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Abstract: 

This paper investigates whether the post-earnings-announcement drift anomaly still is present in the 
Swedish stock market and if the size of the drift can be attributed to limits to arbitrage. Using market 
data from the Stockholm Stock Exchange, we provide evidence of stock prices drifting after positive 
earnings surprises. The asymmetry of the drift thus reveals stock prices reacting differently to 
positive versus negative earnings shocks. We show that the returns from a hedge strategy exploiting 
the drift stem from the long position in positive earnings surprises and that 11% on average can be 
earned annually based on a three-month holding period. The lack of a downward drift discloses that 
short-sale constraints do not prevent arbitrageurs from exploiting the drift. Instead, we find that the 
magnitude of the drift is affected by limits to arbitrage proxied by investor sophistication, firm size 
and transaction costs. Our results are robust to the Fama-French (1993) and Carhart (1997) four-
factor model. This study contributes to an understanding of market efficiency and how it is influenced 
by market frictions. 
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1. Introduction 

Post-earnings-announcement drift describes the tendency for a stock's price to move in line with an 
earnings surprise for a period of time after an earnings announcement. Studies by Foster et al. (1984) 
and Bernard and Thomas (1989, 1990) belong to some of the prominent papers in determining the drift 
as an anomaly. Anomalies contradict established asset pricing theories and signal that the market might 
be inefficient (Novy-Marx and Velikov, 2016). Counter to the semi-strong form of the efficient market 
hypothesis in which prices react fast and correctly to new information (Fama, 1970), anomalies 
constitute predictable patterns in stock prices which can yield abnormal returns (Fama and French, 
2008).  
 
Nevertheless, once research regarding anomalies is published, they tend to disappear, become weaker 
in power or change direction (Mclean and Pontiff, 2016; Schwert, 2003). For example, the anomaly 
called the January effect, which is the tendency to earn abnormal returns in the month of January, 
became weaker after the 1990s and later could not be found for certain periods (Anginer et al., 2024). 
Chordia et al. (2014) show that firm characteristics related to anomalies such as momentum, size and 
short-term reversals have considerably lower returns after being recorded. Unlike other anomalies, the 
post-earnings-announcement drift continues to be found and is claimed to be one of the most persistent 
anomalies (Livnat and Mendenhall, 2006; Zhang and Gregoriou, 2020). In addition, studies show that 
significant returns of around 10% on an annual basis can be earned from trading strategies exploiting 
the drift (e.g., Battalio and Mendenhall, 2011; Liu et al., 2003; Setterberg, 2011). The phenomenon 
poses the question of why arbitrageurs do not exploit the well-known drift and ensure market efficiency.  
 
The answer may lie in impediments to arbitrage preventing arbitrageurs from leveraging mispricings 
(Barberis et al., 2002). Arbitrageurs are for instance exposed to arbitrage risk in the form of idiosyncratic 
volatility which cannot be hedged (Mendenhall, 2004; Pontiff, 2006; Wurgler and Zhuravskaya, 2002). 
Moreover, transaction costs can make arbitrage difficult to execute and reduce the profitability of 
exploiting mispricings (Ng et al., 2008).  
 
In this paper, we investigate whether the drift still exists in the Swedish stock market as well as if the 
anomaly can be attributed to limits to arbitrage. Our sample consists of listed companies on Nasdaq 
Stockholm during the period 2004-2021. We hypothesize that arbitrage in practice is risky and costly. 
Based on proxies of arbitrage risk, transaction costs, investor sophistication and size, we explore whether 
limits to arbitrage prevent arbitrageurs from eroding the drift.  
 
Despite the attention and long-lived nature of the drift, there is a void in the research about the anomaly 
in the Nordic market. Hitherto, Setterberg’s (2011) study based on the period 1990-2005 remains the 
only published article studying the drift in Sweden. We contribute to the existing research on post-
earnings-announcement drift by filling the gap in the literature regarding the anomaly in the Swedish 
market. Our updated dataset on the Swedish market enables us to investigate how the drift has developed 
over time. In addition, our paper contributes to the current literature regarding market frictions and limits 
to arbitrage. To our knowledge, we are the first to study limits to arbitrage in a post-earnings-
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announcement setting on the Swedish stock market and we thus provide sought-after research in the 
field concerning market frictions. A better understanding of these market frictions is valuable to all 
research regarding the efficiency of the Swedish stock market (Setterberg, 2011).  
 
We provide evidence of the post-earnings-announcement drift still being present in the Swedish stock 
market. Our results show that the drift is asymmetric around earnings announcements and that stock 
prices drift following positive earnings surprises. Accordingly, our findings disclose that stock prices 
react differently to firms exceeding and firms falling short of their quarterly earnings expectations. We 
discuss how this finding may be related to investor behavior. Given the asymmetry of the anomaly, we 
show that the long position in stocks with the most positive earnings surprises drives the return of our 
long-short strategy based on the drift. Robust to the market, size, value and momentum effects, we 
document that a mean return of 11% annually can be earned based on a three-month holding period. The 
results hence confirm our first hypothesis of the anomaly existing in Sweden, yet only for positive 
earnings surprises.  
 
Considering the lack of a drift after negative earnings surprises, our results suggest that limits to 
arbitrage in the form of short-sale constraints do not constitute a force of the drift. By using proxies of 
arbitrage risk, trading costs, investor sophistication and size, we try to capture the barriers to arbitrage 
that may remain in the long leg of our trading strategy. Our results show that hedge positions in more 
difficult to arbitrage stocks over a three-month holding period yield mean returns that exceed a trading 
strategy based solely on earnings surprises. We thus find support for our second hypothesis of the drift’s 
magnitude being attributable to limits to arbitrage. Specifically, 7% more on average per year can be 
earned from sorting the strategy on low institutional ownership and firm size. Moreover, our results 
indicate no drift for corresponding positions in stocks that are easier for arbitrageurs to trade on. These 
findings are robust to the Fama-French (1993) and Carhart (1997) four-factor model. 
 
Our results of a downward drift are in line with the study by Setterberg (2011) which documents a drift 
in the Swedish stock market pertaining to positive earnings surprises. She also finds that a hedge strategy 
exploiting the anomaly generates a yearly return of 11%. Additionally, our study aligns with previous 
research advocating that mispricings are more likely to prevail in stocks that are more difficult for 
arbitrageurs to trade on and that impediment to arbitrage affects the size of the drift (e.g., Bhushan, 
1994; Gerard, 2012; Ng et al., 2008; Mendenhall, 2004; Zhang et al., 2013).  
 
The remainder of our paper is structured as follows. In section 2, we review the literature on post-
earnings-announcement drift and the drift’s relation to limits to arbitrage as well as present our 
hypotheses. In section 3, we describe the data and sample followed by our methodology in section 4. In 
section 5, our empirical results are shown and explained. Lastly, in section 6, we provide concluding 
remarks and suggestions for future research.  
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2. Post-earnings-announcement drift and limits to arbitrage 

This section is structured accordingly. Firstly, we review the literature surrounding the post-earnings-
announcement drift and develop our first hypothesis. Secondly, we discuss potential drivers of the drift 
and describe limits to arbitrage in relation to the anomaly. We also develop the second hypothesis and 
present our proxies of limits to arbitrage. 

2.1. Post-earnings-announcement drift 

The post-earnings-announcement drift (PEAD) was first documented by Ball and Brown (1968) and has 
since then continued to be recorded across geographies and industries (e.g., Doyle et al., 2006; Hung et 
al., 2015).   

2.1.1.  A global phenomenon 

The drift is a global occurrence and found in established as well as emerging financial markets (Griffin 
et al., 2010; Hung et al., 2015). Although most studies are conducted on American stock exchanges 
(e.g., Battalio and Mendenhall, 2011; Bernard and Thomas, 1990; Chan et al., 1996; Foster et al., 1984; 
Hirshleifer et al., 2009; Kim and Kim, 2003), several country-specific examinations have been made. 
Zhang and Gregoriou (2020) show that the drift is present in the UK. Dische (2002) reports proof of the 
anomaly in Germany. Forbes and Giannopoulos (2015) find the anomaly in Greece. Forner and Sanabria 
(2010) provide evidence in support of the drift in Spain. In Turkey, the drift is found by Yılmaz et al. 
(2020). Outside of Europe, Truong (2010) documents the anomaly in New Zealand. Chudek et al. (2011) 
present evidence of the anomaly in Canada. In Asia, the stock price pattern is for example found in 
South Korea (Goh and Jeon, 2017), China (Truong, 2011) and India (Harshita et al., 2018). However, 
some studies do not find the drift in certain markets. Among these papers are Ariff et al. (1997) and Van 
et al. (1996) who fail to find the anomaly in Singapore and Belgium respectively.  
 
Despite being a widely analyzed anomaly, not least in Europe, the drift has been studied to a limited 
extent in the Nordic capital markets. To our knowledge, Setterberg (2011) remains the only paper 
covering the drift in the Swedish market. She finds evidence of the anomaly during the period 1990-
2005. Setterberg shows that the drift is more protracted in the Swedish stock market and significant for 
a twelve-month holding period which is longer compared to other financial markets. The only other 
country-level studies from the Nordics are based on the Finnish stock market. Booth et al. (2011) find 
evidence of the drift over their research period 1995-2003. Contrary to Setterberg, Booth et al. show 
that the drift is more powerful for negative earnings surprises. 

2.1.2.  Returns from trading strategies 

PEAD is not only a widespread anomaly that has existed for a long time, studies show that trading 
strategies based on the drift can generate substantial returns. Setterberg (2011) documents that a hedge 
portfolio also known as a long-short strategy, long stocks with the most positive earnings surprises and 
short stocks with the most negative earnings surprises, in Sweden yields a monthly return of 0.9% which 
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corresponds to an annual return of about 11%. In addition, she finds that the returns of the strategy only 
are generated by the long position. From a strategy based on the same long-short logic, Liu et al. (2003) 
obtain a 10.8% twelve-month return in the UK. Dische (2002) shows that abnormal cumulative returns 
of 6.64% can be earned over a six-month holding period in the German market. In the U.S. market, 
Battalio and Mendenhall (2011) show that a yearly return of 14% can be generated through a hedge 
portfolio net of transaction costs. Nonetheless, lower average returns of 6.3% by Bernard et al. (1997) 
have also been found in the U.S. stock market. In Spain, Forner et al. (2009) generate an average 
cumulative return of 7.3% in one year. Truong (2010) attains 6% in excess return during the first quarter 
after portfolio formation in the New Zealand stock market. 

2.1.3.  Variation in earnings surprise methodologies 

The methodologies used to investigate the drift differ among studies. One domain in which methods 
differ from each other regards the construction of the earnings surprise measure. The idea is to capture 
the difference between actual earnings and an estimate of expected earnings. This difference gives the 
unexpected earnings and by scaling the metric, using for example price or standard deviation, the 
earnings surprise measure is formed. Several early studies use a time-series model approach in which 
expected earnings are estimated through a time-series regression (Bernard and Thomas, 1989; Foster, 
1977; Foster et al., 1984; Hew et al., 1996). Another common time-series forecast method is to base the 
earnings surprise measure on a seasonal random walk (Ayers et al., 2011; Battalio and Mendenhall, 
2011; Jegadeesh and Livnat, 2006; Zhang et al., 2013). In the seasonal random walk model, the 
forecasted earnings equal the reported earnings per share for the same period one year prior.  
 
A later stream of literature uses analysts’ consensus forecasts as expected earnings (Battalio and 
Mendenhall, 2011; Milian, 2015; Wang et al., 2018). Doyle et al. (2006) argue that the returns following 
this expected earnings estimate method are larger and last for a longer period compared to the seasonal 
random walk approach. Livnat and Mendenhall (2006) also find that the drift is larger with analysts’ 
forecasts. However, using analysts’ forecasts has implications for a study’s sample. Since smaller and 
less liquid stocks are covered by analysts to a lower extent the approach yields samples containing firms 
with larger market capitalizations and share prices (Battalio and Mendenhall, 2011).  
 
Several studies further use an indirect price-based earnings surprise measure often referred to as earnings 
announcement return (EAR) (e.g., Brandt et al., 2008; Booth et al., 2011; Gerard, 2012; Liu et al., 2003; 
Milian, 2015). This approach includes calculating a buy-and-hold abnormal return around each earnings 
announcement date. How many days the return is calculated over can vary, usually a short return 
window of around two to four days is applied. An advantage of this method is that it reflects how value-
relevant the earnings surprise is. The measure can be interpreted as more complete since it incorporates 
all valuable new information communicated to the market (Gerard, 2012).  

2.1.4.  First hypothesis 

The study by Setterberg (2011) which documents a PEAD in the Swedish stock market provides support 
for a drift still prevailing in Sweden. Nevertheless, Setterberg’s study was based on the period 1990-
2005. Yet, the drift in general has shown perseverance and is still being documented (Zhang and 



 7 

Gregoriou, 2020). Additionally, numerous country-level studies in Europe with updated research 
periods that find a drift (e.g., Forbes and Giannopoulos, 2015; Forner et al., 2009; Yılmaz et al., 2020; 
Zhang and Gregoriou, 2020), lend further support for the anomaly continuing to be present in Sweden. 
Consequently, our first hypothesis is the following:  
 

H1: There exists a statistically significant post-earnings-announcement drift in  
the Swedish stock market. 
 

2.2. Explanations of the drift 

There is a lack of agreement on what causes the post-earnings-announcement drift. Overall, explanations 
of the drift can be grouped into rational explanations, that revolve around the drift being a compensation 
for risk, and behavioral explanations, that draw on investor underreaction. Our paper builds on the 
second strand of literature. PEAD has been referred to as the “granddaddy of underreaction events” by 
Fama (1998, p. 286). If investors underreact to earnings news, stock prices will update with a delay 
which subsequently leads to the pattern of the drift. Nonetheless, the origin of the underreaction has 
been attempted to be attributed to various phenomena such as investor inattention, psychological biases 
and limits to arbitrage.  
 
