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Abstract 

This study investigated what affects how accurately financial analysts can predict the earnings 

per share of companies included in the Standard & Poor’s 100 index. To achieve this goal 

data on earnings forecasts was gathered for the years 2000 through 2013. Further this study 

investigated if there are any differences in the accuracy of optimistic respectively pessimistic 

earnings consensus forecasts. Multiple linear regressions were used in order to answer the 

imposed questions. The factors found, in this study, to affect the forecast accuracy were 

consensus dispersion, company size, net margin, which exchange a company is listed on and, 

to some extent, a company’s industry classification. Further, the result of the study implies 

that there is no difference in the accuracy of optimistic respectively pessimistic earnings 

consensus forecasts. In this study the models utilised, and the factors investigated, could only 

explain a limited part of what affects the earnings forecast accuracy. Lastly, a concluding 

qualitative attempt was made to find factors which affect the accuracy but which were hard to 

incorporate in this quantitative study.  

 

Sammanfattning 

Denna studie syftade till att undersöka vad som påverkar hur noggrant finansanalytiker kan 

förutsäga resultatet per aktie för företag som ingår i Standard & Poors 100 index. För att 

uppnå detta mål samlades data om vinstprognoser in för åren 2000 till 2013. Vidare syftade 

denna studie till att undersöka om det finns någon skillnad i noggrannhet hos optimistiska 

respektive pessimistiska konsensusprognoser. Multipla linjära regressioner användes för att 

besvara dessa frågor. De faktorer som denna studie fann har påverkan på prognosprecisionen 

är konsensusdispersion, företagsstorlek, nettomarginal, vilken börs företaget är noterat på och, 

i viss mån, ett företags industriklassificering. Vidare visar resultaten av studien att det inte 

finns någon skillnad i noggrannheten för optimistiska respektive pessimistiska 

konsensusprognoser. I denna studie kunde modellerna som användes, och faktorerna som 

undersöktes, bara förklara en begränsad del av vad som påverkar en resultatprognos 

noggrannhet. Slutligen fördes en kvalitativ diskussion kring vilka faktorer som påverkar 

träffsäkerheten ytterligare, men som var svåra att implementera i denna kvantitativa studie.  
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1. Introduction 

The introduction chapter presents the background and relevance to the problem of interest. 

Further the problem is formulated and the aim and limitations of the study is described. 

1.1  Background 

“A blindfolded monkey throwing darts at a newspaper’s financial pages could select a 

portfolio that would do just as well as one carefully selected by experts” 

-  Burton Malkiel (1973) 

 

Burton Malkiel is an economics professor at Princeton University. His controversial statement 

stirred a lot of emotions in the financial services industry, as well as amongst other 

researchers who argued that Malkiel were too modest. In today’s world, as an asset manager it 

is common practice to consult equity researchers on a regular basis in order to get their views 

on the stock market. Moreover, small scale private investors are continuously provided with 

information from online stock brokers and large investment banks on which stocks to buy and 

which to sell based on the recommendations of equity researchers. It is therefore interesting to 

investigate how good the research analysts are at predicting companies’ performances. 

Analysts’ forecasts greatly affect security prices and even small differences in actual outcome 

compared to the estimate of a financial key ratio can cause large fluctuations in underlying 

security prices (Dreman & Berry, 1995).  

 

A simple search for “Analysts’ forecasts” on Google scholar yields more than 120’000 

results, implying that extensive research efforts have been made in the area. This study 

investigates further into the wide area of financial analysis, and more specifically analyst 

forecasts. Previous studies mainly look at earnings per share, EPS, when investigating analyst 

accuracy, as this variable is closely connected to share price.  Forecast error is defined as the 

difference between the actual outcome of EPS and the analyst consensus predicted EPS, and 

will be the dependent variable investigated in this study. There are many potential explanatory 

variables for the forecast error and this study will focus on two groups of variables, forecast 

properties and company properties. The first group are variables such as the number of 

analysts included in the consensus prediction and the dispersion in the consensus. The second 

group consists of variables such as company size and industry affiliation.  

1.2  Problem Discussion 

Previous studies in the area of forecast accuracy investigate a multitude of different topics. 

James Ang and Stephen Ciccone (2001a) investigated investment strategies based on the 

dispersion in consensus forecasts. The conclusion reached is that companies with generally 

low dispersion or low forecast error outperform companies on the other side of the spectrum. 

Analyst optimism is a highly researched subject with conflicting findings being made by 

researchers. The prevailing theory today is that analysts, in general, are optimistic when 

forecasting EPS. Optimistic analyst tendencies has been found through various methods by 
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for example De Bondt & Thaler (1990), Easterwood & Nutt (1999), Ang & Ciccone (2001a) 

and Brown (1997), although Brown actually found that analysts were being generally 

pessimistic in their forecasts for the later part of his sample period 1984-1996. Brown further 

found that the forecast error was larger when analysts overestimated EPS rather than 

underestimating, i.e. a larger forecast error for optimistic forecasts.  

1.3  Problem Formulation 

This study will investigate what affects how accurately financial analysts can predict the 

earnings of S&P 100 firms i.e. the 100 companies with the currently largest market 

capitalisation listed on NASDAQ or the New York Stock Exchange, NYSE. This study will 

more specifically explore if forecast errors differ depending on certain company 

classifications or forecast properties. Further it will investigate if an optimistic forecast is less 

accurate than a pessimistic one. The research questions can be formulated as:  

- How accurately do analysts predict EPS on S&P 100 companies, and which factors affect 

the error in their predictions? 

- Are there any differences in the accuracy of optimistic respectively pessimistic EPS 

consensus forecasts? 

1.4  Study Aim and Limitations  

In this study we aim to find explanatory variables for the forecast error. We further aim to 

assess whether analysts’ forecasts tend to be more wrong, in an absolute sense, when a 

forecast is optimistic. Limitations are the sample of only large American companies and the 

period of 14 years. A further limitation is that we only observe the companies currently 

included in the S&P 100 index, i.e. we do not consider the companies that has previously been 

a part of the index.   
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2. Theoretical Background 

The Theoretical Background chapter presents previous studies in the area of EPS forecasts. 

Further the theories behind the models and tests used to analyse the data are presented and 

discussed.  

2.1  Previous Research 

There are numerous studies investigating financial analysis and analysts’ forecast properties. 

However there are anomalies that have yet to be explained.  

 

Forecast error is most commonly defined as the difference between the actual outcome in EPS 

and the consensus forecasted EPS, i.e. the arithmetic mean of all individual forecasted EPS 

for a company for a certain period of time. Further many researchers of previous studies scale 

this measure with the consensus forecasted EPS or the actual outcome in EPS for the 

corresponding period. Ang and Ciccone (2001a) scale with the actual outcome in EPS and 

Dreman and Berry (1995) and Brown (1997) carries out calculations when scaling with both 

actual EPS, forecasted EPS as well as the standard deviation in earnings for the last 7 and 8 

quarters. Another common denominator for the forecast error measure is the stock price on 

the day of EPS announcement, used by for example Easterwood and Nutt (1999).  

 

In research concerning forecast error, or dispersion, it is common practice to exclude 

observations with extreme values. Ang and Ciccone (2001b) exclude all observations where 

the consensus forecasted EPS is more than 50 dollars off from the actual outcome in EPS. 

Further if the forecast error is scaled by either the actual outcome in EPS or the mean 

forecasted EPS the small denominator problem is to be accounted for. Thus small 

observations in the denominator are removed in many previous studies, for example Ang and 

Ciccone (2001a) and (2001b), Dreman and Berry (1995) and Brown (1997) who all exclude 

absolute values of denominators below 10 cents. Further forecast error absolute values of 

more than 100 percent are commonly counted as outliers and removed from the sample, 

consistently with for example (Easterwood & Nutt, 1999).  

 

James Ang and Stephen Ciccone (2001a) carried out a study on analysts’ forecasts and its 

correlation to stock returns, where the two main variables investigated are forecast error and 

forecast dispersion. The companies included in the study are those that were listed on 

NASDAQ, NYSE or AMEX for the period of 1978 through 1996. The authors investigate 

annual earnings forecasts for a prior period and compare them to the actual outcome in 

earnings. They then define the forecast error as the absolute value of the difference between 

the actual outcome in EPS and the corresponding consensus forecast in EPS. The second 

measure of interest is the dispersion, which the authors define as the standard deviation of all 

the individual forecasted EPS included in the consensus forecast for a certain period. The two 

main models used by Ang and Ciccone are the Fama French (1993) factor model and Fama 

MacBetch (1973) cross sectional regression. In the regression models the dependent variable 
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analysed is the stock returns, and the independent variables are forecast error, dispersion, 

book-to-market value and a dummy variable for optimism. Ang and Ciccone put emphasis on 

investigating differences between transparent and opaque companies, i.e. companies with low 

respectively high dispersion. The conclusion reached is that the transparent companies in 

general outperform opaque companies in terms of yearly returns. The authors did not succeed 

to explain this phenomenon, even by using risk theories as the higher return did not correlate 

to higher volatility. Finally the authors stated that a new framework of investor behaviour is 

needed to explain the anomaly.   

 

A second study by Ang and Ciccone (2001b) investigated international differences in forecast 

properties for 42 countries and a sample period of 1988 through 1997. The three types of 

regression models utilised were; simple, multivariate and multivariate Fama-MacBeth 

regressions. For each country in the sample an average dispersion, or forecast error, is 

calculated and used in the regression models. The regressions are carried out with either 

dispersion or forecast error as the dependent variable and various country specific variables 

represents the independent variables (Ang & Ciccone, 2001b). The authors conclude that 

there are significant differences in forecast properties between countries.  

 

Ciccone (2001) investigate the same sample of companies and years as Ang and Ciccone 

(2001a) with the goal to examine the validity of using analyst forecast properties as proxy for 

information quality. The dependent variables investigated are various forms of forecast error 

and forecast dispersion. One independent variable used in his study is the company size, 

which Ciccone define as the natural logarithm of a company’s market capitalisation. The 

author comments that the number of analysts included in a consensus forecast is a commonly 

used information quality measure, where a larger number of analysts indicate higher quality 

information. However his results find that firm size and number of analysts are highly 

correlated, and that size dominates if they both are considered in conjuncture (Ciccone, 2001, 

p.9). Ciccone also include other company specific as well as forecast specific properties in his 

multivariate regression model. Through the multivariate regressions Ciccone find indications 

that smaller firms seem to have both higher dispersion and higher forecast errors than larger 

firms. However this result is not significant for an unscaled forecast error (Ciccone, 2001).  

