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Abstract 
 

The future is uncertain. We therefore make predictions and forecasts of the future in order to be able to 

plan and react to future events. For this purpose, financial analysts are argued to have a responsibility 

towards investors and the market, in helping to keep the market efficient. Given that financial analysts 

act in a rational way we argue that analysts should strive to maximize forecast accuracy. The purpose 

of this study is to investigate how accurate financial analysts’ forecasts of Swedish firms’ future 

values are, and what information that analysts use that significantly affect the analysts’ forecast 

accuracy. To investigate this we first examine whether financial analysts contribute with value to 

investors by comparing their forecast precision against a simple time-series model. Our findings show 

that financial analysts produce significantly more accurate forecasts than a time-series model in the 

short term. Furthermore, given that rational analysts act in their own best interest while making 

accurate forecasts, we argue that analysts will incorporate and use the information that is available to 

them for the purpose of maximizing forecast accuracy. We investigate this by testing if the analysts’ 

forecast accuracy is affected by; the forecast horizon, the number of analysts following a firm, the firm 

size, the corporate visibility, the predictability of earnings, and trading volume. We find that the 

forecast accuracy is better when the amount of analysts following a firm is high, the firm size is larger, 

the forecasted company’s corporate visibility in the news is more frequent, and the predictability of 

earnings is higher. The trading volume does not have a significant effect on analysts’ forecast 

accuracy. To conclude, we question the value of financial analysts’ forecasts for longer forecast 

horizons. 
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1. Introduction 

The future is uncertain. We therefore make predictions and forecasts of the future in order to 

be able to plan and react to future events. In accounting and finance, the opaque task of 

forecasting is often related to valuation and pricing of future earnings and stocks. Forecasts 

made by financial analysts are intended to work as a platform for investors and to guide them 

in their decision making process. The role of financial analysts’ forecasts is often reflected on 

the news where companies are benchmarked against their forecasted expectations. Companies 

meet, exceed, or do not live up to what is expected by the financial analysts. Stock prices 

change in accordance with how firms perform in relation to market participants’ expectations.  

 

The mechanism of pricing stocks is derived from the notion that the price is determined 

primarily by investors’ current expectations of future values (Cragg and Malkiel, 1968). For 

example, forecasts that are valued too high create negative forecast errors and negative stock 

price reactions (Bradshaw, 2011). Therefore, it could be argued that financial analysts have a 

responsibility towards the investors in producing as accurate forecasts as possible, and to the 

society, in helping to keep the market efficient. Because of this responsibility, it is important 

that financial analysts behave rationally when making forecasts.  

 

The assumption that market participants are acting rational springs from the rational 

expectations hypothesis (REH). The hypothesis states that market participants have rational 

expectations, and that they update these expectations appropriately when new information is 

released (Muth, 1961). If expectations would not be rational there would be opportunities on 

the market to make profits from arbitrage opportunities. When the market participants are 

acting rational, actors will be unable to profit from trade with mispriced assets (Ritter, 2003; 

Muth, 1961). A financial analyst will act rationally by considering all available information 

when making forecasts and by striving to maximize forecast accuracy (Basu and Markov, 

2004).  

 

Analysts have been argued to act in a rational way for several reasons. For example, Brown 

and Rozeff (1978) state that the mere existence of analysts as a work force in the long run will 

lead to a situation where analysts are striving to make accurate forecasts. If this statement 

would be untrue, financial analysts would not exist, since they then would produce little value 

to the investors. In accordance, Lys and Soo (1995) argue that since analysts’ forecasts are 
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more costly than forecasts made from economic models, analysts’ forecasts have to produce 

value for the investors. Furthermore, according to Basu and Markov (2004), employers of 

financial analysts sometimes purchase information about analysts’ forecast accuracy, in order 

to evaluate the analysts’ performance. This suggests that analysts have reasons to strive for 

forecast accuracy (Basu and Markov, 2004). The arguments support the notion that analysts 

have incentives to act rationally and thus a desire to maximize forecast accuracy. In this 

study, the forecast accuracy of financial analysts is of interest. 

 

Analysts’ rationality and strive for forecast accuracy has been widely studied in prior 

research, for example by comparing analysts’ forecast accuracy with the accuracy of time-

series models. While some of these studies have found evidence that analysts are not 

significantly more accurate than time-series models (Imhoff and Paré, 1982; Elton and 

Gruber, 1972; Cragg and Malkiel, 1968), most research has come to the conclusion that 

analysts are significantly more accurate (Brown and Rozeff, 1978; Collins and Hopwood, 

1980; Brown, Hagerman, Griffin and Zmijewski, 1987; Bradshaw, Drake, Myers and Myers, 

2012). While the early research has been criticized for using too small samples, researchers 

have now settled with the definite conclusion of analysts’ superiority (Bradshaw, 2011).  

 

Rational analysts should also react rational to all available information (Muth, 1961). In turn, 

it should be easier to make an accurate forecast when the information available is good 

(Plumlee, 2003). Depending on what information that is available to the analysts, the ability 

to produce accurate forecasts will differ (Lys and Soo, 1995). It is important to study the 

information that analysts use, and how the information is put together when making forecasts 

of firms’ future value, because it will give an understanding of how the forecasts are 

influenced by actual events (Muth, 1961).  

 

Even though analysts’ forecast accuracy has been widely studied in prior research, the 

majority of these studies have been made in the U.S. In Sweden, however, this is still an 

unexplored field, despite a growing occupational group of financial analysts. Therefore, the 

knowledge of the accuracy of financial analysts’ forecasts on Swedish firms is sparse.  
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1.1 Purpose 
The purpose of this study is to investigate how accurate financial analysts’ forecasts of 

Swedish firms’ future values are, and what information that analysts use that significantly 

affect the analysts’ forecast accuracy. The findings of this study will contribute to the lack of 

research on forecasts made on Swedish companies by providing important indications of what 

value financial analysts contribute with to the market. Furthermore, the study will also 

contribute to research by giving a better understanding of what information sources that 

analysts use and how the information affects forecast accuracy.   

 

The study will proceed as follows. In the next section we present the theory and develop 

hypotheses related to financial analysts’ forecast accuracy and a number of information 

sources that affect this accuracy. We use the rational expectations hypothesis (REH) as the 

main building block. In section three we discuss the research design and describe how the 

hypotheses are tested. In section four we present the results from our study and discuss the 

implications of them. Finally, we present our conclusions and suggestions for further 

research. 
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2. The accuracy and rationality of financial analysts 

2.1 The rational expectations hypothesis 

The rational expectations hypothesis (REH) was first developed by Muth (1961) as a way of 

explaining market participants’ behaviour. The hypothesis states that market participants have 

rational expectations and that they update these expectations appropriately when new 

information becomes available to them (Givoly, 1985). Rational expectations are defined as 

“essentially the same as the predictions of the relevant economic theory’’ (Muth, p. 315). This 

means that actors’ subjective opinions of what they think will happen are identical to the 

corresponding objective opinions of future outcomes. When all available information is used, 

rational expectations will then be identical to the best guess of the future (Muth, 1961).  

 

Expectations are formed on the basis of how the structure of the economic market is 

functioning (Muth, 1961). Since the available information on the market is scarce, the market 

participants will normally not waste it and it will therefore be utilized effectively. Muth 

(1961) argues that market actors have rational expectations of the future because they want to 

optimize their behavior. Actors will strive to produce accurate forecasts because it is in their 

own interest to do so. Financial analysts with rational expectations will therefore strive to 

minimize loss and maximize gain of their forecasts by using all available information in a 

rational way. If the market contains analysts that behave irrationally, the competition on the 

market will adopt or select analysts whose behaviour is most appropriate for that particular 

market environment. Therefore, irrational analysts will be excluded from the market, in 

favour of rational analysts (Alchian, 1950).  

 

The REH states that the market participants’ average future expectations are more accurate 

than economic models used for calculating the average, even though the individual 

expectations vary. This means that the individual agent’s expectations may be wrong, but that 

the expectations on average will be correct (Muth, 1961). Therefore, it does not matter 

whether investors over- or underreact to new information; the assumption is that the weighted 

average of all participants’ expectations will contribute to efficiency (Ritter, 2003).The 

assumption that market participants have rational expectations does not mean that the average 

result always will be accurate. However, the average forecast error that occurs is explained by 

the REH as only consisting errors which are independent of the variables that are used to 

make the forecasts. This means that even when all available information is used in an efficient 
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way, there will be other factors not available for the forecasters that will affect the actual 

outcome of market prices. These factors will create a forecast error between the forecast and 

the actual outcome (Friedman, 1979).   

 

The occurrence of an average forecast error is therefore in line with the REH. However, 

previous research has found evidence of biased behavior in the forecasts of analysts, and by 

that it has also been argued that financial analysts cannot be rational when forecasting. 

Specifically, most of the research has found indications that analysts optimistically bias their 

forecasts. Biased forecasts are argued to be made by irrational actors, who have incentives to 

not strive for forecast accuracy (Laster, Bennett and Geoum, 1999). Since the REH states that 

market participants on average are rational, these previous studies therefore question the basic 

assumptions of rationality and the REH.  

 

However, Rubinstein (2001) argues that even though the market consists of irrational actors, 

the market can still be rational. Irrational market behavior is explained by market participants’ 

overconfidence in their own ability and their belief that they can beat the market. As a 

consequence, market participants’ overconfidence will lead to an excessive spending on 

research. This aggressive behavior is likely to lead to occasional profits for irrational 

participants. However, because overspending on research is not in accordance with the market 

participant’s best interest, and because this instead will lead to a situation where rational 

market participants will find even more information on the market, irrational market 

participants will in fact loose on being overconfident. Overconfidence will then lead to an 

even more efficient and rational market, rather than less efficient and irrational market, since 

more information will be reflected in market prices. Because of this, Rubinstein (2001) argues 

that markets are rational, even if there are irrational actors on it.  

 

Moreover, Lim (2001) argues that the occurrence of optimistic forecasts can still be seen as 

rational and as the most optimal forecast from the analyst’s perspective. Instead of behaving 

irrationally, analysts are argued to intentionally optimistically bias their forecasts in order to 

gain close relations to management in the forecasted firms. This biased behavior is associated 

with forecasts made on companies with more uncertain information environments, where 

management as an information source is important. The occurrence of bias in analysts’ 

forecasts is therefore described by Lim (2001) as a result of the analysts seeking to minimize 

forecast error. By this, the analysts would also be rational. In essence, when optimistic 



 9 

forecasts can contribute to a closer relationship to management, rational analysts will have 

incentives to issue optimistically biased forecasts (Lim, 2001). In accordance, Gu and Wu 

(2003) state that forecasts can contain bias even when analysts are rational forecasters who 

strive to make forecasts that are both truthful and unselective. They explain this by stating that 

forecast bias can result from a skewed distribution of earnings, which make the forecast 

biased, even if the purpose was to make an accurate forecast.   

 

2.1.2 The REH and assumptions of available information 

The REH assumes that agents always fully use all information that is available to them and 

that the available information always includes sufficient knowledge to generate rational 

expectations. The REH specifically requires that economic agents at any point in time should 

have access to true information about the market and unbiased estimators of the variables that 

affect market changes (Muth, 1961). The REH makes two important assumptions about the 

information that is available on the market; the information exploitation assumption and the 

information availability assumption. The exploitation assumption concerns the assumption 

that market participants use all the information that is available on the market in an efficient 

way. This is seen as a requirement for optimizing behavior, since market participants are 

expected to exploit information until the point at which its marginal product equal its 

marginal cost (Friedman, 1979). 

 

The other assumption, the information availability assumption, is a more specific assumption 

and regards the identifying of an available set of information. The REH states that the 

information available to the market participants is sufficient to permit them to form 

expectations characterized by conditional subjective opinions that should be equal to the 

objective opinions of outcomes. This means that individuals not only understand the values of 

variables that affect the market prices in advance; they also make conclusions on the basis of 

these values, which should be identical to the actual outcomes of the values. Therefore, 

market participants form their expectations in accordance with the market economy because 

they know the structure of the economic process itself. Rational market participants under the 

REH therefore not only know the relevant current and past events, but they are also assumed 

to have the knowledge that is required to transform the available information into rational 

expectations (Friedman, 1979).  
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Given that analysts are rational and react rationally to available information, it should be 

easier to make an accurate forecast when the information available is good (Plumlee, 2003). 