The body of literature that relates limited attention to investor underreaction argues that investors are 
exposed to a vast amount of information which makes them distracted and restricts their attention 
(Kempf et al., 2017). As a result, investors react slower to earnings news leading to the drift. The delayed 
reaction from investors is especially true if many companies publish earnings information around the 
same time or if the earnings announcements also contain other news (Hirshleifer et al., 2009; Hung et 
al., 2015). However, by creating attention around an earnings announcement through headline salience 
investors may react faster and consequently dampen the drift (Huang et al., 2018). 
 
Part of the explanations surrounding investor underreaction involve psychological biases that affect 
investors’ information processing behavior. Among these biases is overconfidence. PEAD has in part 
been tried to be ascribed to overconfident investors who value private information more relative to 
public information and are overconfident in less trustworthy information (Liang, 2003). The tendency 
to rely more on private information is heightened in environments with high information uncertainty 
which in turn amplifies the drift (Jiang et al., 2015). Another bias called the disposition effect describes 
the habit of investors to realize returns and endure losses. The disposition effect can cause investors to 
underreact because the trading behavior prevents prices from declining after negative earnings surprises 
and rising after positive earnings surprises subsequently enhancing the drift (Frazzini, 2006). The 
anchoring effect is a psychological bias in which people use reference points often entailing that they 
overly rely on the first piece of information they receive (Epley, 2004). Huang et al. (2019) propose that 
investors have defined “target prices” for stocks which constitute foreseeing anchors. Investors are more 
probable to sell when the target price is surpassed. The resistance to sell until a certain price is reached 
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and the propensity to sell after a specific price point can create slow reactions to earnings news and 
hence lead to a post-earnings drift in stocks’ prices according to Huang et al.   

2.2.1.  Limits to arbitrage 

Any behavioral explanation of PEAD relies on the absence of arbitrageurs exploiting the drift (e.g., 
Forner and Sanabria, 2010). The concept of market efficiency proposed by Fama (1970) rests upon 
arbitrageurs, also known as unbiased or rational investors (e.g., Mendenhall, 2004; Pontiff, 2006), 
eroding arbitrage opportunities in which security prices deviate from their fundamental value. 
Arbitrageurs hence enforce market efficiency through their trading activity (Akbas et al., 2016). The 
reason why the drift exists and has been able to persist thus relates to limits to arbitrage, which is the 
aim of this paper to investigate.  
 
An arbitrage opportunity is widely considered a risk-free profit available at zero cost. However, the 
arbitrage theory proposed by textbooks is less clear-cut to execute in the real stock market as arbitrage 
may involve costs and risk. Hence, prices that do not equate with their fundamental value do not 
automatically entail profitable investment prospects. As a result, mispricings can persevere and the idea 
that there exists “no free lunch” can thus hold in efficient as well as inefficient markets (Barberis et al., 
2002).  

Arbitrage risk 

Arbitrage risk is commonly defined as a stock’s idiosyncratic volatility which investors cannot hedge. 
Idiosyncratic risk is a holding cost, that is the cost investors face during the period they hold a stock. 
Since arbitrage risk cannot be offset, arbitrageurs are forced to take the risk into account and may hence 
not be able to exploit mispricings in stocks with higher idiosyncratic risk. Idiosyncratic risk is further 
argued to be the largest impediment to arbitrage (Pontiff, 2006).  
 
Some suggest that arbitrageurs are specialized and undiversified (Mendenhall, 2004; Shleifer and 
Vishny, 1997; Wurgler and Zhuravskaya, 2002). This view implies that arbitrageurs to a lower extent 
can diversify away idiosyncratic risk making the risk of significance to arbitrageurs. However, Pontiff 
(2006) states that idiosyncratic risk is important irrespective of whether arbitrageurs are diversified or 
not.  
 
One of the often-cited papers on limits to arbitrage is by Shleifer and Vishny (1997). They study noise 
trader risk which is the risk that prices move against the arbitrageur’s position in the short run. Shleifer 
and Vishny include agency problems in their study because, in reality, arbitrageurs are often portfolio 
managers investing other people’s capital. Closing a position early can be costly and thus prevent 
arbitrageurs from taking certain positions which in turn can cause mispricings. Wurgler and 
Zhuravskaya (2002) examine limits to arbitrage in relation to S&P 500 index inclusions using a measure 
of arbitrage risk resembling idiosyncratic volatility. Their research shows that stocks with high arbitrage 
risk exhibit higher average price jumps when being included in the index compared to stocks with low 
arbitrage risk.   
 



 9 

Arbitrage risk has further been found to be positively correlated with PEAD. The arbitrage risk measure 
created by Wurgler and Zhuravskaya is used by Mendenhall (2004) who investigates arbitrage risk in 
relation to quarterly earnings announcements. Mendenhall shows that arbitrage risk has a significant 
impact on the drift. Research by Ng et al. (2008) also finds that arbitrage risk reduces arbitrageurs’ 
trading on PEAD. In Europe, Gerard (2012) finds that PEAD is stronger for stocks with higher 
idiosyncratic volatility. In addition, Gerard documents that the returns of trading strategies based on the 
drift are mainly generated in times of high total idiosyncratic risk. A more recent paper by Hung et al. 
(2015) investigates PEAD pre and post the compulsory enactment of the International Financial 
Reporting Standards (IFRS) in 2005. With idiosyncratic volatility as a proxy for arbitrage risk, they 
record that limits to arbitrage comprise a significant force of the drift.  

Transaction costs 

Transaction costs compose another obstacle for arbitrageurs. If investors react slower to news regarding 
stocks that are more costly to trade this underreaction can help explain the post-earnings-announcement 
drift. Several studies find transaction costs to be positively correlated with the drift (e.g., Hung et al., 
2015; Ng et al., 2008; Mendenhall, 2004; Zhang et al., 2013). Research by Ng et al. (2008) for example 
shows that high drift stocks, i.e. stocks with a higher degree of mispricing, exhibit higher transaction 
costs and vice versa. Nevertheless, Doyle et al. (2006) argue that market frictions can shed light on why 
the anomaly is difficult to profit from but may not explain why the drift exists. However, Ng et al. 
oppose this view and claim that transaction costs can indeed explain the persistence as well as the 
occurrence of the anomaly. 
 
Transaction costs are often excluded in research investigating the drift (Setterberg, 2011) and there exists 
disagreement regarding whether PEAD strategies are profitable after considering transaction costs. 
Novy-Marx and Velikov (2016) and Zhang et al. (2013) argue that trading strategies aimed at capturing 
the drift have considerably lower returns once transaction costs are taken into account. A number of 
other papers in contrast report significant returns net of transaction costs (e.g., Battalio and Mendenhall, 
2011; Ke and Ramalingegowda, 2005; Li, 2016).   
 
Several proxies are used to measure direct and indirect transaction costs. Some of the more common 
proxies include the illiquidity measure by Amihud (2002) (e.g., Chordia et al., 2009; Hung et al., 2015), 
share price and trading volume (e.g., Bhushan, 1994; Mendenhall, 2004; Truong, 2010) as well as bid-
ask spread (e.g., Battalio and Mendenhall, 2011; Li, 2016). 

Investor sophistication 

Stocks that have a higher share of sophisticated investors are argued to be mispriced to a lower extent 
(Bartov et al., 2000). One of the more common proxies of investor sophistication is institutional 
ownership. Bartov et al. (2000) argue that institutional investors are more sophisticated because they are 
less prone to underreact to earnings news. They show that the drift is smaller for higher degrees of 
investor sophistication. Hung et al. (2015) find that after a wide adoption of IFRS, the drift is reduced 
more for stocks with a higher proportion of institutional ownership. Institutional holding is further 
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researched by Doyle et al. (2006) who show that market frictions prevent sophisticated investors from 
taking advantage of mispricings. Moreover, in the paper by Booth et al. (2011) foreign institutional 
investors constitute sophisticated investors. They find that foreign institutional investors respond faster 
to earnings news compared to domestic investors. Booth et al. suggest that PEAD is partly attributed to 
investors’ unlike ability in processing information. Ke and Ramalingegowda (2005) divide institutional 
investors into three categories based on their investment horizon. They find that only the group called 
“transient institutional investors”, that is institutional investors with short investment horizons, capture 
PEAD whilst the other two groups are unable to take advantage of the anomaly.  
 
In addition, small investors have been hypothesized to constitute less sophisticated investors. Research 
by Battalio and Mendenhall (2005) and Ayers et al. (2011) suggests that the behavior of small investors 
may be the source of the drift. In a later study by Clement et al. (2019), several proxies for investor 
sophistication are used such as analyst following and institutional ownership. They show that firms with 
a higher degree of sophisticated investors have a higher responsiveness to earnings surprises based on 
analysts’ forecasts.  

Firm size 

Like many anomalies, the magnitude of PEAD is inversely related to firm size (Bernard and Thomas, 
1989; Foster et al., 1984). However, firm size is further connected to other characteristics that influence 
the drift (Bartov et al., 2000; Bhushan, 1994). 
 
Firm size is for example related to the limits to arbitrage notion and is commonly used as a proxy for 
limits to arbitrage (Ali et al., 2003; Israel and Moskowitz, 2013; Lakonishok et al., 1994; Pontiff, 1996). 
Smaller stocks are for instance associated with greater trading frictions (Israel and Moskowitz, 2013) 
and the fact that the drift is lower for larger stocks has been argued to stem from larger stocks being 
easier for arbitrageurs to trade on (Milian, 2015). Moreover, firm size is connected to short-sale 
constraints and Wang et al. (2017) find that the drift is larger and lasts longer for stocks that are more 
difficult to sell short.  
 
In addition, firm size is also related to limits to arbitrage through investor sophistication as smaller 
stocks tend to have a lower fraction of sophisticated owners. Apart from using firm size as a proxy for 
arbitrage costs, Lakonishok et al. (1994) estimate investor sophistication using firm size. Truong (2010) 
includes various arbitrage proxies in his study of PEAD and specifically relates firm size to investor 
sophistication as well as a size effect. Clement et al. (2019) use firm size as a proxy for investor 
sophistication and show that the drift is less pronounced for large firms.  

2.2.2.  Second hypothesis 

Since previous studies find the anomaly to be driven by limits to arbitrage in the form of arbitrage risk 
(Gerard, 2012; Hung et al., 2015; Mendenhall, 2004; Pontiff, 2006), transaction costs (Hung et al., 2015; 
Ng et al., 2008; Zhang et al., 2013), investor sophistication (Ayers et al., 2011; Clement et al., 2019; 
Hung et al., 2015) and firm size (Bartov et al., 2000; Milian, 2015; Truong, 2010), we believe 
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impediment to arbitrage affects a possible drift in the Swedish stock market as well. Building on the 
notion of arbitrage being risky and costly, our second hypothesis is the following:  
 

H2: The magnitude of the post-earnings-announcement drift in the Swedish stock market is 
attributable to measures of limits to arbitrage.  

 

2.2.3.  Description of limits to arbitrage variables  

We use four variables to investigate the second hypothesis regarding whether limits to arbitrage drive 
PEAD in the Swedish stock market. The variables are based on proxies for arbitrage risk, transaction 
costs, investor sophistication and size. A summary of the variables along with the expected sign of each 
variable’s impact on the drift is provided in Table 1. 
 
We follow Wurgler and Zhuravskaya (2002) and use idiosyncratic volatility as a proxy for arbitrage 
risk. In line with Mendenhall (2004), we only consider one of Wurgler and Zhuravskaya’s two measures 
of idiosyncratic risk since their two proxies are highly correlated with each other. We label the variable 
ARBRISK and calculate it as the residual variance from regressing a stock’s return on the return of the 
OMXSPI over 48 months until one month before an earnings announcement. The residual variance is 
derived by subtracting the explained variance in the regression model from the total variance. The 
regression specification of the model used is: 
 

 (1) 

 
where Ri,d denotes the return of stock i on day d and Rfd represents the risk-free rate on day d, proxied 
by the 1-month Swedish Treasury Bill. Rm,d is the market return on day d, proxied by the OMX 
Stockholm PI (OMXSPI). 
 
We use trading volume as an indication of transaction costs like Bhushan (1994) and Mendenhall (2004). 
VOLUME is calculated as a stock’s daily adjusted closing price one month before an earnings 
announcement multiplied by the average number of stocks traded per day in the previous quarter divided 
by the average market capitalization in the previous quarter. 
 
Consistent with previous studies (e.g., Bartov et al., 2000; Hung et al., 2015; Mendenhall, 2004), we 
proxy investor sophistication by institutional ownership. Institutional ownership, which we call INST, 
is computed as a stock’s proportion of shares outstanding owned by institutions in the previous quarter. 
We use Capital IQ’s ownership classification to categorize shareholders as institutional. In addition to 
institutional ownership, we tried including analyst coverage as a proxy for investor sophistication. 
However, analyst coverage in general in Sweden is relatively low (Setterberg, 2011) and there is scarce 
data availability regarding analyst coverage. As a consequence, we obtained an insufficient number of 
observations which led us to exclude the variable from our study. 
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In line with prior research (Bartov et al., 2000; Hung et al., 2015; Milian, 2015; Truong, 2010), we 
include a firm size variable as size is connected to impediment to arbitrage as well as to control for the 
drift being related to a size effect. We calculate SIZE as a company’s average market capitalization from 
the previous quarter. 
 
 



 13 

 
 
 
 
 
 
 
 
 

Table 1. Summary of Explored Limits to Arbitrage Variables 

Variable name  Description Proxy Expected sign 

ARBRISK Residual variance from regressing a stock’s return on the market over 48 months up 
until one month before an earnings announcement. 

Arbitrage risk + 

VOLUME Daily closing price one month before an earnings announcement multiplied by the 
number of stocks traded per day divided by market capitalization. 