 

Analysts’ reaction to new information is something that has been extensively researched. De 

Bondt and Thaler (1990) investigate analyst reactions on companies listed on NYSE for the 

sample period 1976 through 1984. For each year in the sample they gather historical forecasts 

made in the two previous years. Then the authors analyse how the analysts revise their 

forecasts. The hypothesis is that analysts who forecast large changes in EPS will revise their 

forecasts in predictable patterns. De Bondt and Thaler utilise ordinary regressions and 

conclude, by the way the forecasts are revised, that analysts in general exaggerate when 

forecasting EPS. The authors further find an optimistic tendency in forecasts as the forecasts 

are often revised down (De Bondt & Thaler, 1990). Easterwood and Nutt (1999) also 

investigate analyst reactions to new earnings information on a sample of 1608 companies for 

the sample period 1982 through 1995. They investigate how analysts change their forecast for 

year t during the last 8 months before the announcement of EPS year t. The conclusion 
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reached is that analysts underreact to negative information and overreact to positive 

information. Thus an optimistic tendency is found by Easterwood and Nutt as well 

(Easterwood & Nutt, 1999). 

 

An important factor that many scholars have analysed is whether there exists an optimistic 

bias in analysts forecast. In other words, are analysts optimistic in general when forecasting 

EPS? When investigating the difference between transparent and opaque companies Ang and 

Ciccone conclude that optimism is a factor, however that it cannot fully explain why 

transparent companies outperform opaque companies (Ang & Ciccone, 2001a). Easterwood 

and Nutt (1999) regress the current year’s forecast errors against the forecast errors the 

previous year. The authors also investigate how analysts change their forecast depending on 

the previous year’s forecast error. The conclusion drawn from both methods is that analysts 

react optimistically to new information (Easterwood & Nutt, 1999). Brown concludes that 

there is a significant optimistic bias when investigating S&P 500 firms for the years 1984 

through 1996, although his findings further show that the bias vanishes in 1993. Brown 

reasoned that the change in behaviour might be because the institutional pressure by managers 

had reversed. It lays in the companies interests to hold expectations low to boost stock price 

on announcement and thus the Chief Financial Officers would try to talk down expectations. 

Another explanation presented by Brown is that analysts might have underestimated the effect 

globalisation had on corporate profit (Brown, 1997, p.44). Brown further finds that analysts 

tend to overestimate the EPS rather than underestimate when the forecast error is large 

(Brown, 1997). It is worth to notice that Brown, as opposed to Ang and Ciccone (2001a) and 

Easterwood and Nutt (1999), carried out calculations with quarterly EPS observations. 

 

A fundamental financial theory is the Efficient Market Hypothesis, EMH, which was 

developed by Eugene Fama in the 1960s (Fama, 1970). The hypothesis is based on the 

assumptions that the price of a security in a liquid financial market fully reflects all available 

information. I.e. all stocks are traded at their fair price and no stocks are under- or overvalued. 

This implies that it is impossible to consistently beat the market over time. There are three 

forms of the EMH; weak, semi-strong and strong. In the weak-form all historical information 

is reflected in a security price, in the semi-strong-form new information is instantly reflected 

in the security price. Finally in the strong-form hidden, or insider information, is assumed also 

to be reflected in the security price. 
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2.2  Modelling  

Linear regression analysis is the main tool used for analysis in this study. In this section the 

theories behind linear regressions are presented.  

2.2.1 Linear Regression 

In statistical analysis it is common to relate the outcome of a dependent variable,  , to a set of 

independent variables, also referred to as covariates,         . The deviation between the 

outcome of the variable   and the explained part  ̂ is called the error term or residual. The 

general specification for a multiple linear regression model is: 

 

                         (1) 

 

where n is the number of observations,    is the i:th observation of the dependent variable, 

               is a row vector containing the i:th observation for the     covariates,    

the residual of the i:th observation and             
  is a column vector containing the 

    regression coefficients. The regression coefficients will be denoted as coefficients or 

slope coefficients throughout this paper.  

 

A more convenient notation to use is the following matrix notation: 

 

        (2) 

 

where   is an     matrix containing the dependent variable,   is a         matrix 

containing the covariates and e is an     matrix containing the residuals.  

 

The estimated coefficients and residual are denoted  ̂ respectively  ̂.  

2.2.1.1  Dummy Variables 

The use of dummy variables is common practice when performing linear regression analysis. 

It is a qualitative variable that takes on the values 1 or 0 depending on whether the effect is 

present or not. Dummy variables are used to sort the qualitative data in to mutually exclusive 

categories, e.g. man or women. It is important to be careful when choosing dummy variables 

in order to avoid perfect multicollinearity (see section 2.3.6). E.g. if the goal is to assess 

whether women get lower wages than men ceteris paribus one should include only a dummy 

variable for one of the sexes, thus setting the other sex the to be benchmark. 

2.2.1.2  Cluster Analysis 

Combining observations that are, in some sense, similar to each other is called clustering and 

is a common technique in statistical data analysis (Rokach & Maimon, 2005, pp.321-52). 

There are many different algorithms and ways of clustering observations, such as by statistical 

distribution and closeness in distance to other observations based on pre-specified metrics. 

The method of relevance in this study is clustering by distance, and more specifically 

hierarchical clustering, or Hierarchical Cluster Analysis (HCA), where a hierarchy of clusters 
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is built. The distance can be measured in many different ways, such as by the commonly used 

Euclidean norm or the maximum norm, in this study the former one is used. The two main 

types of HCA are “bottom up” or “top down”, i.e. starting with each observation in a separate 

cluster and methodically merging the clusters together, or starting with all observations in one 

cluster and then splitting up the cluster down the hierarchy. Generally both methods have a 

high complexity, making it a slow method for large data sets. The hierarchical tree is 

commonly presented in a dendrogram.  

2.2.2 Ordinary Least Squares 

In the Ordinary Least Squares, OLS, one seeks to minimise the sum of the squared residuals, 

SSR,  ̂  ̂    ̂   where: 

 

  ̂      ̂ 

 

(3) 

This is done by solving the normal equations: 

 

    ̂    (4) 

 

From equation (3) and (4) solving for  ̂ one get: 

 

  ̂             (5) 

 

 ̂ is the estimate of the coefficients that minimises the SSR. It can further be proven that  ̂ is 

the Best Linear Unbiased Estimator, BLUES, see for example Lang (2014, p.7).  

2.2.3 Assumptions for Linear Regression Analysis 

When employing the OLS one have to make some assumption in order for the method to get 

meaningful results. These assumptions are listed below. 

 

 Linear dependence between the dependent variable and the covariates. 

 No near-perfect linear relationship between the covariates i.e. no near-perfect 

multicollinearity. 

 The expected value of the residuals is zero i.e.        . 

 Homoscedasticity, i.e. the residuals have the same variance,           .   

 The covariates must be exogenous, i.e. uncorrelated with the residual. 

 No autocorrelation, i.e.    (     )      . 

 The residuals are normally distributed i.e.           . However it is sometimes 

sufficient to demand that the residuals are independent and identically distributed, 

as seen in 2.2.4. 
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2.2.4 Hypothesis Testing 

One wants to test the null hypothesis,   , formulated as: 

 

     ̂    
  

 

(6) 

where  ̂  is the estimated slope coefficient for the j:th covariate, and   
  is the value of the 

slope coefficient for the j:th covariate under the null hypothesis. The value of   
  is often set 

to zero under the null hypothesis in order to assess whether a covariate has any significant 

effect on the dependent variable. This is tested against the alterative hypothesis formulated as: 

 

     ̂    
  

 

(7) 

at a pre-specified error rate denoted  . The error rate is the probability of rejecting the null 

hypothesis given that the null hypothesis actually is true. 

 

The F-statistic for the null hypothesis for a single coefficient is: 

 

 

  (
 ̂    

 

  ( ̂ )
)

 

 

 

(8) 

where   ( ̂ ) is the standard error of  ̂ . 

 

Hence we reject the null hypothesis, at the pre-specified error rate  , if the following 

inequality holds: 

 

                    

 

(9) 

where                  is the tabulated F-value, k is the number of covariates and n the number of 

observations. If the null hypothesis is rejected the covariate is said to have a significant effect 

on the dependent variable. 

 

The p-value is the lowest value of   for which the inequality still holds. If one rejects the null 

hypothesis, at a level   the covariate is said to be statistically significant on a level  . If the 

residuals are non-normally distributed but still independent and identically distributed, iid, the 

F-test is asymptotically valid for large samples (Lang, 2014, p.9). 

2.2.5 Variable Transformation 

When performing a linear regression we assume a linear relationship between the dependent 

and the independent variable as seen in (2.2.3). When this assumption is violated e.g. we have 

a cubic dependence for one of the covariates it can be useful to take the logarithm of the 

covariate in order to obtain a linear dependence. 
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Sometimes it is also warranted to take the logarithm of the dependent variable in order to 

avoid skewed residuals and heteroscedasticity, and to get a linear relationship. The 

transformation should yield approximately symmetrically residuals distributed around zero 

and more homoscedastic residuals. When considering the linear specification in equation (1) 

and suspecting that the standard error of the residual is approximately proportional to     , 

i.e. that heteroscedasticity is present, one can rewrite the equation as: 

 

           (10) 

 

where the standard error of   is independent of  . Taking the logarithm of both sides gives: 

 

                       (11) 

 

where    is the natural logarithm. The standard error of the residual is now independent of x, 

thus this is a homoscedastic equation. One can replace the first expression on the right hand 

side of equation (10) with the linear specification   , as seen below: 

 

            (12) 

 

where          . Thus variable transformation, by using logarithms, can remedy 

heteroscedasticity.  

2.2.6 Model Efficiency 

In order to assess the regression model efficiency one can use several statistical tools. The 

ones used in this study are outlined below. 