Previous research indicates that some companies’ earnings are easier to predict than others 

(Jacob, Lys and Neale, 1999; Lys and Soo, 1995) which assumes that some companies’ 

earnings will demand higher amount of resources when creating forecasts. Accurate forecasts 

are assumed to be more expensive to produce. Therefore, the costs aligned to the forecasts are 

likely to increase with increasing forecast accuracy. When the earnings are easier to predict, 

the cost of achieving a high level of precision should decrease accordingly (Jacob et al, 1999; 

Lys and Soo, 1995).  

 

2.2 Hypotheses formulation 

2.2.1 Analysts’ superiority over time-series models 

According to the REH, a company’s future earnings should be measured by the best available 

earnings forecast, since it will reflect the market’s true expectations (Muth, 1961). While 

various time-series models traditionally have been used in purpose of forecasting companies’ 

future earnings, a time-series model should not have the same possibility to produce accurate 

forecasts as financial analysts have, because they neglect potential information that cannot be 

utilized from only using the stock prices (Brown and Rozeff, 1978). Also, it has been evident 

from prior research that a consensus forecast with a significant forecast error will correct itself 

by creating incentives for forecasters to revise their forecasts in a way that mitigate bias 

(Laster et al., 1999). Furthermore, because the REH assumes that the average expectations of 

the market participants are rational, it does not matter whether some actors’ expectations are 

far away from the average. We therefore expect the consensus forecasts of analysts to be more 

accurate than time-series models. By this, a consensus forecast is expected to be the best 

available earnings forecast, and thereby, analysts are expected to create value to the market. 

We state the following hypothesis:  

 

H1: Analysts’ contribute with value to the market by being superior to a time-series 

model 

 

Furthermore, prior research suggests that analysts’ forecasts are more accurate than time-

series forecasts because analysts have wider information set to consider and also have the 

possibility to utilize existing information more effectively. These benefits have been 
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described as the analysts’ timing and contemporaneous advantage over time-series models 

(Brown et al, 1987). The analysts’ superiority is attributable to both having more information 

to use than just historical earnings data (a contemporaneous advantage), and having more 

information publicly available if the forecasts are made after a public announcement date (a 

timing advantage) (Brown et al., 1987). Prior research shows that the further away from the 

earnings announcement date that an analyst’s forecast is released, the less superior will the 

analyst’s forecast be over a time-series forecast (Bradshaw et al., 2012). Therefore, we expect 

that the closer to the earnings announcement date a forecast is released, the more information 

will be available to financial analysts, which in turn should make it easier and less costly to 

produce an accurate forecast. We therefore state the following hypothesis:  

 

H2: There is a positive relationship between forecast horizon and forecast error  

 

2.2.2 Analysts’ forecast accuracy and information availability 

Rational actors strive to produce accurate forecasts because it is in their own interest to do so 

(Muth, 1961). When acting in their best interest, analysts strive to produce accurate forecasts, 

at the same time as they strive to keep the costs associated with the forecasts as low as 

possible. Data collection is a major cost for financial analysts. This cost is likely to vary 

depending on the amount of information that is publicly and easily available to the analysts 

(Lys and Soo, 1995). According to Bhushan (1989), increases in the amount of information 

that is publicly available to the financial analysts may increase the competitive pressure on 

analysts to try to reveal relatively expensive private information. Analysts’ profits are 

therefore likely to increase with greater information availability.  

 

Specifically, the costs of collecting data should decrease depending on the number of analysts 

that follow a certain firm, since analysts can learn from each other’s forecasts. This will lead 

to greater information set to be available, and it allows analysts to review and revise their own 

forecasts by comparing them to forecasts made by others (Lys and Soo, 1995). Therefore, the 

number of analysts that follow a firm affects the amount of information available to the 

analysts which, in turn, is expected to affect the analysts’ forecast accuracy (Lys and Soo, 

1995; Firth and Gift, 1999). A large number of analysts following a firm are expected to give 

a low forecast error, and a small number of analysts following a firm are expected to give a 

high forecast error. For these reasons, we pose the following research hypothesis:  
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H3: There is a negative relationship between analyst following and forecast error. 

 

The amount of information publicly available for the financial analysts is also related to the 

size of the forecasted firm (Capstaff, Paudyal, and Rees, 1995). Bushan (1989) argues that 

size and analyst following are related to each other; larger firms are, on average, followed by 

a higher amount of analysts than smaller firms. Furthermore, since larger firms are typically 

more closely observed and examined by investors than smaller firms, more public information 

concerning larger firms will typically become available. The analysts will therefore have a 

greater amount of public information when forecasting larger firms (Das, Levine and 

Sivaramakrishnan, 1998). Large firms’ earnings are also argued to be easier to estimate than 

small firms because large firms have more control of their market settings. Therefore, larger 

firms have greater influence over the level of their profits. Because of this, it is expected that 

larger firms are easier to forecast than smaller firms, because the information available is 

bigger and it is easier to assess larger firms’ performance. Therefore, the forecast error is 

expected to be small when the forecasted firm is large (Firth and Gift, 1999). For these 

reasons, we pose the following research hypothesis: 

 

 H4: There is a negative relationship between firm size and forecast error. 

 

The information available is also related to the visibility of the forecasted firms. The amount 

of information that is publicly available for the analysts depends on how visible companies 

are in the news. As a greater amount of public information is assumed to make the forecasts 

less costly and better, a low degree of visibility of the forecasted firm will increase the 

financial analysts’ production costs, as it increases the analysts’ demand for finding private 

information. When this happens, it is likely that the higher costs will be passed on to 

consumers, which in turn would lead to a lower quality of the forecasts. A decrease in 

publicly available information would therefore lead to the production of forecasts with lower 

accuracy (Lys and Soo, 1995). For these reasons, we pose the following research hypothesis: 

 

H5: There is a negative relationship between corporate visibility and forecast error. 

 

Furthermore, the usage of information available to the analysts is likely to depend on the 

complexity of that information. Prior studies in judgment and decision-making research have 
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concluded that it is harder to judge the quality of information when the information 

complexity is higher. This will lead to a likely impair in analysts’ ability to use that 

information (Plumlee, 2003). The complexity of the information that the analysts have to their 

disposal will be of various degree. If the information available to the financial analysts is 

complex, it will be harder to make accurate forecasts due to a higher forecast complexity. 

This would result in forecasts with higher forecast errors (Jacob et al., 1999). 

 

Since more accurate forecasts are assumed to be more expensive to produce, costs are 

expected to increase with increased forecast accuracy (Lys and Soo, 1995). Rational actors, 

acting in their own best interest, will therefore try to minimize the expected cost while 

striving for forecast accuracy. The costs of producing accurate forecasts will decrease as 

earnings predictability increases. Decreases in earnings predictability will instead increase the 

costs of producing forecasts. According to Lys and Soo (1995) this could lead to a situation 

where a large number of analysts left the market, which would result in a lowering of the 

competition and also a lowering of forecast accuracy. Therefore, it is likely that the forecast 

accuracy would decrease when the earnings predictability of a firm is lower.  

 

A company’s earnings predictability can be measured by using a time-series model as a 

benchmark for how complex the company is to forecast (Firth and Gift, 1999). The forecast 

made by a time-series model can work as an indicator of the information that is easily 

obtained by analysts. If the time-series model would show high forecast errors, the company 

is argued to be harder to forecast, making the forecast of that company more complex, and 

harder to predict (Lys and Soo, 1995). For these reasons, we pose the following research 

hypothesis: 

 

H6: There is a positive relationship between forecast predictability and analysts’ 

forecast accuracy 

 

An increase in traded stocks has been argued to lead to a possible increase of revenues for the 

analysts that are forecasting the company. If the trading of stocks increases, it is also likely 

that the demand for forecasts will increase, thereby leading to a greater demand for analysts. 

If the analysts revenues would increase, the competition on the market would lead to a 

situation where more analysts entries the market. To reduce this entry from competitors, the 

analysts already in the market would strive to maximize forecast accuracy. Therefore, an 
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increase in volume trading is expected to lead to an increase in competition, which in turn will 

lead to a strive in trying to maximize forecast accuracy (Lys and Soo, 1995). We therefore 

state the following hypothesis: 

 

H7: There is a negative relationship between trading volume and forecast error 
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3. Method 

3.1 Research approach 

The purpose of this study is to investigate how accurate financial analysts’ forecasts of 

Swedish firms’ future values are. To answer our research question we adopt a quantitative 

research approach. The benefit of using a quantitative approach is the possibility to use a 

larger sample, which makes it possible to draw more generalizable conclusions (Saunders, 

Lewis and Thornhill, 2009). Furthermore, we choose a deductive approach, which means that 

our assumptions are derived from established theory and previous research (Saunders et al., 

2009). The method is both descriptive and explanatory (Saunders et al., 2009). We first 

examine the accuracy of financial analysts’ forecasts and compare with a simple random walk 

model. Furthermore, we investigate what information that analysts use that significantly will 

affect the analysts’ forecast accuracy. This is done by testing variables that we hypothesise 

will have an empirical relationship with financial analysts’ forecast accuracy. The variables 

are hypothesised to affect analysts’ forecast accuracy due to their association with costs and 

revenues. Costs and revenues associated with making a forecast is expected to vary because 

of variations in the amount of available information and the company complexity. This is 

expected to make some companies easier to predict than others, why we expect the 

information variables that analysts use to affect forecast accuracy. 

 

The reliability of our results will depend on the assumptions that the study is built on. It is 

therefore important that the measures we choose are related to what we want to investigate. 

Secondary data that fail to provide us with the information that is needed to answer our 

research question or meet our objectives will result in invalid answers (Saunders et al., 2009). 

In this study we are primarily guided by Bradshaw et al. (2012) and Lys and Soo (1995) when 

both investigating forecast precision, and when selecting the explanatory variables that are 

used, where some variables are more frequently used in the literature than others. By applying 

measures that are widely used in previous literature we increase the validity and 

comparability of the results. 
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3.2 Data Collection 

3.2.1 Sample  

The sample consists of financial analysts’ forecasts of Swedish firm’s annual earnings before 

interest and taxes (EBIT) with a forecast horizon of one and two years. The company 

information corresponding to these forecasts consists of companies listed on the Stockholm 

Stock Exchange during the time-period 2001-2010. A ten-year sample period is used to 

mitigate the effect of year-specific anomalies regarding the forecast errors and the 

independent variables (Saunders et al., 2009). It is possible that the comparability of the 

companies’ financial information will vary over the sample period because of the 

implementation of the International Financial Reporting Standards (IFRS) in 2005. IFRS 

require companies to disclose more information to the public, which may have affected the 

information environment to be different before the implementation of IFRS compared to after 

by making it less costly to retrieve relevant information. However, conducting the study over 

a time-period of ten years mitigate this effect.  

 

The analysts’ forecasts and the corresponding company information are obtained through our 

supervisor Mattias Hamberg. In turn, this data is gathered from I/B/E/S, Data Stream and 

annual reports. By using secondary data, and specifically by gaining access to it through our 

supervisor, we have no control over the procedures that were employed when the data was 

collected. After obtaining the data, the highest risk of not getting reliable results is related to 

coding. As we use data from different databases there is a possibility that problems with 

mismatched codes can arise. Over the sample period companies have changed names and 

been subject to mergers and acquisitions, which are the underlying factors of the coding risk.  

