors suggest that people 
are not always rational and can be a possible explanation to why the post earnings an-
nouncement drift exists. 

2.3.3 Inefficient market 

The capital market should according to Shleifer (2000) not be seen as efficient, instead be-
havioral finance are supposed to explain the movements. The research in behavioral finance 
is commonly focusing on investor’s over and underreactions towards information on the se-
curity markets and how psychological factors can explain this. According to Shefrin (2002) 
there are three main theories in behavioral finance:  

The first theory proposed by Hong and Stein (1999) and is based on an underreaction in the 
same direction as news, such as earnings announcement. As previous studies have shown, 
the market does not seem to instantly adjust to the news, instead they continue to drift in the 
same direction as the news. Hong and Stein (1999) argue that there are two types of actors 
on the market: news watchers and momentum traders. The news watchers observe private 
information and analyze fundamentals, hence do not draw conclusions based on prices. With 
diffuse information across the market, this is what will cause a short run underreaction to the 
prices. This underreaction will give the momentum traders an opportunity to profit by fol-
lowing this trend. However if one looks at a longer time perspective this will cause an over-
reaction to the prices.  

The second theory by Barberis, Shleifer and Vishny (1998) explains this by building the theo-
ry around conservatism, hence the difficulty for investors to interpret information. This the-
ory explains that investors have two states, where the first state is that investors believe that 
earnings are mean reverting, for example if a firm have performed good over a long period 
of time and then the trend breaks in the other direction. The investors is then of the belief 
that the earnings will revert to its mean, hence underreacts to the earnings announcement. 
The second state that the investors believe that there is a trend in the earnings, for example 
that a firm has performed well over time, the investor will rethink  their belief on mean re-
verting so that instead the firm is in a trend. Doukas and McKnight (2005) propose that the 
volatility in the previous information is a proxy for conservatism, hence investor’s inability of 
weighting information. 

The third theory in behavioral finance is constructed by Daniel, Hirschleifer and 
Subrahmanyam (1998) in which over- and under-reaction is based upon two psychological 
factors, overconfidence and attribution bias. With overconfidence, investor’s sees themselves 
better at evaluating and value securities than they really are, hence they underestimate the 
forecast error variance. The other factor, attribution bias is based on that investor’s confi-
dence rises greatly when public announcements confirms their private information. However 
if the public information contradicts their private information, it only has a small effect on 
the investors belief. In order to determine whether investors are overconfident, Daniel and 
Titman (2006) suggests that overconfidence is larger in firms with greater uncertainty. In or-
der to measure this uncertainty they find that the BTM ratio is a good proxy. Zhang (2006) 
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on the other hand propose that one can use dispersion in previous information as a proxy 
for the level of uncertainty.  

Another way to measure overconfidence is used by Chui, Titman and Wei (2010), they use 
the individualism index7 as a measure of overconfidence and attribution bias. While this is 
not a direct measure of behavior, they state that the variables are correlated since individual-
istic people have a greater tendency to think positively about themselves. Hence they are 
more likely to behave overconfidently. According to Hofstede (2012) Sweden scores 71 out 
of 100 on the individualistic scale. A high(low) value are equal to a high(low) level of indi-
vidualism in the country, hence this indicates that Sweden is an individualistic society. 
Hofstede (2012) further states that the measures are relative, and without making a compari-
son the rating is meaningless. Hence if comparing the scores to the US (91) and Spain (51)8, 
Sweden falls in between. This suggests that the overconfidence theory by Daniel et. al.(1998) 
would fit the Swedish market better than the Spanish. However, since the theories are based 
upon US data, the explanatory power of the theory might not be as good as if it was tested 
on the US market. This suggests that in Sweden, public information triggers an overreaction 
to the private information. In the long run however Daniel et. al. (1998) suggests that the 
prices are partially reversed and the price changes will move in line with the public an-
nouncements.  

The three major behavioral finance theories are all tested in Forner and Sanabria (2010) 
against the post earnings announcement drift in Spain. In order to test whether the drift 
could be explained by theories in behavioral finance the following approach is made for each 
of the theories: 

The Daniel et. al. (1998) model suggests an overreaction based on overconfidence. Overcon-
fidence should be greater for firms with higher uncertainty, hence a low BTM and a high 
volatility in previous earnings should trigger an overreaction. One would expect there to be 
an overconfidence in Sweden due to the high rating on the individualism index.  

Hong and Stein’s (1999) theory suggest that the actors on the market are news watchers and 
momentum traders.  Large firms are more covered in the media and in general the public 
have a greater common knowledge about these firms. This suggests that there will be a faster 
speed of adjustment to earnings announcements for large firms compared to small firms. 
While this study is focused on large firms, one cannot expect to find any difference between 
different firm’s sizes. 

The theory by Barberis et. al. (1998) suggests that the drift is caused by investor’s difficulty 
to interpret and weight new information. Hence for firms having a higher volatility in previ-
ous earnings, it will be more difficult for investors to interpret the information. This suggests 
that there should be an underreaction to information with a high volatility in previous earn-
ings. 

                                                 
7 One of four cultural factors used in order to compare countries, see Hofstede (2001) for further information 

8 Comparison with US and Spain since the theories are developed on US data, and Forner and Sanabria (2010) 
tested these models on the Spanish market. 
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3 Method 

The chapter will start off by explaining the research design, an event study. Further will it show the variables 
of which the study is based upon. Followed by a brief presentation of the data used collected to obtain results. 
In the end validity issues and potential flaws when studying market efficiency will be discussed and how this 
study can avoid them. 

3.1 Event study 

Event studies are according to Kothari and Warner (2008) studies that examines return be-
havior for events that occurs at different points in calendar time. This method is common 
when studying the semi-strong efficiency of the EMH.  This research approach has been 
used in studies such as Ball and Kothari (1991), Bernard and Thomas (1989;1990) and Booth 
et. al. (1996) for studying the post earnings announcement drift. This is a suitable approach 
since quarterly earnings announcement are released four times a year and firms do not have a 
certain date they must report on. According to Elton et. al. (2011) event studies have a fairly 
standard methodology as follows: 

1. Collect sample of firms that had a surprise announcement and then 
separate them into groups of positive and negative surprises. 

Chapter 3.2 

2. Determine the day of the announcement and set it as day zero. 
When measuring market efficiency it is important to measure the 
announcement impact using the smallest feasible time interval 
(monthly, daily, intraday etc.).  

 

3. Define period to be studied. For this study a period of 41 days will 
be used, 20 days before and 20 days after the announcement.  

Chapter 3.3 

4. Compute returns for each day of the study.   Chapter 3.4 

5. Calculate the abnormal returns for each day of each firm. Chapter 3.4 

6. Compute average abnormal return for each day in event period to 
examine the average effect. The abnormal returns of an individual 
day are often added together to compute cumulative abnormal re-
turns.   

Chapter 3.5 

3.2 Measuring earnings surprise 

The earnings surprise can be measured in different ways. A majority of the earlier studies has 
according to Livnat and Mendenhall (2006) used a time series predictions based on historical 
earnings announcements. There have however been slight differences between how the 
measures are scaled, while Livnat and Mendenhall (2006) are showing an example of scaling 
by the price. The study from Bernard and Thomas (1989) on the other hand used the stand-
ard deviation of the previous surprises as the scaling factor.  

I believe more of the surprise will be captured if taking the surprise of previous quarters into 
account, hence, the standard deviation of previous earnings surprises will be used as the scal-
ing factor. This measure will however give the study less observations, in order to provide a 
good measure and still keep many observations, the standard deviation from the previous 8 
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quarters are used. To still keep as many observations as possible the first measure will only 
be based on standard deviation from four quarters and then the following measures will use 
five, six and seven measures until finally having the eight quarters measure. The first measure 
being used to account for the earnings surprise is Standardized Unexpected Earnings (SUE) 
as used in Bernard and Thomas (1989): 

        
           

    
 

Equation 1: Standardized Unexpected Earnings 

                                              

                                                                                  

                                                                      

Another measure for earnings surprise are based on analyst forecast errors (FE), hence this 
will give results that differs the measure solely based upon time series prediction. According 
to Livnat and Mendenhall (2006) only few studies have used analyst forecast errors as a vari-
able for measuring the earnings surprise. This measure is constructed as replacing the earn-
ings per share from the previous quarter with the analyst forecast per share. Both of these 
measures were used by Battalio and Mendenhall (2011) and will also be used in this study, 
with the exception of scaling by standard deviation instead of price. Hence the second meas-
ure for earnings surprise is Forecast Errors (FE): 

       
         

                

    
 

Equation 2: Forecast Error 

    
                

                                                                      

In the study by Foster et. al. (1984) and Bernard and Thomas (1989) firms were divided into 
deciles based on their SUE, then a long position were taken in the firms in the highest dec-
ile(10ths) and a short position on firms in the lowest decile. This in order to reflect that the 
magnitude of the SUE also have an impact on the abnormal returns. Other studies used dif-
ferent amount of portfolios, however the two most frequently used groups are either deciles 
or quintiles (5ths). A high SUE or FE value means “good news” while a low value means 
“bad news”. Since studies have used different measures of earnings surprises it is difficult to 
provide a special meaning to a certain number. However to give an example a study by John-
son and Zhao (2011) using a sample size of 234 815 announcements between the years 1985- 
2005, showed that the mean surprise when using the SUE was 0.0235 in the highest decile 
and -0.0937 in the lowest. 
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3.3 Event window 

The time frame for an event study should according MacKindley (1997) be indexed as  . The 

event day should be set as    . The time periods before the event is called the estimation 
window and the time periods afterwards is called the post event window (see figure 3.1) 

 

 

Previous research indicates that the stock prices starts to adjust within three days before the 
announcement  and keeps adjusting until a few days after the announcement (Bernard and 
Thomas, 1989; Ball and Kothari, 1991). Earlier studies have used variety of lengths of the 
event windows such as 21 days (Ball and Kothari, 1991; Booth et. al., 1996) and 121 days in 
Bernard and Thomas (1989). With this into consideration  this study will use an event period 

of 41 days, an estimation window of         and a post event window of      . 
Based on the days used in previous studies, I expect this to be adequate in order to capture 
the drift. 