Transaction costs - 

INST Proportion of shares outstanding institutionally owned. Investor sophistication - 

SIZE Market capitalization. Firm size - 
This table provides a summary description of the explanatory variables. VOLUME, INST and SIZE are based on prior quarter figures.  
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3. Data 

The sample in this paper consists of companies listed on Nasdaq Stockholm during 2004-2021. The 
main source used to retrieve stock market data is Finbas at the Swedish House of Finance Research Data 
Center from which daily adjusted closing prices, daily trading volume and monthly market 
capitalizations are gathered. Finbas provides stock market data until 2021, which as a consequence 
constitutes the final year of our study. Additionally, the index OMX Stockholm PI (OMXSPI) is used 
to proxy the market return and is downloaded from Nasdaq Nordic’s website. Given a lack of updated 
risk factors in the Fama-French (1993) and Carhart (1997) four-factor model on the Swedish market, 
the U.S. factor returns are used for the size, value and momentum factors. The daily value-weighted 
American risk factors are downloaded from Kenneth French’s website at Dartmouth. We view this 
approximation as legitimate considering the universal nature of the four-factor model (Fama and French, 
1993). We use Swedish stock market data for the market factor in which the OMXSPI is the market 
return proxy. The 1-month Swedish Treasury Bill available at Sveriges Riksbank’s database is used as 
a proxy for the Swedish risk-free rate.  
 
Earnings announcement dates are gathered from Refinitiv Eikon for which Thomson Reuters 
Datastream is the source. Missing observations in the earnings announcement date data are manually 
filled in using announcement dates provided by Nasdaq Nordic. The stocks in the dataset are further 
classified according to industry using Worldscope’s industry classification. Finally, the proportion of 
institutional ownership for each stock is retrieved from Capital IQ. Ownership data is available from 
2004 which thus limits our study to begin from 2004. 
 
To preserve the comparability of the dataset, financial firms have been removed from the sample. Hence, 
we omit companies with a Global Industry Classification Standard of 4, which is six companies. In 
addition, the sample is adjusted for firms not reporting according to the calendar year. 34 companies are 
removed from the entire sample period and nine companies are removed for certain years as their fiscal 
year later coincides with the calendar year. This adjustment is in line with prior studies like Setterberg 
(2011) and facilitates the implementation of our methodology. Moreover, we only include the sample 
firms’ common shares. Accordingly, the full sample in our paper consists of 503 unique firms and 
16,270 quarterly observations between 2004 and 2021.  
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4. Methodology 

In this section, we first describe the methodology concerning the post-earnings-announcement drift. 
Thence, we present the methodology for testing whether the drift is related to limits to arbitrage. 
 

4.1. Post-earnings-announcement drift 

In brief, the PEAD methodology is based on sorting stocks into quintiles according to the magnitude of 
the stocks’ earnings surprises. We begin by studying the drift using an event study. After that, we 
conduct a regression analysis to evaluate how our long-short trading strategy, called the PEAD strategy, 
based on the drift performs.  
 

4.1.1.  Earnings surprise measure  

In line with several previous studies (e.g., Booth et al., 2011; Gerard, 2012; Liu et al., 2003; Milian, 
2015), we use the price-based earnings surprise measure called earnings announcement return (EAR). 
The measure is given by the buy-and-hold abnormal return (BHAR) following earnings announcements. 
Consistent with Liu et al. (2003), we calculate the BHAR over four days, -1 to +2 days around the 
earnings announcements where day zero is the announcement date. If the return window coincides with 
a non-trading day, the return of the subsequent trading day is used. The earnings surprise measure is 
calculated accordingly:  
 

 
(2) 

 
where EARi,d is the four-day abnormal return for stock i on day d, Ri,d represents the return of stock i on 
day d and Rm,d is the market return proxied by OMXSPI on day d.  
 
By constructing the surprise measure on market data, we avoid data issues that are otherwise common 
in European papers. For example, data on reported earnings per share and analysts’ earnings per share 
forecasts for European countries are often deficient and with low reliability (Gerard, 2012). We further 
seize the aforementioned benefits of a price-based earnings surprise measure through employing EAR.  
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Figure 1. Share of Positive versus Negative Earnings Surprises 
The figure illustrates the fraction of positive and negative earnings surprises per quarter over the sample period 
2004-04-01 to 2020-10-01.  

4.1.2.  Portfolio formation 

To begin, we divide the stocks into two groups based on the sign of the earnings surprise measure. We 
do this to isolate the positive earnings surprises from the negative surprises. Then, within each group, 
we rank the stocks and allocate them into quintiles per quarter based on the magnitude of their EAR. 
This can result in the portfolios deviating somewhat in size since the amount of positive versus negative 
surprises differ per quarter. Nevertheless, as can be seen in Figure 1, the distribution of earnings 
surprises per quarter is relatively even around a 50/50 split. Since we conduct our study on a smaller 
market relative to papers using deciles (e.g., Bernard and Thomas, 1990; Bhushan, 1994; Liu et al., 
2003; Mendenhall, 2004), we ensure that there are a sufficient number of observations in each portfolio 
by merging the portfolios to form a total of five portfolios. The portfolio formation procedure can further 
be seen in Table 10 in the Appendix. 
 
We base the portfolio formation date on the calendar-time method developed by Chan et al. (1996). By 
using the calendar-time research design, we avoid hindsight bias since the earnings surprises of all the 
stocks are known before the portfolios are formed. In this way, we ensure that the trading strategy is 
feasible to implement in reality (e.g., Brandt et al., 2008; Forner et al., 2009; Francis et al., 2007). The 
alternative to the calendar method is to use an event-based approach in which returns start being 
calculated after each firms’ earnings announcement date. As a consequence, stocks would be traded ex-
ante all firms’ earnings surprises and before the portfolio sorting is known. Such a portfolio formation 
logic is thus not implementable. 
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Like Setterberg (2011), we set the portfolio formation date to the first day of the quarter that follows the 
quarter of the earnings announcement date. Thus, the first set of portfolios are formed on 2004-07-01 
and the last set are formed on 2020-10-01. Hence, our sample consists of 66 portfolio formation dates.  

Table 2. Descriptive statistics – Portfolio-level Earnings Surprises 

EAR N Mean Std. Min. 25% 50% 75% Max. 

Total 15,634 0.001 0.101 -0.527 -0.041 -0.001 0.039 7.553 
         
Portfolio         
1 (SHORT) 3,122 -0.101 0.053 -0.527 -0.121 -0.086 -0.065 -0.033 
2 3,083 -0.032 0.012 -0.079 -0.040 -0.030 -0.022 -0.009 
3 3,113 0.000 0.009 -0.027 -0.007 0.000 0.007 0.030 
4 3,010 0.032 0.013 0.007 0.021 0.030 0.040 0.081 
5 (LONG) 3,036 0.112 0.156 0.029 0.066 0.088 0.126 7.552 
         
Direction         
Negative EAR 7,772 -0.055 0.052 -0.527 -0.074 -0.039 -0.018 -0.000 
Positive EAR 7,592 0.058 0.108 0.000 0.017 0.040 0.077 7.553 
This table summarizes the earnings surprise statistics per portfolio. EAR denotes the earnings surprise measure 
and is the four-day buy-and-hold abnormal return over the earnings announcement date. Portfolio 1 (SHORT) 
contains the most negative earnings surprises and Portfolio 5 (LONG) includes the most positive earnings 
surprises. N represents the number of earnings surprises. Based on period 2004-01-01 to 2020-10-01. 
 
Table 2 displays the descriptive statistics of the earnings surprises on a portfolio level. As anticipated, 
Portfolio 1 includes the most negative earnings surprises and Portfolio 5 consists of the most positive 
earnings surprises. Hereon, we refer to Portfolio 5 as LONG and Portfolio 1 as SHORT, since these 
portfolios represent the respective short and long legs of our trading strategy.  

4.1.3.  Event analysis 

To achieve a first indication of whether the drift exists, we compute BHARs for holding periods of one 
to twelve months. First, we calculate daily abnormal returns for each stock as the difference between a 
stocks daily return and the market return: 
 

 (3) 
 
where ARi,d is the abnormal return of stock i on day d. Ri,d is the return of stock i on day d and Rm,d is the 
market return on day d proxied by the OMXSPI.  
 
Secondly, we compound the daily abnormal returns over the holding periods, assuming an average of 
21 trading days per month (Mendenhall, 2004). Accordingly, the BHAR calculation for individual 
stocks per holding period is: 
 



 18 

 
(4) 

 
where BHARi,τ is the buy-and-hold abnormal return for stock i over the holding period τ. τ ranges from 
one to twelve months. 
 
Lastly, we construct portfolio BHARs based on the portfolio formation process in section 4.1.2. We 
hold the portfolios for the duration of the respective holding periods and then liquidate the portfolios. 
We do not rebalance the portfolios (Setterberg, 2011) and stocks that get delisted during a holding period 
are not to be replaced until the next formation date. The portfolios are equally weighted and we thus 
sum the individual stocks’ BHARs per portfolio and holding period and then divide the aggregate 
BHARs by the number of stocks in each portfolio. The portfolio-level BHAR formula is:  
 

 
(5) 

 
where BHARp,τ,t is the buy-and-hold return of portfolio p for holding period τ with formation date t. p 
denotes the portfolio, 1 (SHORT), 2, 3, 4 or 5 (LONG). t is the formation date. N is the number of stocks 
in the respective portfolio.  
 
In addition, we study the drift using the long-short trading strategy, the PEAD strategy. To attain the 
BHAR of the PEAD position, the BHAR of the SHORT position is subtracted from the BHAR of the 
LONG position for the different holding periods. The return of the PEAD position is thus computed as:   
 

 (6) 
 
where BHARPEAD,τ,t is the buy-and-hold return for the holding period τ and formation date t. BHARSHORT,τ,t 
and BHARLONG,τ,t  is the buy-and-hold return of the SHORT and LONG portfolios for holding period τ 
and formation date t respectively. 

4.1.4.  Regression analysis 

We further investigate the drift through a regression analysis to determine the performance and 
robustness of our trading strategy. Unlike the event study, our trading strategy is based on holding 
periods of three months. Using a three-month holding period ensures that the portfolios formed on 
different formation dates do not overlap. In addition, the duration of the holding period means that there 
are no months without market exposure, as would be the case for holding periods shorter than three 
months. Accordingly, the trading strategy becomes more feasible to implement as investors can reinvest 
capital from the liquidated position each quarter and do not have to invest additional capital per 
formation date or risk suboptimal investment strategies by holding all-cash positions.   
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The portfolios of interest in the regressions are the extreme portfolios, SHORT and LONG, since they 
make up the trading strategy and are probable to appeal to arbitrageurs (Mendenhall, 2004). We 
compound the daily returns into three-month buy-and-hold returns, again assuming an average of 21 
trading days per month. We use equally weighted portfolios. Accordingly, we obtain portfolio returns 
by aggregating the individual stocks' buy-and-hold returns and then dividing the summed returns by the 
number of stocks in the respective portfolios.  
 
The dependent variable in the regressions is the excess portfolio return over the risk-free rate for the 
holding period. To ensure that our results do not constitute rewards for taking on risk, we regress the 
dependent variable while controlling for risk factors. We test the inclusion of risk factors in three steps. 
We begin by following Francis et al. (2007) and Setterberg (2011) and regress the dependent variable 
on the excess market return as in the Capital Asset Pricing Model (CAPM), this is denoted Model 
1. Thereafter, consistent with previous studies (e.g., Ayers et al., 2011; Forner et al., 2009; Francis et 
al., 2007; Setterberg, 2011), we regress the returns while controlling for the three risk factors proposed 
by Fama and French (1993), namely the market risk premium (MRP), size premium (SMB) and value 
premium (HML). This we call Model 2. Lastly, we incorporate the momentum factor (MOM) proposed 
by Carhart (1997) as done in previous papers (Chan et al., 1996; Chordia and Shivakumar, 2005; Francis 
et al., 2007), as the drift has been found to be related to momentum (Chan et al., 1996; Chordia and 
Shivakumar, 2006). This regression we call Model 3. The regression used is a multi-factor model and is 
specified accordingly:  
 

 
(7) 

 
where Rρ,t is the three-month buy-and-hold return of portfolio ρ with formation date t. ρ denotes the 
portfolio, SHORT or LONG. t is the formation date. Rft represents the three-month buy-and-hold risk-
free rate and is proxied by the 1-month Swedish Treasury Bill with formation date t. λ represents the 
three-month buy-and-hold risk premium for factor k, MRP, SMB, HML and MOM, with formation date 
t. K is the number of risk factors. 
 
The dependent variable in the PEAD regression is the difference in return between the LONG and 
SHORT portfolios. The PEAD regression formula is defined as: 
 

 
(8) 

 
where RPEAD,t is the three-month excess buy-and-hold return of the PEAD strategy with formation date 
t. 
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4.2. Limits to arbitrage and post-earnings-announcement drift 

In short, we test whether limits to arbitrage drives the magnitude of PEAD by sorting the extreme 
portfolios on proxies of barriers to arbitrage. In line with the PEAD methodology, we perform an event 
study and regression analysis based on arbitrage strategies. 

4.2.1.  Descriptive statistics of arbitrage proxies 

In Table 3, the descriptive statistics of the explanatory variables are presented. The mean value of our 
ARBRISK variable is close to but slightly higher compared to Wurgler and Zhuravskaya (2002), 
Mendenhall (2004) and Truong (2010). Note that Mendenhall’s arbitrage risk variable is quoted on a 
monthly basis and our variable is in daily units. Hence, to compare our results we multiply our arbitrage 
risk statistic by 21, the approximate number of trading days per month. Seeing that Mendenhall and 
Wurgler and Zhuravskaya conduct their studies on U.S. data, their samples include larger stocks. 
Moreover, Wurgler and Zhuravskaya study stock inclusions in the S&P 500 index which is a large-cap 
index (S&P Global, 2024). Given the larger average firm size in their studies, it is reasonable that their 
mean arbitrage risk is lower compared to ours (Mendenhall, 2004). 