 

The coding risk is mitigated through intense scrutiny by locating the company changes and by 

adjusting the coding accordingly with the help of information from the homepage of the 

Swedish Tax Agency. Also, a number of requirements have been posed on the financial 

analysts’ forecasts that will mitigate the likeliness and effect of mismatching financial 

analysts’ information with companies’ information. These procedures will be presented 

below. Furthermore, the number of observations, as also is displayed below, is driven by what 

was accessible to us through our supervisor and by the requirements imposed for a financial 

analyst’s forecast to be a part of the study. 
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3.2.2 Financial analysts’ forecasts 

Table 1 presents an overview of the financial analysts’ forecasts that are included in the 

sample. The sample consists of 10146 consensus forecasts constructed with the use of 48305 

individual forecasts. The consensus forecasts consists of between 3 and 18 individual 

forecasts, where the mean (median) consensus forecast consists of 4,8 (4) individual forecasts. 

The forecasts are issued by 1728 unique analysts, where the mean (median) analyst issued 2,8 

(0,7) forecasts each year over the sample period. It is evident from the comparison of the 

mean with the quartiles that there are some financial analysts that produce more forecasts than 

others, which makes the distribution skewed. Approximately 58% (1000/1728) of the analysts 

in the sample produce on average less than one forecast every year. Therefore, some analysts’ 

expectations will be more heavily represented in the overall measure of forecast precision. 

The effect of the skewed distribution is mitigated in a number of ways, as will be described 

below in section 3.2.3. However, there will still be a significant effect of the skewed 

distribution present in the results, since the average forecast error for the whole sample period 

is used in every observation period.  

 

 
 

3.2.3 Companies and industries  

Table 2 presents an overview of the descriptive statistics for the companies that are included 

in the sample with sufficient data for all the variables used in this study. The sample consists 

of a total of 180 companies over the observation period, where the mean (median) number of 

companies in every observation year is 102 (103) with 1016 unique firm years. The mean 

(median) number of firm years for each monthly observation period is 416 (378). There are 11 

industries represented in the sample, where companies within consumer services (36), capital 

goods (31) and technology (27) are most prominent. However, as is displayed by the means 

(medians), companies within the finance industry are more frequent than those within 

technology viewed over the entire sample period. 

Table 1 Descriptive statistics of financial analysts

Financial Analysts' Characteristics Total Mean Median Q1 Q3

Unique Analysts' Forecasts 1728 2,8 0,7 0,2 2,6

Individual Forecasts 48305 4830,5 4802,5 4379,3 5400,0

Consensus Forecasts 10146 1014,6 998,5 934,8 1122,8

Consensus Forecast Composition - 4,8 4,0 3,0 6,0

The data covers 180 Swedish publicly listed firms (1 063 firm-year observations) in 2001-2010. Data has been 

obtained from Datastream, I/B/E/S and from each firm's annual reports.
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3.3 Data management 

3.3.1 Individual forecasts 

Table 3 gives an overview of the requirements that are posed on both the individual forecasts 

and the consensus forecasts to be a part of this study. The initial sample included 182 001 

individual forecasts which, after certain requirement-settings, diminished to a total of 48 305 

individual forecasts. For an individual financial analysts forecast to be included in the initial 

sample we require that: (1) the analysts annual EBIT forecast and the forecast announcement 

date, and (2) the company’s actual EBIT and the earnings announcement date corresponding 

to the individual financial analysts forecast is available from our supervisor (Requirement 1). 

All forecasts made in another currency than Swedish Krona (SEK) are eliminated from the 

sample, to mitigate the risk of mismatching the currency of the forecast with the currency of 

the company’s actual EBIT (Requirement 2).  

Table 2 Descriptive statistics of companies and industries

Companies and indutries Total Mean Median Q1 Q3

Firms / Firm years 180 102 103 94 108

Firm years / Observation period 1016 416 378 333 492

Industry

Consumer Non-Durables 14 7 7 6 8

Capital Goods 31 20 19 16 24

Technology 27 13 12 10 14

Basic Industries 16 10 9 9 11

Consumer Services 36 19 20 19 21

Finance 21 14 14 14 15

Health Care 17 9 9 8 10

Energy 3 2 2 0 3

Public Utilities 6 3 2 2 3

Transportation 3 1 1 1 2

Consumer Durables 6 4 4 4 4

The data covers 180 Swedish publicly listed firms (1 063 firm-year observations) in 2001-2010. Data 

has been obtained from Datastream, I/B/E/S and from each firm's annual reports.
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3.3.2 Consensus forecasts 

To capture financial analysts’ general expectations we construct consensus forecasts. When 

constructing the consensus forecasts we divide the individual forecasts into forecast horizons. 

The consensus forecasts are based on monthly observation periods. We use the earnings 

announcement date as our measurement point for forecast horizon instead of the fiscal year-

end, to capture the actual date when the earnings are released to the public. It is possible for a 

forecast to be released at any specific date during the two-year forecasting period. That is, a 

forecast announcement date can range from one to 730 days before the earnings 

announcement date. All forecasts that have a forecast horizon of one and two years but that do 

not fit into this interval is excluded from the study (Requirement 3).  

 

For a consensus forecast to be represented in the sample we require that the consensus 

forecast for each company, for each year, and for each observation period comprises a 

minimum of three individual forecasts (Requirement 4). If more than one forecast for a 

specific company a specific year is made by the same analyst in a specific observation period, 

we only include the most up-to-date forecast (Requirement 5). This is to make sure that the 

most updated view of the analyst is represented in that specific observation period. Through 

this procedure we also mitigate the effect of one analysts’ expectation being overrepresented 

in that particular observation period. In the end, each company has up to a total of 24 

consensus forecasts of each year’s EBIT; one for each forecast horizon. After posing all our 

requirements, our sample consists of 10146 consensus forecasts constructed with the use of 

48305 individual analysts’ forecasts. The consensus forecasts are hereafter averaged for every 

company over the whole sample period, leaving us up to 24 consensus forecasts for each 

Table 3 Data Management

Requirements - Individual forecasts Total T+1 T+2

Initial Sample: 182 001 88358 93643

   -Forecasts fitting sample period 2001-2010 -12 600 -380 -12220

   -Removal of existing doublets -43 010 -23825 -19265

Requirement 1: Accessability 126 391 64153 62158

Requirement 2: EBIT in SEK -10 068 -4964 -5104

Requirement 3: Forecast horizon requirement -6 711 -1624 -5006

Requirement 4: Unique analyst requirement -39 215 -21913 -17302

Requirement 5: Consensus forecast requirement -22 092 -10460 -11632

Final Sample: 48 305 25191 23114
Table 3 gives an overview of how the sample of forecasts has been treated and how many forecasts that were excluded in 

the study. Our initial sample consist of 182 001 individual forecasts and our final sample diminished to 48 305.
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company. This leaves us 2572 observations of forecast errors that will be used in our 

regression model. 

 

3.3.3 Treatment of outliers 

The sample of forecast errors is hereafter treated with the use of winsorizing, to eliminate 

suspect data and outliers. The benefit of using winsorizing is that the sample size is 

unaffected, keeping the effect of these observations present in the study. Like Capstaff et al. 

(1995), we require a maximum forecast error of 100 %. Forecast errors larger than 100 % are 

replaced with the cut-off value to limit the skewness. The consensus forecasts that are 

replaced by the cut-off value are placed below the 17
th

 (1724/10146) and above the 99,5
th

 

(10097/10146) percentile. This procedure is necessary to prevent the results from being 

driven by outliers and is consistent with most previous studies of analysts’ forecast errors (see 

Capstaff et al., 1995). The applied method of winsorizing is also chosen because larger 

forecast errors are made farther away from the earnings announcement, which makes it 

important to keep these values in the study. Otherwise there is a risk of biasing the results, by 

giving forecasts issued farther away an advantage. 

 

3.4 Research design 

In this section we present how our hypotheses are tested. First, the research design regarding 

the two first hypotheses, analysts’ superiority and forecast horizon, is presented, where we 

explain how we measure both financial analysts’ forecast errors and the time series model’s 

forecast errors. Afterwards, we describe how we measure analysts’ superiority and what tests 

we perform to strengthen our results. These two variables are later on included in the 

regression model, where financial analysts’ forecast errors is the dependent variable, and the 

time series model is used as an independent variable. Second, the research design regarding 

how we test the remaining hypotheses is presented. We use an ordinary least square multiple 

regression model to investigate how the financial analysts’ forecast errors are affected by the 

independent variables. Information regarding how we measure our independent variables and 

our regression model is included. We also give an overview of what tests that will be 

performed to strengthen our results. A bivariate analysis is used to derive correlations among 

the variable, where we further investigate if there is any existence of multicollinearity among 

the independent variables. We also test the independent variables incremental explanatory 

powers. 
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(1)	

(2)	

(3)	

3.4.1 Analysts’ superiority 

3.4.1.1 Financial analysts’ forecast error 

The focus of this study is on the financial analysts’ forecast accuracy. We define forecast 

precision as the financial analysts’ absolute error in forecasting annual earnings for each 

company over 24 (0 through 23) possible forecast horizons. The forecast errors (ERR) are 

deflated by actual EBIT to create a relative forecast error that can be compared across the 

whole sample. Equation (1) gives us the individual analysts’ forecast error; 

 

 

 

Where F is the forecasted value of EBIT made by analyst i, for company j, for fiscal year T, at 

forecast horizon h. A represent the actual EBIT for company j’s fiscal year T.  

 

Since our focus is on studying financial analysts’ general forecast precision, our intent is to 

construct a measure that captures financial analysts’ average expectations. Therefore, the 

individual forecast errors are averaged for each company j, forecast horizon h, and fiscal year 

T. This leaves up to 24 consensus forecast errors of each year’s EBIT, for each company. The 

calculation of the yearly averaged consensus forecast error is described by equation (2); 

  

 

Where N is the number of forecasts available for company j, for forecast horizon h, in fiscal 

year T. We then average all forecast errors over the whole sample period to mitigate for year-

specific anomalies. The average consensus forecast error for each company and horizon is 

described by equation (3); 

 

 

 

where, 

ERRj, h = analysts’ forecast error for forecast horizon h (h = 0, … , 23) 

Tj = number of years for which analysts’ forecasts are available for company j. 
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(4) 

(5)	

(6) 

The average absolute financial analysts’ forecast error, as described by equation (3), is used as 

our measure when investigating analysts’ superiority and as the dependent variable in the 

regression model, when testing for the other hypotheses. 

 

3.4.1.2 Random walk models forecast errors 

As our benchmark for testing our first hypothesis (H1) regarding analysts’ superiority, we 

employ a random walk (RW) time-series model. The RW model is equivalent to the lagged 

annual realized EBIT. That is, the corresponding forecast with a forecast horizon of one year 

is equal to the actual EBIT this year, AT, and the forecast with a forecast horizon of two years 

is equal to the actual EBIT two years prior to the forecasted year, which also is this year’s 

actual EBIT, AT. The model is illustrated by equation (4); 

 

 

 

An alternative to using a simple RW model as a benchmark is to use more complicated 

models that require more data. However, previous research has found little evidence that more 

advanced time-series models are more accurate than simple time-series models of annual 

earnings (Albrecht, Lookabill and McKeown, 1977; Watts and Leftwich, 1977; Brown et al., 

1987). The forecast error for the RW model (RWFE) is calculated as described by equation 

(5);  

 

 

where 

AjT = company j’s actual EBIT year T 

RWjTh = forecast of company j’s EBIT for fiscal year T, with forecast horizon h. 

 

The RW models forecast error is calculated for each company j, for each forecast horizon h. 

This measure corresponds to every forecast error (ERR) produced by the financial analysts 

over the sample period 2001-2010. Equation (6) give us the averaged mean absolute RW 

forecast error, RWFE; 
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(7) 

3.4.1.3 Testing analysts’ superiority 

To test our first hypothesis, that financial analysts’ accuracy is superior to a time-series 

model, we calculate the difference between the analysts’ forecast errors and the RW model’s 

forecast errors; 

 

 

 

 

The calculation is made for each forecast horizon. A positive (negative) value indicates that 

the analysts are superior (inferior) to the RW model at that particular forecast horizon, i.e. 

indications of analysts’ superiority. Since we test analysts’ superiority per month it also gives 

an indication of if a timing and a contemporaneous advantage exists.  