2.2.6.1  Coefficient of Determination – R
2
 

A common measure used for goodness of fit is the coefficient of determination, R
2
. It 

measures the relative reduction of variance of the residual term and is defined as: 

 

 
   

  ̂  
    ̂  

  ̂   
 

   (  ̂)

      
 

 

(13) 

where  ̂  are the estimated residuals from the restricted regression which only includes an 

intercept,  ̂ are the estimated residuals of the full regression model, i.e. with all covariates 

present, and       ̂  and        denote the variances of the estimated model and the 

dependent variable respectively. Thus the R
2
 can be more easily explained as: the share of 

explained variance by the fitted model. 

 

However it is commonly argued that one should use the adjusted coefficient of determination, 

 ̅ ,  that accounts for degrees of freedom (Theil, 1961). It is defined as: 
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 ̅           

 

     
 

(14) 

 

where k is the number of covariates and n is the number of observations. The advantage of  ̅  

is that it gives a more just comparison of models and penalises over fitting, i.e. the use of too 

many covariates. 

2.2.6.2  Effect Size – η
2
 

Another measure for effect size, apart from   , is   . It is a generalisation of    for leaving 

out a certain covariate, or certain set of covariates, and is defined as: 

 

 
   

  ̂  
    ̂  

  ̂   
 

(15) 

 

where  ̂  are the residuals from the restricted regression i.e. the regression without the certain 

covariate, or certain set of covariates. 

 

The following table includes the rule of thumb for magnitude of effect size and is based on 

(Cohen, 1988). 

  

η
2
 0.01 0.06 0.14 

Interpretation Small Medium Large 

Table 1: Cohen’s rule of thumb for the effect magnitude of η
2
. 

 

However it is important to stress that it is a rule of thumb and that all interpretations should be 

put in their correct context. 

2.2.6.3 Akaike Information Criterion – AIC  

The Akaike Information Criterion, AIC, gives us a measure of the relative quality of the 

models used. It takes both the goodness of fit and the complexity of the model into account 

and is thus an indicator for model selection. One chooses the model that minimises the AIC 

value which is calculated as: 

 

           ̂       (16) 

 
where k is the number of covariates including the intercept, n is the number of observations 

and   ̂   is the sum of squared residuals. As one can see from formula (16) the AIC value 

rewards goodness of fit and penalises the employment of too many covariates. Hence it 

provides a remedy for over-fitting.  

 

When seeking the optimal set of covariates included in a regression model a stepwise 

regression based on the AIC values can be utilised. In a stepwise regression one iterates, by 
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removing and adding covariates, in order to find the lowest AIC value corresponding to the 

optimal set of covariates. 

 

Another popular measure for relative model quality is the Bayesian Information criterion, 

BIC, which is calculated as: 

 

           ̂           (17) 

 

However Burnham et. al. argues that the AIC has a theoretical advantage over BIC, and thus 

should be the criterion utilised (Burnham & Anderson, 2002).  

2.3  Problems Associated with Regression Analysis 

When one or more of the assumptions of linear regression in (2.2.3) are violated problems 

will arise. In this section the relevant and common problems that might arise and how to 

detect them are outlined. Further some remedies for these problems are suggested. 

2.3.1 Heteroscedasticity 

Heteroscedasticity arises when the assumption            is violated. This is a problem 

since in the case of heteroscedasticity one cannot trust the result of an F-test. A usual case 

where heteroscedasticity arises is when there is a large variation in the data e.g. when one 

chooses Gross Domestic Product, GDP, as dependent variable as opposed to GDP per capita. 

 

In order to detect heteroscedasticity one can choose to employ the Breusch-Pagan test. It is 

carried out by firstly running the original OLS, (1), and then squaring the estimated residuals. 

The second step is to run a new OLS with the square of the estimated residuals as dependent 

variable on the original covariates, as seen below: 

 

  ̂ 
                       (18) 

 

where    and   denotes the residual respectively the coefficients. Employing an F-test one 

gets a p-value for rejecting the null hypothesis of homoscedasticity.  

 

An example of a typical appearance of heteroscedastic residuals in a regression is presented in 

Figure 1 together with the typical appearance of homoscedastic residuals for comparison. In 

the case of regression residuals the variable y is the fitted values of the dependent variable. As 

seen in the heteroscedastic residual plot the variance for the residuals is not constant for all 

values of y as it tends to be larger for larger values of the dependent variable.  
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Figure 1: Residual plot of heteroscedastic and homoscedastic residuals. 

 

2.3.2 Remedies for Heteroscedasticity 

If one suspects that the standard error of the residuals is somewhat proportional to the 

expected value of the dependent variable it can be a good idea to re-specify the original model 

as seen in Variable Transformation section (2.2.5). 

 

Further, one can use a consistent variance estimator for the heteroscedastic model called 

White’s heteroscedasticity-consistent estimator, or simply called White’s estimator (White, 

1980). Scaled for degrees of freedom it is defined as: 

 

               ( ̂)  
 

     
            ̂              

     
 

     
         (∑  ̂ 

   
   

 

   
)         

(19) 

 

According to Lang (2014, p.17) it is advisable to always use the White’s estimator. 

2.3.3 Non-normality of Residuals 

To test whether a sample of data follows a normal distribution it is a common practice to 

employ the Jarque-Bera test (Newbold et al., 2010). The test statistic, adjusted for degrees of 

freedom, is defined as following according to Hall et al. (1995, p.141): 
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where S is skewness: 
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(21) 

 

and K is the Kurtosis: 
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(22) 

 

The null hypothesis is a joint hypothesis under which skewness is zero and excess kurtosis 

being zero. Since normal distributions has an expected skewness and excess kurtosis both 

equal to zero the data is normally distributed under the null hypothesis. However it is 

important to bear in mind that this test can sometimes be overly sensitive when the sample is 

not sufficiently large. 

 

Another, less quantitative, way to test whether a set of data is normally distributed is to use 

the built in function normal probability plot, or simply normplot, that is available in all well 

used statistic software. It is a graphical tool used to compare the data set with a normal 

distribution. The theoretical quantiles are plotted along the x-axis, and the sample quantiles 

are plotted along the y-axis. If the data is perfectly normally distributed it will plot along a 

straight line and deviations from the line are signs of non-normality. 

2.3.4 Endogeneity 

The problem of endogeneity arises when one or more covariates are correlated with the error 

term. This is not a problem when using the regression for prediction but only when it is given 

a structural interpretation since the OLS will not produce consistent estimates. Some common 

situations where endogeneity arises are outlined below. 

2.3.4.1  Sample Selection Bias 

If the data is selected on some other criterion than the values of the covariates it might contain 

a hidden error term that will become a part of the residual. 

2.3.4.2  Simultaneity 

Simultaneity occurs when the dependent variable influences one or more of the covariates. 

Hence the cause and effect go both ways. 
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2.3.4.3  Missing Relevant Covariates 

Sometimes the component of the residual that makes it correlate with some covariate can be 

identified, this is a missing relevant covariate. The remedy for this problem is simply to 

include the missing variable. 

2.3.4.4  Measurement Error 

Even unbiased measurement errors in the covariates will cause endogeneity. 

 

Consider the true model: 

 

        (23) 

 

and let  ̃      be the measured values of the covariate and   be the measurement error. 

Then the model becomes: 

 

    ̃   ̃        ̃           ̃       (24) 

 

Now it is obvious that the measured values of the covariate and  ̃ are correlated unless    . 

2.3.5 Remedies for Endogeneity 

A remedy for endogeneity is to use instrumental variables and employ a two stage least square 

regression. The instrumental variables are new covariates that are well correlated with the 

endogenous variable but uncorrelated with the residuals. For more details on instrumental 

variables and two stage least square regression please see Lang (2014, pp.27-29). 

2.3.6 Multicollinearity 

Multicollinearity arises when two or more of the covariates in a regression are highly 

correlated. One way to detect multicollinearity is to look at the variance inflation factor for 

each covariate. It is given as:  

 

 
     

 

    
  

(25) 

 

where   
  is the coefficient of determination of the i:th covariate. As a rule of thumb a VIF 

over 10 indicates high multicollinearity (Kutner et al., 2004). High multicollinearity results in 

large standard errors in the estimated covariates and as a consequence the estimated slope 

coefficients for the covariates can be misleading (Newbold et al., 2010, p.612).  

2.3.7 Remedies for Multicollinearity 

A common remedy for multicollinearity is to remove one of the covariates which have a large 

VIF value. Another remedy is to increase the number of observations, however this method is 

not always applicable as it depends on the data set.  
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3. Method  

In the Method chapter the data is presented and treated for irregularities. Further the 

variables and models used in this study are presented.  

3.1  Data Sources 

The data gathered in this study mainly concerns historical forecast specific properties for EPS 

forecasts on the current S&P 100 companies. Further some company specific classifications 

and historical ratios are gathered for the relevant companies. All data concerning forecast 

properties and company specific ratios are gathered from the FactSet database. Further 

information regarding industry classification and associated exchange for the companies is 

gathered using internet sources.
1
 The sample period for this study is year 2000 through 2013, 

and the data is gathered for all years in the sample period. 

3.2  Data Collection  

From the FactSet database we could extract historical annual EPS consensus forecasts for the 

current S&P 100 companies for the sample period of 2000-2013. Utilising FactSet we could 

obtain one excel sheet with all historical EPS forecast information for each company in the 

sample. The information received for each year in the period was; actual outcome in EPS, the 

consensus forecasted EPS, the number of analysts included in the consensus and the standard 

deviation in the consensus. The consensus forecast for each year is the arithmetic average of 

all the individual forecasts available for a company in the last fiscal month of the 

corresponding fiscal year.  

 

From the FactSet database we were also able to extract an excel ratio sheet for each company 

containing various financial information for all the years in the sample period. The ratio sheet 

was not standardised with the same information for all companies, but roughly consisted of a 

balance sheet, an income statement and various financial ratios. Thus the relevant information 

for this study had to be gathered manually for each company and year. The yearly information 

extracted from the ratio sheets for each company was; Price/Earnings (PE) ratio, Net Margin, 

diluted EPS and number of shares outstanding. 

3.3  Data Treatment 

In research concerning forecast error, or dispersion, it is common practice to exclude 

observations with extreme values. The reason for this is to avoid extreme or odd observations 

to bias the whole sample. For this study we will utilise both company specific and forecast 

specific inclusion criterions.  