Table 3. Descriptive statistics – Explanatory Variables  
Variable N Mean Std. Min. Max. 

ARBRISK 10,584 0.001 0.001 0.000 0.024 

VOLUME 14,665 59.545 179.706 0.10 3,865.833 

INST 15,551 0.362 0.227 0.000 0.998 
SIZE 14,758 18,792.356 60,867.424 0.102 1,227,678.532 
This table provides summary statistics of the explanatory variables. ARBRISK constitutes the residual variance 
from regressing a stock’s daily return on the market over 48 months up until one month before an earnings 
announcement. VOLUME represents the daily closing price one month before an earnings announcement 
multiplied by the number of stocks traded per day divided by market capitalization. INST constitutes the 
proportion of shares that are institutionally owned. SIZE equals market capitalization (in MSEK). Based on 
period 2004-01-01 to 2020-10-01. 
 
The descriptive statistics of VOLUME and SIZE are lower compared to prior studies (e.g., Bartov et al., 
2000; Hung et al., 2015; Mendenhall, 2004; Milian, 2015) based on U.S. samples. This result is again 
expected since we are studying a smaller market with less trading volume and smaller firms compared 
to larger stock exchanges. Mean INST is similar yet slightly lower in our study. However, the variable’s 
maximum value is aligned with the mentioned U.S. papers. 
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Table 4. Cross-correlation between Explanatory Variables  

Variable ARBRISK VOLUME INST SIZE 

ARBRISK 1.000    

VOLUME -0.005 1.000   

INST -0.213 0.011 1.000  

SIZE -0.129 -0.006 0.178 1.000 
This table provides Pearson correlation coefficients for the explanatory variables. ARBRISK constitutes the 
residual variance from regressing a stock’s daily return on the market over 48 months up until one month before 
an earnings announcement. VOLUME represents the daily closing price one month before an earnings 
announcement multiplied by the number of stocks traded per day divided by market capitalization. INST 
constitutes the proportion of shares that are institutionally owned. SIZE equals market capitalization. Based on 
period 2004-01-01 to 2020-10-01. 

 
Table 4 presents the Pearson cross-correlation coefficients between the arbitrage proxies. The magnitude 
of the correlation coefficient falls below 0.3 for all variables, indicating either a small or nonexistent 
correlation between them. The correlations suggests that each explanatory variable independently 
captures different aspects of limits to arbitrage in the context of the drift. 

4.2.2.  Limits to arbitrage analysis 

In order to test our second hypothesis, we follow the methodology of previous studies (e.g., Dische, 
2002; Francis et al., 2007; Liu et al., 2003) that examine potential drivers of the drift by organizing the 
stocks within the extreme earnings surprise-based portfolios. Accordingly, every quarter we divide the 
LONG and SHORT portfolios into two equally weighted sub-portfolios based on the magnitude of the 
limits to arbitrage proxies from the previous quarter. This procedure results in each extreme portfolio 
per explanatory variable having a high and low sub-portfolio respectively. These portfolios are presented 
in Table 5. 
 
The high sub-portfolios based on ARBRISK include stocks expected to have a higher degree of limits 
to arbitrage. Arbitrage risk is positively correlated to PEAD (e.g., Gerard, 2012; Hung et al., 2015; 
Mendenhall, 2004) as higher levels of idiosyncratic risk can impede arbitrageurs from exploiting 
mispricings which amplifies the drift. For the explanatory variables VOLUME, INST and SIZE, the 
high sub-portfolios contain the stocks expected to have lower degrees of limits to arbitrage. This 
relationship stems from transaction costs having a positive correlation with PEAD (e.g., Hung et al., 
2015; Ng et al., 2008; Mendenhall, 2004; Zhang et al., 2013). Since higher trading volume corresponds 
to lower transaction costs, VOLUME is expected to be negatively related to the magnitude of the drift. 
In addition, investor sophistication proxies have illustrated an inverse relationship to the drift (e.g., 
Bartov et al., 2000; Clement et al., 2019; Hung et al., 2015) and hence INST is also expected to be 
negatively related to the magnitude of PEAD. The anomaly is additionally recorded to be larger for 
smaller firms (Bernard and Thomas, 1989; Foster et al., 1984), subsequently affecting SIZE. The 
expected relationship between the explanatory variables and PEAD can further be seen in Table 1.  
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Table 5. Descriptive statistics – Sub-Portfolios per Explanatory Variable and Extreme Portfolio 

Variable / 
Sub-portfolio 

SHORT  LONG 

N Mean Std. Min. Max.  N Mean Std. Min. Max. 

ARBRISK            
Low 988 0.000 0.000 0.000 0.001  947 0.000 0.000 0.000 0.001 
High 965 0.001 0.002 0.000 0.023  923 0.001 0.001 0.000 0.007 
            
VOLUME            
Low 1,371 0.001 0.001 0.000 0.005  1,324 0.001 0.001 0.000 0.005 
High 1,336 0.837 21.027 0.001 16.613  1,294 1.873 40.388 0.001 1,078.916 
            
INST            
Low 1,519 0.166 0.123 0.000 0.506  1,463 0.210 0.142 0.000 0.506 
High 1,489 0.522 0.168 0.047 0.950  1,431 0.561 0.154 0.073 0.969 
            
SIZE            
Low 1,421 456.445 527.714 0.104 4,502  1,367 772.620 820.505 0.102 5,872 
High 1,378 28,110 75,247 338.858 726,081  1,338 29,629 73,036 481.671 961,683 
This table summarizes the mean value of the explanatory variables per sub-portfolio. ARBRISK constitutes the 
residual variance from regressing a stock’s daily return on the market over 48 months up until one month before 
an earnings announcement. VOLUME represents the daily closing price one month before an earnings 
announcement multiplied by the number of stocks traded per day divided by market capitalization. INST 
constitutes the proportion of shares that are institutionally owned. SIZE equals market capitalization. Based on 
period 2004-01-01 to 2020-10-01. 

 
In line with Francis et al. (2007) among others, we take positions in the respective extreme portfolios’ 
sub-portfolios. Accordingly, we go long in the high sub-portfolios of the LONG position and short in 
the high sub-portfolios of the SHORT position. We call this strategy High. Correspondingly, we take 
long positions in the low sub-portfolios of the LONG position and short positions in the low sub-
portfolios of the SHORT position. This long-short strategy we denote Low.  
 
We examine the drift based on the High and Low arbitrage strategies through an event study using 
BHARs that follows the one described in section 4.1.3. To attain the BHARs of the High (Low) 
strategies, the BHARs of the high (low) sub-portfolios of the SHORT position are subtracted from the 
respective high (low) sub-portfolios of the LONG position. 
 
Moreover, we evaluate the explanatory variables’ impact on the drift through a regression analysis based 
on the High and Low limits to arbitrage strategies with a three-month holding period. As in section 
4.1.4, we use three regression models employing risk factors from the Fama-French (1993) and Carhart 
(1997) four-factor model to assess the robustness of the results. The dependent variable in the 
regressions is the difference between the three-month holding period excess returns of the LONG and 
SHORT positions’ respective high and low sub-portfolios.   
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5. Empirical results 

In this part of the paper, we show and discuss the results from testing our hypotheses. We begin by 
presenting the post-earnings-announcement drift findings. Thereafter, we show the results related to 
how limits to arbitrage impact the drift. 

5.1. Post-earnings-announcement drift findings 

5.1.1.  Indicative drift results 

Similar to Bernard and Thomas (1989), we begin by displaying the buy-and-hold abnormal returns 
(BHARs) in a graph distinctive to PEAD studies. Figure 2 shows the average BHARs over the sample 
period for each portfolio type and holding periods of one to twelve months. The appearance of the 
average portfolio BHARs in the figure indicates a drift in returns following earnings announcements in 
Sweden. The results are thus consistent with Setterberg (2011) who also documents signs of a post-
earnings-announcement drift in the Swedish stock market using a graphical BHAR analysis. The PEAD 
strategy on average yields higher BHARs than the other portfolios for holding periods of up to ten 
months. 
 

 
 

 

 

Figure 2. Mean buy-and-hold abnormal returns over one to twelve months after portfolio formation  
The figure shows the average buy-and-hold returns for each portfolio type for one to twelve months after portfolio 
formation. Based on period 2004-01-01 to 2021-10-01.  
 

Overall, the portfolios follow the expected order in which the LONG portfolio yields the highest return 
and has an upward drift and the SHORT portfolio yields the lowest return and has a downward drift. 
The PEAD strategy on average yields higher BHARs than the other portfolios for holding periods of up 
to ten months. However, after that, the LONG position on average generates higher returns. This result 
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may be due to the limited magnitude and duration of the negative drift of the SHORT portfolio, which 
generates positive mean returns ten months after the portfolio formation. 
 
Table 6 shows the mean monthly BHAR of the SHORT, LONG and PEAD portfolios for each holding 
period along with the returns’ standard errors and t-values. We find that the average monthly BHARs 
of the PEAD position are significant at 1% for all holding periods. The PEAD strategy has a mean 
monthly return of 2.7% for a three-month holding period. In addition, the BHARs of the LONG position 
are significant for all holding periods with the majority of the returns being significant at 1%. However, 
the returns of the SHORT portfolio are nonsignificant for all holding periods and can thereby not be 
distinguished from zero. These findings contradict there being a descending drift after earnings 
announcements in which companies perform worse than expected. Similar to Setterberg (2011), the 
return of our PEAD strategy appears to mainly be generated by the LONG portfolio.  
 
Together, Figure 2 and Table 6, demonstrate that most of the return from the drift is generated during 
the first months after the portfolio formation. Our reported pattern of the drift is aligned with studies 
from other markets that document the majority of the return from the drift occurring during the first 
months after the portfolio formation date (e.g., Bernard and Thomas, 1989; Forner and Sanabria, 2010; 
Sadka, 2006). In addition, this result is consistent with the standard errors of the three portfolios in Table 
6 increasing for longer holding periods. That is, the noisiness of the return estimates increases making 
them less precise when the portfolios are held for longer periods.  

Table 6. Mean Buy-and-Hold Abnormal Returns per Holding Period 

 SHORT  LONG  PEAD 

t Return SE t-value  Return SE t-value  Return SE t-value 

1 -0.003 0.004 -0.781  0.010*** 0.004 2.838  0.013*** 0.004 3.531 
2 -0.005 0.006 -0.770  0.015** 0.005 3.099  0.019*** 0.005 3.562 

3 -0.010 0.007 -1.329  0.017** 0.007 2.584  0.027*** 0.006 4.146 

4 -0.005 0.008 -0.609  0.026*** 0.007 3.836  0.031*** 0.007 4.272 

5 -0.009 0.009 -1.027  0.032*** 0.008 3.866  0.041*** 0.009 4.756 

6 -0.013 0.010 -1.359  0.033*** 0.010 3.244  0.046*** 0.010 4.743 

7 -0.005 0.010 -0.516  0.042*** 0.010 4.394  0.047*** 0.011 4.269 
8 -0.009 0.011 -0.781  0.052*** 0.011 4.855  0.061*** 0.013 4.845 

9 -0.007 0.013 -0.537  0.058*** 0.011 5.077  0.064*** 0.013 4.984 

10 0.000 0.013 0.006  0.068*** 0.012 5.714  0.068*** 0.015 4.708 

11 0.000 0.015 0.022  0.073*** 0.013 5.661  0.072*** 0.016 4.547 

12 0.004 0.015 0.296  0.080*** 0.014 5.872  0.075*** 0.016 4.571 
This table presents mean monthly buy-and-hold returns. SHORT is the portfolio with the lowest EARs and 
LONG is the portfolio with the highest EARs. PEAD is the LONG minus SHORT portfolio. t is the holding 
period. Based on period 2004-01-01 to 2021-10-01.  
* p<0.1; ** p<0.05; *** p<0.01. 
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Our hitherto reported results of significant positive BHARs of the LONG and PEAD positions lend 
support for our first hypothesis, that there is a post-earnings-announcement drift in the Swedish stock 
market. In addition, our results indicate that prices drift particularly after positive earnings surprises. 
Hence, we go on to further investigate how our long-short PEAD strategy performs and ensure that the 
returns do not represent reward for bearing risk. 