3.4 Abnormal returns 

There are different ways of calculating the return of a security, Strong (1992) says first one 
need to decide whether to calculate a discrete or a logarithmic return. This study will use the 
logarithmic method since it is more likely to be normally distributed. 

        
   

      
  

Equation 3: Logarithmic return 

                                 

                               

 

According to Kothari and Warner (2008) the return for a security at time t is measured by 
the expected return and the unexpected return added together. 

             

Equation 4: Return 

                                

                                          

                                            

    0    

 
     

   
  

  

 
          

      
   

          

      
  

Figure 3-1 Event window 
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Further the unexpected return becomes the Abnormal Return (AR): 

              

Equation 5: Abnormal Return 

The expected return can be calculated by using a variety of models, among those are the 
market model, constant mean return(CMR) and the Capital Asset Pricing Model (CAPM) 
(Kothari and Warner, 2008; MacKindley, 1997). MacKindley (1997) argues that early event 
studies have been using CAPM to a large extent, however over time deviations from the 
model have been discovered. One reason for these deviations is that the results from the 
event studies might be sensitive to CAPM restrictions. MacKindley further states that this 
potential problem easily can be avoided by instead using for example the market model.  

Economic models such as the CAPM still have its advantages; they can generally give a more 
precise measure of the normal returns, since the restrictions are based on economic factors. 
However, this is according to MacKindley (1997) not a major issue, since the assumptions9 
of the CMR and the market model is empirically reasonable. Hence, tend to be robust to-
wards deviations of the assumptions. While the CMR is one of the simplest models of calcu-
lating the return, Brown and Warner (1985) argues that it gives similar results as more ad-
vanced models in many cases. Even though the argument that the CMR gives similar results 
as the market model, the latter model will be used in this study. The reasoning behind this is 
mainly based on an argument by MacKindley (1997), claiming that it increases the ability to 
identify event effects. One other advantage with using the market model is that it through 
the beta takes the systematic risk into account. The return of a firm explained by the market 
model is: 

                 

Equation 6: Market Model 

                                                                               

                                                              

The expected unsystematic risk is equal to zero, hence the expected return is: 

               

Equation 7: Expected Return 

In this model     and     are the returns of security i and the market portfolio at time t. In 
studies often a broad market index is used, for example in the USA the S&P 500 index is of-
ten used. For this study the OMX30 will be used as representing the Swedish market portfo-
lio. 

3.5 Cumulative Abnormal Returns 

In order to test the semi-strong form of the EMH, Kothari and Warner(2008) says that one 
should measure the Cumulative Abnormal Returns (CAR). This makes it possible to see how 
fast the market react to new information.  

                                                 
9 For more information on the assumptions read MacKindley(1997) 
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CAR is the sum of the abnormal returns at a given time: 

           

 

   

 

Equation 8: Cumulative Abnormal Return 

To make the measure comparable over time, since different years might have different 
amounts of observations, this measure is averaged in order to show the Cumulative Average 
Abnormal Return (CAAR).  

      
 

 
     

 

   

 

Equation 9: Cumulative Average Abnormal Return 

By conducting this test one is able to find out whether it is possible to create a trading rule 
and profit from it (while ignoring transaction costs).  

3.6 Hypothesis 

According to Kothari and Warner (2008 event studies tests whether the returns are systemat-
ically different from the expected return, in other words whether abnormal returns exists. 
This makes the hypothesis: 

            (there are no abnormal returns) 

            (there are cumulative abnormal returns) 

The earnings announcements will be sorted into five portfolios each quarter, based on their 
SUE or FE magnitude. Previous studies have used a different amount of portfolios for each 
quarter, however mostly five or ten.  Five portfolios is chosen in order to obtain a high 
number of observations in each of the quarterly portfolios. By dividing the firms into portfo-
lios, firm specific information will not have as large impact as when measuring the individual 
security returns. This will capture the event specific information better. Both of the measures 
of earnings surprise will be tested against the null hypothesis.  

3.6.1 T-test 

The different portfolios will be tested with a t-test to determine whether they generate ab-
normal returns. This will give a sample size of 32 portfolios for the SUE measure (2003-
2010) and 28 portfolios for the FE measure (2004-2010)10. The portfolios are equally 
weighted meaning, hence the average of the security CARs will be the portfolio return. The 
CAARs of the portfolios will be tested using a t-test. The t-value to test whether the CAARs 
are significant is obtained by using equation 10. 

  

                                                 
10 See chapter 3.8 for choice of time span 
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Equation 10: T-value for CAAR 

                                                                          

                                                 

The t-value will then be evaluated against critical values from the t-distribution. According 
Aczel and Sounderpandian (2009) 90%, 95% and 99% are the standard significance levels, 
however the 95% level the most frequent used one in business applications. The reasoning 
behind this is that 90% should be used when type II errors are more costly than type I er-
rors, and 99% when type I errors are more costly than type II errors11. When one is not able 
to determine the cost of type I and type II errors it is best to use the 95% confidence inter-
val. Hence this will be the main level of testing; although the result will also be compared on 
a 90% and 99% percent significance level12. 

3.6.2 Additional significance tests 

To increase the robustness when showing whether the magnitude of the earnings surprise is 
significant compared to the magnitude of the CAAR, additional tests will be conducted. 
These tests are Spearman rank correlation test on the portfolios as well as one least square 
estimation on the portfolios and one entire sample. While the least square estimation will 
give a descriptive view, showing whether there exist a relationship between the SUE/FE and 
the abnormal returns on the announcement day. The Spearman rank correlation test will 
show the relation over time. This test is according to Aczel and Sounderpandian (2009) the 
most frequently used non-parametric measure. It is conducted by ranking the variables and 
measure how they are correlated. Further they argue that since a non-parametric method is 
based on fewer assumptions13, it can provide additional information about the association 
between two variables. The Spearman rank correlation coefficient is according to Aczel and 
Sounderpandian (2009) calculated by using the following formula: 

      
    

  
   

       
 

Equation 11: Spearman Rank Correlation Coefficient 

                                                                              

                         

According to Zar (1972) a t-test gives an excellent ability to test the significance when using 
a Spearman rank test if the number of observations is larger than 100. The t-value is ob-
tained by formula: 

                                                 
11 Type I error is when the null hypothesis is falsely rejected and Type II is when a false null hypothesis fails to 

be rejected. 

12 In appendix this will be shown by *= rejected at 90%, **=rejected at 95% and ***=rejected at 99% 

13 Compared with a parametric method 
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Equation 12: T-value for Spearman rank correlation test 

The hypothesis for this test becomes: 

         (there are no significant correlation between SUE or FE and CAAR) 

         (there exist a significant correlation between SUE or FE and CAAR) 

The least square estimation is made using the formulas: 

             

Equation 13: Least square estimation SUE and CAAR 

            

Equation 14: Least square estimation FE and CAAR 

 

Where   is a coefficient showing whether there is a positive or negative relationship between 
the variables.  

3.7 Economic significance 

In order to show whether there is an economic significance for  the findings it is necessary to 
control for hindsight bias.  To do so the SUE and FE levels from the previous quarter are 
used as a proxy when dividing the firms into portfolios. It is also important to account for 
transaction costs, since previous research has shown that this could remove the drift 
(Chordia et. al., 2009). These transactions costs consists of two parts, first a direct cost in 
form of the courtage when buying and selling the securities. Second, an indirect cost in form 
of the bid-ask spread. 