 

                                                 
1 http://data.okfn.org/data/core/s-and-p-500-companies Accessed 2015-02-25 

http://data.okfn.org/data/core/s-and-p-500-companies
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For consistency we will require that each company included in the sample has relevant 

observations for at least 50 percent of the 14 years in the sample period. Companies with 

fewer observations than that will be excluded.  

 

Further exclusion will be necessary for some observations with extreme values. The definition 

of forecast error that will be utilised throughout this study is one scaled by the mean 

forecasted EPS. However, small denominators will result in large forecast errors even when 

the consensus forecasts are fairly close to the actual outcome in EPS in an absolute sense.  

Consistent with for example Ciccone (2001) and Dreman and Berry (1995) observations with 

a very small value of mean forecasted EPS will be excluded. Furthermore resulting forecast 

errors with extremely high values will be treated as outliers, also consistent with for example 

Easterwood and Nutt (1999). Finally, if a company for a certain year is missing relevant ratios 

or forecast properties that observation will be excluded. The inclusion criterions can be 

summarised as: 

 

 Relevant data has to be available for at least half of the sample period for a company 

to be included in the sample. 

 Observations of mean forecasted EPS with values lower than 0.1 dollar will be 

excluded to avoid the small denominator problem. 

 Observations of the forecast error with values higher than 100 percent will be 

excluded to avoid extreme heteroscedasticity.  

 An observation of forecast error will be fully excluded if any of the corresponding 

explanatory variables are missing.  

 

The removal of extreme values is further discussed in the previous research chapter (2.1). 

 

We believe that selection bias is not a problem when utilising the above criterions for removal 

of data points. For example Dreman and Berry (1995) carried out calculations both with and 

without outliers and came to consistent conclusions that justified removing outliers.  

3.4  Model Setup 

The gathered data will be utilised in linear regression models which will take the form as 

below: 

        (26) 

 

The significance level        is used throughout the study. For simplification Table 2 

below presents significance codes utilised in presentations of regression statistics. 

 

0 < p-value < 0.001 0.001 < p-value < 0.01 0.01 < p-value < 0.05 0.05 < p-value < 0.1 

*** ** * . 

Table 2: Significance codes for p-values. 
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3.4.1 Dependent variable 

The dependent variable, Y, is the forecast error, which will be subject to transforms as 

presented in 2.2.5. The different forecast errors investigated in this study are presented below: 

 

Forecast Error 

We define the forecast error consistent with previous research, scaled with the average of all 

individual forecasts in the consensus. As described in the previous research section (2.1) there 

are a number of different denominators used, including the definition used in this study:  

 

 
                   |

                                     

                         
|      (27) 

 

Logarithmic Forecast Error 

We expect the forecast errors from our sample to suffer from high kurtosis, which in turn 

would lead to heteroscedasticity in the regression residuals. Thus we will also provide 

calculations for a logarithmic transformation of the forecast error. A logarithmic transform 

can be used to remedy heteroscedasticity as presented in 2.2.5. 

3.4.2 Independent variable 

The goal is to remove all insignificant or otherwise unsuitable independent variables to arrive 

at the model which most accurately explains the forecast error. The candidates for the 

independent variables, X, are presented below: 

 

Number of Estimates 

The number of individual analyst estimates that together construct the consensus forecast. 

From previous studies we expect the forecast error to decrease with an increasing number of 

analysts included in the consensus (Merkley et al., 2013). Further we expect to encounter 

multicollinearity when including both number of analysts and company size as explanatory 

variables in the regression models (Ciccone, 2001).  

 

Size – log(Market Capitalisation) 

The company size is defined as the market capitalisation, i.e. the share price multiplied with 

the diluted number of shares outstanding. Options and other convertible securities are thus 

included in the number outstanding shares. To avoid heteroscedasticity the variable utilised in 

the regressions is logarithmic.  

 

Dispersion  

Dispersion is a commonly seen forecast property, which we, consistent with for example 

Ciccone (2001), define as the standard deviation of all the individual forecasted EPS included 

in a consensus forecast. A high level of disagreement amongst the analysts should reasonably 

imply a larger forecast error.  
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Industry 

There are 11 different industry classifications represented in the cluster of S&P 100 

companies.
2
 We will include mutually exclusive dummy variables for each industry. To avoid 

perfect multicollinearity (see 2.2.1.1) one industry will always be used as benchmark. The 11 

industries of relevance are presented below: 

 ConsumerDiscretionary 

 ConsumerStaples 

 Energy 

 Financials 

 HealthCare 

 Industrials 

 InformationTechnology 

 Materials 

 Services 

 TeleCom 

 Utilities 

 

We expect that companies in different industries are more or less easy to forecast.  

 

Exchange 

The companies included in S&P 100 are listed on either NASDAQ or NYSE. To investigate 

whether there are differences in forecast error depending on which exchange a company is 

listed we will include a dummy variable, NYSE, with value 1 if an observation is from a 

company listed on NYSE, and otherwise 0. Companies listed on NASDAQ will thus be the 

benchmark. 

 

Net Margin 

Net margin is a commonly seen profit ratio in financial reporting. The ratio is defined as the 

percentage of revenue remaining after operating expenses and financial costs. This ratio is 

closely related to EPS and should as such potentially have a good explanatory value for 

forecasts on EPS.  

 

Optimism 

Finally we have included a dummy variable for if a forecast is optimistic. The dummy 

variable returns 1 if a consensus forecast is optimistic (actual EPS is smaller than consensus 

mean EPS), and otherwise 0. This way we can observe if optimistic forecasts in any way 

differ from pessimistic forecasts in terms of forecast accuracy.  

 

                                                 
2 http://data.okfn.org/data/core/s-and-p-500-companies Accessed 2015-02-25 

http://data.okfn.org/data/core/s-and-p-500-companies
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3.5  Model Variation 

One of the goals with this study is to find the factors which affects forecast error. We propose 

a variation in regression models in order to increase robustness of the results. In this section 

we present the variations in regression models used to handle mainly the many, mutually 

exclusive, industry dummy variables. 

3.5.1 Model 1 

The first model proposed, simply named Model 1, will keep the benchmark industry fixed by 

removing observations corresponding to the removed industry dummy variables. The stepwise 

regression approach is thus not applicable and the non-significant independent variables will 

be manually and iteratively removed until all covariates are significant at the chosen level of 

significance. This is done by removing the least significant variable, i.e. the one with highest 

p-value, in each step and then run the reduced regression in order to get the new p-values. If 

an industry dummy is removed the corresponding observations are removed thus lowering the 

total number of observations.  

3.5.2  Model 2 

The second model proposed is one where the observations of removed industry dummy 

variables are included in the benchmark. The number of observations will thus not change, 

enabling the use of the stepwise regression approach, based on AIC.  

3.5.3  Model 3 

Model 3 excludes all industry dummy variables and the optimal regression model is obtained 

through stepwise regressions based on AIC.  

3.5.4  Model 4 

An alternative to removing data (Model 1), changing benchmark (Model 2) or excluding 

industry classifications (Model 3) is to only have two industry classifications. The fourth 

model proposed is thus the clustered industry model, here named Model 4. Utilising 

hierarchic cluster algorithms the 11 original industries are grouped into two industry clusters 

based on the industries average forecast properties. After this stepwise regressions can be 

carried out in the same way as in Models 2 and 3.  
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4. Results and Analysis 

In the Result and Analysis chapter the results obtained when employing the aforementioned 

models and tests are presented. The results are commented and analysed, further discussion 

and comparison is left to the concluding chapter.   

 
All regression models investigated suffer from severe heteroscedasticity in the residuals due 

to the dependent variable, the forecast error. A Breusch-Pagan test of the residuals of the  

non-reduced Model 1 result in a p-value of          , thus the null hypothesis of 

homoscedasticity is rejected at an extremely low significance level. The forecast error is thus 

logarithmically transformed for all 4 regression models to remedy heteroscedasticity. After 

the logarithmic transform a Breusch-Pagan test for the non-reduced regression Model 1, with 

logarithmic forecast error as the new dependent variable, results in a p-value of      , and 

thus on a 5 percent level of significance the null hypothesis of homoscedasticity is rejected. 

To remedy the possible remaining heteroscedasticity White’s heteroscedasticity-consistent 

estimator is used for all regression models. For residual plots and normal probability plots 

before and after transformation of the dependent variable please see Appendix 1.  

 
To provide the reader with some intuition for the sample and the regression results in the 

following sections some descriptive statistics are presented below.  

 

 

Average 

Absolute 

Forecast 

Error 

Average 

Number 

of 

Estimates 

Average 

Dispersion 

Optimistic 

Forecasts 

Average 

logarithm 

of Market 

Cap 

Average 

Net 

Margin 

Observations 

Full Sample 3.97% 18.72 0.1248 33.22% 24.66 12.43% 1222 

ConsumerDiscretionary 4.28% 19.17 0.0561 38.41% 24.46 7.34% 151 

ConsumerStaples 1.31% 14.48 0.0262 36.81% 24.94 10.28% 144 

Energy 4.32% 20.50 0.1526 43.75% 24.21 14.68% 112 

Financials 8.43% 17.66 0.4721 42.41% 24.82 12.47% 191 

HealthCare 1.97% 19.04 0.0446 25.93% 24.83 18.11% 162 

Industrials 3.19% 16.67 0.0623 24.87% 24.37 8.06% 189 

InformationTechnology 3.90% 24.78 0.0393 24.22% 25.01 17.95% 161 

Materials 5.03% 13.63 0.0930 25.49% 23.98 9.94% 51 

Services 0.75% 29.20 0.0642 20.00% 25.02 29.30% 5 

TeleCom 2.23% 26.04 0.0548 50.00% 25.57 9.04% 28 

Utilities 1.93% 15.54 0.0379 32.14% 24.04 11.24% 28 

NYSE 3.93% 18.13 0.1389 33.37% 24.64 11.47% 1031 

NASDAQ 4.20% 21.89 0.0485 32.46% 24.73 17.59% 191 

Table 3: Descriptive statistics for the sample of current S&P 100 companies for the years 2000 through 2013.  