 

3.4.1.4 Non-parametric tests 

To strengthen the empirical results for the first hypothesis, we use a Kruskal-Wallis test to 

investigate whether the financial analysts’ mean absolute forecast errors are significantly 

different from the random walk model’s mean absolute forecast errors. The Kruskal-Wallis 

test is employed because the two samples are independent of each other, and also because the 

forecast errors do not show the traits of a normal distribution, i.e. their distributions are 

skewed (Körner and Wahlgren, 2006). We therefore need to use a non-parametric test.  

 

To test our second hypothesis, we use a Wilcoxon Signed Rank test to investigate whether the 

forecast horizon effect has a significant effect on financial analysts’ forecast errors. We test if 

the prior observation periods’ forecast errors are significantly different from the present 

observations forecast errors. We expect that the financial analysts’ will improve their forecast 

precision as the forecast horizon decreases. A pairwise non-parametric test is used as we want 

to test the differences between a before/after-effect (Körner and Wahlgren, 2006), where the 

forecast horizon is the determinant. We further investigate this effect by including the forecast 

horizon as an independent variable in the regression model.  

 

Because all the different tests over the forecast horizon, 0 through 23, will be dependent on 

each other this will increase the risk for type one and two errors in our results (Körner and 

Wahlgren, 2006). To adjust for this, the tolerance level for rejecting the null hypotheses is 
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increased. Regarding the Kurskal-Wallis test we apply 24 tests, which means that we need to 

increase our tolerance level from 0,05 to 0,002 (0,05/24). The tolerance level for the 

Wilcoxon Signed Rank test is increased from 0,05 to 0,002 (0,05/23). 

 

3.4.2 Regression model 

To test the hypotheses concerning how the information that analysts use will affect the 

forecast accuracy, we perform a regression model. As our dependent variable, we use the 

financial analysts’ forecast error, as described above. How we measure our independent 

variables will be described below, where every measure is linked to one of the hypotheses 

described in the theory section. 

 

3.4.2.1 Independent variables 

 
Forecast horizon 

Given prior findings in the literature, we expect forecast accuracy to improve as the length of 

the forecast horizon (MTR = month to release) decreases. The closer a forecast is issued to the 

earnings announcement date, the more public information will be available to analysts, 

contributing to a lower cost to produce a more precise forecast. For example, as listed 

companies are required to release quarterly earnings reports, analysts will throughout the year 

gain access to this information. This means that for forecasts that have been issued after the 

third quarterly earnings have been released, the analysts only need to focus on one fourth of a 

company’s annual earnings. Also, it is common for listed companies to announce profit 

warnings when analysts are too far off in their forecasts adjacent to an earnings announcement 

(see Bradshaw, 2011).  

 

To test the hypothesis of a positive relationship between the forecast horizon and the forecast 

error, we assign the analyst forecasts into monthly observation periods of 0 through 23 

months until the earnings announcement date. The observation period “0” represents forecasts 

released within a time-period of one month up until the earnings announcement, and 

observation period “23” represents forecasts released more than (less than 24) 23 months 

prior to the earnings announcement date. This gives us 24 different forecast horizons where 

MTR ranges from 0 to 23. 
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Analysts following 

The number of analysts following a firm is included in our regression model as a measure for 

both the competition amongst analysts, and as a measure of the availability of financial 

analysts’ forecast reports as an information source. To survive in a competitive environment, 

analysts have to strive to minimize forecast errors, not to be ousted. That is, if the analysts’ 

forecasts do not create value to its users, they will not be needed, and therefore be obsolete. 

However, if analysts are able to sustain, their forecast reports will bring additional 

information for other analysts to take into account in their respective forecast production. The 

assumption is that as the number of analysts following increases, the forecast precision 

increases. The level of analysts’ following (LNFOLL) is measured as the natural logarithm of 

the average number of unique analysts who produced one or more forecasts in at least one of 

the fiscal years 2001-2010. Since the variation between the largest and the smallest amount of 

analysts following is very high, and in order to achieve a better linear relationship with the 

dependent variable, ERR, we use the natural logarithm of analysts following. 

 

Firm size 

Previous research indicates that firm size (LNSIZE) is related to the amount of public 

information that is available about the company. Larger companies are typically more 

scrutinized by the investment community, and thereby a greater amount of public information 

will be available. Firm size has also been found to be related to the number of analysts 

following a firm (Bhushan, 1989). By including firm size in our regression model the 

explanatory power will increase because we control for the LNFOLL variable, which is 

highly correlated with size (Das et al., 1998). We expect that a higher value of LNSIZE will 

have a negative relationship with forecast precision, because more information will be 

available to the analysts, contributing to more precise forecasts. As in Bhushan (1989) and 

Das et al. (1998), LNSIZE is measured as the natural logarithm of the company’s average 

year-end market value. The natural logarithm is used for the same reason as for LNFOLL. 

 

Corporate visibility 

The more visible a company is in the media, the more public information will be available to 

the financial analysts to utilize. We assume that a higher corporate visibility will contribute to 

more precise forecasts. CITE is measured as the number of times a company is mentioned in 

the following newspapers and journals; Affärsvärlden, Aftonbladet, Dagens Industri, Dagens 

Nyheter, Expressen, Göteborgsposten, Privata Affärer, Svenska Dagbladet, Sydsvenska 
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Dagbladet and Veckans Affärer. The value of CITE ranges between 1 and 10, where 10 is the 

highest value and 1 is the lowest value.
 

 

Predictability of earnings 

We expect that forecast precision is a decreasing function of the predictability of earnings. 

The harder it is to forecast a company’s earnings the less precise the financial analysts’ 

forecasts will be. The comparison between time-series models and financial analysts’ forecast 

accuracy is a well-established research field, where these models often are used as indicators 

for the predictability of companies’ earnings. Like Firth and Gift (1999), we employ our 

random walk model (PRED) as our overall indicator of the forecasting difficulties faced by 

financial analysts for each of the 24 forecast horizons that correspond to the dependent 

variable. 

 

Trading volume 

Lys and Soo (1995) argue that analysts’ revenue is a function of the number of shares traded. 

The more company shares that are traded, the more potential revenue there is for analysts to 

capture. Investors are willing to pay higher fees for more precise forecasts (Lys and Soo, 

1995), and if there is an analyst that produces more accurate forecasts than the others, the 

investor’s interests will end up there.  As trading volume increases more analysts will be 

attracted to join the market, since the marginal analyst will earn positive rents. That is, with 

more potential revenue to conquer, a higher degree of competition will arise. Analysts already 

in the market will have an economic incentive to increase their forecast precision to reduce 

entries of new analysts into the market. This will lead to a new equilibrium where the forecast 

accuracy is higher or where there is a greater amount of analyst following, or where there is a 

combination of both (Lys and Soo, 1995). Our measure for analysts’ potential revenue is 

trading volume (LNVOL). We expect that analysts’ precision will increase with an increased 

trading volume. We measure LNVOL as the natural logarithm of the average trading volume 

over the sample period 2001-2010. The natural logarithm is used for the same reason as for 

LNFOLL and LNSIZE. 

 

3.4.2.2 Model and tests 

To test the empirical relationship (correlation) between the dependent and the independent 

variables used in our regression model we apply a bivariate analysis. Spearman’s rho test is 

used to calculate the correlations amongst the variables. Since there is a risk of 
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multicollinearity among the variables that are used in our regression model, the bivariate 

analysis helps us to identify relationships where pairwise independent variables are highly 

correlated to each other. This is important since it is likely that many of the independent 

variables will have high correlations to LNSIZE. We also use a Variance Inflation Factor test 

to further investigate whether there is multicollinearity among the independent variables.  

 

Further, we employ a multiple regression model to test hypotheses H2 to H7. A linear 

ordinary least squared regression model is used, which is commonly used in the literature 

regarding financial analysts’ forecast accuracy with a focus on explaining variations in 

forecast errors. To investigate whether analysts’ forecast precision is related to the factors 

discussed above, we use the following regression model: 

 

                                                          

                  

 

Additionally, we measure all independent variables incremental explanatory power. This is 

executed by removing one independent variable at a time from the regression model, leaving 

all other variables present in the model. Through this procedure we examine how much 

explanatory power each individual independent variable adds to the regression model as a 

whole. 
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4. Results and Discussion 

4.1 Descriptive results on forecast accuracy 

In Table 4 we present an overview of financial analysts’ forecast errors. The forecast errors of 

each forecast horizon are reported in four values; the absolute analysts’ forecast errors 

(AAFE), the signed analysts’ forecast errors (SAFE), the random walk absolute forecast 

errors (RWAFE), and the results from comparing the financial analysts with the random walk 

model, i.e. analysts’ superiority.  

 

4.1.1 Financial analysts’ absolute forecast errors 

It is rational for financial analysts to strive to minimize forecast errors. Irrational analysts will 

be excluded in favour of rational analysts since accuracy is a requirement for their survival 

(Muth, 1961). We therefore expect that rational analysts will update their expectations as new 

information becomes available and use this information to produce more accurate forecasts. It 

is evident from looking at Column A that the closer the forecasts are issued to the earnings 

announcement date, the smaller the forecast error becomes. The AAFE (average analysts’ 

forecast error) is on average 18,5 % off when there is less than one month to the earnings 

announcement, and 41,7 % off when there is 24 months to the earnings announcement. The 

forecast precision is improved with 0,232 basis points over the two year forecast horizon. 

There are two different observations that can be made over the overall forecast horizon. First, 

between the 14
th

 and the 23
rd

 observation period, there are no consistent improvements in 

forecast precision. Second, after the 14
th

 down to 0
th

 observation period there is a steady 

increase in forecast accuracy (with some exceptions). 

 

4.1.2 Financial analysts’ signed forecast errors 

The SAFE (signed analysts’ forecast error) is presented in Column B. A negative value 

indicates a higher forecasted value than the actual EBIT, and thereby gives indications of 

forecast optimism. A positive value indicates a lower forecasted value than the actual EBIT, 

and gives indications of forecast pessimism. The results give us clear indications that financial 

analysts are, on average, consistently producing optimistic forecasts for all forecasts made 

over the whole forecast horizon. 
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Table 4 Forecast errors and analysts' superiority

Column A Column B Column C Column D

0 463 0,185 -0,103 0,405 0,220

1 202 0,167* -0,073 0,398 0,231

2 411 0,219* -0,135 0,432 0,214

3 673 0,240 -0,149 0,405 0,165

4 369 0,264 -0,170 0,414 0,150

5 388 0,299 -0,198 0,434 0,135

6 521 0,286 -0,183 0,409 0,123

7 363 0,298 -0,177 0,408 0,111

8 325 0,321 -0,205 0,420 0,099

9 641 0,330 -0,216 0,400 0,069

10 341 0,361 -0,225 0,418 0,057

11 632 0,384 -0,249 0,411 0,027

12 588 0,391 -0,253 0,491 0,100

13 233 0,390* -0,224 0,499 0,109

14 439 0,428 -0,274 0,533 0,106

15 594 0,421 -0,285 0,504 0,083

16 341 0,418 -0,265 0,509 0,091

17 378 0,444 -0,282 0,535 0,091

18 446 0,442 -0,302 0,496 0,054

19 309 0,430 -0,273 0,485 0,055

20 296 0,426* -0,266 0,495 0,069

21 547 0,462** -0,290 0,507 0,046

22 287 0,424 -0,234 0,485 0,060

23 359 0,417 -0,226 0,489 0,072

Column A presents the mean absolute forecast errors for the analysts (Analysts' FE). The 

error decreases as we move closer to the earnings announcement. * signifies that the 

observation periods forecast error is significantly more precise than the preceding one. ** 

signifies that the observation periods forecast error is significantly worse than the preceding 

one.

Column B presents the signed mean forecast error made by the analysts (Analysts' signed 

FE). Negative numbers indicate a forecast of EBIT that is greater than the actual EBIT, i.e. 

negative numbers indicate optimistic forecasting errors. The forecast errors made by the 

analysts are always negative (i.e optimistic bias) and decreases as we move closer to the 

earnings announcement date.

Column C presents the mean absolute forecast errors for the random walk model (RW FE) 

(the signed random walk forecast error is always positive (i.e. pessimistice bias)). The 

fluctuation in the RW FE is due to differing sample sizes in every observation period. The 

average forecast errors for T+1 are smaller than for T+2.