Since this study is focused on large cap firms, they are to be considered liquid. Hence one 
can use contract for difference (CFD) rather than stocks. CFDs are created for liquid stocks, 
for example IG Markets (2012) only offers CFDs for the Stockholm OMX benchmark in-
dex14. The reason for using CFDs rather than stocks is to lower the transaction costs. The 
courtage level for CFDs at Saxo Bank (2012) and CMC Markets (2012) is 0.04%, hence this 
value will be used as a proxy for the courtage. This is considerably lower than if investing in 
stocks. Comparing with Nordnet (2012) which offers a minimum courtage level of 99 SEK 
if one makes an order below 117 000 SEK, the minimum courtage becomes approximately 
0.09%.  

The bid-ask spread when buying or selling the CFDs is according to Norman (2009) the 
same as for stocks. This because CFDs are following its underlying asset point by point. To 
determine the size of the spread, it will be calculated as the average of the spread on the 
Swedish OMX30 stocks, which becomes 0.1355%15.  This makes the total transaction costs 

                                                 
14 The 80 largest and most liquid stocks on Nasdaq OMX Stockholm 

15 Available in appendix 7 
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adding up to 0.2155%  when including the bid ask-spread and the courtage when buying and 
selling a CFD. 

3.8 Research data 

The time period of the study will be 2003 – 2010, during this period the market has been ex-
posed to rises and falls. Hence this time period will make sure that the post earnings an-
nouncement drift is not a phenomenon only occurring when the market is in a good state. 
This time period is further motivated by the fact the very few studies have been using as new 
data16. While Karlberg (2011) showed that the market structure have changed and high fre-
quency trading represents 50% of the Nasdaq OMX turnover. This study can provide evi-
dence of whether this have made the market more efficient. 

In order to be able to calculate the earnings surprise two variables are needed: the earnings 
per share for each firm at each quarter and analyst forecasts for the firms. The SUE measure 
is based upon time series prediction, hence quarterly earnings handpicked from the firm’s 
quarterly reports between the year 2001 and 201017. The dates for the quarterly announce-
ment is gathered from the very same reports.  By handpicking this data from the previous 
quarterly reports, they show exactly what the investors saw at the particular point in time. 
Rather than gathering the data from for example the annual reports, where the quarterly 
earnings could be adjusted. For the FE measure analyst forecasts is needed. The consensus 
annual forecasted earnings per share published in the magazine Affärsvärlden are hand-
picked between the years 2003 and 2010. The starting year of 2003 is set due to data availa-
bility. While it would be desirable to have forecasted earnings per share for each quarter ra-
ther than annual. This study will, following the approach of Livnat and Mendenhall (2006), 
divide the annual forecast by four. For each quarter these values are collected from the issue 
closest in calendar time to the end of each quarter.  Hence the data is collected from the last 
issue of March, June, September and December. For firms reporting in other currencies than 
Swedish, the exchange rate at the end of the quarters are used, similar to when collecting the 
analyst forecasts.  

The returns are calculated using the daily closing prices gathered from Nasdaq OMX Nordic 
for all of the large-cap firms included, as well as for the OMX30.  In order to include a stock, 
two criteria’s needs to be fulfilled18: 

 A firm can only have one stock included in the study, hence if a firm have more than 
one issued shares, the most liquid is included. 

 Historical stock prices must be available for each day in the event window. 

This gives a total of 1549 earnings surprises for the SUE measure and 1335 of the FE 
measures of surprise. Whether an existence of the drift is found, additional tests to show 
whether models in behavioral finance applies in Sweden. For these tests the market capitali-

                                                 
16 Chordia et. al. (2009) used data until 2005, Forner et. al. (2008) used data until 2003 and Battalio and 

Mendenhall (2011) used data until 2002. 

17 The fourth quarter of 2010 is released in 2011 

18 For a list of included firms see Appendix 1 
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zation and book value is collected from the Bureau Van Dijks database Amadeus. However 
due to data availability, these factors are collected for the years 2005 – 201019.  

3.9 Validity 

According to Saunders, Lewis and Thornhill (2009) validity is whether findings are really 
about what they appear to be. The main idea is that whether one study is applicable to an-
other set of data, for example studying the American capital market and using the very same 
study to explain another capital market. For this study considering that the post earnings an-
nouncement drift is conducted for large cap firms, might not give the same result as if small 
cap firms were to be studied, due to differences between available information about com-
panies and more illiquid stocks.  

3.9.1 Mistakes when studying market efficiency 

Copeland, Weston and Shastri (2005) argues that empirical studies on market efficiency are 
making common mistakes, leading to faulty research. These problems and their implications 
on this study are: 

1. Biased model of equilibrium returns: When calculating abnormal returns using a bad 
model might give results that wrongly show market inefficiency. This problem is mo-
tivated in chapter 3.5 explaining the choice of the market model. 
 

2. Specification searches: It is always possible to find a setting that beats the market in a 
certain period; hence, it is good to test the data on a different period to test the mar-
ket inefficiency. To avoid this problem the measures are based upon models that 
worked on other markets, hence this study aims to test whether the same phenome-
non exists on the Swedish market. 
 

3. Sample selection bias: One example is that stock splits always will show abnormal re-
turns prior to the split, since those stocks are the ones that split. Applying this factor 
in this study it should not be a concern since the large cap firms generally are of in-
terest for a wider number of investors compared to small cap firms. Hence the in-
formation transparency should be larger in these firms and therefore the likelihood 
of an earnings surprise is less. 
 

4. Survivorship bias: By studying the stock market today it will only account for firms 
that have performed well, since those that have performed badly will not exist any-
more. This is of course a risk with this study, there has been a major financial crisis 
during the time period of the study, hence firms might have fallen off. This problem 
is unavoidable since collecting data for firms not existing anymore is not feasible. 
 

5. Biased measure of return: Calculations of geometric returns over long periods will 
give higher abnormal returns. This study use returns as a ratio and covers a short 
time span, hence this is not to consider a problem. 
 
 

  

                                                 
19 For a list of included firms see Appendix 1 
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6. Inappropriate portfolio weightings: Market inefficiency might be found due to value 
weighting of outcomes and small firms can drive abnormal returns. This might be 
because small stocks are illiquid and mispriced. Since the study is based upon large 
cap firms and the portfolios are equally weighted this will not cause a problem. 
 

7. Failure to distinguish between economic and statistical significance: Many studies 
shows statistical significance, however are not tested whether they are robust after 
for example transaction costs. Both the statistical and the economical significance 
will be tested to increase the robustness of the findings. 
 

8. Overestimating frequency of opportunities for arbitrage: For a market to be ineffi-
cient, the frequency of opportunity must be high enough to generate a significant 
economic arbitrage return. The post earnings announcement drift is an opportunity 
that takes place four times a year for every company, hence that would count as a re-
curring opportunity and will not cause a problem with the validity. 
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4 Empirical results 

This chapter will present the statistical results from the study. The section will start off with showing descrip-
tive data, moving further by presenting evidence for a relationship between SUE/FE and CAAR. Further 
will it dissect the data by showing the effect after controlling for hindsight bias. The data will be discussed in 
the sense of whether the findings are significant at a 5% level. When possible the results will be shown using 
graphs in order to make the drift more visible, while the test statistics can be found in appendix 2 - 5. 

4.1 Portfolio specifications 

When conducting the statistical testing the firms are divided into portfolios based on the 
magnitude of their earnings surprise for each quarter. By doing this the earnings surprise is 
better captured, rather than if testing the individual firms and their announcements. A sum-
mary of the data is presented in table 4-1. 

Table 4-1: Portfolio specifications 

  SUE FE 

 Quintile Mean 
SUE 

Portfolios Observations Mean 
FE 

Portfolios Observations 

1 -1,603 32 312 -1,650 28 273 

2 -0,223 32 308 -0,377 28 263 

3 0,195 32 309 0,084 28 263 

4 0,715 32 308 0,557 28 263 

5 2,451 32 312 1,984 28 273 

4.2 Relation between SUE/FE and CAAR 

To determine whether there is a significant relation between the SUE or FE magnitude and 
the abnormal returns a panel least square regression is made. First the entire sample is in-
cluded to determine the relation, shown in table 4-2. 

Table 4-2: Least square estimation SUE/FE and CAAR for entire sample. *, **, *** indicates significance at 
10%, 5% and 1% level. 

Variable Observations Coefficient Std. Error t-Statistic Prob. 

FE 1335 0.002719*** 0.000807 3.369569 0.0008 

SUE 1549 0.001347* 0.000708 1.901868 0.0574 

 
This is in line with the previous findings showing that the there is a positive significant rela-
tion between FE and the magnitude of the CAAR on. For the SUE measure on the other 
hand there is not a statistical significant relation on a 5% level. To avoid much of the firm 
specific news, except for the earnings announcement, the portfolios created for each quarters 
are also tested (shown in table 4-3). 
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Table 4-3: Least square estimation SUE/FE and CAAR for portfolios. *, **, *** indicates significance at 10%, 
5% and 1% level. 

Variable Observations Coefficient Std. Error t-Statistic Prob. 

FE 140 0.005151*** 0.001217 4.231814 0.0000 

SUE 160 0.001339 0.000873 1.532491 0.1274 

 
By testing the portfolios it increases the robustness by minimizing the risk of certain years 
showing extreme values. The results are in line with the results from when testing the entire 
sample. Showing a significant relationship for the FE measure and an insignificant relation-
ship for the SUE measure on the 5% significance level. 