 

The industry financials include the most number of observations, closely followed by 

industrials. The industry benchmark for the regressions in following sections is chosen to be 

industrials, when applicable. Even though there are more observations for financial 

companies, this industry is by nature more volatile which also can be seen from the average 

absolute forecast error which is substantially larger than the one for industrials. 
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Removed observations sum up to 136 data point, of these approximately 80 percent are due to 

missing data. Missing data is for example due to companies not being listed for the full period 

2000-2013. E.g. Google got listed on NASDAQ in 2004 and MasterCard on NYSE in 2006, 

thus relevant key ratios are missing for earlier periods for these companies. Further there are 

periods with missing data without any apparent explanation. The remaining removed 

observations are outliers removed through the inclusion criterion presented in (3.3). The 

outliers show no characteristic pattern and are considered not to be systematically biased.  
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4.1  Model 1 – Reduced with Omitted Data 

The full multivariate regression Model 1 is stripped of insignificant variables and the 

procedure of removing the least significant covariate, one variable at a time, is repeated until 

all covariates are significant at the chosen level of significance       . The final regression 

result is presented in Table 4 below. For further details on the exclusion procedure please see 

Appendix 1.  

 

 
Estimate Std.Error η

2
 p-value VIF 

 
intercept 6.825 1.609 0.025 0.000 

 
*** 

Dispersion 0.321 0.093 0.026 0.001 1.068 *** 

log(MarketCap) -0.269 0.067 0.023 0.000 1.251 *** 

ConsumerStaples -0.489 0.169 0.010 0.004 1.589 ** 

Energy 0.860 0.170 0.025 0.000 1.508 *** 

Financials 0.971 0.166 0.043 0.000 1.700 *** 

InformationTechnology 0.460 0.214 0.006 0.032 2.393 * 

Materials 0.741 0.216 0.012 0.001 1.214 *** 

NASDAQ 0.676 0.184 0.015 0.000 1.704 *** 

Net.Margin -0.032 0.007 0.022 0.000 1.355 *** 

Table 4: Regression statistics for the final reduced multivariate regression Model 1. 848 data points, R
2
=0.180. 

 

In the final model we have excluded optimism, number of estimates and a number of industry 

classifications.  

 

In line with previous research, e.g. Ciccone (2001), we see that an increase in the market 

capitalisation implies a smaller forecast error. Further the interpretation of the results changes 

as one takes the logarithm of both covariate and the dependent variable which is the case for 

market capitalisation. Thus the beta for market capitalisation,           , indicates that if we 

increase the market capitalisation by one percent we would expect the forecast error to change 

by            percent. In this case the indication is that an increase in market capitalisation 

by one percent will decrease the forecast error by 0.27 percent.  

 

The dispersion has a positive effect on forecast error, i.e. a high dispersion results in a large 

forecast error. This implication is in line with intuition as a high disunity among the analysts 

regarding in the outcome of EPS generally should mean that the forecast is less accurate. An 

increase in net margin implies a lower forecast error. Further the result suggests that forecasts 

of earnings of companies listed on NASDAQ, as opposed to NYSE, have a higher forecast 

error. 

 

At the chosen significance level of 5 percent one cannot make any inference regarding the 

difference of magnitude of the forecast error for optimistic respectively pessimistic forecasts.  

 

Moreover all VIF values are well below the critical value indicating that there is no problem 

with multicollinearity. The adjusted R
2
 is calculated to be 0.171 which indicates that there is a 

large fraction of unexplained variance. 
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In addition to this the η
2
 for all covariates are low. According Cohen’s rule of thumb the 

interpretation is that all covariates have small effects on the forecast error. However the 

financials industry classification has the largest effect on the forecast error whilst the 

information technology classification exhibits the smallest effect. 
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4.2  Model 2 – Dynamic Industry Benchmark  

For Model 2 a stepwise regression using AIC is utilised, and no data is omitted when 

covariates are removed. This means that removing an industry classification will include that 

particular industry in the benchmark. The final regression results are presented in Table 5 

below. For further details on the exclusion procedure please see Appendix 2. 

 
 Estimate Std.Error η

2
 p-value VIF 

 
intercept 6.206 1.380 0.019 0.000  *** 

Dispersion 0.355 0.108 0.022 0.001 1.076 ** 

log(MarketCap) -0.243 0.057 0.018 0.000 1.199 *** 

ConsumerDiscretionary 0.310 0.143 0.004 0.031 1.296 * 

ConsumerStaples -0.447 0.140 0.008 0.001 1.248 ** 

Energy 0.931 0.147 0.027 0.000 1.222 *** 

Financials 1.014 0.145 0.045 0.000 1.320 *** 

InformationTechnology 0.473 0.159 0.008 0.003 1.516 ** 

Materials 0.787 0.199 0.010 0.000 1.105 *** 

NASDAQ 0.686 0.138 0.020 0.000 1.427 *** 

Net.Margin -0.032 0.006 0.024 0.000 1.312 *** 

Optimism -0.180 0.097 0.003 0.063 1.036 . 

Table 5: Regression statistics for the final reduced regression Model 2. 1222 data points, R
2
=0.170. 

 

This time the final model obtained includes optimism, as opposed to Model 1. However it is 

not significant at a level of 5 percent. Further all other covariates are significant and there are 

no signs of multicollinearity as all VIF values are below the critical value. 

 

In this model the industry classification for consumer discretionary is included as opposed to 

the model presented in Table 14. Further the adjusted R
2
 is calculated to be 0.162 implying a 

slightly worse fit compared to Model 1. This is expected as Model 2 is fitted to all available 

data whilst in Model 1 the data corresponding to the non-significant industry classification are 

removed. The optimism slope coefficient gives us an indication that optimistic forecasts are 

more accurate than pessimistic ones by 18 percent. This is however not a variable that is 

significant on 5 percent level and thus the interpretation is to be handled with care. 

 

The independent variables show no momentous difference in the estimated slope coefficients 

compared to Model 1. Further the effect sizes of the covariates are very similar to Model 1, 

and the dummy variable for optimistic forecasts has a very small effect on the forecast error.  
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4.3  Model 3 – Without Industry Classification 

In Model 3 the covariates for industry classification are excluded, thus the consequences of 

removing an industry dummy variable are irrelevant. The regression results, after stepwise 

regressions using AIC, are presented in Table 6. For further details on the exclusion procedure 

please see Appendix 3. 

 

 
Estimate Std.Error η

2
 p-value VIF 

 
intercept 8.607 1.387 0.036 0.000  *** 

Num.of.Est 0.010 0.006 0.002 0.111 1.132 
 

Dispersion 0.481 0.149 0.038 0.001 1.010 ** 

log(MarketCap) -0.341 0.059 0.033 0.000 1.134 *** 

NASDAQ 0.491 0.131 0.012 0.000 1.101 *** 

Net.Margin -0.023 0.006 0.013 0.000 1.178 *** 

Table 6: Regression statistics for the final reduced regression Model 3. 1222 data points, R
2
=0.091. 

 

In the final model optimism is the only independent variable being excluded. Further the 

number of estimates is the only insignificant covariate at the significance level 5 percent, and 

all VIF values are well below the critical value. The adjusted R
2
 for Model 3 is calculated to 

be 0.087 which is almost half as large as for the two previous models. 

 

In this model dispersion and size have larger effects on the forecast error compared to the two 

previous models. This can be noticed by both the larger slope coefficients and larger η
2
 values 

for these variables. The opposite can be said for net margin and being listed on NASDAQ 

which instead have less effect on the forecast error. Moreover no η
2
 value is large enough to 

imply a medium or large effect on the dependent variable, according to Cohen’s rule of 

thumb.
 
 

 

As discussed in previous studies, namely Ciccone (2001), the number of estimates and market 

capitalisation might very well be correlated. As seen in Figure 2 there indeed seems to be the 

case that larger companies tend to have a larger number of estimates. However the VIF values 

are low enough to indicate that multicollinearity is not a problem. 

 
Figure 2: Scatter plot of the logarithm of market capitalisation versus number of estimates, with a fitted line. 

1222 data points.   

y = 0.0304x + 24.086 
R² = 0.0714 
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4.4  Model 4 – Clustered Industry Classification 

For this model a hierarchic cluster algorithm is utilised to group the 11 industry classifications 

into two groups. The cluster algorithm is based on the descriptive statistics presented in Table 

3, more specifically the Euclidian distance between industries for the forecast properties; 

average absolute forecast error and average dispersion. This should result in two relatively 

homogenous groups of industries, which are presented in Figure 3 below. 

 
Figure 3: Dendrogram for the hierarchic cluster analysis of the original 11 industries represented in the sample. 

The two resulting clusters are encircled. 

 

After clustering the industry classifications a stepwise regression using AIC is carried out, and 

the final regression results are presented in Table 7. For further details on the exclusion 

procedure please see Appendix 4. 

 

 
Estimate Std.Error η

2
 VIF p-value 

 
intercept 7.050 1.357 0.026 

 
0.000 *** 

Dispersion 0.429 0.130 0.032 1.020 0.001 ** 

log(MarketCap) -0.264 0.056 0.021 1.099 0.000 *** 

Cluster1 -0.750 0.095 0.048 1.045 0.000 *** 

NASDAQ 0.519 0.125 0.014 1.083 0.000 *** 

Net.Margin -0.018 0.006 0.008 1.163 0.002 ** 

Table 7: Regression statistics for the final reduced regression Model 4. Cluster 2 is the benchmark. 1222 data 

points, R
2
=0.133. 

 

The variables optimism and number of estimates are removed through the stepwise 

regression. As seen from Table 7 all independent variables included in the final regression 

model are significant at a high level of significance, well below 1 percent. The adjusted R
2
 is 

calculated to be 0.129 and the VIF values presented are all well below critical values 

indicating that multicollinearity is not a problem.  
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The indications found for the independent variables are similar to the ones in previous 

models, positive effect for dispersion and NASDAQ, negative effect for company size and net 

margin. The effect sizes for NASDAQ, dispersion, company size and net margin are all small, 

consistent with the three previous models.   

 

Forecasts on companies in cluster 1 have significantly smaller forecast error than those on 

companies in cluster 2. More specifically the regression statistics indicate a 75 percent 

decrease in the forecast error for observations in cluster 1. Furthermore, from the highly 

significant Cluster1 in the final regression statistics, it is concluded that the two industry 

clusters are well chosen and represents two different groups of companies in regard to the 

magnitude of the forecast error. Of all the independent variables the effect size, η
2
, is highest 

for Cluster1 indicating larger effect on forecast error derived from industry classification 

compared to effect from the other covariates. However, as noted in the descriptive statistics, 

Table 3, the number of observations for some industries is quite low, thus the clustered 

industry groups found by the hierarchic cluster algorithm might not be fully representable for 

a larger sample.  
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5. Discussion and Conclusion 

In this chapter the results and analysis are discussed. The methods utilised throughout the 

study are critically evaluated. Further the conclusions are presented together with 

suggestions for future research in the field.  