5.1.2.  PEAD strategy findings 

Table 7 shows our regression results for the mean BHARs over a three-month holding period. The 
standard errors in the regressions are tested and adjusted for potential issues with heteroskedasticity and 
autocorrelation using the Newey-West estimator. Model 1 regresses returns on the market factor, Model 
2 includes the market, size and value factors and Model 3 contains a momentum factor in addition to 
the three aforementioned risk factors. 
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Table 7. Regression Results for PEAD Strategy, Three-Month Holding Period 

 SHORT  LONG  PEAD 

Variable Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

Intercept 
-0.012* 
(-1.73) 

-0.014* 
(-1.86) 

-0.013* 
(-1.71) 

 
0.014** 
(2.36) 

0.014** 
(2.19) 

0.013** 
(2.08) 

 
0.027*** 
(4.43) 

0.027*** 
(4.36) 

0.026*** 
(4.15) 

MRP 
1.123*** 
(14.05) 

1.126*** 
(11.61) 

1.095*** 
(10.71) 

 
1.220*** 

(18.22) 
1.194*** 
(14.85) 

1.208*** 
(14.19) 

 
0.096 
(1.44) 

0.067 
(0.81) 

0.112 
(1.32) 

SMB  
0.084 
(0.44) 

0.048 
(0.25) 

  
0.185 
(1.15) 

0.201 
(1.23) 

  
0.104 
(0.64) 

0.157 
(0.96) 

HML  
-0.154 
(-1.25) 

-0.187 
(-1.46) 

  
-0.151 
(-1.48) 

-0.136 
(-1.27) 

  
0.005 
(0.05) 

0.054 
(0.51) 

MOM   
-1.103 
(-1.96) 

   
0.048 
(0.53) 

   
0.153* 
(1.72) 

            

N 66 66 66  66 66 66  66 66 66 

Adj. R2 0.751 0.750 0.750  0.836 0.838 0.837  0.016 -0.008 0.022 

            
This table reports the regression results for excess buy-and-hold returns. SHORT is the portfolio with the lowest EARs and LONG is the portfolio with the highest EARs. 
PEAD is equal to LONG minus SHORT. MRP is the market risk factor, calculated as the OMXSPI return minus the risk-free rate proxied by the 1-month Swedish Treasury 
Bill. SMB, HML and MOM are the size, value and momentum factors from the U.S. Returns and the respective risk factors are compounded over the holding periods. 
Double-sided t-statistics are reported in parentheses. Based on period 2004-01-01 to 2021-01-01.  
* p<0.1; ** p<0.05; *** p<0.01. 
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The PEAD strategy in Model 1 generates an alpha of 2.7% which is statistically significant at 1%. The 
returns of our trading strategy are further robust to the risk factors from the Fama-French (1993) and 
Carhart (1997) four-factor model. As seen in Model 2 and 3, the market, size, value and momentum 
factors fail to explain the returns of the PEAD strategy as all of them are insignificant. The fact that the 
momentum factor is insignificant suggests that the post-earnings-announcement drift exists 
independently of a momentum effect. This finding is consistent with prior studies that are unable to find 
a momentum effect on the Swedish stock market (Doukas and McKnight, 2005; Griffin et al., 2003, 
Novak, 2008) as well as with research advocating that the drift is not subsumed by other anomalies such 
as the momentum effect (Bohl et al., 2016; Chen et al., 2014; Leippold and Lohre, 2012). After 
accounting for the risk factors, the return of the PEAD position corresponds to a mean annual return of 
about 11% based on a three-month holding period. 
 
The regression analysis verifies the previously indicated results of the return of the trading strategy 
being produced by the position in the LONG portfolio. The intercept of the LONG portfolio is significant 
for all three models and has a coefficient of 1.3% after adjusting for the risk factors. The average BHARs 
of the SHORT portfolio remain insignificant in all regression models, as expected from prior 
significance tests shown in Table 6. In line with Setterberg (2011), the LONG and SHORT portfolios 
have market risk factors that are significant at 1% in all regression models. Consequently, the returns of 
the positions can be explained by the market. Additionally, the coefficients for the market risk factor in 
the LONG and SHORT portfolio regressions are both above one, indicating that the portfolios on 
average are more volatile than the overall market. As a result, the market risk exposure is neutralized in 
the trading strategy seeing that the market beta is shown to be insignificant. 

Table 8. Regression Results for PEAD Strategy, One to Three-Month Holding Periods 
 SHORT  LONG  PEAD 

t Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

1 -0.004 -0.001 -0.003  0.010*** 0.011*** 0.010***  0.014*** 0.012*** 0.013*** 

2 -0.009 -0.009 -0.009  0.013*** 0.012** 0.012**  0.021*** 0.021*** 0.021*** 

3 -0.012* -0.014* -0.013*  0.014** 0.014** 0.013**  0.027*** 0.027*** 0.026*** 
This table reports the regression results for excess buy-and-hold returns. SHORT is the portfolio with the lowest 
EARs and LONG is the portfolio with the highest EARs. PEAD is equal to LONG minus SHORT. t denotes the 
holding period. Based on period 2004-01-01 to 2021-01-01. 
* p<0.1; ** p<0.05; *** p<0.01 
 

Since a lot of the drift occurs during the first months after the earnings announcements, we compare the 
regression results for one to three-month holding periods. Table 8 shows the coefficients of the intercepts 
of the SHORT, LONG and PEAD strategy for one to three-month holding periods across the regression 
models. The results of the positions for shorter holding periods are in line with the three-month holding 
period findings in Table 7. The returns of the PEAD position are produced by the long leg of our strategy 
since the LONG position is significant and the SHORT position remains insignificant. Yet, we can see 
that the significance of the LONG portfolio begins to decline as the length of the holding period 
increases, which might be due to the increased uncertainty of the returns as our previous findings 
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indicate in Table 6. Additionally, the alpha of our hedge strategy is consistently higher relative to the 
LONG portfolio.  
 
To summarize, the regression analysis provides robust evidence of there still being a post-earnings-
announcement drift in the Swedish stock market after positive earnings surprises. Apart from being 
statistically significant, our results are economically significant. We show that mean excess BHAR of 
about 11% can be earned annually from exploiting the drift using a long-short trading strategy with a 
three-month holding period. These results are consistent with the level of returns obtained in previous 
studies. In Europe, trading strategies exploiting the drift has been shown to yield yearly returns of 11% 
in Sweden (Setterberg, 2011), 10.8% in the UK (Liu et al., 2003), 7.3% in Spain (Forner et al., 2009) 
and 6.6% based on a six-month holding period in Germany (Dische, 2002).   
 
A finding that stands out among our results is the asymmetrical element of the detected drift. The 
appearance of our drift is aligned with the prior paper by Setterberg (2011) who covers the drift in 
Sweden as well as studies based on other countries (e.g., Dische, 2002; Forner et al., 2009). Hence, this 
finding is not unique to our study’s sample. The reason behind the absence of a drift for negative 
earnings surprises can be related to behavioral factors. Investors may react differently to good versus 
bad earnings announcements. From the cognitive bias called the negativity bias it follows that negative 
information is more salient than positive information (Rozin and Royzman, 2001). The negativity bias 
is further linked to investor behavior and affects, for example, investors’ attention (Reyes, 2019). 
Increased weight on bad news in relation to earnings announcements is found by Conrad et al. (2002). 
They argue that investors react more strongly to negative earnings surprises compared to positive in up 
markets. In addition, research by Williams (2015) finds that investors respond faster to negative earnings 
news than positive earnings news in times of greater macroeconomic uncertainty. Consequently, the 
asymmetrical drift might be a result of investors reacting faster to negative earnings surprises than 
positive ones.  
 
Nevertheless, the SHORT portfolio may be insignificant due to an unaccounted for risk factor. Francis 
et al. (2007) propose that the anomaly is caused by information uncertainty. They claim that information 
uncertainty is associated with risk and that the stocks in the extreme earnings surprise portfolios 
comprise higher information risk. As a result, stocks with large earnings surprise shocks are rewarded 
with higher returns which counteracts the downward drift. However, this effect does not oppose the 
drift’s direction for stocks with positive earnings surprises since they drift upwards. This risk effect 
could thereby be a possible source of our results. 
 
The asymmetric nature the drift has implications for our study’s perspective on arbitrage. The results 
suggest that there is only an opportunity left for arbitrage after positive earnings surprises. As noted, the 
return from our long-short trading strategy is consequently driven by the long position. Accordingly, the 
short leg of the strategy mainly contributes to reducing the strategy’s exposure to market risk and to 
financing the long position. The lack of returns to the SHORT portfolio further entails that the position 
could be replaced by a short position in another group of stocks to still attain a self-financed trading 
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strategy. Another alternative would be to only go long in the stocks with the most positive earnings 
surprises.  
 
Moreover, unlike studies documenting stock prices drifting more following bad news than good news 
(Chan, 2003), our findings do not indicate that short-sale constraints impede arbitrageurs from 
exploiting the downward drift. Instead, it seems that positive earnings surprises are arbitraged away to 
a lower extent than negative surprises since the mispricings are concentrated in the stocks with the 
extreme positive earnings surprises. Consequently, the lack of a downward drift suggests that our 
proxies of limits to arbitrage will not reflect difficulties related to short-selling. Rather, the explanatory 
variables may capture if other limits to arbitrage inhibit arbitrageurs from exploiting mispricings in 
stocks included in the LONG portfolio.  
 
According to Bernard et al. (1994), a strategy can be evaluated by examining how often the strategy 
triumphs versus fails. Considering the previously shown evidence of our returns being robust to all of 
the tested risk factors, we in line with Setterberg (2011) examine the PEAD strategy’s BHARs. Figure 
3 displays the market-adjusted buy-and-hold returns of the PEAD strategy based on a three-month 
holding period per formation date.  
 

 

 

Figure 3. Buy-and-hold abnormal returns of the PEAD strategy three months after portfolio formation  
The figure illustrates how often the trading strategy succeeds and generates positive abnormal returns. Based on 
period 2004-01-01 to 2021-01-01. 

 
Our PEAD strategy yields positive returns a majority of the time. Specifically, 46 out of 66 periods or 
70% of the PEAD strategies produce above zero returns. This result is similar to Setterberg (2011), 
whose long-short strategy on the drift in Sweden succeeds 60% of the time during 1997-2004. As 
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depicted, substantial BHARs can be earned from the strategy over a relatively short period and the 
highest return is for the PEAD position taken during the fourth quarter of 2012 which is about 15%.  
 
Our trading strategy in total fails 20 times. Nonetheless, most of the losses are relatively small and do 
not exceed -2%. Several of the negative returns occur for portfolios formed between 2007-2009 and 
during this period is when the single most negative return of the trading strategy occurs which is close 
to -15%. The BHARs for this period coincide with the global financial crisis of 2007-2008 which can 
explain the predominantly negative returns of the PEAD positions during that time. Other reasons for 
why the strategy yields negative returns at for example the beginning of 2019 may relate to an economic 
slowdown during 2018 in which the central bank in Sweden increased the repo rate in December 2018 
for the first time since 2015 (Riksbanken, 2024). Moreover, at the end of the same month, the Federal 
Reserve increased the federal funds rate for the fourth time in 2018 (Federal Reserve Economic Data, 
2024). The second largest drop in returns occurs during 2020 and can be attributed to the Covid-19 
pandemic which caused the Swedish stock market to decline (Nasdaq, 2024).  
 
Under the assumption that the PEAD strategy returns are binomially distributed with an equal chance 
of each outcome and that each trial is independent, we conduct a statistical test to evaluate the probability 
of observing more than 45 positive portfolio returns out of 66 possible quarters. The test reveals that the 
probability of this occuring is approximately 0.093%, which underscores the unlikelihood of our result 
being attributed to chance. 

5.1.3.  Additional robustness test 

Sub-period results 

To further investigate the robustness of our findings, we split our sample of 66 quarters into two sub-
sample periods and run the same regressions. The first sub-sample period runs between 2004 to 2012 
and the second from 2012 to 2020. As seen in Table 11 in the Appendix, for the first half of the sample 
we find that the PEAD strategy generates a return of approximately the same magnitude as the full 
sample but at a lower significance level. This result seems to be due to both the returns of the SHORT 
and LONG portfolios being insignificant. Hence, we are unable to detect an upward or downward drift 
for this period. For the latter half of the sample period, illustrated in Table 12 in the Appendix, the results 
align more with our full sample findings. The LONG position is significant while the SHORT position 
is insignificant. The PEAD strategy is again significant at 1% and yields returns that are slightly higher 
than the returns for our entire study period.  
   
These results suggest that the drift is stronger during the second half of our study. This finding might be 
due to the first half of our sample period coinciding with the global financial crisis of 2007-2008. Hence, 
the first period constitutes a time encompassing unusually high volatility and uncertainty with low stock 
market performance in general (Adebambo et al., 2015). Figure 3 further confirms that our trading 
strategy does not generate positive returns during this period. The overall sentiment of the market may 
thus have dominated quarterly announcements of company-specific information which might explain 
the weaker results for this period.   
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Extreme observations  

We remove outliers to ascertain that our PEAD results cannot be attributed to a limited number of 
extreme returns. In line with previous PEAD studies (e.g., Mendenhall, 2004; Truong, 2010), we exclude 
0.5% of the lowest returns from the SHORT portfolio and 0.5% of the highest returns from the LONG 
portfolio. As seen in Table 13 in the Appendix, our results remain unchanged with this adjustment. The 
significance levels of the SHORT, LONG and PEAD positions are unaltered and the magnitude of the 
positions’ returns are in line with the previously documented results. 

5.2. Limits to arbitrage findings 

5.2.1.  Indicative arbitrage results 

Since the explanatory variables are based on data of varying lengths back in time, the first observation 
per proxy is attained at different points in time. Hence, the first portfolio formation date for the 
explanatory variables differs. The first portfolio based on ARBRISK is formed on 2008-01-01, the first 
VOLUME portfolio formation date occurs 2004-10-01, the first INST portfolio is computed on 2004-
07-01 and the first SIZE based portfolio is produced on 2004-10-01. All results presented in this section 
are thus based on the respective variables’ first formation dates whilst they have the same last formation 
date which is 2020-07-01.  
 
Figure 4 displays the mean buy-and-hold abnormal returns (BHARs) over one to twelve months after 
portfolio formation for the High and Low strategies per explanatory variable. Note that the BHARs are 
calculated based on different periods depending on when the first formation date occurs, yet the trading 
strategies within each graph correspond to the same period.  
 
The arbitrage risk BHAR graph in Figure 4 does not have the expected appearance. The High arbitrage 
risk position generates higher average returns than the Low position. However, the High arbitrage risk 
position only yields higher average BHARs than the original trading strategy for one and two-month 
holding periods. Nevertheless, as seen in Table 14 in the Appendix, the mean High returns are significant 
for one and two-month holding periods but the significance then declines and disappears for numerous 
holding periods. The mean BHARs of the Low arbitrage risk position are not significant for any holding 
period and thus do not indicate a drift.  
 