Column D presents the difference between the mean absolute random walk forecast errors 

and the mean absolute analysts' forecast errors in the 24 months prior to the earnings 

announcement. Positive numbers indicate analysts' superiority. All errors are scaled with 

acutal EBIT at the time of the earnings announcement. Year T is the year of the most 

recently reported annual EBIT. Forecast error (FE) is the absolute value of the difference 

between the estimated and actual EBIT scaled by actual EBIT. The two forecasts are 

measured as the analysts' consensus forecast of EBIT for years T+1 and T + 2 respectively. 

The random walk (RW) forecast is equal to the most recently reported annual EBIT. The 

analysts' forecast errors are significantly different from the random walk forecast errors at 

less than a 0,002 significance level for 23 of the 24 observation periods. This means that the 

analysts are superior to the random walk model.

The data covers 180 Swedish publicly listed firms (1 063 firm-year observations) in 2001-

2010. Data has been obtained from Datastream, I/B/E/S and from each firm's annual reports.
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However, the magnitude of analysts’ optimism decreases as we move closer to the earnings 

announcement date. The financial analysts’ produces, on average, forecasts that are 10,3 % 

optimistic when there is less than a month to the earnings announcement, and forecasts that 

are 22,6 % optimistic when there is 24 months to the earnings announcement. However, the 

forecasts do not display a consistent decrease in optimism over the forecast horizon. Forecasts 

made between the 8
th

 and the 23
rd

 observation period display an inconsequential behaviour of 

forecast optimism, while forecasts made closer to the earnings announcement give indications 

of a decreasing forecasting optimism. 

 

If analysts are behaving rationally there should be an equal probability for the mean forecast 

errors produced to be either optimistic or pessimistic. That is, there should not be a consistent 

optimistic, or pessimistic, tendency in the forecast errors. However, each month’s consensus 

forecast in this study was optimistic. Previous research argues that optimistic bias is proof of 

analysts’ irrational behaviour (Laster et al., 1999). This could be seen as a weakness of the 

REH and its assumption about rational expectations. Since we are assuming that the analysts 

are acting rational in accordance with the REH, and that it is in the analysts’ best interest to 

produce as accurate forecasts as possible, the indications of optimism is a relevant finding of 

this study. 

 

The REH assumes that it is rational to minimize forecast errors. However, prior research 

argues that financial analysts are motivated by other factors than minimizing forecast errors. 

The typical explanation to why analysts persistently produce optimistic forecasts is that they 

wish to maintain a good relationship with management of the companies they cover, and 

thereby gain access to private information (Francis and Philibrick, 1993; Bradshaw, 2011, 

Lim, 2001).  

 

However, previous research also argues that analysts can still be seen as rational, even though 

the forecasts are optimistically biased. Lim (2001) argues that when analysts are producing 

optimistically biased forecasts in order to gain close relationship to management, it is in their 

own interest to do so, and thereby they are acting rationally from their own perspective. Even 

if this rationality is not in accordance with the rationality induced by the REH, where 

irrational actors should be forced to leave the market in favour of rational actors, it is still a 

possible explanation to analysts’ rationally optimistically biased forecasts. Furthermore, when 

interpreting Rubinstein’s (2001) argument about market participant’s overconfidence on 
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analysts, the existence of optimistic bias in analysts’ forecasts can be seen as a result of 

analysts’ overconfidence in their own ability. This overconfidence will, according to 

Rubinstein (2001) lead to an even more efficient and rational market, since the analysts will 

put a lot of effort and money into finding more information, and the information will in turn 

be possible to access for other analysts on the market as well. Therefore, a market can be 

rational, even if it consists of irrational actors. In essence, even if our findings show a 

consistent optimistic bias in analysts’ forecasts, it does not have to be evidence of joint 

financial analysts’ irrationality. 

 

4.1.3 The random walk models absolute forecast errors 

The RW model is, in contrast to the financial analysts, always producing pessimistic 

forecasts. As displayed in Column C the random walk does not give indications of a 

consistent forecast horizon effect over the observation periods. This is not a surprise since the 

RW model is not given these properties. The fluctuations in the RWAFE (random walk 

average forecast error) can be explained by the variations in the availability of financial 

analysts’ forecast errors in the observation periods. That is, different companies give rise to 

different forecast errors by the RW model.  

 

However, what can be observed is that the forecast errors in observation period 0 to 11 is, on 

average, different from forecast errors in observation period 12 to 23. This is because the 

RWAFE is based on earnings T-1 (0-11) and T-2 (12-23). The RWAFE are, on average, 

0,089 basis points smaller in observation period 0 to 11 than 12 to 23. The reason why the 

forecast errors are smaller in the observation periods 0 to 11 can be attributable to the fact that 

earnings have a tendency to increase over time, i.e. company earnings’ grow on average. If 

this notion is correct EBIT at time T will be bigger than at time T-1, and even bigger than at 

time T-2. 

 

4.2 Analysts’ superiority and forecast horizon effect 

4.2.1 Testing for analysts’ superiority 

Time-series models have often been used for the purpose of forecasting future values, and 

also as a benchmark in the forecasting accuracy literature for evaluating the value that 

financial analysts create. Time-series models’ forecasts are less costly to produce but are not 
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able to capture, and interpret, all information that is available for the analysts to utilize 

(Brown and Rozeff, 1978). Given that analysts react to existing and new information 

rationally we expected that the analysts would produce more accurate forecasts than time-

series models.  

 

To test the first hypothesis, H1, we compare the forecast errors for the financial analysts and 

the RW model. A positive value in Column D indicates that financial analysts are superior to 

the RW model, and a negative value indicates that the RW model is superior to the financial 

analysts. We run a Kruskal-Wallis test to find out whether the AAFE is separated from the 

RWAFE in every observation period. We find that the AAFE is significantly different from 

the RWFE for 23 of the 24 forecast horizons (p-value < 0,002)
1
. For a complete overview of 

the results from the Kruskal-Wallis test, see appendix II. That is, analysts are superior to the 

RW model over all monthly observation periods. 

 

In the results we see that the superiority of analysts is the greatest in the three months prior to 

the earnings announcement where the difference between financial analysts and the RW 

model is, on average, 0,221 basis points. The superiority is the smallest 11 months prior to the 

earnings announcement, where the difference is 0,027 basis points. However, the most 

consistent period where financial analysts’ superiority is the weakest is evident after 

approximately 15 months prior to the earnings announcement, where the difference is, on 

average, 0,069 basis points in favour of the financial analysts.  

 

The annual earnings announcements also seem to have a negative effect on analysts’ 

superiority. There is a moderately consistent increase in analysts’ superiority from the 23
rd

 to 

the 12
th

 observation period. However, after the annual earnings have been released for T+1 

the analysts lose substantial superiority in the first observation periods, while as the forecast 

horizon decreases there is consistent increase in analysts’ superiority, but with a higher 

magnitude than for T+2. These results are in accordance with the majority of findings in 

previous research (Bradshaw, 2011; Bradshaw et al., 2012). It is evident from the results that 

analysts’ superiority decreases after an earnings announcement, as the superiority over the 

time-series model is weakest in the beginning of every forecasting year. This indicates that 

                                                        
1 The observation period that does not give a significant result is located in the 22nd forecast horizon (p-value = 0,004). 
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financial analysts’ may be affected by prior earnings in the beginning of every fiscal year, and 

that they use prior earnings as a large information source at this particular time. 

 

According to REH, since a firm’s future value should be measured by the best available 

forecast (Muth, 1961), the result shows that a firm’s future value should be measured by 

analysts’ forecasts, since they are superior to time-series forecasts. The results therefore 

support the hypothesis that analysts create value to the market and the investors. However, the 

results also indicate that the value of analysts’ forecasts diminishes with an increased forecast 

horizon. It can therefore be questioned if forecasts made 9-11 and 18-23 months before the 

earnings announcement date induce much value for the investors, compared to the costs of 

producing it. For these forecast horizons, it instead seems as though prior earnings have a 

major impact on financial analysts’ forecasts. Since the RW-model and the analysts’ forecasts 

produce similar forecast errors during these periods, it is not certain that the analysts’ costs of 

making forecasts is lower than the additional value they create.  

 

4.2.2 Forecast horizon effect 

From looking at Column A again, it is evident that the forecast accuracy is affected by the 

forecast horizon. As we move closer to the earnings announcement date, the accuracy of 

financial analysts’ forecasts increase. To test whether the present AAFE are significantly 

different from the preceding AAFE, a Wilcoxon Signed Rank test is performed for all 24 

forecast horizons. We find that forecast errors are significantly different from each other 

between five different paired forecast horizons
2

. The forecast precision is statistically 

significantly improved between four forecast horizons
3
. However, forecast precision is also 

statistically significantly worsened between one paired forecast horizons.  

 

To further investigate the significance of the forecast horizon, a second Wilcoxon Signed 

Rank test is performed on a quarterly basis. We find that forecast accuracy is consistently 

significantly improved from four quarters prior to the earnings announcement
4
. Forecast 

                                                        
2 Forecast errors between the following forecast horizons are significantly different from each other:1-2 (p-value = 0,000), 2-3 (p-value = 

0,002), 13-14 (p-value = 0,000), 20-21 (p-value = 0,000), and 21-22 (p-value = 0,000). 
3 Forecast errors were statistically improved between the following forecast horizons: 1-2, 2-3, 13-14 and 20-21. Forecast errors were 

statistically worsened between the following forecast horizons: 21-22. 
4 Forecast accuracy is significantly improved between these quarterly forecast horizons: Q14-Q13 (p-value = 0,000), Q13-Q12 (p-value = 

0,000), Q12-Q11 (p-value = 0,000) and Q11-Q24 (p-value = 0,000). 
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errors between the other quarters are not significantly different from each other. For a 

complete overview of the results from the Wilcoxon Signed Rank tests, see appendix I. 

 

These results give us indications that analysts in fact update their views and react rationally to 

new information, which is in accordance to the REH (Muth, 1961). However, as we see after 

running the Wilcoxon Signed Rank tests, analysts’ forecast accuracy only improves 

significantly between a few months. On the other hand, the test made on a quarterly basis 

gives us clear indications of a forecast horizon effect. 

 
According to prior research (Brown et al., 1987), analysts have a timing and contemporaneous 

advantage over time-series models. This is because they have more information available to 

use than only data from previous earnings, at the same time as they have even more 

information publicly available if the forecasts are released after an earnings announcement 

date (Brown et al., 1987). Our finding that analysts’ forecasts are more accurate the closer we 

get to the earnings announcement date supports the notion that analysts have a timing and 

contemporaneous advantage over a time-series model.  

 

Furthermore, as with the forecast horizon effect discussed above, forecast optimism decreases 

as the forecast horizon is shortened. It can therefore be argued that analysts update their 

expectations rationally when new information is released, resulting in more accurate 

forecasts. It could also be argued that analysts find it important to be accurate right before the 

earnings announcement to create legitimacy for their forecasting ability (Abarbanell and 

Lehavy, 2003), which would not be in accordance with the REH.  

 

The overall results support the notion that financial analysts’ forecasts are superior over time-

series models. Therefore, the results indicate that analysts’ forecasts contribute with value to 

investors and the market. In accordance with the REH (Muth, 1961), a firm’s future value 

should therefore be forecasted with financial analysts’ forecasts and not with time-series 

models’ forecasts, since analysts produce more accurate forecasts. Furthermore, the results 

also indicate that the forecast errors are affected by the forecast horizon and that analysts have 

a timing and contemporaneous advantage over time-series models. Our results are therefore 

consistent with H1 and H2.  
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Table 5 Descriptive statistics of variable properties over the sample period 2001-2010

Variables N Min Max Mean Std. Deviation

ERR 2572 0,00 1,00 0,39 0,31

LNVOL 2572 3,49 13,37 8,61 1,88

PRED 2572 0,00 1,00 0,49 0,31

LNSIZE 2572 4,47 12,56 8,83 1,56

CITE 2572 1,00 10,00 7,50 2,00

MTR 2572 0,00 23,00 11,20 6,76

LNFOLL 2572 0,00 3,92 2,57 0,55

ERR = average absolute forecast error (deflated by actual EBIT).