 

Overall the analysts are found to be fairly accurate in their forecasts with an average forecast 

error of just below 4 percent. The factors that affect the error in EPS consensus estimates 

significantly in all four models include consensus dispersion, company size, net margin, 

which exchange the company is listed on and, when applicable, some industry classifications.  

 

We cannot reject the null hypothesis of no difference in the accuracy of optimistic 

respectively pessimistic EPS consensus forecasts as the variable for optimism is not 

significant in any of the four models, at the chosen level of significance. However, we see in 

an indication that the optimistic forecasts are more accurate. E.g. if we had chosen a level of 

significance of 10 percent the optimism would be significant in some of the models, with a 

negative sign indicating a smaller forecast error for optimistic forecasts. 

 

Below the slope coefficients, p-values and η
2
 values of the covariates in the final regression of 

each model are compared. When reading the results it is important to bear in mind that the 

interpretation of the slope coefficient differs for the logarithm of market capitalisation. If we 

change the market capitalisation by one percent we would expect the forecast error to change 

by            percent. For all other covariates, if we change the i:th covariate,   , by one unit 

we would expect the dependent variable to change by       percent. 

 

Number of Estimates 

Number of Estimates is only present in Model 2 and it is not significant at 5 percent. Hence 

one cannot reject the null hypothesis at the given significance level. It is odd that the number 

of estimates does not affect the forecast error, as one intuitively may think that an additional 

number of analysts that covers a certain stock would yield a more accurate consensus. The 

reason for this not being the case could be that there are in some sense a decreasing marginal 

utility of the number of estimates and that the companies in our samples all are at a level 

when they have “enough” number of analysts covering them implying that one additional 

analyst do not affect the forecast error. It can also be described by the idea of herding, 

suggesting that a too large deviation from the present consensus could be fatal, if proven 

wrong, for a single analyst. 

 

Dispersion 

Dispersion is significant and comes with a positive sign in all four models. This is expected as 

it is natural to believe that when there is a larger disagreement among analysts the forecast 

error tend to increase. Another interesting thought is that the reason for a larger disagreement 

may be caused by asymmetric information. The Efficient Market Hypothesis (Fama, 1970) 

assumes that all information is available to all parties, at all times. This is violated if the 

analysts which make up the consensus have access to different information. For example if an 
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analyst have a more personal relationship with a  Chief Financial Officer, CFO, of a certain 

company the CFO might be more willing to consciously, or unconsciously, give away 

information to that analyst. This would result in a larger dispersion in the consensus estimate. 

 

Size – Logarithm of Market Capitalisation 

Size is significant and comes with a negative sign in all four models. This is somewhat 

expected as it is intuitive to think that it is easier to predict the earnings of a larger company. 

However, as the argument for number of estimates, one could expect that since all companies 

in the sample are very large a change in market capitalisation should not affect the forecast 

error as all companies in the sample are “large enough” to be properly analysed. 

 

Arguably one could use the Enterprise Value, EV, instead of Market Capitalisation as a 

variable describing the size of the company. The reason for this would be that the EV takes 

the debt, and thus the financial structure of the company, into account. Assuming equal ratios 

of debt to equity this should not be a problem but is something worth investigating in future 

studies. 

 

Net Margin 

Net Margin is significant and comes with a negative sign in all four models. Thus a higher net 

margin implies a smaller forecast error. This can be explained by the fact that a company with 

a higher net margin usually have a lower asset turnover, if assuming somewhat equal return 

on equity across different companies. Thus companies that rely heavily on sales volumes are 

harder to analyse. 

 

Industry Classifications 

Industry Classification dummy variables are the covariates that differs the most across the 

four models. In Model 3 these covariates are completely left out. Further, in Model 1 we do 

not change the benchmark, and thus remove data, as opposed to Model 2. Thus a beta for e.g. 

financial companies in Model 1 implies the difference in mean forecast error between 

industrial and financial companies, while it in Model 2 implies the difference between 

financial companies and all industries being included in the benchmark. We get similar 

estimates for Model 1 and 2 with the difference that Consumer Discretionary is included with 

a positive sign in Model 2. 

 

Industrials is the benchmark industry. It is sensitive to the overall macroeconomic 

environment but according to our results it is easier to forecast than the other industries, 

except for Consumer Staples. Industrial companies are usually less sensitive to changes in 

consumer taste as their buyers often consist of other companies and not the end consumer. For 

example an industrial company might sell the tools used to make an automobile, and is less 

affected if the consumer taste changes towards a particular type of car. 

 

Consumer Staples include companies that produce goods that people are always going to 

demand regardless of their financial situation, e.g. food, tobacco and household items. It is 

therefore logical to expect a quite even revenue stream for this type of company which would 
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make it easier to predict the earnings, resulting in a smaller forecast error than the benchmark 

industry. This is in line with the result we get as the slope coefficient comes with a negative 

sign.  

 

Consumer Discretionary includes producers of more less essential goods and services, such as 

fashion and cars, compared to Consumer Staples. The positive sign in Model 2 is therefore 

logical as it should be harder to predict the earnings of these companies compared to 

industrial companies, as consumer taste might change quickly and the data sample includes a 

financial crisis in which many consumers cut back on their non-necessary spending. 

 

Energy companies consists mostly of oil & gas companies and since this is an industry that is 

hard to predict by nature it is also hard to make EPS predictions which is shown in the 

positive slope coefficient. The same goes for information technology and financial companies. 

The latter type of company is also largely affected by the subprime crisis in 2008. 

 

In Model 4 the clustered industry covariate, Cluster1, is naturally very significant and comes 

with a negative sign. The negative sign can easily be explained by the fact that this cluster 

includes more stable and non-cyclical industries. For example cluster 1 includes the 

Consumer Staples industry classification, and people are less likely to decrease their 

consumption of household products and food in a rough economic climate. As our sample 

includes the subprime financial crisis this effect becomes even more apparent. 

 

The goodness of fit, R
2
, is considerably smaller when industry dummy variables are removed, 

implying that industry classification explains a large part of the forecast error. This effect is 

considerable even when adjusting for number of covariates by comparing the adjusted R
2
. 

Further the adjusted R
2
 is lower in the final Model 4 than in Models 1 and 2, indicating that 

individual industries explains more of the forecast error than the two clustered industry 

groups. The descriptive statistics for the sample, presented in Table 3, indicate that the 

different industries have varying values on the forecast properties, which further support the 

use of industry dummy variables. There are industries with a low total number of 

observations, consequently the industry slope coefficients for those industries might not 

reflect the true values of analyst accuracy. 

  

However, the R
2
 values are below 0.2 for all models, indicating that a large part of the 

forecast error is not explained in the models. This is consistent with previous studies, for 

example Ciccone (2001), where R
2
 values rarely reaches above 0.2 for any regression with 

forecast error. The small R
2
 values are further to be expected as financial speculators 

otherwise would be able to use the model to easily make large arbitrage money. Also to be 

noted is that the effect size, η
2
, is small for all covariates according to Cohen’s rule of thumb. 

Thus none of the covariates investigated have a large, or medium, effect on the forecast error 

on its own. 

 

No tests were performed on the descriptive statistics presented in Table 3. However there is 

interesting information gained from the statistics. The number of optimistic forecasts is 

surprisingly low, both for the full sample and the separate industries. Previous studies indicate 
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that optimism is a recurring factor, thus it is surprising to find that our sample contains a 

majority of pessimistic forecasts. Additional tests and a different methodology is needed to 

further investigate whether analysts on S&P 100 companies actually are pessimistic in 

general, which is something we leave for future studies to investigate. 

 

Further one could expect the largest difference in forecast error between companies with 

small and large market capitalisation and between companies in developed and emerging 

markets. This is something that could be further investigated in future studies since one has to 

be extremely careful to generalise the findings of this study to the entire stock market. 

Another reason to be cautious when reading the results is the fact that many investors that 

intend to invest, or already have invested, in the stock market has a very long time horizon, 

and as this study only includes data for observations between 2000 and 2013 it can be very 

hard to generalise these results across larger time spans. It is also important to bear in mind 

that the data includes observations from the subprime mortgage crisis in 2008 which can yield 

some misguiding results. In addition to this the data might suffer from survivorship bias as 

only data from the constituents of S&P100 in the autumn of 2014 is used in this study and no 

respect is taken to the turnover of companies included in the index. Although this should not 

be a problem as the companies have stayed fairly the same since 2000. 

 

In this study we have refrained from using lagged variables such as last year’s forecast error. 

The reason for this is that we assume that the analysts do not overcompensate a too low or too 

high estimate one year by unjustifiably increasing or lowering next year’s estimate. It would 

however be interesting if this assumption holds using time series analysis, which is something 

we recommend for future research. 

 

Moreover, as discussed in the previous studies section the EPS consensus is the arithmetic 

mean of all individual forecasted EPS for a company. It would be interesting to see if we 

would have gotten different results by using another average. For example utilising a 

geometrical average or a weighting the individual estimates based on the ranking of the 

corresponding analysts. Unfortunately the data utilised in this study only included the 

arithmetic mean values, thus hindering such investigations. It is however something we 

recommend for future studies. 

   

There are various error sources concerning the rationality of analysts, one is the issue of 

herding. Herding is, in EPS forecasting, when an analyst is biased by what other analysts are 

forecasting as the individual analyst do not want to deviate from the consensus. Herding thus 

results in consensus forecasts that are not actually the true belief of the individual analysts, 

potentially lowering the consensus accuracy. This is potentially an explanatory factor for 

analyst accuracy, however one that is hard to quantify into a regression model. A further error 

source is presented by Brown (1996) as company management deliberately deceiving analysts 

by lowering expectations. This would potentially bias analysts to pessimistic forecasts. A 

third bias in analyst behavior is conflict of interest when forecasting EPS. Individual analysts 

increase their rankings when performing well in term of accuracy, however there are 

nevertheless possible incitements for intentionally biased forecasts. There are for example 

previous cases where research analysts at investment banks allowed the fee received by the 
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corporate finance department to influence the rating given to companies covered by the bank. 