We find that arbitrage risk only seems to impact the size of the drift for shorter holding periods. This 
result is aligned with several prior papers that document weak relationships between the drift and 
idiosyncratic volatility. Unlike Mendenhall (2004), Chordia et al. (2009) find that idiosyncratic volatility 
does not impact the magnitude of the drift. Similar results have further been found in studies outside of 
the U.S. Forner et al. (2009) study the anomaly in the Spanish stock market and do not find evidence of 
idiosyncratic volatility driving the drift. Additionally, the asymmetrical aspect of our documented drift 
may have implications for how the arbitrage risk proxy reflects limits to arbitrage. Considering that we 
do not find a drift for negative earnings surprises, the obstacles that are left for arbitrageurs to overcome 
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in exploiting the upward drift may not be related to idiosyncratic volatility. Thereby, the effect of 
arbitrage risk on drift may be limited, especially for longer holding periods. 
 

  

 
 

 

Figure 4. Mean buy-and-hold abnormal returns for the limits to arbitrage sub-portfolios  
The figure shows the average buy-and-hold returns for long-short positions based on the limits to arbitrage proxies. 
The High (Low) position is long in the LONG sub-portfolio with high (low) scores and short in SHORT positions 
sub-portfolio with high (low) scores for the respective arbitrage proxies. ARBRISK constitutes the residual 
variance from regressing a stock’s daily return on the market over 48 months up until one month before an earnings 
announcement. VOLUME represents the daily closing price one month before an earnings announcement 
multiplied by the number of stocks traded per day divided by market capitalization. INST constitutes the 
proportion of shares that are institutionally owned. SIZE equals market capitalization.  
Based on period 2004-01-01 to 2021-10-01.   
 
The graph displaying long-short strategies based on trading volume shows the Low position yielding 
slightly higher average BHARs than the original PEAD strategy. The mean BHARs of the Low position 
are significant at 1% for all holding periods (Table 14 Appendix). The High position on average yields 
lower returns than the PEAD strategy yet the returns are mostly insignificant (Table 14 Appendix). For 
the seven-month holding period, the BHARs of the High and Low positions are close to converging 
with the PEAD strategy.  
 
The BHAR graph sorted on institutional ownership shows the predicted relationship between the drift 
and investor sophistication. The Low institutional ownership position on average exhibits higher mean 
BHARs relative to the original trading strategy. Meanwhile, the mean BHARs of the High institutional 
ownership position are lower than the PEAD strategy. The BHARs of the Low trading strategy are 
statistically significant at 1% for all holding periods (Table 14 Appendix). A three-month holding period 
for the Low institutional ownership position returns a mean BHAR of 4.3% which corresponds to a 
1.6% higher average BHAR than the original PEAD strategy. The results thereby point towards the size 
of the drift being larger for stocks with lower investor sophistication. The High position yields 
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significant BHARs for some holding periods (Table 14 Appendix). Hence, our results indicate that high 
institutional stocks drift but to a lower extent compared to low institutional holding firms.  
 
The graph based on firm size suggests that a hedge position based on small firms earns higher mean 
BHARs than the PEAD strategy. The mean BHARs of the Low position are significant at 1% for all 
holding periods (Appendix Table 14). For a three-month holding period, the Low position earns a mean 
BHAR of 3.7% which is about 1% higher than the mean return of the original PEAD strategy for the 
same holding period. For a majority of the holding periods, the BHARs of the High position lack 
significance and hence do not suggest that returns of larger firms drift.  
 
The proxies of transaction costs, investor sophistication and firm size show the expected relationship to 
drift. Our results thus align with previous literature stating that the drift is larger for stocks with higher 
transaction costs (Bhushan, 1994; Ng et al., 2008; Mendenhall, 2004), lower institutional holding 
(Clement et al., 2019; Doyle et al., 2006; Hung et al., 2015) and of smaller companies (Bernard and 
Thomas, 1989; Foster et al., 1984). Overall, our event study findings provide indicative results of limits 
to arbitrage impacting the magnitude of the post-earnings-announcement drift in Sweden and we thus 
find support for our second hypothesis. We proceed to examine whether the returns may constitute 
compensation for risk and determine the robustness of our results.  

5.2.2.  Regression results for arbitrage strategies 

Table 9 presents the regression results for the three-month holding period returns of the High and Low 
arbitrage strategies for each regression model. Again, the standard errors are tested and adjusted for 
heteroscedasticity and autocorrelation using the Newey-West estimator. We find that the alphas of 
Model 1 for the High arbitrage risk strategy and Low positions based on trading volume, institutional 
ownership and firm size exceed the alpha of the PEAD strategy. The returns of the mentioned strategies 
are all significant at 1%. The results confirm the BHARs previously documented in the event study in 
which these positions generate higher returns than the original strategy. Moreover, the excess buy-and-
hold returns of the strategies based on higher limits to arbitrage are robust to the risk factors included in 
Model 2 and 3 since the market, size, value and momentum effects are unable to explain the returns 
(Table 18 Appendix). After including the risk factors, the mean excess buy-and-hold returns of the 
strategies range from 3.5% to 4.2%, which verifies the results reported in Figure 4. On an annual basis, 
the results correspond to returns of approximately 15% to 18%.  
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Table 9. Regression Results for Arbitrage Based Strategies, Three-Month Holding Period 
   ARBRISK  VOLUME  INST  SIZE 

Model PEAD  Low High  Low High  Low High  Low High 

1 0.027***  -0.002 0.038***  0.035*** 0.006  0.042*** 0.009  0.040*** 0.010 

2 0.027***  -0.003 0.040***  0.037*** 0.006  0.043*** 0.010  0.041*** 0.010 

3 0.026***  -0.003 0.040***  0.035*** 0.003  0.042*** 0.008  0.042*** 0.007 
This table presents the results from the excess buy-and-hold return regressions based on the limits to arbitrage 
strategies. The High (Low) position is long in the LONG sub-portfolio with high (low) scores and short in 
SHORT positions sub-portfolio with high (low) scores for the respective arbitrage proxies. ARBRISK constitutes 
the residual variance from regressing a stock’s daily return on the market over 48 months up until one month 
before an earnings announcement. VOLUME represents the daily closing price one month before an earnings 
announcement multiplied by the number of stocks traded per day divided by market capitalization. INST 
constitutes the proportion of shares that are institutionally owned. SIZE equals market capitalization. Based on 
period 2004-01-01 to 2021-01-01. 
* p<0.1; ** p<0.05; *** p<0.01 
 

In contrast, the buy-and-hold returns of the Low arbitrage risk and High trading volume, institutional 
ownership and size strategies are insignificant in all three regression models and hence cannot be 
distinguished from zero (Table 18 Appendix). Thereby, the regression results do not show a drift for the 
strategies based on lower limits to arbitrage. Again, this finding is in line with the event study results in 
which the mean BHARs of these positions are insignificant for a three-month holding period.  
 
Overall, the long-short strategies based on high limits to arbitrage seem to perform on an equal level 
over a three-month holding period since the magnitude of the returns is similar and the significance level 
is the same. In addition, the low correlations between the variables shown in Table 4 speak to the 
explanatory variables being independent from each other. It is thus difficult to suggest a specific 
arbitrage proxy, especially between institutional ownership and size, that is more beneficial to base a 
trading strategy on when implementing a three-month holding period. However, the arbitrage risk 
BHAR graph in Figure 4 suggests that arbitrage risk does not make for a favorable trading strategy for 
longer holding periods. In addition, trading volume generates the lowest mean buy-and-hold return out 
of the variables. 
 
As seen in Table 15 in the Appendix, the results from the regressions generally remain consistent when 
comparing them over holding periods ranging from one to three months. The strategies are still 
significant and continue to be robust to our employed risk factors. The only deviation in the results 
relates to the High arbitrage risk strategy which is insignificant for the one-month holding period. The 
largest difference in returns between the PEAD strategy and the arbitrage-based hedge positions is for 
the three-month holding period.  
 
In general, our findings support the documented notion of investors trading the stocks that are easiest to 
arbitrage (Ng et al., 2008; Milian, 2015). For a three-month holding period we, in accordance with 
previous literature (e.g., Gerard, 2012; Ng et al., 2008; Mendenhall, 2004; Pontiff, 2006; Wurgler and 
Zhuravskaya, 2002), find that arbitrage risk impedes arbitrageurs from trading on the anomaly as the 
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returns of the drift are higher for stocks with higher arbitrage risk. Additionally, our trading volume 
results align with arbitrageurs being more prone to align stock prices with their fundamental value for 
stocks that are less costly to trade (Bhushan, 1994; Ng et al., 2008; Mendenhall, 2004). Consistent with 
for instance Bartov et al. (2000), Ke and Ramalingegowda (2005), Ayers et al. (2011) and Clement et 
al. (2019), we recognize that the drift is negatively related to investor sophistication. In the paper by Ke 
and Ramalingegowda (2005), institutional investors with a short investment horizon can earn 5.1% in 
return from trading on the drift using a long-short logic and a three-month holding period. Their level 
of return is similar to the 4.2% mean excess buy-and-hold return in our study that is left to be arbitraged 
away in stocks with low institutional holding. Moreover, we observe that the magnitude of the drift is 
inversely related to firm size which aligns with the papers by Foster et al. (1984) and Bernard and 
Thomas (1989). Our regression results confirm the event study indication of larger firms not drifting. 
This finding is further consistent with the paper by (Martineau, 2021) who is unable to find a post-
earnings-announcement drift in the U.S. market for large liquid stocks. 
 
The regression results of the High and Low strategies based on a three-month holding period for the 
limits to arbitrage proxies show the expected relationship to PEAD. More difficult to arbitrage stocks, 
that is stocks with higher arbitrage risk, higher transaction costs, lower investor sophistication and small 
firms, have higher mean excess buy-and-hold returns than the original long-short strategy not sorted on 
arbitrage. The hedge positions in stocks expected to have low limits to arbitrage on the contrary do not 
indicate a drift. The regression results thus support our second hypothesis that the presence of limits to 
arbitrage drives the magnitude of the post-earnings-announcement drift in the Swedish stock market. 
 
On a broader level, we find that our proxies of transaction costs, investor sophistication and size have 
the biggest impact on the drift. The asymmetrical nature of the drift in Sweden indicates that short-sale 
constraints do not constitute a source of limits to arbitrage that drives the drift. Short-sale restrictions 
are mainly captured by the VOLUME, INST and SIZE variables. However, since our results still show 
that these variables impact the magnitude of the drift, other aspects of arbitrage that the variables reflect 
seem to affect the anomaly. Given the results for institutional ownership and firm size, an irrationality 
story may be at play. Sophisticated investors are argued not to underreact to earnings news (Bartov et 
al., 2000). Firm size is related to investor sophistication as smaller stocks tend to have a lower share of 
sophisticated investors (Clement et al., 2019; Collins et al., 2003; Truong, 2010). The drift being larger 
for firms that have lower institutional holding and are smaller can suggest that the investor base with 
more irrational investors is driving the drift. Nevertheless, market frictions pertaining to the long leg 
can also constitute a driver of the drift. Our results show that trading volume impacts the size of the 
PEAD. In addition, firm size also relates to market frictions as small firms tend to be more illiquid 
(Amihud and Mendelson, 1986). As a result, the VOLUME and SIZE variables may indicate that market 
frictions specific to stocks with extreme positive earnings surprises are preventing arbitrageurs from 
exploiting the upward drift.  
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6. Conclusion  

The aim of this study is to investigate whether the post-earnings-announcement drift still exists in the 
Swedish stock market and if the magnitude of a possible drift can be attributed to limits to arbitrage. 
This paper thus contributes to an understanding of market efficiency and how it is influenced by market 
frictions.  
 
We provide evidence of an asymmetric drift after earnings announcements in Sweden. Our results show 
stock prices drifting after positive earnings surprises. However, we do not find a downward drift in 
prices following negative earnings surprises. Hence, our findings reveal stock prices reacting differently 
to good versus bad earnings shocks. By using a regression analysis, we show that the return from a 
hedge strategy based on the drift is generated by the long position in stocks with the most positive 
earnings surprises. Specifically, our trading strategy based on a three-month holding period produces a 
mean return of 11% per year. The results are robust to the market, size, value and momentum effects. 
Consequently, we find support for our first hypothesis of the drift being present in the Swedish stock 
market. Our findings thus align with Setterberg (2011) who only detects a drift upwards following 
earnings announcements and shows that trading on the anomaly yields 11% in yearly return. 
 
The lack of a downward drift in prices after negative earnings surprises indicates that short-sale 
constraints do not inhibit arbitrageurs from exploiting the drift in Sweden. Instead, our proxies of limits 
to arbitrage attempt to capture the source of the mispricing that is left in the long position of our trading 
strategy. In line with our second hypothesis of limits to arbitrage impacting the magnitude of the drift, 
we find that more difficult to arbitrage stocks yield higher mean returns than a trading strategy sorted 
exclusively on earnings surprises. Our results particularly show that proxies of transaction costs, 
investor sophistication and size affect the magnitude of the drift. On average, 7% more per year can be 
earned from sorting the strategy on low institutional ownership and firm size in addition to earnings 
surprises. Furthermore, our regression analysis shows no evidence of returns drifting for stocks that 
based on our explanatory variables should be easier for arbitrageurs to trade. These findings are further 
robust to the risk factors from the Fama-French (1993) and Carhart (1997) four-factor model. 
Accordingly, our results confirm the notion of arbitrageurs aligning prices with their fundamental value 
for securities that have lower barriers to arbitrage (Bhushan, 1994; Gerard, 2012; Jeffrey et al., 2008; 
Mendenhall, 2004; Zhang et al., 2013). 
 