LNVOL = natural logarithm of the average trading volume of company j over 2001-2010 (MSEK).

PRED = average absolute random walk forecast error (deflated by actual EBIT).

LNSIZE = natural logarithm of the total average market value of company j over 2001-2010 (MSEK).

CITE = average value of citations in the Swedish press for company j over 2001-2010.

MTR = forecast horizon (0 to 23 months ahead in time).

LNFOLL = natural logarithm of the average number of analysts following company j over 2001-2010.

The data covers 180 Swedish publicly listed firms (1 063 firm-year observations) in 2001-2010. Data 

has been obtained from Datastream, I/B/E/S and from each firm's annual reports.

4.3 Regression Analysis 

In this section we present descriptive statistics regarding the variables used in the regression 

model and their joint properties. Furthermore, we present the findings derived from the 

multiple regression model used and discuss the implications of the results with the help of the 

theoretical framework developed in section 2. Finally, we round up with a general discussion 

of the findings. 

 

4.3.1 Descriptive statistics of variable properties 

Descriptive statistics for the variables used in our regression model is presented in Table 5. 

The mean (median) financial analysts’ forecast error, ERR, over all forecast horizons is 0,39 

(0,31), whereas the mean (median) forecast error for the RW model, PRED, is 0,49 (0,44). As 

described above, the forecast errors are treated with winsorizing, to prevent the results from 

being driven by outliers, while still keeping the effect of those observations present in the 

study. We treat the RW models’ forecast errors in the same way as the analysts’, to make sure 

that neither the analysts nor the RW model are treated differently. This improves the mean 

accuracy of both the financial analysts’ forecasts and the RW models’ forecasts. The median 

forecast errors are not affected by this. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 36 

The number of analysts following, LNFOLL, ranges between 1 to 50,5 financial analysts over 

the sample period, where the mean (median) number is equal to 15,2 (12,8). The average 

value of corporate visibility, CITE, over the sample period ranges from a value of 1 to 10, 

where the mean (median) value of citations is 7,5 (7,9). The mean (median) value of trading 

volume, LNVOL, over the time period is 30272,2 (4738,4) with a range from 32,9 to 

641805,9 million SEK. Finally, the mean (median) company size, LNSIZE, is equal to a 

market value of 22684 (6378,3) ranging from 87,4 to 285221 million SEK. We hereafter use 

the natural logarithm for the variables LNFOLL, LNVOL, and LNSIZE to improve the 

variables’ linearity. 

 

4.3.2 Correlations amongst the variables 

The correlation matrix in Table 6 reports the correlations amongst the dependent and the 

independent variables used in the regression model. The analysts’ forecast error (ERR) is 

significantly negatively correlated with LNFOLL, LNSIZE, LNVOL and CITE, and 

significantly positively correlated with MTR and PRED. The highest negative correlation is 

recorded between ERR and LNSIZE (-0,285), and the highest positive correlation is recorded 

between ERR and PRED (0,609). The individual correlations between the dependent variable 

and the independent variables are in line with our expectations. However, to further test if the 

independent variables are related to the forecast error we use a multiple regression model, 

which results will be presented in the next section. 

 

Furthermore, there are significant pairwise correlations between the independent variables. 

The highest significant negative correlation among the independent variables is recorded 

between PRED and LNSIZE (-0,215) and the highest significant positive correlation between 

the independent variables is recorded between LNVOL and LNSIZE (0,921). Also, there are 

large significant pairwise correlations between LNFOLL, LNSIZE, LNVOL and CITE. High 

correlations between these independent variables are not surprising, since it is reasonable to  
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suspect that a larger company has a higher analysts’ coverage, is more frequently cited in 

newspapers and journals, and has a larger trading volume. We also find that PRED has a 

significant negative correlation to MTR and significant positive correlations to LNSIZE and 

LNVOL. This indicates that the predictability measure, PRED, is functioning as expected, 

which is that it is more difficult to predict earnings the longer the forecast horizon is.  

 

However, there is a risk of collinearity between LNSIZE and LNVOL (R
2
 = 0,848), which 

indicates that LNSIZE and LNVOL may have the same explanatory properties. It is therefore 

possible that LNVOL picks up a large part of what is explained by LNSIZE. The collinearity 

between LNVOL and LNSIZE will be investigated further in the next section. 

 

4.3.3 Results from the regression model 

The results from the primary model, the multiple regression model (multivariate model), are 

shown in Table 7. The results display the relationship between financial analysts’ forecast 

errors and the independent variables. We argue in this paper that analysts act rationally (Muth, 

1961), and that analysts should perceive and reply to all available information in a rational 

way, and thereby try to minimize forecast error. Further, the accuracy of forecasts will depend 

on economic incentives to increase forecast accuracy (i.e. trading volume), and on how costly 

Table 6 Correlation of the dependent and the independent variables

Variables ERR LNFOLL LNSIZE LNVOL MTR CITE

LNFOLL -0,089**

LNSIZE -0,285** 0,794**

LNVOL -0,198** 0,864** 0,921**

MTR 0,294** 0,029 0,018 0,018

CITE -0,068** 0,798** 0,762** 0,814** 0,026

PRED 0,609** -0,022 -0,215** -0,108** 0,140** -0,026

This table present the Spearman's rho correlations for the dependent and independet variables.

**. Correlation is significant at the 0,01 level (2-tailed).

ERR = average absolute forecast error (deflated by actual EBIT).

LNVOL = natural logarithm of the average trading volume of company j over 2001-2010 (MSEK).

PRED = average absolute random walk forecast error (deflated by actual EBIT).

LNSIZE = natural logarithm of the total average market value of company j over 2001-2010 (MSEK).

CITE = average value of citations in the Swedish press for company j over 2001-2010.

MTR = forecast horizon (0 to 23 months ahead in time).

LNFOLL = natural logarithm of the average number of analysts following company j over 2001-2010.

The data covers 180 Swedish publicly listed firms (1 063 firm-year observations) in 2001-2010. Data has been 

obtained from Datastream, I/B/E/S and from each firm's .annual reports.
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it is to retrieve the information needed to increase forecast accuracy (i.e. analysts’ following, 

size, cite, forecast horizon and predictability). 

 

 

 

The model is highly significant (F = 370,575, p-value = 0,00) and has an R
2
 of 46,4 %. This 

means that the independent variables explain 46,4 % of the variation in the dependent 

variable. The closer the R
2
 is to 1 the more of the variation in the dependent variable is 

explained by the independent variables. If the P-value is less than 0,05 the independent 

variable has a significant relationship to ERR. The independent variable that displays a 

significant negative relationship to financial analysts’ forecast errors (ERR) is LNSIZE. The 

independent variables that display a significant positive relationship to financial analysts’ 

forecast errors are LNFOLL, MTR, CITE, and PRED. The variables that have the strongest 

significance are MTR (p-value = 0,000), CITE (p-value = 0,000) and PRED (p-value = 

0,000). LNVOL does not display a significant relationship to the dependent variable. 

 

Forecast horizon 

We expect analysts to produce more accurate forecasts as the forecast horizon decreases. The 

results give us indications that forecasts issued farther away from the earnings announcement 

tend to have larger forecast errors. In accordance with the results from the Wilcoxon Signed 

Rank test that was presented earlier, the results from the multiple regression model conveys 

the same results. That is, the independent variable MTR is significant (p-value = 0,000) and 

Table 7 Result from regression models

Predictor Predicted Sign Coefficient P-Value IEP Coefficient P-Value

Constant NA 0,404 0,000 NA NA NA

LNFOLL - 0,037 0,033 0,1% -0,085 0,000

LNSIZE - -0,058 0,000 3% -0,068 0,000

LNVOL - -0,009 0,285 0% -0,041 0,000

MTR + 0,009 0,000 3,9% 0,012 0,000

CITE - 0,015 0,000 0,3% -0,017 0,000

PRED + 0,528 0,000 22,9% 0,625 0,000

R square = 46,4 % F = 370,575 (p-value = 0,000)

ERR = average absolute forecast error (deflated by actual EBIT).

LNVOL = natural logarithm of the average trading volume of company j over 2001-2010 (MSEK).

PRED = average absolute random walk forecast error (deflated by actual EBIT).

LNSIZE = natural logarithm of the total average market value of company j over 2001-2010 (MSEK).

CITE = average value of citations in the Swedish press for company j over 2001-2010.

MTR = forecast horizon (0 to 23 months ahead in time).

LNFOLL = natural logarithm of the average number of analysts following company j over 2001-2010.

Multivariate Model

The data covers 180 Swedish publicly listed firms (1 063 firm-year observations) in 2001-2010. Data has been obtained from 

Datastream, I/B/E/S and from each firm's annual reports.

Univariate Model
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has a positive coefficient. We further test MTR’s incremental explanatory power (IEP) and 

find it to be 3,9 %, which is the second largest among the independent variables.   

 

As the earnings announcement date shortens, it is likely that more and more information will 

be accessible to the analysts. For instance, limited companies release quarterly earnings and 

press releases, and sometimes announce profit warnings if the analysts’ forecasts are way off. 

The additional information that is released as the forecast horizon decreases will contribute to 

a lower cost of producing more precise forecasts. Further, the positive correlation between 

MTR and PRED described above tell us that the earnings will be harder to predict as the 

forecast horizon increases. The results from the regression model therefore provide further 

evidence of a forecast horizon effect. We therefore accept the second hypothesis, H2. 

 

The result from the multiple regression model therefore supports the previous discussion of an 

acceptance of H2. That is, the result indicates that analysts do have a timing and 

contemporaneous advantage (Brown et al., 1987), making it possible for analysts to utilize 

existing information in a better way.  

 

Analysts following 

Prior research state that the amount of information available to some extent is dependent on 

how many analysts that follow a firm (Bhushan, 1989 ; Lys and Soo, 1995 ; Das et al., 1998). 

We therefore expect that a higher number of analysts following a firm will lead to lower 

forecast errors. This relationship is explained by the notion that analysts can learn from each 

other and thereby lower their research costs by considering other analysts’ forecasts. Since 

this contributes to a richer information environment, it would in turn lead to more accurate 

forecasts (Lys and Soo, 1995). We also expect that a higher number of analysts following a 

firm will lead to greater competition amongst the analysts, which also would contribute to 

higher accuracy (Das et al., 1998; Firth and Gift, 1999).  

 

In Table 6, the independent variable LNFOLL displayed a significant negative relationship to 

financial analysts’ forecast errors. This gives us indications that the more analysts that follow 

a company will lead to smaller forecast errors, which is in consistence with our expectations. 

Among the significant variables, LNFOLL is the least significant (p-value = 0,033), but 

regardless, it is still significant at a 0,05 significance level. However, the results from the 

multiple regression model instead show a significant positive relationship to ERR. This 
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indicates, in contrary to our expectations, that a larger number of analysts that follow a firm 

contribute to less accurate forecasts. Further, we find that LNFOLL has an incremental 

explanatory power of 0,1 %. This indicates that the number of analysts following have modest 

explanatory properties to the variations in ERR.   

 

However, as is evident from Table 6, there are very high pairwise correlations between 

LNFOLL and the independent variables CITE, LNSIZE and LNVOL. The relationship 

between LNFOLL and ERR is also tested by using a univariate analysis. As is presented in 

Table 7, the result from the univariate analysis is the opposite from the multiple regressions. 

Instead, we find that LNFOLL has a significant negative relationship to ERR. This is in line 

with our expectations. The results from the univariate analysis clearly indicate that the 

enriched information environment and the increased competition amongst analysts lead to 

more precise forecasts. We therefore accept hypothesis H3. The result supports the notion that 

a greater amount of analysts following a firm leads to the possibility to learn from each other, 

as well as a greater competition, which in turn leads to more accurate forecasts (Lys and Soo, 

1995; Das et al., 1998).  