From informal interviews with analysts at Morgan Stanley additional error sources was 

presented. Inaccurate information regarding share count, tax rate and use of tax losses to net 

against directly affects the accuracy of EPS forecasts and are commonly problematic. Further 

error sources were inaccurate information of; restructuring charges and amortisation of 

intangibles or any other non-operating expenses.  

 

By using four different regression models we have increased the robustness of the results 

found in this study. In order to increase the robustness further a larger sample and a longer 

sample period should be used. It can also be a good idea to make an attempt to find additional 

covariates that explain the forecast error. 

 

Finally, the efficient market hypothesis might prohibit the construction of portfolios that 

consistently beat the market. However, when it comes to predicting Earning per Share we 

believe that the analysts are quite accurate and able to make a better job than Malkiel’s 

blindfolded monkeys.  
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Appendix 1 

 
Figure 4: Residual and normplot for the full multivariate regression Model 1 without transformation of the 

dependent variable. In the left figure the residuals are plotted against fitted values for the regression Model 1 

with non-transformed forecast error as the dependent variable. The right figure is a normplot for the same 

regression residuals.  

 

Figure 5: Residual and normplot for the full multivariate regression Model 1 with a logarithmic transform of the 

dependent variable. The left figure presents the residuals plotted against fitted values for the regression Model 1 

with logarithmic transformed forecast error as the dependent variable. The right figure is a normplot for the 

same regression residuals. 
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Additional regression results for Model 1 are here presented. 

 
 Estimate Std.Error η

2
 p-value 

 
intercept 6.160 1.481 0.018 0.000 *** 

Num.of.Est 0.000 0.007 0.000 0.961 
 

Dispersion 0.355 0.109 0.022 0.001 ** 

log(MarketCap) -0.240 0.063 0.015 0.000 *** 

ConsumerDiscretionary 0.271 0.165 0.002 0.101 
 

ConsumerStaples -0.490 0.169 0.007 0.004 ** 

Energy 0.882 0.171 0.019 0.000 *** 

Financials 0.968 0.168 0.030 0.000 *** 

HealthCare -0.122 0.178 0.000 0.492 
 

InformationTechnology 0.408 0.200 0.004 0.041 * 

Materials 0.750 0.214 0.008 0.001 *** 

Services -0.390 0.491 0.000 0.427 
 

TeleCom 0.010 0.336 0.000 0.976 
 

Utilities 0.083 0.222 0.000 0.710 
 

NASDAQ 0.699 0.144 0.020 0.000 *** 

Net.Margin -0.030 0.006 0.019 0.000 *** 

Optimism -0.182 0.097 0.003 0.060 . 

Table 8: Regression statistics for the full multivariate regression Model 1 with logarithmic forecast error as the 

dependent variable. 1222 data points, R
2
=0.171.  

 

 
 Estimate Std.Error η

2
 p-value 

 
intercept 6.194 1.484 0.018 0.000 *** 

NumofEst 0.000 0.007 0.000 0.974 
 

Dispersion 0.355 0.108 0.022 0.001 ** 

log(MarketCap) -0.241 0.063 0.016 0.000 *** 

ConsumerDiscretionary 0.275 0.165 0.002 0.096 . 

ConsumerStaples -0.487 0.169 0.007 0.004 ** 

Energy 0.892 0.171 0.020 0.000 *** 

Financials 0.976 0.168 0.031 0.000 *** 

Health -0.118 0.178 0.000 0.509 
 

InformationTechnology 0.414 0.200 0.004 0.038 * 

Materials 0.749 0.213 0.009 0.001 *** 

Services -0.377 0.485 0.000 0.438 
 

Utilities 0.085 0.222 0.000 0.702 
 

NASDAQ 0.703 0.144 0.021 0.000 *** 

Net.Margin -0.031 0.006 0.019 0.000 *** 

Optimism -0.212 0.098 0.004 0.031 * 

Table 9: Regression statistics for a reduced multivariate regression with logarithmic forecast error. 1194 data 

points, R
2
=0.174. The red marked row indicates the covariate with the highest p-value. 
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 Estimate Std.Error η
2
 p-value 

 
intercept 6.201 1.428 0.019 0.000 *** 

Dispersion 0.355 0.108 0.022 0.001 ** 

log(MarketCap) -0.241 0.059 0.017 0.000 *** 

ConsumerDiscretionary 0.275 0.165 0.002 0.095 . 

ConsumerStaples -0.486 0.165 0.007 0.003 ** 

Energy 0.891 0.170 0.020 0.000 *** 

Financials 0.976 0.168 0.031 0.000 *** 

Health -0.118 0.178 0.000 0.509 
 

InformationTechnology 0.413 0.195 0.004 0.034 * 

Materials 0.749 0.213 0.009 0.001 *** 

Services -0.379 0.482 0.000 0.432 
 

Utilities 0.085 0.222 0.000 0.701 
 

NASDAQ 0.702 0.143 0.021 0.000 *** 

Net.Margin -0.031 0.006 0.020 0.000 *** 

Optimism -0.211 0.098 0.004 0.032 * 

Table 10: Regression statistics for a reduced multivariate regression with logarithmic forecast error. 1194 data 

points, R
2
=0.174. The red marked row indicates the covariate with the highest p-value. 

 

 

 Estimate Std.Error η
2
 p-value 

 
intercept 6.076 1.431 0.018 0.000 *** 

Dispersion 0.354 0.108 0.023 0.001 ** 

log(MarketCap) -0.236 0.059 0.016 0.000 *** 

ConsumerDiscretionary 0.273 0.164 0.002 0.097 . 

ConsumerStaples -0.489 0.165 0.007 0.003 ** 

Energy 0.895 0.170 0.020 0.000 *** 

Financials 0.976 0.168 0.032 0.000 *** 

Health -0.116 0.178 0.000 0.513 
 

InformationTechnology 0.412 0.195 0.004 0.035 * 

Materials 0.752 0.213 0.009 0.000 *** 

Services -0.373 0.480 0.000 0.438 
 

NASDAQ 0.705 0.143 0.021 0.000 *** 

Net.Margin -0.031 0.006 0.020 0.000 *** 

Optimism -0.211 0.100 0.004 0.036 * 

Table 11: Regression statistics for a reduced multivariate regression with logarithmic forecast error. 1166 data 

points, R
2
=0.175. The red marked row indicates the covariate with the highest p-value. 
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 Estimate Std.Error η
2
 p-value 

 
intercept 5.152 1.543 0.014 0.001 *** 

Dispersion 0.335 0.101 0.024 0.001 *** 

log(MarketCap) -0.197 0.064 0.012 0.002 ** 

ConsumerDiscretionary 0.296 0.164 0.003 0.072 . 

ConsumerStaples -0.477 0.166 0.008 0.004 ** 

Energy 0.933 0.170 0.025 0.000 *** 

Financials 0.985 0.168 0.038 0.000 *** 

InformationTechnology 0.519 0.209 0.007 0.013 * 

Materials 0.778 0.215 0.011 0.000 *** 

Services -0.287 0.467 0.000 0.539 
 

NASDAQ 0.563 0.162 0.013 0.001 *** 

Net.Margin -0.036 0.007 0.026 0.000 *** 

Optimism -0.187 0.107 0.004 0.080 . 

Table 12: Regression statistics for a reduced multivariate regression with logarithmic forecast error. 1004 data 

points, R
2
=0.165. The red marked row indicates the covariate with the highest p-value. 

 

 

 Estimate Std.Error η
2
 p-value 

 
intercept 5.198 1.544 0.014 0.001 *** 

Dispersion 0.335 0.101 0.024 0.001 *** 

log(MarketCap) -0.199 0.064 0.012 0.002 ** 

ConsumerDiscretionary  0.296 0.164 0.003 0.071 . 

ConsumerStaples -0.478 0.166 0.008 0.004 ** 

Energy 0.925 0.170 0.025 0.000 *** 

Financials 0.980 0.168 0.037 0.000 *** 

InformationTechnology 0.512 0.209 0.007 0.014 * 

Materials 0.775 0.215 0.011 0.000 *** 

NASDAQ 0.561 0.162 0.013 0.001 *** 

Net.Margin -0.035 0.007 0.025 0.000 *** 

Optimism -0.181 0.107 0.003 0.091 . 

Table 13: Regression statistics for the first reduced all significant multivariate regression with logarithmic 

forecast error. 999 data points, R
2
=0.161. The red marked row indicates the covariate with the highest p-value. 
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 Estimate Std.Error η
2
 p-value 

 
intercept 6.735 1.592 0.025 0.000 *** 

Dispersion 0.331 0.096 0.027 0.001 *** 

log(MarketCap) -0.263 0.066 0.022 0.000 *** 

ConsumerStaples -0.471 0.169 0.009 0.005 ** 

Energy 0.897 0.170 0.027 0.000 *** 

Financials 0.999 0.168 0.045 0.000 *** 

InformationTechnology 0.452 0.214 0.006 0.035 * 

Materials 0.745 0.214 0.012 0.001 *** 

NASDAQ 0.688 0.183 0.015 0.000 *** 

Net.Margin -0.033 0.007 0.023 0.000 *** 

Optimism -0.186 0.116 0.003 0.110 
 

Table 14: Regression statistics for the reduced multivariate regression Model 1 with logarithmic forecast error 

as the dependent variable. Optimism is included as an independent variable. 848 data points, R
2
=0.183. 

 

 
 

 

 

 

  

Figure 6: Residuals plotted against fitted values for the final reduced regression Model 1 with logarithmic 

transformed forecast error as the dependent variable. The independent variables are those which still are 

significant. 
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Appendix 2 

Additional regression results for Model 2 are here presented. 

 
 

df 
Sum of 

Sq 
RSS AIC 

TeleCom 1 0.002 2637.8 972.27 

Num.of.Est 1 0.006 2637.8 972.27 

Utilities 1 0.165 2637.9 972.34 

Services 1 0.709 2638.5 972.6 

HealthCare 1 1.115 2638.9 972.78 

NONE 
  

2637.8 974.27 

ConsumerDiscretionary 1 5.832 2643.6 974.97 

Optimism 1 8.625 2646.4 976.26 

InformationTechnology 1 10.286 2648.1 977.02 

ConsumerStaples 1 18.055 2655.8 980.6 

Materials 1 22.203 2660 982.51 

log(MarketCap) 1 41.397 2679.2 991.3 

Energy 1 49.938 2687.7 995.19 

Net.Margin 1 50.291 2688.1 995.35 

NASDAQ 1 53.741 2691.5 996.91 

Dispersion 1 58.801 2696.6 999.21 

Financials 1 81.98 2719.8 1009.67 

Table 15: First stepwise regression results for Model 2.  