4.3 Spearman rank correlation test 

To increase the robustness of the findings in previous section. The Spearman rank correla-
tion test is conducted. This will complement the  findings of whether the magnitude of the 
SUE or FE have a relation with the magnitude of the CAARs, by showing the relationship 
during the entire post event window. This test includes all of the portfolios, ranked accord-
ing to their SUE/FE and their CAAR magnitudes.  

The findings presented in figure 4-1 shows that, in line with the previous tests, exists a 
stronger relation for the FE measure and CAAR.  

 

Figure 4-1: Spearman rank correlation between SUE/FE and CAAR 

For the FE measure the relationship towards CAAR is significant on a 5% level during the 
entire post event window. The SUE measure on the other hand, only shows a significant re-
lation on day 3. This provides further evidence that there is a stronger relationship for the 
FE measure. Although it also show that the SUE measure have some relations to the CAAR. 

4.4  T-test whether SUE/FE generates significant CAAR 

The panel least square estimation and the Spearman rank correlation test, showed that there 
exists a significant relationship between the FE and the abnormal returns on the announce-
ment day. These tests also showed that there is a small relationship between the SUE and 
CAAR.  To further study how the relationship differ between the levels of earnings sur-
prise20. The portfolios based on FE and SUE and their CAAR during the event window will 
be tested through a t-test.  

                                                 
20 The levels will be represented as Worst, Bad, No news, Good and Best. This represents the level of the news 

related to the other news at a quarter. Hence “No news” can be both positive and negative, although in a 
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4.4.1 Testing SUE portfolios 

This test is based the formation of five portfolios in each quarters between the years 2003 
and 2010. The portfolios are grouped into portfolios based on the level of SUE, which 
makes 160 portfolios in total and 32 portfolios from each quintile (table 4-1). 

 

Figure 4-2 CAAR for SUE ranked portfolios between t=-20 and t=20 

Figure 4-2 shows that the upcoming earnings announcement in general do not seem to be 
reflected in the stock price before the announcement takes place. However with an excep-
tion for the portfolio with the highest SUE value. To show how the market reacts to the 
news, figure 4-3 shows how the CAAR adjusts depending on the news. 

 

Figure 4-3 CAAR for SUE ranked portfolios from announcement day 

The results from this test differs from the least square estimation and the Spearman test. For 
the good and the and the best news the CAAR are significant on the event day, with returns 
of 0.53% and 0.56%.  The other news shows no significant CAAR during the entire post 
event window, hence the hypothesis cannot be rejected on a 5% significance level.  With ex-
ception for day 1,2,3 the good news portfolio shows a significant CAAR until day 11. The 
peak occurs at day 9 with a CAAR of 1.73%. For the best news portfolio the CAAR is signif-
icant until day 14, with exception for day 2. This portfolio peaks at day 13 with 1.42%.  

4.4.2 Testing FE portfolios 

This test will show whether the FE portfolios shown in table 4-1 systematically generates 
CAARs. Figure 4-4 shows no visible pattern before of the earnings announcement that is in 
line with the upcoming news. With the exception for the worst news portfolio.  

                                                                                                                                                  
specific quarter, these earnings announcements are considered to not add much new information to the mar-
ket.  
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Figure 4-4 CAAR for FE ranked portfolios  

To show more closely what happens after the announcement figure 4-5 shows how the 
CAARs are adjusting in line with the earnings surprise. This supports the findings from the 
least square estimation and the Spearman test. 

 

Figure 4-5 CAAR from announcement day, based on FE ranked portfolios 

On the announcement day the CAAR is significant on a 5% level for the two extreme port-
folios, worst and best news. The CAAR for the other portfolios are insignificant during the 
entire post event window. While the worst news portfolio further shows significant results 
for day 1 and 16-20, the best news portfolio is significant during the entire post event win-
dow. The peak for these portfolios are 2.5% at day 13 for the best news and -1.5% on day 20 
for the worst news.   

4.5 Controlling for hindsight bias 

To be able to determine whether it is possible to make an investment strategy in order to 
generate CAAR, the hindsight bias must be removed. The strategy will be based on the two 
extreme portfolios, in other words the worst and the best news. Hence in order to know 
whether a security should be bought or sold, the SUE or FE levels from the previous quarter 
is used.  
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4.5.1 SUE after controlling for hindsight bias 

In line with the findings from the t-test a significant relation on a 95% level between a posi-
tive SUE and CAAR is found (shown in figure 4-6). Although this relation is significant be-
tween day 3 and 14 in the post event window. 

 

Figure 4-6: Extreme portfolios using SUE measure without hindsight bias 

While the peak occurs at day 12 with 1.57%, it larger than with hindsight bias (1.42%), which 
is a bit unexpected. 

4.5.2 FE after controlling for hindsight bias 

With the data presented in figure 4-7, a major difference is shown when removing hindsight 
bias. The negative news are only significant on a 95% level on the announcement day and 
the next following day.   

 

Figure 4-7: Extreme portfolios using SUE measure without hindsight bias 

For the positive news there are significant CAARs on a 95% significance level from the an-
nouncement day until day 13. The peak occurs at day 7 with 2.8%, in line with the SUE, the 
result is larger than with hindsight bias (2.5%). 

-0,50% 

0,00% 

0,50% 

1,00% 

1,50% 

2,00% 

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

Good Bad 

-2,00% 

-1,00% 

0,00% 

1,00% 

2,00% 

3,00% 

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

Good Bad 



F. Magnusson 

 

| 31  

 

5 Analysis 

This chapter aims to explain the findings from the empirical results and compare them to the theoretical 
framework to explain the findings. It will also show whether one can develop an investment strategy that gen-
erates abnormal returns in order to see whether the drift are robust towards transaction costs.  

5.1 Existence of drift 

The results shows that before the earnings announcement there is in general no relation be-
tween the magnitude of the CAAR and the earnings surprise, as in found by Bernard and 
Thomas (1989). This is surprising, since one could expect that market to some extent would 
be able to anticipate the news. There is however two exceptions. First the worst news port-
folio based upon the analyst forecast errors (FE), also shows the lowest CAAR before the 
announcement. Second the best news portfolio based upon the SUE measure. Although 
there is no clear pattern, hence there is no possibility to use technical analysis in order to de-
termine the outcome. 

The least square estimation shows that the stocks adjusts in the direction as the earnings sur-
prise for analyst forecast errors on a 99% significance level. For the time series prediction 
(SUE) this is significant on a 90% level. This shows that there is a strong reaction from the 
market towards the news based upon analyst forecast errors. This is supported by the 
Spearman rank correlation test showing that there is a significant relation between the mag-
nitudes during the entire post-event window. The time series prediction do have a relation, 
although this relation is not as strong. Showing that effect of the earnings surprise is larger 
when based upon analyst forecast errors.   

5.1.1 Statistical significance 

The worst news portfolio adjusts greatly in line with the news for both measures of earnings 
surprise, by showing significant returns on a 95% level until day 2. However on day 3 these 
news starts reverting in the opposite direction, indicating that the market is over reacting to 
the news. While the SUE do not show any significant CAARs on a 5% level during the rest 
of the post event period, the FE measure do. Although when removing hindsight bias this 
significance for the FE measure disappears. This provides evidence that a drift for negative 
news do not exist. The interesting part lies within the positive news. For both measures of 
earnings surprise there is significant CAARs on a 95% level for several days in the post event 
window. This still exists when controlling for hindsight bias. In line with the research on the 
Finnish market by Booth et. al. (1996), these results shows a drift only for positive news. 
While this finding is present, it suggest that one can use fundamental analysis in deciding 
whether to buy a security. Bernard and Thomas (1989) found that one could make an in-
vestment strategy by taking a short position in the bad news portfolio and a long position in 
the good news portfolio. This strategy was feasible since they discovered a drift in both di-
rections of the news. Hence in this study there is no possibility for such a strategy. The drift 
for the positive news are shown in figure 5-1 and 5-2.  
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For the SUE measure the good news have a higher peak than the best news. This indicates 
that investor’s have trouble interpreting the earnings surprise. It is shown by the initial 
underreaction followed by an overreaction for the good news portfolio. While the best news 
shows an initial underreaction before adjusting to the new price level. Comparing this to  the 
analyst forecast errors, these news are easier for an investor to interpret. In figure 5-2 it is 
clearly visible that the magnitude of the CAAR is depending on the level of earnings sur-
prise, as the Spearman rank correlation test showed. While the good news quickly adjusts to 
the new price level in line with the EMH. There is a drift for the best news, showing an ini-
tial underreaction to the news. This underreaction is followed by a small overreaction before 
the price adjusts to the new price level.  