 

Firm size 

When we test the relationship between LNSIZE and ERR we expect that the forecasts are 

more accurate for larger firms. In research, this has been explained by the fact that more 

information is publicly available for larger firms, which will make the forecasts less costly to 

produce for the analysts. That is, larger companies are typically more scrutinized by the 

investment community, and thereby a greater amount of public information will be available 

(Das et al., 1998). Furthermore, Firth and Gift (1999) argue that larger firms are easier to 

forecast because they have more control of their market settings, why it should be easier to 

assess larger firms’ performance. 

 

We find that LNSIZE displays a significant negative relationship to ERR in the multiple 

regression model (p-value = 0,000). LNSIZE has the third largest incremental explanatory 

power of the independent variables used in the multiple regression model, and is equal to 3%. 

This gives us an indication that the larger the company is, the more accurate forecasts are 

produced, in accordance with previous research (Das et al., 1998; Firth and Gift, 1999). 

Further, this suggests that financial analysts’ react rationally to the additional information that 



 41 

surrounds larger companies and that they use this information to minimize their forecast 

errors. We therefore accept hypothesis H4. 

 

Corporate visibility 

When testing the corporate visibility variable we expect firms that are more frequently cited 

in newspapers and journals to be associated with more accurate analysts’ forecasts. This is 

explained by the assumption that corporate visibility leads to more available public 

information for the analysts, which in turn should lead to more accurate forecasts (Lys and 

Soo, 1995). However, we find that more corporate visibility leads to a higher forecast error. 

The results from the multiple regression model show that CITE has a significant relationship 

to ERR (p-value = 0,000) and has a positive coefficient. Also, CITE has an incremental 

explanatory power equal to 0,3%. This indicates that analysts’ forecast accuracy is modestly 

affected by the information that is included in the variable CITE. The result therefore suggests 

that the more visible a firm is in the news, the harder it will be to make an accurate forecast 

for that company. When seeing this result from another perspective, it suggests that 

companies that are not frequently mentioned in the news will be easier to forecast. A possible 

explanation to this may be that these companies will be more stable, why there is no reason to 

write about them in the news.  

 

However, since there is a highly significant pairwise correlation between CITE and LNFOLL, 

LNSIZE and LNVOL, we test CITE’s relationship to ERR by using a univariate analysis. The 

results from the univariate test show that CITE is significantly negatively related to ERR, 

which is the opposite of the results displayed by the multiple regression model. It is possible 

that LNSIZE and LNVOL hampers the explanatory power of CITE in the multiple regression 

model, since the pairwise correlations among them are high. Because of the results from the 

univariate test, we accept hypothesis H5. That is, greater corporate visibility contributes to 

higher forecast accuracy. 

 

Predictability  

According to Lys and Soo (1995), forecasts issued for firms with more predictable earnings 

will be less costly, which in turn will lead to more accurate forecasts produced by analysts. In 

accordance, Plumlee (2003) argue that more complex information about a company will make 

it harder to predict that company. We therefore expect that forecast errors will be smaller 

when earnings are more predictable. The result from testing this shows that there is a 
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significant positive relationship between PRED and ERR (p-value = 0,000). Since the 

predictability measure is based on forecast errors produced by the RW model, it implies that 

when earnings are more predictable, analysts will also produce more accurate forecasts. 

Therefore, since this finding is consistent with that of Lys and Soo (1995), the result supports 

the notion that more predictable company earnings will result in more accurate forecasts. 

Further, we find that the incremental explanatory power of PRED is equal to 22,9 %. It seems 

as though prior earnings is a major component in analysts’ forecasts. This finding is also 

supported by the results from the Kruskal-Wallis test for analysts’ superiority above. The 

findings are consistent with our expectations, and we therefore accept hypothesis H6.  

 

Trading volume 

LNVOL is expected to have a negative relationship to ERR. That is, we expect that a larger 

trading volume leads to lower forecast errors because of the potential revenue that analysts 

can achieve by increasing forecast accuracy. This is explained by the argument that a higher 

trading volume leads to a higher degree of competition on the market, which makes the 

participants already on the market to strive for higher forecast accuracy (Lys and Soo, 1995). 

As LNSIZE, LNVOL also displays a negative relationship to ERR in the multiple regression 

model, but is not significant (p-value > 0,05). Since LNVOL does not meet the requirements 

for significance we cannot determine whether the result is random or not. However, it gives 

us an indication that the larger the trading volume is, the smaller is the forecast error.  

 

We find indications of collinearity between LNSIZE and LNVOL in the bivariate analysis test 

in the previous section. We run a Variance Inflation Factor test (VIF) to further investigate 

this occurrence. The VIF values for LNSIZE (VIF = 7,662) and LNVOL (VIF = 10,914) are 

bigger than 5. This means that there are tendencies of collinearity between LNVOL and 

LNSIZE. Therefore, we run additional tests where we first remove LNVOL from the 

regression model. We find that the significance and explanatory power of the model is 

unaffected. Furthermore, we replace LNVOL with the measure LN(VOL/SIZE). This variable 

has similar properties to LNVOL and is used to measure the same effect. The correlation 

between LNSIZE and LN(VOL/SIZE) decreases from 0,921 to 0,336, but it is still not 

significant (p-value = 0,300). Moreover, it did not add any additional explanatory power to 

the regression model.  
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As with CITE and LNFOLL, we run a univariate test to further test the relationship between 

LNVOL and ERR. The univariate test finds a significant negative relationship between 

LNVOL and ERR. However, since the incremental explanatory power is equal to 0%, it is 

possible that LNSIZE and LNVOL capture the same variations. We therefore find no 

compelling evidence of a relationship between LNVOL and ERR, and can therefore not 

accept hypothesis H7. 

 

In summary, we find evidence of significant positive relationships between ERR, MTR and 

PRED, and significant negative relationships between ERR and LNFOLL, LNSIZE and 

CITE. We find a significant relationship between ERR and LNVOL in the univariate analysis. 

However, because of the incremental explanatory power LNVOL adds to the multiple 

regression model, and the high correlation with LNSIZE, we do not find compelling evidence 

of an existing relationship with ERR. Furthermore, prior EBIT (PRED) seems to explain the 

variations in financial analysts’ forecast errors to a large extent, while the forecast horizon 

and firm size explain the variation to a small extent. The other variables give only slight, or 

no, explanations to the variation in financial analysts’ forecast errors. 

 

4.3.4 Discussion about the information availability variables 

According to the REH, rational analysts should fully use all information that is available to 

them. The available information should always include sufficient knowledge to generate 

rational expectations (Muth, 1961). The results indicate that the tested variables are used by 

analysts when making forecasts in various degrees.  PRED, MTR and LNSIZE have high 

amounts of explanatory power, while CITE and LNFOLL has smaller amounts. This suggests 

that PRED, MTR and LNSIZE have a significant influence on the results of analysts’ 

forecasts. The variable relating to trading volume of a firm’s stocks, LNVOL, is instead not 

significant and it is therefore not possible to draw conclusions concerning LNVOL.  

 

Since the REH’s exploitation assumption assumes that market participants use all the 

available information on the market in an efficient way (Friedman, 1979), the result suggests 

that some of the tested variables are not efficient as information sources when making 

forecasts. This further suggests that some information sources are not as important as others. 

Since rational actors utilize available information in a rational way (Muth, 1961), it suggests 

that it is rational to use the information sources of PRED, MTR and LNSIZE as the building 
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blocks when making forecasts of firms’ future values. Since CITE and LNFOLL does not 

have the same explanatory power as the other variables, it suggests that it is rational to only 

use these information sources moderately. 

 

The information availability assumption of the REH relates to the identifying of an available 

set of information. Rational actors are assumed to make rational expectations that are in 

accordance with objective opinions of outcomes (Friedman, 1979). When assuming that 

analysts act rationally, this suggests that the set of information that analysts use in the study, 

is the best set of information to use when making rational expectations. Since the study have 

an R
2
 of 46,4 %, this means that the set of information used can explain 46,4% of the 

variables used to make rational expectations. Therefore, given that analysts act rationally 

when making forecasts, it suggests that PRED, MTR and LNSIZE should be used as 

information sources to a greater extent, while CITE and LNFOLL should be used to a smaller 

extent as information sources. From the REH point of view, by using the information in this 

way, it would lead to the best available forecast on the market (Muth, 1961).  

 

The variable regarding predictability has the absolute highest explanation power of the results 

with 22,9 %. This is a higher explanatory power than all the other variables in the test 

together. As has been stated earlier, this suggests that analysts use prior earnings to a great 

extent when making forecasts. It also suggests that the predictability of a firm’s future value 

to a great extent affects analysts’ forecast accuracy.  

 

According to Plumlee (2003) a company should be easier to forecast when the information 

available is good. Since some companies are argued to be easier to predict than others (Jacob 

et al., 1999) some companies will demand more resources when predicting firms’ future 

values. We expected that the characteristics of the variables used in this study would lead to 

more available information, which in turn would make it easier to forecast a company. This is 

also in accordance with our results. Since more accurate forecasts are assumed to be more 

expensive to produce, more available information will make it less costly for the analysts to 

make accurate forecasts (Lys and Soo, 1995). The result indicates that the analysts will be 

affected by increased information availability, in accordance with the REH (Muth, 1961). 

 

In summary, the information that the analysts use that significantly affects the forecast 

accuracy among the tested variables is mainly the degree of predictability when making 
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forecasts. A higher degree of predictability leads to more accurate forecasts. Also, a larger 

firm and a higher amount of analysts following the firm lead to a great extent to more 

accurate forecasts. A smaller forecast horizon and a higher degree of citations in the news of 

the forecasted firm leads to more accurate forecasts to a less great extent. The volume of the 

traded stocks in the forecasted firms does not show a significant result, why we cannot say 

whether it consistently affects the forecast accuracy or not.  
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5. Concluding remarks 

5.1 Conclusion 
The purpose of this study is to investigate how accurate financial analysts’ forecasts of 

Swedish firms’ future values are and what information that analysts use that significantly 

affect the forecast accuracy. We investigate the accuracy of forecasts made on earnings before 

interest and taxes (EBIT). Given that analysts act in a rational way, we argue that analysts 

should strive to maximize forecast accuracy and utilize existing and upcoming information to 

achieve this goal. To investigate this, we first examine whether financial analysts contribute 

with value to investors by comparing their forecast precision with a simple random walk 

model’s forecast ability. We find that analysts’ forecast accuracy is superior to a RW-model, 

both for forecasts with a one- and two year forecast horizon. Financial analysts’ forecasts are 

most valuable on shorter forecast horizons. However, we find that analysts are less superior to 

the random walk model in the period immediately after an earnings announcement, which 

indicates that financial analysts incorporate prior earnings into their forecasts to a large extent 

in the beginning of the two forecast horizons. This finding is further strengthened by the 

predictability measure used in this study. We find that it is easier for analysts to produce 

accurate forecasts when there is less fluctuation in earnings.  

 

Further, we investigate whether the information environment surrounding financial analysts’ 

affects their forecast precision. We argue that if analysts are rational and react rationally to 

available information, it should be easier to make an accurate forecast when the information 

availability is good. We find evidence that financial analysts’ forecast errors are affected by 

the forecast horizon. The closer a forecast is made to the earnings announcement date the 

more accurate the forecast will be. This is because analysts update their expectations in a 

rational way when new information becomes available, as the forecast horizon decreases. This 

finding further indicates that analysts have a timing and contemporaneous advantage over a 

RW-model. We also find evidence that analysts rationally utilize and incorporate the larger 

information content that was hypothesised to be available for larger companies and companies 

with higher degree of corporate visibility. We argue that it is less costly for analysts to 

produce accurate forecasts for larger companies, and companies with higher corporate 

visibility.  
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The number of analysts following a company and the amount of shares traded (as a factor of 

potential revenue) should lead to a more competitive environment surrounding a company. 