One of the limitations of our study is that the returns of our trading strategies do not include transaction 
costs. Costs to trading would affect the profitability of our trading strategies and hence the lucrativeness 
of our returns may be exaggerated. However, considering the magnitude of the returns and that we only 
form new portfolios quarterly, it is reasonable to assume that our strategies still would generate positive 
returns net of transaction costs. Additionally, the returns of the trading strategies constitute average 
returns earned over our sample period. Thus, the returns do not represent what an investor would earn 
in real-time from trying to leverage the drift. Thereby, there is reason to be cautious when analyzing the 
strategies profitability.  
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The drift in prices contradict the semi-strong form of the efficient market hypothesis. Our proxies of 
limits to arbitrage open for discussions surrounding irrationality and market frictions causing this 
inefficiency. Hence, as a suggestion for future research, we propose to further investigate the 
asymmetrical nature of the drift. Prior research regarding what causes the different responses to negative 
and positive earnings surprises is relatively scarce within the PEAD sphere. More knowledge about 
market efficiency and how it is affected by arbitrage would be of interest to researchers, portfolio 
managers and investors.  
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Appendix 

Table 10. Portfolio Formation Overview 

Intitial portfolios N Firms Final portfolios N Firms 

1 1,579 346 
1 3,122 410 

2 1,543 376 

3 1,539 372 
2 3,083 427 

4 1,544 364 

5 1,567 369 
3 3,113 416 

6 1,546 367 

7 1,505 363 
4 3,010 408 

8 1,505 370 

9 1,505 364 
5 3,036 407 

10 1,531 360 
This table illustrates the portfolio formation and reports the number of earnings surprises and firms per portfolio. 
Portfolio 1 contains the stocks with the most negative earnings surprises per quarter and Portfolio 10 includes 
the stocks with the most positive earnings surprises per quarter. N represents the number of earnings surprises. 
Based on period 2004-01-01 to 2020-10-01. 
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Table 11. Regression Results for PEAD Strategy 2004-2012, Three-Month Holding Period 

 SHORT  LONG  PEAD 

Variable Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

Intercept 
-0.022* 
(-1.76) 

-0.021 
(1.66) 

-0.020 
(-1.51) 

 
0.003 

(0.33) 

0.003 

(0.33) 

0.000 

(0.03) 
 

0.024** 

(2.39) 

0.024** 

(2.27) 

0.020* 

(1.97) 

MRP 
1.141*** 
(8.73) 

1.133*** 
(6.59) 

1.094*** 
(5.75) 

 
1.220*** 

(14.48) 

1.211*** 

(10.90) 

1.284*** 

(10.85) 
 

0.079 

(0.74) 

0.075 

(0.53) 

0.187 

(1.27) 

SMB  
0.037 
(0.08) 

0.046 
(0.10) 

  
0.053 

(0.19) 

0.037 

(0.14) 
 

 0.024 

(0.07) 

-0.000 

(-0.00) 

HML  
-0.003 
(-0.01) 

-0.027 
(-0.11) 

  
-0.013 

(-0.8) 

0.032 

(0.21) 
 

 -0.006 

(-0.03) 

0.063 

(0.34) 

MOM   
-0.086 
(0.51) 

   
0.161 

(2.54) 
 

  0.248* 

(1.91) 

            

N 33 33 33  33 33 33  33 33 33 

Adj. R2 0.701 0.681 0.673  0.867 0.858 0.864  -0.015 -0.084 0.006 

            
This table reports the regression results for excess buy-and-hold returns. SHORT is the portfolio with the lowest EARs and LONG is the portfolio with the highest EARs. 
PEAD is equal to LONG minus SHORT. MRP is the market risk factor, calculated as the OMXSPI return minus the risk-free rate proxied by the 1-month Swedish Treasury 
Bill. SMB, HML and MOM are the size, value and momentum factors from the U.S. Returns and the respective risk factors are compounded over the holding periods. 
Double-sided t-statistics are reported in parentheses. Based on period 2004-01-01 to 2012-07-01.  
* p<0.1; ** p<0.05; *** p<0.01. 
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Table 12. Regression Results for PEAD Strategy 2012-2020, Three-Month Holding Period 

 SHORT  LONG  PEAD 

Variable Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

Intercept 
-0.000 

(-0.39) 

-0.001 

(-0.82) 

-0.001 

(-0.14) 
 

0.027*** 

(2.94) 

0.025** 

(2.74) 

0.025*** 

(2.79) 
 

0.025*** 

(4.28) 

0.027*** 

(4.25) 

0.026*** 

(4.18) 

MRP 
1.094*** 

(12.54) 

1.079*** 

(10.98) 

1.056*** 

(10.49) 
 

1.210*** 

(11.72) 

1.148*** 

(0.12) 

1.122*** 

(9.19) 
 

0.116 

(1.47) 

0.068 

(0.72) 

0.066 

(0.66) 

SMB  
0.128 

(0.79) 

0.049 

(0.27) 
  

0.260 

(1.33) 

0.171 

(0.78) 
  

0.133 

(0.84) 

0.124 

(0.70) 

HML  
-0.269 

(-2.32) 

-0.317 

(-2.53) 
  

-0.238 

(-1.70) 

-0.294* 

(-1.93) 
  

-0.132 

(0.27) 

-0.134 

(0.20) 

MOM   
-0.138 

(-1.02) 
   

-0.156 

(-0.96) 
   

-0.007 

(-0.11) 
            

N 33 33 33  33 33 33  33 33 33 

Adj. R2 0.830 0.848 0.848  0.810 0.822 0.821  0.035 -0.002 -0.037 

            
This table reports the regression results for excess buy-and-hold returns. SHORT is the portfolio with the lowest EARs and LONG is the portfolio with the highest EARs. 
PEAD is equal to LONG minus SHORT. MRP is the market risk factor, calculated as the OMXSPI return minus the risk-free rate proxied by the 1-month Swedish Treasury 
Bill. SMB, HML and MOM are the size, value and momentum factors from the U.S. Returns and the respective risk factors are compounded over the holding periods. 
Double-sided t-statistics are reported in parentheses. Based on period 2012-07-01 to 2021-01-01.  
* p<0.1; ** p<0.05; *** p<0.01. 
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Table 13. Regression Results for PEAD Strategy 2012-2020 with Outliers of EAR Trimmed by 0.5%, Three-Month Holding Period 

 SHORT  LONG  PEAD 

Variable Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

Intercept 
-0.011 

(-1.50) 

-0.012 

(-1.65) 

-0.011 

(-1.49) 
 

0.014** 

(2.37) 

0.013** 

(2.19) 

0.025*** 

(2.07) 
 

0.025*** 

(4.20) 

0.026*** 

(4.15) 

0.024*** 

(3.93) 

MRP 
1.119*** 

(13.88) 

1.121*** 

(11.47) 

1.187*** 

(10.57) 
 

1.198*** 

(18.08) 

1.175*** 

(14.75) 

1.192*** 

(14.14) 
 

0.079 

(1.20) 

0.052 

(0.65) 

0.104 

(1.25) 

SMB  
0.092 

(0.48) 

0.053 

(0.27) 
  

0.175 

(1.10) 

0.195 

(1.20) 
  

0.086 

(0.53) 

0.147 

(0.91) 

HML  
-0.163 

(-1.31) 

-0.199 

(-1.55) 
  

-0.148 

(-1.46) 

-0.130 

(-1.23) 
  

0.017 

(0.17) 

0.072 

(0.69) 

MOM   
-0.133 

(-1.05) 
   

-0.057 

(0.65) 
   

0.173* 

(1.98) 
            

N 66 66 66  66 66 66  66 66 66 

Adj. R2 0.747 0.746 0.746  0.834 0.836 0.835  0.007 -0.020 -0.026 

            
This table reports the regression results for excess buy-and-hold returns. SHORT is the portfolio with the lowest EARs and LONG is the portfolio with the highest EARs. 
PEAD is equal to LONG minus SHORT. MRP is the market risk factor, calculated as the OMXSPI return minus the risk-free rate proxied by the 1-month Swedish Treasury 
Bill. SMB, HML and MOM are the size, value and momentum factors from the U.S. Returns and the respective risk factors are compounded over the holding periods. 
Double-sided t-statistics are reported in parentheses. Based on period 2004-01-01 to 2021-01-01.  
* p<0.1; ** p<0.05; *** p<0.01. 
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Table 14. Mean Monthly Buy-and-Hold Abnormal Returns for Arbitrage Strategies 
 ARBRISK  VOLUME 

 Low  High  Low  High 

t Return SE  Return SE  Return SE  Return SE 

1 -0.009 0.006  0.014** 0.006  0.019*** 0.005  0.007 0.005 
2 -0.012 0.008  0.019** 0.008  0.026*** 0.007  0.008 0.007 
3 -0.009 0.010  0.017* 0.010  0.037*** 0.008  0.012 0.008 
4 -0.007 0.012  0.010 0.012  0.042*** 0.009  0.014 0.009 
5 -0.002 0.014  0.022 0.014  0.056*** 0.011  0.020* 0.011 
6 -0.001 0.014  0.025* 0.014  0.066*** 0.012  0.024* 0.012 
7 0.000 0.015  0.026* 0.015  0.063*** 0.014  0.030** 0.014 
8 0.006 0.016  0.037** 0.016  0.080*** 0.015  0.036** 0.015 
9 0.006 0.017  0.046*** 0.017  0.088*** 0.014  0.036** 0.014 
10 0.011 0.020  0.045** 0.020  0.103*** 0.017  0.031* 0.017 
11 0.015 0.022  0.054** 0.022  0.112*** 0.019  0.032 0.019 
12 0.021 0.023  0.054** 0.023  0.112*** 0.020  0.038* 0.020 

 INST  SIZE 

 Low  High  Low  High 

t Return SE  Return SE  Return SE  Return SE 

1 0.021*** 0.005  0.007 0.005  0.019*** 0.005  0.007 0.005 

2 0.028*** 0.007  0.010 0.007  0.026*** 0.007  0.008 0.007 

3 0.043*** 0.008  0.009 0.008  0.037*** 0.008  0.012 0.008 

4 0.044*** 0.010  0.016 0.010  0.042*** 0.009  0.014 0.009 

5 0.058*** 0.011  0.021* 0.011  0.056*** 0.011  0.020* 0.011 

6 0.062*** 0.012  0.028** 0.012  0.066*** 0.013  0.024* 0.013 

7 0.058*** 0.014  0.035** 0.014  0.063*** 0.014  0.030** 0.014 

8 0.078*** 0.016  0.042** 0.016  0.080*** 0.015  0.036** 0.015 

9 0.081*** 0.016  0.044*** 0.016  0.088*** 0.015  0.036** 0.015 

10 0.083*** 0.018  0.051*** 0.018  0.103*** 0.017  0.031* 0.017 

11 0.094*** 0.019  0.047** 0.019  0.112*** 0.019  0.032 0.019 

12 0.095*** 0.020  0.050** 0.020  0.112*** 0.020  0.038* 0.020 
This table presents the mean return along with the standard errors and significance levels based on the limits to 
arbitrage strategies. The High (Low) position is long in the LONG sub-portfolio with high (low) scores and short 
in SHORT positions sub-portfolio with high (low) scores for the respective arbitrage proxies. ARBRISK 
constitutes the residual variance from regressing a stock’s daily return on the market over 48 months up until one 
month before an earnings announcement. VOLUME represents the daily closing price one month before an 
earnings announcement multiplied by the number of stocks traded per day divided by market capitalization. INST 
constitutes the proportion of shares that are institutionally owned. SIZE equals market capitalization. Based on 
period 2004-01-01 to 2021-10-01. 
* p<0.1; ** p<0.05; *** p<0.01 
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Table 15. Regression Results for Arbitrage Based Strategies, One to Three-Month Holding Periods 

   ARBRISK  VOLUME 

 PEAD  Low  High  Low  High 

t Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

1 0.014*** 0.012*** 0.013***  0.001 -0.001 0.005  0.015* 0.013 0.011  0.019*** 0.016*** 0.017**  0.010 0.008 0.009 
2 0.021*** 0.021*** 0.021***  0.001 -0.003 -0.002  0.022* 0.025** 0.024**  0.029*** 0.028*** 0.028***  0.008 0.008 0.008 

3 0.027*** 0.027*** 0.026***  -0.002 -0.003 -0.003  0.038*** 0.040*** 0.040***  0.035*** 0.037*** 0.035***  0.015 0.015 0.013 

   INST  SIZE 

 PEAD  Low  High  Low  High 

t Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

1 0.014*** 0.012*** 0.013***  0.019*** 0.018*** 0.018***  0.008* 0.007 0.008  0.018*** 0.016** 0.016**  0.009* 0.008 0.010 
2 0.021*** 0.021*** 0.021***  0.030*** 0.029*** 0.029***  0.010 0.011 0.011  0.029*** 0.030*** 0.029***  0.009 0.008 0.008 

3 0.027*** 0.027*** 0.026***  0.042*** 0.043*** 0.042***  0.009 0.010 0.008  0.040*** 0.041*** 0.042***  0.010 0.010 0.007 
This table presents the results from the excess buy-and-hold return regressions based on the limits to arbitrage strategies. The High (Low) position is long in the LONG 
sub-portfolio with high (low) scores and short in SHORT positions sub-portfolio with high (low) scores for the respective arbitrage proxies. ARBRISK constitutes the 
residual variance from regressing a stock’s daily return on the market over 48 months up until one month before an earnings announcement. VOLUME represents the daily 
closing price one month before an earnings announcement multiplied by the number of stocks traded per day divided by market capitalization. INST constitutes the 
proportion of shares that are institutionally owned. SIZE equals market capitalization. t is the holding period. Based on period 2004-01-01 to 2021-01-01. 
* p<0.1; ** p<0.05; *** p<0.01 
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Table 16. Complete Regression Results for Arbitrage Based Strategies, One-Month Holding Period 

 ARBRISK  VOLUME 

 Low  High  Low  High 

Variable Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

Intercept 
0.001 
(0.09) 

-0.001 
(-0144) 

0.005 
(0.68) 

 0.015* 
(1.94) 

0.013 
(1.63) 

0.011 
(1.40) 

 0.019*** 
(3.54) 

0.016*** 
(2.96) 

0.017** 
(3.01) 

 0.010 
(1.59) 

0.008 
(1.31) 

0.009 
(1.41) 

MRP 
-0.206* 
(-1.93) 

-0.143 
(-1.28) 