The FE measure has not been as frequently used as the SUE in earlier studies. However 
Battalio and Mendenhall (2011) included both of the measures. They showed that a portfolio 
based upon both measures, outperformed the one solely based on the SUE. In their study 
they did not make at comparison between the two measures. Although their finding indicates 
that the FE measure is systematically generating a higher CAAR than the SUE measure. 
Hence these findings further adds to this. In order to determine whether it is possible to take 
advantage of the drift the economic significance must be tested. 

5.1.2 Economic significance 

The results after controlling for hindsight bias shows that one still are able to systematically 
generate cumulative abnormal returns for positive news. Without taking transaction costs in-
to account the FE measure shows a CAAR peak of 2.78%. The SUE measure on the other 
hand has a peak at 1.57%. These CAARs are higher than when not controlling for hindsight 
bias. This indicates that the post earnings announcement drift is larger in years when the 
market in general are performing well. Since the levels of earnings surprise are based upon 
the previous quarter. It has an implication on the minimum level of surprise in order to be 
included in the good news portfolio. When the market is performing well the magnitude for 
qualifying for the highest portfolio higher compared to bad performing periods. Hence when 
the market in general experience a heavy drop, not as many firms qualify for the good news 
portfolio. This also have an implication on when the market turns around and performs well. 
Since the minimum level to qualify for the good news portfolio will be lower. With a major 
financial crisis within the period of which this study concerns. This explains why the drift is 
higher when controlling for hindsight bias and shows that the positive drift is larger when 
the stock market is in a positive momentum. 

In order to determine whether one can implement an investment strategy that generates ab-
normal returns, transaction costs needs to be accounted for.  The transaction costs are added 
on the event day, representing when buying the security, it still shows that one are able to 
gain abnormal returns. Figure 5-3 shows a comparison between the two measures after ac-

 

Figure 5-1: Positive news CAAR based on SUE 

 

Figure 5-2: Positive news CAAR based on FE 

0,00% 

1,00% 

2,00% 

1 3 5 7 9 11 13 15 17 19 

Good news SUE Best news SUE 

0,00% 

1,00% 

2,00% 

3,00% 

1 3 5 7 9 11 13 15 17 19 

Good news FE Best news FE 



F. Magnusson 

 

| 33  

 

counting for transaction costs. The CAARs after accounting for transaction costs are 2.56% 
for the FE measure and 1,36% for the SUE measure.  

 

Figure 5-3: Comparison SUE and FE without hindsight  

This evidence shows that the market fails to adjust to the earnings announcements, hence 
underreacts to the news. Whilst there is an initial underreaction, it is followed by a small 
overreaction. These results are in line with the previous research such as Bernard and Thom-
as (1989) and Forner et. al. (2008) by showing that there is an existence of the drift. Unlike 
studies such as Chordia et. al. (2009) this shows that the drift is robust towards transaction 
costs. One potential reason for this is that the previous studies have tested the economic 
significance by investing in stocks. This could be the reason why significant CAAR was 
found for the SUE measure in this study and not in Chordia et. al. (2009).  Rather the reason 
for these differences is that the US market is more efficient than the Swedish.   

Whilst there seems difficult to profit from other than extreme good news. The event day re-
actions to the drift shows that the market reacts in line with all news (shown in figure 5-4 
and 5-5). This is strengthened by the Spearman rank correlation test for the FE measure. 
Showing a significant relationship with the earnings surprise during the entire post event 
window. Hence, the stock price reaction towards the analyst forecast errors show nothing 
suggesting that the market should be based upon a random walk. For the SUE measure there 
are minor differences between the CAAR within the two positive and negative news portfo-
lios. Although it is highest for the best news and lowest for the worst news.   

 

Figure 5-4: Announcement day adjustments based on 
FE 

 

Figure 5-5: Announcement day adjustments based on 
SUE 

These findings shows that there is a post earnings announcement drift for extreme good 
news in Sweden. While dividing the stocks in portfolios and measuring CAAR the drift can-
not be explained by taking on additional risk. Further by showing that the drift exists in 
large-cap firms, its existence does not depend on illiquid stocks. While the quarterly reports 
are available without  cost,  and abnormal returns can be gained after accounting for transac-
tion costs, these findings shows a violation against semi-strong form of the efficient market 
hypothesis. This shows that the market participants do not agree about the news, hence one 
cannot claim that the market participants are rational according to the definition in the effi-
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cient market hypothesis. Rather one solution is to look into behavioral finance in order to 
find an explanation. 

5.2 Explaining the drift 

The evidence shows that there is a drift on the Swedish stock market after the firm’s earn-
ings announcements. However unlike studies by for example Bernard and Thomas 
(1989;1990), Forner et. al. (2008) and Battalio and Mendenhall (2011) there only exists a drift 
for good news. For negative earnings surprises the market adjusts to the new price level 
within a few days. The value cross by Kahneman and Tverski (1979) gives one potential ex-
planation for this,  by showing that people evaluates losses and gains differently. This implies 
that if a firm performs worse than expected, investors values the negative surprise stronger 
compared to a positive surprise. Hence there should exist an overreaction to a negative sur-
prises and an underreaction to the positive surprises. While the overreaction towards nega-
tive news is not present, the underreaction towards positive news exists. In order to show 
whether behavioral finance can explain the drift. Additional Spearman rank correlation tests 
is conducted on the extremely good news, where the drift is strongest. The Spearman rank 
correlation test will show whether there exists a relation between CAAR  and size, BTM and 
the standard deviation of previous earnings21. These factors will represent news coverage, 
uncertainty,  and credibility of the news. Hence the test will show whether the three models 
in behavioral finance can explain the drift. 

According to the model proposed by Hong and Stein (1999) there are two actors on the 
market: news watchers and momentum traders. Forner and Sanabria (2010) suggests that 
larger firms have a higher news coverage. This implies that the information is spread faster, 
hence news watchers should react faster on the information from larger firms. The action 
from the news watchers should trigger the momentum traders, hence making the stock price 
adjusts to the new price level faster. This suggests a negative relation between the drift and 
the firm size. 

 

Figure 5-6: CAR and Size correlation 

 

Figure 5-7: CAR when dividing the data bases on size 

The relation between firm size and CAAR is shown in figure 5-6, although no relation is 
shown on the announcement day. As the drift continues, a significant negative relation on a 
95 % level is shown on day 20. This shows that the speed of adjustment is slower in small 
firms22. Indicating that the post earnings announcement drift is stronger is small firms. This 
is visible in figure 5-7, where there is an overreaction in large firms and an underreaction in 

                                                 
21 Test statistics in appendix 6 

22 With small firms it is meant relative to the others in this study, while it covers only large cap firms they are all 
large compared to the other firms on the Swedish market.  
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the smaller firms. These findings are in line with the theory from Hong and Stein (1999) to a 
large extent. While their theory propose that an initial underreaction should be followed by 
an overreaction, this is visible for the largest firms. For smaller firms there only is an 
underreaction. Hence the speed of adjustment is faster in larger firms. It is surprising that 
this difference exists in a study covering only large-cap firms. To explain the drift using these 
findings seems farfetched. It is unreasonable to believe that the news coverage of the firms 
differs to the extent that it could cause these differences.  

Second the theory proposed by Daniel et. al. (1998) suggests that overconfidence triggers an 
overreaction. Daniel and Titman (2006) find that overconfidence is larger in firms with 
greater uncertainty. To measure uncertainty they find that the book-to-market (BTM) value 
is a good proxy. Hence overconfidence should show a negative relationship between CAAR 
and BTM. 

 

Figure 5-8: CAAR and BTM correlation 

 

Figure 5-9: CAAR when dividing the sample based on 
BTM ratio 

The result (figure 5-8) shows that there exists is a significant negative relation between 
CAAR and BTM on a 5% level on day 1 and 3. For firms with a low BTM, overconfidence 
is visible since an underreaction is followed by an overreaction (shown in figure 5-9). In line 
with the theory from Daniel et. al. (1998) these findings shows an overreaction due to over-
confidence. Although the theory fails to explain why there is an underreaction in the stocks 
with a low uncertainty.  

The third theory in behavioral finance is the Barberis et. al. (1999) based on conservatism. 
This theory suggests investor’s having difficulties when weighting new information, and un-
derreacts towards the information. According to Doukas and McKnight (2005) dispersion in 
analyst forecasts is a good proxy for this. Hence by measuring the dispersion in previous 
quarterly earnings there should be possible to determine the credibility of the information. 
Forner and Sanabria (2010) explains this as the higher the dispersion, the lower the credibil-
ity of the information. According to Zhang(2006) one can also see a high dispersion as a 
high level of uncertainty, hence a positive relation between the level of dispersion and re-
turns also shows overconfidence as in Daniel et. al. (1998). 
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Figure 5-10: CAAR and volatility in earnings correla-
tion 

 

Figure 5-11: CAAR when dividing data based on pre-
vious earnings volatility 

On the announcement day there is no relation between earnings volatility and CAAR (figure 
5-10). However looking in the end of the post event window there is a significant relation 
between a low credibility of the information and high CAAR on a 5 % level. This provides 
evidence that investor’s have difficulties in weighting the new information. To further ex-
plain this relation, figure 5-11 show two portfolios based on the volatility in previous earn-
ings. This strengthens the evidence of the difficulty investor’s have in weighting new infor-
mation. For firms where the credibility of the news is high, the stock price adjusts on the an-
nouncement day, low credibility news on the other hand shows an underreaction. This evi-
dence supports the theory of Barberis et. al. (1999) meaning that investor’s underreact to the 
earnings announcement due to the low credibility of the announcement. Hence showing 
higher returns compared to news with high credibility. This suggests that investors anticipate 
the news from firms that are consistently are showing similar earnings. If looking at the earn-
ings volatility as uncertainty, it partly supports the theory by Daniel et. al. (1998). The theory 
suggest that an overreaction should occur when the uncertainty is high, however this is not 
supported by the results. Instead there is an underreaction in these stocks. Although in line 
with the theory is that the stock price adjust to the news for stocks with low uncertainty as 
the results show.  