 
 

df 
Sum of 

Sq 
RSS AIC 

Num.of.Est 1 0.007 2637.8 970.27 

Utilities 1 0.163 2637.9 970.34 

Services 1 0.719 2638.5 970.6 

HealthCare 1 1.211 2639 970.83 

NONE 
  

2637.8 972.27 

ConsumerDiscretionary 1 6.167 2643.9 973.12 

TeleCom 1 0.002 2637.8 974.27 

Optimism 1 8.652 2646.4 974.27 

InformationTechnology 1 10.946 2648.7 975.33 

ConsumerStaples 1 19.276 2657.1 979.17 

Materials 1 22.525 2660.3 980.66 

log(MarketCap) 1 42.431 2680.2 989.77 

Net.Margin 1 50.401 2688.2 993.4 

Energy 1 52.097 2689.9 994.17 

NASDAQ 1 53.756 2691.5 994.92 

Dispersion 1 58.817 2696.6 997.22 

Financials 1 87.851 2725.6 1010.3 

Table 16: Second stepwise regression results for Model 2. Marked rows have, in previous steps, been removed 

from the regression model. 
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df 

Sum of 

Sq 
RSS AIC 

Utilities 1 0.161 2637.9 968.35 

Services 1 0.712 2638.5 968.6 

HealthCare 1 1.216 2639 968.84 

NONE 
  

2637.8 970.27 

ConsumerDiscretionary 1 6.203 2644 971.14 

Num.of.Est 1 0.007 2637.8 972.27 

TeleCom 1 0.004 2637.8 972.27 

Optimism 1 8.713 2646.5 972.3 

InformationTechnology 1 11.27 2649.1 973.48 

ConsumerStaples 1 20.015 2657.8 977.51 

Materials 1 22.62 2660.4 978.71 

log(MarketCap) 1 44.988 2682.8 988.94 

Net.Margin 1 50.585 2688.4 991.49 

Energy 1 52.772 2690.6 992.48 

NASDAQ 1 54.028 2691.8 993.05 

Dispersion 1 58.822 2696.6 995.22 

Financials 1 87.946 2725.7 1008.35 

Table 17: Third stepwise regression results for Model 2. Marked rows have, in previous steps, been removed 

from the regression model. 

 

 

 

 
df 

Sum of 

Sq 
RSS AIC 

Services 1 0.757 2638.7 966.7 

HealthCare 1 1.49 2639.4 967.04 

NONE 
  

2637.9 968.35 

ConsumerDiscretionary 1 6.055 2644 969.15 

Utilities 1 0.161 2637.8 970.27 

Num.of.Est 1 0.005 2637.9 970.34 

TeleCom 1 0 2637.9 970.35 

Optimism 1 8.67 2646.6 970.36 

InformationTechnology 1 11.168 2649.1 971.51 

ConsumerStaples 1 21.561 2659.5 976.29 

Materials 1 22.597 2660.6 976.77 

log(MarketCap) 1 46.009 2684 987.48 

Net.Margin 1 50.466 2688.4 989.5 

NASDAQ 1 53.913 2691.9 991.07 

Energy 1 54.084 2692 991.15 

Dispersion 1 58.853 2696.8 993.31 

Financials 1 90.984 2728.9 1007.78 

Table 18: Fourth stepwise regression results for Model 2. Marked rows have, in previous steps, been removed 

from the regression model. 
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df 

Sum of 

Sq 
RSS AIC 

HealthCare 1 1.229 2639.9 965.27 

NONE 
  

2638.7 966.7 

ConsumerDiscretionary 1 6.374 2645.1 967.65 

Services 1 0.757 2637.9 968.35 

Utilities 1 0.206 2638.5 968.6 

Optimism 1 8.619 2647.3 968.68 

TeleCom 1 0.004 2638.7 968.7 

Num.of.Est 1 0 2638.7 968.7 

InformationTechnology 1 12.043 2650.8 970.26 

ConsumerStaples 1 21.019 2659.7 974.39 

Materials 1 23.232 2661.9 975.41 

log(MarketCap) 1 45.983 2684.7 985.81 

NASDAQ 1 54.426 2693.1 989.65 

Net.Margin 1 54.539 2693.2 989.7 

Energy 1 56.304 2695 990.5 

Dispersion 1 58.712 2697.4 991.59 

Financials 1 94.334 2733.1 1007.62 

Table 19: Fifth stepwise regression results for Model 2. Marked rows have, in previous steps, been removed 

from the regression model. 

 

 

 
df 

Sum of 

Sq 
RSS AIC 

NONE 
  

2639.9 965.27 

HealthCare 1 1.229 2638.7 966.7 

Services 1 0.497 2639.4 967.04 

Utilities 1 0.462 2639.5 967.05 

Optimism 1 8.481 2648.4 967.19 

TeleCom 1 0.09 2639.8 967.23 

Num.of.Est 1 0.001 2639.9 967.27 

ConsumerDiscretionary 1 9.788 2649.7 967.79 

ConsumerStaples 1 20.323 2660.3 972.64 

InformationTechnology 1 20.661 2660.6 972.79 

Materials 1 27.435 2667.4 975.9 

log(MarketCap) 1 47.014 2687 984.84 

NASDAQ 1 53.201 2693.1 987.65 

Dispersion 1 58.627 2698.6 990.11 

Net.Margin 1 64.416 2704.4 992.73 

Energy 1 72.116 2712.1 996.2 

Financials 1 125.473 2765.4 1020.01 

Table 20: Final stepwise regression results for Model 2. Marked rows have been removed from the regression 

model.  
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Appendix 3 

Additional regression results for Model 3 are here presented. 

 
 Estimate Std.Error η

2
 p-value 

 
intercept 8.559 1.380 0.036 0.000 *** 

Num.of.Est 0.010 0.006 0.002 0.127 
 

Dispersion 0.488 0.151 0.039 0.001 ** 

log(MarketCap) -0.338 0.058 0.032 0.000 *** 

NASDAQ 0.494 0.130 0.012 0.000 *** 

Net.Margin -0.023 0.006 0.013 0.000 *** 

Optimism -0.107 0.100 0.001 0.283 
 

Table 21: Regression statistics for the full multivariate regression Model 3 with logarithmic forecast error as 

the dependent variable. 1222 data points, R
2
=0.092. 

 

 

 
df Sum of Sq RSS AIC 

Optimism 1 3.065 2891 1064.3 

NONE 
  

2887.9 1065 

Num.of.Est 1 6.253 2894.2 1065.6 

NASDAQ 1 35.635 2923.6 1078 

Net.Margin 1 37.294 2925.2 1078.7 

log(MarketCap) 1 95.606 2983.6 1102.8 

Dispersion 1 117.339 3005.3 1111.7 

Table 22: First stepwise regression results for Model 3. 

 

 
 df Sum of Sq RSS AIC 

NONE 
  

2891 1064.3 

Optimism 1 3.065 2887.9 1065 

Num.of.Est 1 6.852 2897.9 1065.2 

NASDAQ 1 35.328 2926.3 1077.1 

Net.Margin 1 36.707 2927.7 1077.7 

log(MarketCap) 1 98.132 2989.1 1103.1 

Dispersion 1 114.839 3005.8 1109.9 

Table 23: Final stepwise regression results for Model 3. Marked rows have been removed from the regression 

model.  
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Appendix 4 

Additional regression results for Model 4 are here presented. 

 
 Estimate Std.Error η

2
 p-value  

intercept 7.099 1.415 0.025 0.000 *** 

Num.of.Est 0.002 0.007 0.000 0.717  

Dispersion 0.438 0.133 0.033 0.001 ** 

log(MarketCap) -0.266 0.060 0.020 0.000 *** 

Cluster1 -0.745 0.099 0.046 0.000 *** 

NASDAQ 0.514 0.127 0.014 0.000 *** 

Net.Margin -0.019 0.006 0.009 0.001 ** 

Optimism -0.119 0.097 0.001 0.221  

Table 24: Regression statistics for the full multivariate regression Model 4 with logarithmic forecast error as 

the dependent variable. Cluster 2 is the benchmark. 1222 data points, R
2
=0.139. 

 

 
 df Sum of Sq RSS AIC 

Num.of.Est 1 0.355 2755.6 1007.7 

Optimism 1 3.786 2759 1009.2 

NONE 
  

2755.2 1009.5 

Net.Margin 1 24.092 2779.3 1018.1 

NASDAQ 1 38.622 2793.8 1024.5 

log(MarketCap) 1 57.3 2812.5 1032.7 

Dispersion 1 93.434 2848.7 1048.2 

Cluster1 1 132.715 2887.9 1065 

Table 25: First stepwise regression results for Model 4. 

 

 

 
 df Sum of Sq RSS AIC 

Optimism 1 3.957 2759.5 1007.4 

NONE   2755.6 1007.7 

Num.of.Est 1 0.355 2755.2 1009.5 

Net.Margin 1 23.759 2779.3 1016.1 

NASDAQ 1 40.325 2795.9 1023.4 

log(MarketCap) 1 58.79 2814.4 1031.5 

Dispersion 1 93.293 2848.9 1046.3 

Cluster1 1 138.614 2894.2 1065.6 

Table 26: Second stepwise regression results for Model 4. Marked rows have, in previous steps, been removed 

from the regression model. 
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 df Sum of Sq RSS AIC 

NONE   2759.5 1007.4 

Optimism 1 3.957 2755.6 1007.7 

Num.of.Est 1 0.526 2759 1009.2 

Net.Margin 1 23.069 2782.6 1015.6 

NASDAQ 1 40.155 2799.7 1023.1 

log(MarketCap) 1 60.455 2820 1031.9 

Dispersion 1 90.568 2850.1 1044.9 

Cluster1 1 138.321 2897.9 1065.2 

Table 27: Final stepwise regression results for Model 4. Marked rows have been removed from the regression 

model. 

 