We argue that this should have the effect that analysts contribute to a larger information stock 

by producing forecasts, and by creating incentives to minimize forecast errors to maintain 

competitiveness. We find that a higher number of analysts following a firm contributes to 

forecast accuracy. However, we do not find that forecast precision is dependent on the 

number of shares traded. This has been used as a measure for potential revenue for financial 

analysts working at brokerage houses. However, in this study we are not able to identify 

where the analysts included in this sample are working. It is therefore a possibility that their 

economic incentives are less related to trading volume and does not capture what we intend to 

find. 

 

Based on the results, we draw a number of conclusions. First, since the results show that 

analysts’ forecast accuracy is superior to a time-series model, we argue that analysts create 

value to the market and the investors. However, since the analysts’ superiority is decreasing 

the farther away from the earnings announcement date the forecast is released, the results 

indicate that analysts are producing less value to the investors on longer forecast horizons. It 

is therefore possible that analysts’ forecasts do not induce much value to the investors on 

longer forecast horizons, and that the costs of producing forecasts are greater than the value 

that is added. Second, we find that forecast precision to a high extent depend on prior 

earnings. This indicates that prior earnings are one of the key elements in the production of 

forecasts. Third, we find that the number of analysts following a company, a company’s size, 

and a company’s corporate visibility have a slight positive effect on forecast accuracy, while 

the forecast horizon have a moderate negative effect. 

 

5.2 Limitations 
Even though the majority of the findings are consistent with previous research there are some 

limitations to consider. Although we find significant relationships between financial analysts’ 

forecast errors and five out of six of the independent variables used in this study, there are 

several explanatory factors left out of the multiple regression model, as the model explains 

46,4% of the variations in forecast errors. Also, there are high pairwise correlations amongst 

the independent variables that make the results from the multiple regression model less stable. 

In some cases we therefore rely on results from the univariate analysis. 
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Further, we used analysts’ consensus forecasts in order to investigate the general financial 

analysts’ expectations. However, there is a limitation associated with the distribution of 

individual financial analysts, since it is evident that some analysts produce more forecasts 

than others. This means that some analysts will be overrepresented in the averaged consensus 

forecasts, making the financial analysts’ expectations less generic.  

 

5.3 Suggestions for further research 
Given the lack of research on financial analysts’ forecasts made on Swedish companies, the 

possibilities for conducting further studies within the subject are many. With the limitations in 

mind, we suggest further research to find more variables that can explain financial analysts’ 

forecast errors. Since the variables tested in this study only explained 46,4 % of the variations 

in forecast error, a test of other information variables could contribute with an increased 

knowledge of what information that significantly affects the analysts’ forecast accuracy. For 

instance, the complexity of the information that is available may have an effect on the 

analysts’ ability to interpret and react to the information rationally. Companies in different 

industries, with more complex business structures, or with more uncertain business ventures 

may be more difficult to forecast. 

 

Also, previous research argues that there may be a difference in the ability and experience 

amongst individual analysts and that these attributes may have an effect on analysts’ forecast 

accuracy. Since this study focuses on analysts’ consensus forecasts, we are not able to capture 

individual characteristics among the financial analysts. A study on what variables that affect 

analysts’ forecast precision at an individual level could contribute with knowledge about what 

characteristics that is important for the individual analyst to utilize in order to be able to make 

accurate forecasts.  
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Q22 - Q21 Q23 - Q22 Q24 - Q23 Q11 - Q24 Q12 - Q11 Q13 - Q12 Q14 - Q13

Z -1,359b -,605b -2,570b -4,250b -6,133b -4,817b -7,143b

Asymp. 

Sig. (2-

tailed)

,174 ,545 ,010 ,000 ,000 ,000 ,000

 Wilcoxon Signed Rank Test - Quarterly Observations

Test Statisticsa

a. Wilcoxon Signed Ranks Test

b. Based on positive ranks.

ERRj22 - 

ERRj23

ERRj21 - 

ERRj22

ERRj20 - 

ERRj21

ERRj19 - 

ERRj20

ERRj18 - 

ERRj19

ERRj17 - 

ERRj18

ERRj16 - 

ERRj17

ERRj15 - 

ERRj16

Z -,354b -4,026b -4,235c -,477b -2,257b -,315c -1,430c -2,993b

Asymp. Sig. 

(2-tailed)

,723 ,000 ,000 ,633 ,024 ,753 ,153 ,003

ERRj14 - 

ERRj15

ERRj13 - 

ERRj14

ERRj12 - 

ERRj13

ERRj11 - 

ERRj12

ERRj10 - 

ERRj11

ERRj9 - 

ERRj10

ERRj8 - 

ERRj9

ERRj7 - 

ERRj8

Z -1,326c -3,576c -1,889b -,262c -3,006c -,178b -2,252c -,810c

Asymp. Sig. 

(2-tailed)

,185 ,000 ,059 ,793 ,003 ,859 ,024 ,418

ERRj6 - 

ERRj7

ERRj5 - 

ERRj6

ERRj4 - 

ERRj5

ERRj3 - 

ERRj4

ERRj2 - 

ERRj3

ERRj1 - 

ERRj2

ERRj0 - 

ERRj1

Z -1,238b -,679c -2,862c -,090b -3,035c -5,057c -2,686b

Asymp. Sig. 

(2-tailed)

,216 ,497 ,004 ,929 ,002 ,000 ,007

Test Statisticsa

 Wilcoxon Signed Rank Test - Monthly Observations

a. Wilcoxon Signed Ranks Test

b. Based on negative ranks.

c. Based on positive ranks.

Appendix I: Wilcoxon Signed Rank Test – Monthly and Quarterly observations 
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N Mean Std. Deviation Minimum Maximum

F1 926 0,295 0,24513 0 1

D1 926 0,5 0,50027 0 1

F2 404 0,2891 0,27848 0 1

D2 404 0,5 0,50062 0 1

F3 822 0,3335 0,25627 0 1

D3 822 0,5 0,5003 0 1

F4 1346 0,3337 0,24947 0 1

D4 1346 0,5 0,50019 0 1

F5 738 0,3479 0,25549 0 1

D5 738 0,5 0,50034 0 1

F6 776 0,3752 0,26521 0 1

D6 776 0,5 0,50032 0 1

F7 1042 0,3685 0,26353 0 1

D7 1042 0,5 0,50024 0 1

F8 726 0,3724 0,27209 0 1

D8 726 0,5 0,50034 0 1

F9 650 0,3834 0,2623 0,02 1

D9 650 0,5 0,50039 0 1

F10 1282 0,3768 0,25614 0 1

D10 1282 0,5 0,5002 0 1

F11 682 0,4022 0,27053 0,01 1

D11 682 0,5 0,50037 0 1

F12 1264 0,4075 0,26092 0,02 1

D12 1264 0,5 0,5002 0 1

F13 1176 0,4498 0,26406 0 1

D13 1176 0,5 0,50021 0 1

F14 466 0,4535 0,27727 0,02 1

D14 466 0,5 0,50054 0 1

F15 878 0,4843 0,26824 0,02 1

D15 878 0,5 0,50028 0 1

F16 1188 0,4723 0,27258 0,01 1

D16 1188 0,5 0,50021 0 1

F18 756 0,4924 0,27109 0 1

D18 756 0,5 0,50033 0 1

F17 682 0,4645 0,2763 0,01 1

D17 682 0,5 0,50037 0 1

F18 756 0,4924 0,27109 0 1

D18 756 0,5 0,50033 0 1

F19 892 0,4786 0,26784 0,01 1

D19 892 0,5 0,50028 0 1

F20 618 0,4654 0,27814 0,01 1

D20 618 0,5 0,50041 0 1

F21 592 0,4641 0,26624 0,01 1

D21 592 0,5 0,50042 0 1

F22 1094 0,4947 0,26948 0,01 1

D22 1094 0,5 0,50023 0 1

F23 574 0,4625 0,27028 0,01 1

D23 574 0,5 0,50044 0 1

F24 718 0,4709 0,27252 0 1

D24 718 0,5 0,50035 0 1

Kruskal-Wallis	Tests	-	Analysts'	Superiority

Descriptive Statistics

APPENDIX II: Results from Kruskal-Wallis test – Analysts’ Superiority 
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D1 N Mean Rank D13 N Mean Rank

F1 0 463 596,45 F13 0 588 667,49

1 463 330,55 1 588 509,51

Total 926 Total 1176

D2 N Mean Rank D14 N Mean Rank

F2 0 202 264,5 F14 0 233 266,95

1 202 140,5 1 233 200,05

Total 404 Total 466

D3 N Mean Rank D15 N Mean Rank

F3 0 411 524,93 F15 0 439 496,79

1 411 298,07 1 439 382,21

Total 822 Total 878

D4 N Mean Rank D16 N Mean Rank

F4 0 673 830,34 F16 0 594 660,49

1 673 516,66 1 594 528,51

Total 1346 Total 1188

D5 N Mean Rank D17 N Mean Rank

F5 0 369 445,47 F17 0 341 375,56

1 369 293,53 1 341 307,44

Total 738 Total 682

D6 N Mean Rank D18 N Mean Rank

F6 0 388 454,65 F18 0 378 415,31

1 388 322,35 1 378 341,69

Total 776 Total 756

D7 N Mean Rank D19 N Mean Rank

F7 0 521 617,81 F19 0 446 479,87

1 521 425,19 1 446 413,13

Total 1042 Total 892

D8 N Mean Rank D20 N Mean Rank

F8 0 363 421,46 F20 0 309 333,42

1 363 305,54 1 309 285,58

Total 726 Total 618

D9 N Mean Rank D21 N Mean Rank

F9 0 325 369,62 F21 0 296 321,05

1 325 281,38 1 296 271,95

Total 650 Total 592

D10 N Mean Rank D22 N Mean Rank

F10 0 641 708,52 F22 0 547 582,74

1 641 574,48 1 547 512,26

Total 1282 Total 1094

D11 N Mean Rank D23 N Mean Rank

F11 0 341 372,72 F23 0 287 307,4

1 341 310,28 1 287 267,6

Total 682 Total 574

D12 N Mean Rank D24 N Mean Rank

F12 0 632 664,32 F24 0 359 402,3

1 632 600,68 1 359 316,7

Total 1264 Total 718

Kruskal-Wallis	Tests	-	Analysts'	Superiority

Ranks
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F1 F13

Chi-Square 228,961 Chi-Square 63,647

df 1 df 1

Asymp. Sig. 0 Asymp. Sig. 0

F2 F14

Chi-Square 114,055 Chi-Square 28,772

df 1 df 1

Asymp. Sig. 0 Asymp. Sig. 0

F3 F15

Chi-Square 187,717 Chi-Square 44,865

df 1 df 1

Asymp. Sig. 0 Asymp. Sig. 0

F4 F16

Chi-Square 219,232 Chi-Square 43,981

df 1 df 1

Asymp. Sig. 0 Asymp. Sig. 0

F5 F17

Chi-Square 93,799 Chi-Square 20,42

df 1 df 1

Asymp. Sig. 0 Asymp. Sig. 0

F6 F18

Chi-Square 67,608 Chi-Square 21,509

df 1 df 1

Asymp. Sig. 0 Asymp. Sig. 0

F7 F19

Chi-Square 106,768 Chi-Square 14,975

df 1 df 1

Asymp. Sig. 0 Asymp. Sig. 0

F8 F20

Chi-Square 55,491 Chi-Square 11,104

df 1 df 1

Asymp. Sig. 0 Asymp. Sig. 0,001

F9 F21

Chi-Square 35,914 Chi-Square 12,207

df 1 df 1

Asymp. Sig. 0 Asymp. Sig. 0

F10 F22

Chi-Square 42,034 Chi-Square 13,618

df 1 df 1

Asymp. Sig. 0 Asymp. Sig. 0

F11 F23

Chi-Square 17,132 Chi-Square 8,273

df 1 df 1

Asymp. Sig. 0 Asymp. Sig. 0,004

F12 F24

Chi-Square 9,608 Chi-Square 30,613

df 1 df 1

Asymp. Sig. 0,002 Asymp. Sig. 0

Kruskal-Wallis	Tests	-	Analysts'	Superiority

Test Statisticsa,b
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APPENDIX III: Results from regression model 
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Correlation Matrix – Spearman’s rho correlations 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