These findings shows that the theories in behavioral finance in general can provide some ex-
planations for the drift. The results are in line with theory by Hong and Stein (1999) showing 
that the drift is larger within smaller firms. Although Hong and Stein argue that an initial 
underreaction should be followed by an overreaction, this is not shown in the result for the 
smaller firms. According to the theory proposed by Daniel et. al. (1998), an overreaction 
should occur due to investor’s overconfidence. When using BTM as a measure of uncertain-
ty, this overreaction is found in stocks with a high uncertainty. However, when measuring 
uncertainty as dispersion in previous earnings only a underreaction is found. The Barberis et. 
al. (1999) theory unlike the others, successfully provides an explanation for the drift. Hence, 
these results show that the positive drift is an underreaction caused by the difficulties inves-
tor’s have when weighting new information. In line with this, the drift is visible in firms with 
a high dispersion in their previous earnings. 

When explaining market anomalies, these results shows that one must be cautious when us-
ing behavioral finance as an explanation. While these theoretical models are based upon US 
data, this study provides empirical evidence contradicting two of the models. The Forner 
and Sanabria (2010) study showed that these models could not explain the drift in Spain.  
This suggests that the way investors perceive earnings announcements vary among countries. 
Forner and Sanabria (2010) proposed that different ratings on Hofstede’s individualism in-
dex could have an impact on this. This study shows that this is a valid argument, since Swe-
den has a higher rating on the index and the models could partly explain the drift. 
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6 Conclusion 

This section will start off with briefly summing up the previous research in order to explain the findings of this 
study. Further will it discuss whether the post earnings announcement drift in Sweden can be explained by the 
use of behavioral finance, to later end up with a discussion for further research.  

6.1 The Swedish drift 

The post earnings announcement drift, a phenomenon discovered in the 1960s. A market 
anomaly causing a firms cumulative abnormal returns to drift in the direction of an earnings 
surprise. While the main focus has been on the US market, studies have shown this drift oc-
curs on other markets as well. The most influential papers on the drift by Bernard and 
Thomas (1989;1990) showed that additional risk factors was unable to explain the drift. 
Their findings showed that the drift continued until the next quarter. Later studies have con-
firmed this, however shown that the most of the drift occurs during the first three days. The 
results from this study show that while the market greatly adjusts to earnings surprises on the 
announcement day it fails to adjust entirely. Unlike the previous research (Bernard & Thom-
as,1990; Chordia et. al., 2009; Forner et. al, 2008) where the drift was found for both positive 
and negative news. There only is a drift for positive news on the Swedish market. This is ev-
ident both when conducting the test using a time series based prediction (SUE) as well as 
analyst forecast errors (FE) as a measure of surprise. Although , a majority of the previous 
research on the drift have measured the earnings surprise based upon time series prediction. 
This study provides evidence that the drift is significantly larger when basing the earnings 
surprise on analyst forecast errors. When comparing the CAARs after controlling for hind-
sight bias, the FE measure have a peak at 2.78% while for the SUE measure the peak is 
1.57% before transaction cost. These peaks are higher than before controlling for hindsight 
bias. While the earnings surprises from the previous quarter is used to divide the portfolios, 
it impacts the securities included in the portfolio, hence showing that the drift is larger when 
the stock market is in a positive momentum. 

While this study measures CAARs and only include large-cap firms, the drift cannot be ex-
plained as taking on extra risk, neither can it be explained by illiquidity. The drift is also ro-
bust towards transaction costs, hence showing a violation of the Efficient Market Hypothe-
sis. To find an explanation to what causes the phenomenon a solution is to look into behav-
ioral finance theories.  

The fact that the drift only is present for positive news, is explained by the value cross de-
veloped by Kahneman and Tverski (1979). It shows that people valuing losses stronger than 
gains. Hence indicate why there is a underreaction towards positive news. To explain this 
positive drift, additional tests on the best news portfolio based upon the FE measure is con-
ducted. These tests follow the Forner and Sanabria (2010) study, by testing the three main 
models in behavioral finance against the post earnings announcement drift. These are tested 
by proxies for the factors in the models: news coverage (Hong and Stein model), uncertainty 
(Daniels et. al. model) and credibility of the news (Barberis et. al model).  

The behavioral finance theories are based upon psychological factors and developed on the 
US market. They might not have the same explanatory power on other markets, since psy-
chological factors are likely to vary between countries. The results from testing the models 
by Hong and Stein (1999) and Daniels et. al. (1998) show weaknesses in explain the drift. 
When using size as a proxy for news coverage Hong and Stein’s model shows that the speed 
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of adjustment is faster in large firms compared to small. However, this study is solely based 
upon large firms, making this finding surprising. Since the study only includes large firms 
they should have similar news coverage, therefore this result cannot be what causes the drift. 
The results from testing the Daniel et. al. model shows that overconfidence is causing over-
reactions, when using BTM ratio as a proxy for uncertainty. The results points towards an 
overreaction in firms with high uncertainty. While this is present, it fails to explain the drift, 
since an underreaction is found in firms with low uncertainty. The Barberis et. al. (1998) 
model propose that the drift is caused by investor’s inability to weight new information. This 
will cause a underreaction for earnings surprises having a high dispersion in their previous 
earnings. The evidence from this study shows that firms with a low dispersion in their previ-
ous earnings adjusts quickly to the new price level. Firms with a high dispersion in their pre-
vious earnings on the other hand show an underreaction towards the news. This provides 
evidence that the Barberis et. al. model can explain the Swedish drift.  

These three models are all based upon US data and are designed to explain market anoma-
lies, although only one of them successfully explain the drift on the Swedish market. While 
the Forner and Sanabria (2010) study found that none of these models could explain the 
drift on the Spanish market. This study provides further evidence that the models in behav-
ioral finance are not fully transferable to markets outside of the US. Varying human psychol-
ogy among countries is a possible explanation for this. On the individualistic index from 
Hofstede (2012), Sweden have a rating in between the US and Spain. Hence, this could ex-
plain why the theories are better applicable in Sweden rather than in Spain. Although this 
shows that it is important to further provide empirical evidence on the models in behavioral 
finance. 

As a concluding remark, this study provides evidence that the post earnings announcement 
drift in Sweden exists for positive news. Further it shows that it is feasible to take advantage 
of this drift in order to systematically generate abnormal returns, hence it contradicts the 
semi-strong form of the efficient market hypothesis. This study contributes to the drift re-
search, by showing that the drift is significantly stronger when based upon analyst forecast 
errors and when the stock market in general is in a positive momentum. By testing models in 
behavioral finance, this study provides evidence that the drift is caused by investor’s limita-
tion in weighting new information.  
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6.2 Discussion and further research 

This research have shown that the post earnings announcement drift exists in Sweden. While 
the study was conducted on large-cap firms, this finding are very likely to be transferrable to 
the entire Swedish market. Further have evidence supporting the Barberis et. al. (1998) mod-
el, by showing that investor’s limitation in weighting new information is causing a drift. This 
strengthens the findings in Forner and Sanabria (2010), showing that varying cultural factors 
among countries have an impact on the explanatory power of models in behavioral finance. 
This suggests that in order to find a model explaining the post earnings announcement drift 
one must conduct the study using data from several markets. Hence including both firm 
specific data as well as psychological factors from these markets, for example the individual-
ism index by Hofstede (2012).  