-0.023 
(-0.28) 

 0.187 
(1.27) 

0.193 
(1.96) 

0.158 
(0.92) 

 0.001 
(0.01) 

0.053 
(0.52) 

0.077 
(0.72) 

 -0.085 
(0.42) 

-0.060 
(0.62) 

-0.022 
(0.86) 

SMB  
-0.221 
(-0.68) 

0.127 
(0.65) 

 
 

-0.226 
(-0.78) 

-0.325 
(-0.99) 

 
 

-0.267 
(-1.29) 

-0.223 
(-1.03) 

 
 

-0.143 
(-0.59) 

-0.076 
(-0.30) 

HML  
-0.203 
(-0.96) 

0.263 
(0.97) 

 
 

0.471 
(1.75) 

0.340 
(1.17) 

 
 

0.070 
(0.37) 

0.152 
(0.69) 

 
 

0.062 
(0.78) 

0.187 
(0.73) 

MOM   
0.545*** 
(3.52) 

 
  

-0.154 
(-0.72) 

 
  

0.099 
(0.74) 

 
  

0.152 
(0.97) 

                

N 52 52 52  52 52 52  64 64 64  64 64 64 

Adj. R2 0.052 0.047 0.242  0.019 0.040 0.031  -0.016 -0.021 -0.028  -0.005 -0.032 -0.033 
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Table 16. Continued 

 INST  SIZE 

 Low  High  Low  High 

Variable Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

Intercept 
0.019*** 
(3.84) 

0.018*** 
(3.40) 

0.018*** 
(3.31) 

 0.008* 
(1.80) 

0.007 
(1.42) 

0.008 
(1.65) 

 0.018*** 
(3.15) 

0.016** 
(2.69) 

0.016** 
(2.57) 

 0.009* 
(1.50) 

0.008 
(1.20) 

0.010 
(1.73) 

MRP 
0.116 
(1.38) 

0.145 
(0.143) 

0.144 
(1.27) 

 -0.152* 
(-2.04) 

-0.116 
(-1.37) 

-0.063 
(-0.81) 

 0.114 
(1.03) 

0.141 
(1.20) 

0.117 
(0.92) 

 -0.195 
(-1.36) 

-0.144 
(-1.39) 

-0.062 
(-0.95) 

SMB  
-0.181 
(-0.86) 

-0.184 
(-0.88) 

 
 

-0.167 
(-0.87) 

-0.071 
(-0.38) 

 
 

-0.231 
(-1.06) 

-0.274 
(-1.20) 

 
 

-0.141 
(-1.45) 

0.007 
(0.04) 

HML  
0.119 
(1.06) 

0.113 
(0.79) 

 
 

0.004 
(-0.28) 

0.180 
(0.59) 

 
 

0.260 
(1.19) 

0.180 
(0.50) 

 
 

-0.220 
(-0.98) 

0.056 
(0.29) 

MOM   
-0.007 
(0.81) 

 
  

0.214* 
(1.69) 

 
  

-0.097 
(-0.69) 

 
  

0.334* 
(1.73) 

                

N 65 65 65  65 65 65  64 64 64  64 64 64 

Adj. R2 0.010 -0.005 -0.021  0.032 0.011 0.041  0.003 0.006 -0.005  0.060 0.062 0.155 

                
This table presents the results from the excess buy-and-hold return regressions based on the limits to arbitrage strategies. The High (Low) position is long in the LONG 
sub-portfolio with high (low) scores and short in SHORT positions sub-portfolio with high (low) scores for the respective arbitrage proxies. ARBRISK constitutes the 
residual variance from regressing a stock’s daily return on the market over 48 months up until one month before an earnings announcement. VOLUME represents the daily 
closing price one month before an earnings announcement multiplied by the number of stocks traded per day divided by market capitalization. INST constitutes the 
proportion of shares that are institutionally owned. SIZE equals market capitalization. MRP is the market risk factor calculated as the OMXSPI return minus the risk-free 
rate proxied by the 1-month Swedish Treasury Bill. SMB and HML are the size and value factors from the U.S. MOM is the momentum factor from the U.S. Returns and 
the respective risk factors are compounded over the holding periods. Double-sided t-statistics are reported in parentheses. Based on period 2004-01-01 to 2020-11-01. 
* p<0.1; ** p<0.05; *** p<0.01 
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Table 17. Complete Regression Results for Arbitrage Based Strategies, Two-Month Holding Period 

 ARBRISK  VOLUME 

 Low  High  Low  High 

Variable Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

Intercept 
-0.001 
(-0.13) 

-0.003 
(-0.33) 

-0.002 
(-0.31) 

 0.022* 
(1.89) 

0.025** 
(2.05) 

0.024** 
(2.02) 

 0.029*** 
(4.95) 

0.028** 
(4.93) 

0.028** 
(4.87) 

 0.008 
(0.69) 

0.008 
(0.64) 

0.008 
(0.65) 

MRP 
-0.127 
(1.36) 

-0.099 
(-0.90) 

0.093 
(0.80) 

 0.265* 
(1.26) 

0.213 
(1.26) 

0.166 
(0.83) 

 -0.022 
(-0.29) 

0.026 
(0.04) 

0.072 
(0.59) 

 0.094 
(0.71) 

0.115 
(0.73) 

0.189 
(1.00) 

SMB 
 -0.022 

(-0.09) 

0.188 
(0.84) 

  0.083 
(0.23) 

0.031 
(0.08) 

 
 

-0.113 
(-0.52) 

-0.06 
(-0.22) 

 
 

-0.125 
(-0.35) 

-0.049 
(-0.16) 

HML 
 -0.141 

(-0.92) 

0.164 
(0.96) 

  0.204 
(0.86) 

0.129 
(0.45) 

 
 

0.007 
(-0.09) 

0.089 
(0.58) 

 
 

0.059 
(0.19) 

0.193 
(0.58) 

MOM 
  0.426*** 

(3.19) 

   -0.105 
(-0.46) 

 
  

0.114 
(1.24) 

 
  

0.185 
(0.78) 

                

N 52 52 52  52 52 52  64 64 64  64 64 64 

Adj. R2 0.016 -0.005 0.156  0.045 0.024 0.008  -0.016 -0.044 -0.043  -0.008 -0.039 -0.041 
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Table 17. Continued 

 INST  SIZE 

 Low  High  Low  High 

Variable Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

Intercept 
0.030*** 
(4.23) 

0.029*** 
(3.97) 

0.029*** 
(3.95) 

 0.010 
(1.40) 

0.011 
(1.37) 

0.011 
(1.39) 

 0.029*** 
(3.31) 

0.030*** 
(3.20) 

0.029*** 
(3.17) 

 0.009 
(0.93) 

0.008 
(0.76) 

0.008 
(0.84) 

MRP 
0.114 
(1.25) 

0.124 
(1.13) 

0.155 
(1.27) 

 0.016 
(0.17) 

0.039 
(0.34) 

0.105 
(0.83) 

 0.059 
(0.51) 

0.070 
(0.52) 

0.021 
(0.14) 

 0.015 
(0.13) 

0.054 
(0.56) 

0.215*** 
(3.35) 

SMB 
 0.003 

(0.02) 

0.034 
(0.14) 

 
 

-0.164 
(-0.68) 

-0.099 
(-0.40) 

  -0.109 
(-0.38) 

-0.160 
(-0.53) 

 
 

-0.109 
(-0.55) 

0.058 
(0.72) 

HML 
 -0.063 

(-0.41) 

-0.007 
(-0.4) 

 
 

0.110 
(0.68) 

0.231 
(0.23) 

  0.096 
(0.49) 

0.006 
(0.03) 

 
 

-0.079 
(-0.81) 

0.214* 

(1.68) 

MOM 
  0.078 

(0.14) 

 
  

0.168 
(0.24) 

   -0.125 
(-0.73) 

 
  

0.407** 
(2.37) 

                

N 65 65 65  65 65 65  64 64 64  64 64 64 

Adj. R2 0.009 -0.021 -0.032  -0.015 -0.035 -0.028  -0.012 -0.040 -0.048  -0.016 -0.041 0.079 

                
This table presents the results from the excess buy-and-hold return regressions based on the limits to arbitrage strategies. The High (Low) position is long in the LONG 
sub-portfolio with high (low) scores and short in SHORT positions sub-portfolio with high (low) scores for the respective arbitrage proxies. ARBRISK constitutes the 
residual variance from regressing a stock’s daily return on the market over 48 months up until one month before an earnings announcement. VOLUME represents the 
daily closing price one month before an earnings announcement multiplied by the number of stocks traded per day divided by market capitalization. INST constitutes the 
proportion of shares that are institutionally owned. SIZE equals market capitalization. MRP is the market risk factor calculated as the OMXSPI return minus the risk-free 
rate proxied by the 1-month Swedish Treasury Bill. SMB and HML are the size and value factors from the U.S. MOM is the momentum factor from the U.S. Returns and 
the respective risk factors are compounded over the holding periods. Double-sided t-statistics are reported in parentheses. Based on period 2004-01-01 to 2020-12-01. 
* p<0.1; ** p<0.05; *** p<0.01 
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Table 18. Complete Regression Results for Arbitrage Based Strategies, Three-Month Holding Period 

 ARBRISK  VOLUME 

 Low  High  Low  High 

Variable Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

Intercept 
-0.002 
(-0.27) 

-0.003 
(-0.32) 

-0.003 
(-0.39) 

 0.038*** 
(3.20) 

0.040*** 
(3.25) 

0.040*** 
(3.19) 

 0.035*** 
(4.56) 

0.037*** 
(4.64) 

0.035*** 
(4.46) 

 0.015 
(1.22) 

0.015 
(0.84) 

0.013 
(1.20) 

MRP 
-0.091 
(-0.48) 

-0.161 
(-1.11) 

-0.096 
(-0.49) 

 0.238* 
(1.53) 

0.191 
(1.04) 

0.227 
(1.20) 

 0.007 
(0.09) 

-0.089 
(-0.88) 

-0.049 
(-0.46) 

 0.121 
(1.27) 

0.132 
(0.93) 

0.182 
(1.24) 

SMB 
 0.305 

(1.51) 

0.374 
(-0.16) 

 
 

0.091 
(0.70) 

0.129 
(0.85) 

 
 

0.399* 
(1.96) 

0.446* 
(2.16) 

 
 

-0.052 
(-0.01) 

-0.006 
(0.02) 

HML 
 -0.080 

(-0.61) 

-0.018 
(1.81) 

 
 

0.131 
(0.14) 

0.165 
(0.27) 

  -0.077 
(-0.60) 

-0.034 
(-0.25) 

 
 

0.018 
(-0.10) 

0.072 
(0.39) 

MOM 
  0.190 

(1.52) 

 
  

0.106 
(0.65) 

   0.136 
(1.22) 

 
  

0.154 
(1.09) 

                

N 52 52 52  52 52 52  64 64 64  64 64 64 

Adj. R2 -0.002 -0.004 0.020  0.042 0.014 0.000  -0.016 0.014 0.022  0.002 -0.031 -0.027 
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Table 18. Continued 

 INST  SIZE 

 Low  High  Low  High 

Variable Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

Intercept 
0.042*** 
(4.89) 

0.043*** 
(5.15) 

0.042*** 
(4.74) 

 0.009 
(1.17) 

0.010 
(1.24) 

0.008 
(1.04) 

 0.040*** 
(3.95) 

0.041*** 
(3.91) 

0.042*** 
(3.90) 

 0.010 
(0.90) 

0.010 
(0.84) 

0.007 
(0.58) 

MRP 
0.178* 
(1.88) 

0.130 
(1.22) 

0.167 
(1.34) 

 0.032 
(0.29) 

-0.006 
(-0.12) 

0.050 
(0.36) 

 0.031 
(0.24) 

-0.048 
(-0.39) 

-0.065 
(-0.49) 

 0.124 
(1.05) 

0.125 
(0.93) 

0.229* 
(1.84) 

SMB 
 0.186 

(1.02) 

0.229 
(1.22) 

 
 

0.127 
(0.54) 

0.193 
(0.84) 

 
 

0.326 
(1.21) 

0.306 
(1.11) 

 
 

-0.002 
(-0.00) 

0.119 
(0.42) 

HML 
 -0.021 

(-0.144) 

0.019 
(0.10) 

 
 

0.015 
(0.18) 

0.077 
(0.58) 

  -0.064 
(-0.38) 

-0.083 
(-0.47) 

 
 

-0.001 
(-0.01) 

0.111 
(0.92) 

MOM 
  0.124 

(0.11) 

 
  

0.191 
(1.52) 

   -0.058 
(-0.39) 

 
  

0.349** 
(2.14) 

                

N 65 65 65  65 65 65  64 64 64  64 64 64 

Adj. R2 0.038 0.017 0.016  -0.014 -0.041 -0.020  -0.015 -0.024 -0.038  0.010 -0.023 0.082 

                
This table presents the results from the excess buy-and-hold return regressions based on the limits to arbitrage strategies. The High (Low) position is long in the LONG 
sub-portfolio with high (low) scores and short in SHORT positions sub-portfolio with high (low) scores for the respective arbitrage proxies. ARBRISK constitutes the 
residual variance from regressing a stock’s daily return on the market over 48 months up until one month before an earnings announcement. VOLUME represents the 
daily closing price one month before an earnings announcement multiplied by the number of stocks traded per day divided by market capitalization. INST constitutes the 
proportion of shares that are institutionally owned. SIZE equals market capitalization. MRP is the market risk factor calculated as the OMXSPI return minus the risk-free 
rate proxied by the 1-month Swedish Treasury Bill. SMB and HML are the size and value factors from the U.S. MOM is the momentum factor from the U.S. Returns and 
the respective risk factors are compounded over the holding periods. Double-sided t-statistics are reported in parentheses. Based on period 2004-01-01 to 2021-01-01. 
* p<0.1; ** p<0.05; *** p<0.01 