Since this study used daily closing prices and a large part of the drift was found concentrated 
on the announcement day. One area for future research is to research the intraday effect. 
While the market do underreact for several days, it is of interest to show the speed at which 
the CAAR is reduced on the announcement day. Another interesting topic for further stud-
ies is the impact profit warnings have on the post earnings announcement drift. I believe 
these are very likely to cause a shift in the expectations of the upcoming earnings announce-
ment, hence impacting the magnitude of the drift. A topic related to this is also to investigate 
the impact media has on the drift when reporting about earnings surprises. 
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Appendix 1- Firms included in study 

 

Data set 
Stock   Firm  SUE/FE test Behavioral test 

ABB 
 

ABB 
  ALFA 

 
Alfa Laval 

  AOIL SDB   Alliance Oil Removed Removed 

ASSA B 
 

ASSA Abloy 
 AZN 

 
Astra Zeneca 

 ATCO A 
 

Atlas Copco 
 ATCO B   Atlas Copco Removed Removed 

LJGR B   AtriumLjungberg Removed Removed 

ALIV SDB 
 

Autoliv 
 

Removed 

AXFO 
 

Axfood 
  BOL 

 
Boliden 

  CAST 
 

Castellum 
 ELUX A   Electrolux Removed Removed 

ELUX B 
 

Electrolux 
 EKTA B   Elektra Removed Removed 

ERIC A   Ericsson Removed Removed 

ERIC B 
 

Ericsson 
  FABG 

 
Fabege 

  GETI B 
 

Getinge 
  HAKN 

 
Hakon Invest 

 HM B 
 

Hennes & Mauritz 
 HEXA B 

 
Hexagon 

  HOLM A   Holmen Removed Removed 

HOLM B 
 

Holmen 
 

Removed 

HUFV A 
 

Hufvudstaden 
 HUFV C   Hufvudstaden Removed Removed 

HUSQ A 
 

Husqvarna 
 HUSQ B   Husqvarna Removed Removed 

INDU A 
 

Industrivärden 
 INDU C   Industrivärden Removed Removed 

INVE A   Investor Removed Removed 

INVE B 
 

Investor 
  KINV A   Kinnevik Removed Removed 

KINV B 
 

Kinnevik 
 

Removed 

LATO B 
 

Latour 
  LUND B 

 
Lundbergföretagen 

 LUMI SDB 
 

Lundin Mining Removed 

LUPE 
 

Lundin Petroleum 
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MEDA A 
 

Meda 
  MELK 

 
Melker Schörling  

 MIC SDB 
 

Millicom 
 

Removed 

MTG A   Modern Times Group Removed Removed 

MTG B 
 

Modern Times Group 
 NCC A   NCC Removed Removed 

NCC B 
 

NCC 
 

Removed 

NDA SEK 
 

Nordea 
 

Removed 

ORI SDB 
 

Oriflame 
  PEAB B 

 
PEAB 

  RATO A   Ratos Removed Removed 

RATO B 
 

Ratos 
  SAAB B 

 
SAAB 

  SAND 
 

Sandvik 
  SCA A   SCA Removed Removed 

SCA B 
 

SCA 
  SCV A   Scania Removed Removed 

SCV B 
 

Scania 
 

Removed 

SEB A 
 

Skandinaviska Enskilda Bank  Removed 

SEB C   Skandinaviska Enskilda Bank Removed Removed 

SECO B 
 

Seco Tools Removed 

SECU B 
 

Securitas 
  SMF   Semafo Removed Removed 

SKA B 
 

Skanska 
  SKF A   SKF Removed Removed 

SKF B 
 

SKF 
  SSAB A 

 
SSAB 

  SSAB B   SSAB Removed Removed 

STE A   Stora Enso Removed Removed 

STE R 
 

Stora Enso 
 SHB A 

 
Handelsbanken Removed 

SHB B   Handelsbanken Removed Removed 

SWED A 
 

Swedbank Removed 

SWED PREF Swedbank Removed Removed 

SWMA 
 

Swedish Match 
 TEL2 A   Tele2 Removed Removed 

TEL2 B 
 

Tele2 
  TLSN 

 
Telia Sonera 

 TIEN 
 

Tieto Enator 
 TREL B 

 
Trelleborg 

 WALL B 
 

Wallenstam 
 VOLV A   Volvo Removed Removed 

VOLV B 
 

Volvo 
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Appendix 2- T-statistics and CAAR for SUE portfolios 

Table 6-1: CAAR for each day for based on SUE portfolios, * indicates significance at 95% level 

CAAR 

Day Worst Bad No Good Best 

0 -0,0024 -0,0020 0,0024 0,0053* 0,0056* 

1 -0,0030 -0,0026 0,0032 0,0018 0,0057 

2 -0,0038 -0,0045 0,0059 0,0043 0,0078* 

3 -0,0052 -0,0048 0,0071 0,0049 0,0098* 

4 -0,0038 -0,0035 0,0085 0,0068* 0,0108* 

5 -0,0020 -0,0021 0,0082 0,0098* 0,0110* 

6 -0,0009 -0,0026 0,0086 0,0113* 0,0105* 

7 -0,0024 -0,0035 0,0083 0,0147* 0,0110* 

8 0,0006 -0,0025 0,0088 0,0154* 0,0123* 

9 0,0017 -0,0005 0,0088 0,0173* 0,0124* 

10 0,0008 -0,0016 0,0063 0,0154* 0,0109* 

11 0,0007 -0,0015 0,0081 0,0135* 0,0115* 

12 0,0014 -0,0006 0,0083 0,0119 0,0125* 

13 0,0011 -0,0001 0,0059 0,0120 0,0142* 

14 -0,0012 -0,0037 0,0052 0,0085 0,0127* 

15 0,0003 -0,0028 0,0072 0,0068 0,0130 

16 -0,0014 -0,0027 0,0069 0,0056 0,0109 

17 -0,0029 -0,0003 0,0061 0,0043 0,0119 

18 -0,0038 0,0013 0,0063 0,0054 0,0133 

19 -0,0038 0,0011 0,0088 0,0059 0,0136 

20 -0,0034 0,0019 0,0096 0,0056 0,0133 
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Table 6-2: T-statistics for SUE portfolios, where *, ** and *** indicates rejection at 90%, 95% and 99% level 

T-values SUE  

Day Worst Bad No Good Best 

0 -0,741 -0,707 0,726 2,271** 2,247** 

1 -0,829 -0,743 0,781 0,652 1,931* 

2 -0,903 -1,099 1,255 1,310 2,161** 

3 -1,091 -1,089 1,327 1,440 2,583*** 

4 -0,773 -0,714 1,486 2,025** 3,114*** 

5 -0,389 -0,391 1,386 2,679*** 3,280*** 

6 -0,171 -0,492 1,356 2,640*** 2,701*** 

7 -0,384 -0,627 1,230 3,266*** 2,555*** 

8 0,092 -0,483 1,274 3,564*** 3,040*** 

9 0,239 -0,108 1,220 3,563*** 3,001*** 

10 0,112 -0,303 0,823 2,920*** 2,222** 

11 0,087 -0,262 0,980 2,422** 2,088** 

12 0,158 -0,093 0,929 1,958* 2,255** 

13 0,117 -0,020 0,649 1,820* 2,424*** 

14 -0,123 -0,545 0,557 1,251 2,036** 

15 0,028 -0,421 0,755 0,951 1,872* 

16 -0,139 -0,390 0,686 0,738 1,444 

17 -0,267 -0,043 0,567 0,550 1,511 

18 -0,344 0,182 0,563 0,698 1,702* 

19 -0,361 0,159 0,801 0,712 1,715* 

20 -0,315 0,256 0,857 0,666 1,646* 
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Appendix 3- T-statistics and CAAR for FE portfolios 

 

Table 6-3: CAAR for each day for based on FE portfolios, * indicates significance at 95% level 

CAAR 

Day Worst Bad No Good Best 

0 -0,008* -0,003 -0,003 0,002 0,013* 

1 -0,011* -0,003 -0,004 0,001 0,013* 

2 -0,008 -0,005 -0,004 0,002 0,016* 

3 -0,008 -0,006 -0,004 0,001 0,019* 

4 -0,007 -0,005 -0,001 0,002 0,021* 

5 -0,006 -0,004 0,001 0,004 0,021* 

6 -0,004 -0,005 0,000 0,005 0,020* 

7 -0,006 -0,003 -0,003 0,006 0,023* 

8 -0,006 -0,002 0,000 0,006 0,023* 

9 -0,006 -0,001 0,003 0,007 0,023* 

10 -0,009 -0,001 0,002 0,004 0,023* 

11 -0,010 -0,002 0,000 0,003 0,023* 

12 -0,010 -0,002 0,002 0,002 0,025* 

13 -0,011 -0,003 0,002 0,003 0,025* 

14 -0,014* -0,007 0,001 0,001 0,023* 

15 -0,011 -0,006 -0,001 0,001 0,023* 

16 -0,013* -0,006 -0,002 0,000 0,023* 

17 -0,013* -0,008 -0,002 0,000 0,021* 

18 -0,013* -0,006 -0,002 0,000 0,021* 

19 -0,013* -0,007 -0,002 0,002 0,023* 

20 -0,015* -0,006 -0,001 0,002 0,024* 
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Table 6-4: T-statistics for FE portfolios, where *, ** and *** indicates rejection at 90%, 95% and 99% level 

T-values 

Day Worst Bad No Good Best 

0 -2,520 -0,825 -0,816 0,755 4,155 

1 -2,470 -0,804 -0,832 0,367 3,336 

2 -1,770 -1,107 -0,935 0,489 3,874 

3 -1,649 -1,271 -0,726 0,299 4,084 

4 -1,292 -1,088 -0,224 0,582 4,246 

5 -0,943 -0,778 0,180 1,105 4,035 

6 -0,660 -1,011 0,056 1,399 3,826 

7 -0,912 -0,660 -0,583 1,489 4,427 

8 -0,866 -0,348 -0,004 1,460 4,767 

9 -0,956 -0,116 0,596 1,574 4,548 

10 -1,722 -0,237 0,418 1,061 4,202 

11 -1,756 -0,438 0,004 0,743 4,136 

12 -1,769 -0,352 0,498 0,525 4,698 

13 -1,752 -0,452 0,471 0,743 4,537 

14 -2,441 -1,144 0,271 0,347 4,316 

15 -1,958 -1,082 -0,181 0,313 3,823 

16 -2,262 -1,170 -0,400 -0,100 3,569 

17 -2,235 -1,457 -0,341 -0,083 3,141 

18 -2,465 -1,131 -0,297 0,066 3,169 

19 -2,404 -1,111 -0,331 0,458 3,574 

20 -2,908 -0,995 -0,212 0,334 3,724 
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Appendix 4- Spearman rank correlation test 

Table 6-5: Spearman rank correlation test between SUE/FE and CAAR, where *, ** and *** indicates rejec-
tion at 90%, 95% and 99% level 

 FE  SUE 

Day rs t-value  rs t-value 

0 0,411 5,290***  0,149 1,891* 

1 0,374 4,744***  0,117 1,481 

2 0,346 4,331***  0,149 1,895* 

3 0,351 4,403***  0,169 2,156** 

4 0,332 4,137***  0,130 1,652* 

5 0,300 3,693***  0,104 1,313 

6 0,298 3,671***  0,057 0,721 

7 0,316 3,915***  0,081 1,020 

8 0,309 3,815***  0,073 0,926 

9 0,325 4,039***  0,072 0,913 

10 0,368 4,646***  0,075 0,946 

11 0,357 4,489***  0,069 0,872 

12 0,372 4,710***  0,066 0,838 

13 0,370 4,686***  0,071 0,891 

14 0,390 4,977***  0,085 1,069 

15 0,364 4,598***  0,073 0,923 

16 0,365 4,604***  0,078 0,978 

17 0,334 4,163***  0,071 0,894 

18 0,329 4,097***  0,083 1,042 

19 0,357 4,483***  0,094 1,184 

20 0,385 4,897***  0,091 1,147 
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Appendix 5- T-statistics for portfolios without hindsight 
bias 

Table 6-6: CAR for extreme portfolios based on SUE without hindsight bias, where *, ** and *** indicates re-
jection at 90%, 95% and 99% level 

SUE 

 Bad Good 

Day CAAR T-value CAAR T-value 

0  0,0003 0,0644 0,0046 1,5375 

1  0,0006 0,1319 0,0059 1,7748* 

2  -0,0013 -0,2260 0,0071 1,7050* 

3  -0,0020 -0,3256 0,0116 2,5149*** 

4  -0,0033 -0,6662 0,0125 2,8290*** 

5  -0,0028 -0,5249 0,0121 2,8938*** 

6  -0,0026 -0,4312 0,0118 2,6434*** 

7  -0,0032 -0,4036 0,0117 2,5122*** 

8  0,0034 0,4717 0,0137 2,9955*** 

9  0,0049 0,5993 0,0144 2,7859*** 

10  0,0020 0,2341 0,0149 2,6044*** 

11  0,0009 0,0926 0,0140 2,2379** 

12  0,0011 0,1167 0,0157 2,6565*** 

13  0,0029 0,3000 0,0149 2,3195** 

14  0,0001 0,0073 0,0137 2,0448** 

15  -0,0002 -0,0197 0,0120 1,6217 

16  -0,0006 -0,0500 0,0092 1,1122 

17  -0,0018 -0,1533 0,0098 1,1143 

18  -0,0016 -0,1309 0,0127 1,4280 

19  -0,0016 -0,1412 0,0137 1,4521 

20  -0,0017 -0,1441 0,0149 1,5928 
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Table 6-7: CAR for FE portfolios without hindsight bias, where *, ** and *** indicates rejection at 90%, 95% 
and 99% level 

FE 

 Bad   Good 

Day CAAR T CAAR T 

0 -0,0104 -2,2377** 0,0123 3,3872*** 

1 -0,0109 -1,9826** 0,0164 4,1233*** 

2 -0,0097 -1,6250 0,0198 3,5289*** 

3 -0,0092 -1,5427 0,0214 3,2916*** 

4 -0,0107 -1,7900* 0,0240 3,1056*** 

5 -0,0095 -1,7039* 0,0260 2,6669*** 

6 -0,0104 -1,7197* 0,0247 2,5668*** 

7 -0,0095 -1,4459 0,0278 2,5192*** 

8 -0,0064 -0,9074 0,0271 2,4523*** 

9 -0,0081 -1,0971 0,0254 2,2190** 

     
10 -0,0092 -1,1754 0,0252 2,0962** 

11 -0,0088 -1,0218 0,0242 2,0958** 

12 -0,0071 -0,7564 0,0252 1,9828** 

13 -0,0039 -0,3551 0,0262 2,0455** 

14 -0,0071 -0,6023 0,0237 1,8814* 

15 -0,0044 -0,3714 0,0223 1,7290* 

16 -0,0067 -0,5668 0,0224 1,7129* 

17 -0,0052 -0,4417 0,0221 1,7111* 

18 -0,0042 -0,3538 0,0193 1,5682 

19 -0,0037 -0,3053 0,0218 1,5899 

20 -0,0058 -0,4800 0,0234 1,7676* 
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Appendix 6- Spearman rank test on Behavioral finance 
factors 

 

Table 6-8: Spearman rank correlation test on proxies for the behavioral finance models and CAAR, where *, 
** and *** indicates rejection at 90%, 95% and 99% level 

 BTM MCAP Std Earnings 

Day rs T rs T rs T 

0 -0,123 -1,638 0,024 0,313 0,001 0,012 

1 -0,151 -2,028** 0,045 0,600 0,026 0,351 

2 -0,143 -1,915* 0,040 0,525 0,067 0,897 

3 -0,154 -2,073** 0,052 0,687 0,051 0,674 

4 -0,114 -1,521 0,027 0,360 0,067 0,892 

5 -0,108 -1,441 0,024 0,320 0,072 0,959 

6 -0,069 -0,915 -0,013 -0,170 0,098 1,309 

7 -0,051 -0,684 -0,018 -0,241 0,105 1,396 

8 -0,028 -0,365 -0,028 -0,372 0,151 2,031** 

9 -0,059 -0,778 -0,003 -0,040 0,111 1,477 

10 -0,041 -0,539 -0,027 -0,364 0,112 1,491 

11 -0,022 -0,296 -0,051 -0,679 0,080 1,070 

12 -0,001 -0,013 -0,049 -0,656 0,105 1,400 

13 0,017 0,222 -0,056 -0,744 0,104 1,385 

14 0,019 0,247 -0,083 -1,110 0,113 1,513 

15 0,064 0,851 -0,129 -1,730* 0,118 1,577 

16 0,077 1,026 -0,129 -1,722* 0,141 1,883* 

17 0,089 1,188 -0,153 -2,051** 0,144 1,932* 

18 0,116 1,553 -0,194 -2,621*** 0,177 2,382*** 

19 0,123 1,643 -0,192 -2,602*** 0,191 2,582*** 

20 0,124 1,663* -0,192 -2,600*** 0,195 2,632*** 
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Appendix 7- Bid-Ask spread for OMX30 

Table 6-9: Calculating the bid ask spread for the stocks on OMX30 

 

 

Stock  Bid Ask 

ABB  132,8 132,9 

Alfa Laval  136 136,3 

ASSA  201,6 201,7 

Astra Zeneca  294,5 295 

Atlas Copco A  155,5 155,7 

Atlas Copco B  138,2 138,4 

Boliden  101,6 102 

Elektrolux B  137,4 137,6 

Ericsson B  66,35 66,4 

Getinge B  188,7 189,1 

Hennes & Mauritz B  230,4 230,5 

Investor B  142,2 142,7 

Lundin Petroleum  134,6 134,7 

Mordern Times Group  347,8 348 

Nordea Bank  57,15 57,2 

Sandvik  90,84 90,9 

SCA B  112,4 112,7 

Scania B  135,7 136,1 

SEB A  44,98 44,99 

Securitas B  61,6 61,65 

Skanska B  113,5 113,6 

SKF B  157,8 157,9 

SSAB A  60,6 60,65 

Handelsbanken A  203 203,1 

Swedbank A  99,8 99,85 

Swedish Match  265,8 266,3 

Tele 2 B  132,9 133,1 

Telia Sonera  42,67 42,68 

Volvo B  90,5 90,7 

Average Spread (%) : 0,135459 Retrieved: 2012-04-05, 16:54 


