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Abstract 

In	  this	  thesis,	  I	  investigate	  how	  accurate	  stock	  analysts’	  target	  prices	  are	  and	  which	  factors	  

investors could used to discern between accurate and inaccurate target prices ex ante. For 

this, I use a sample of 5062 target prices for Danish companies in the period 2007-2013. I use 

statistical	  tests	  to	  analyze	  just	  how	  accurate	  analysts’	  target	  prices	  are	  and	  which	  impact	  five	  

different variables have on said accuracy. My results show that analysts are considerably 

inaccurate. However, they are not positively biased, as previous literature suggests. 

Furthermore, my results indicate that it is very difficult for investors to distinguish between 

accurate and inaccurate target prices ex ante. I compare these findings with those of previous 

researchers and provide explanations for why my results are different. Lastly, I decipher 

which implications my findings have for investors.  
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1 Introduction 

The stock market is a crowded, hectic and often confusing place. One source of information is 

stock reports, published by stock analysts, which contain the analyst’s perspective on a given 

company. These reports typically include an earnings forecast, a target price and a 

recommendation to buy, sell or hold the stock (Asquith et al., 2005).  

Studies find that analyst reports have a significant impact on stock prices, with positive 

recommendations leading to positive abnormal returns for the stock in question (Bray & 

Lehavy, 2003). This implies that analyst reports form part of the information that investors 

trade on the basis of. Aside from being an information channel for investors, the great 

majority are also part of the service offering of banks vying for the underwriting business of 

corporates and brokerage business of institutional and retail investors (Schipper, 1991; 

Bradshaw and Brown, 2006). This implies that analysts serve a dual purpose. On one hand, 

analysts provide information to investors, who presumably expect this information to be 

accurate. On the other hand, analysts must contribute to securing underwriting and brokerage 

business for their employer. These two purposes do not necessarily always overlap, which I 

will elaborate on in section 2.1.	  This	  thesis	  focuses	  on	  analysts’	  purpose	  of	  supplying	  accurate	  

information to investors. Investors listen to analysts for several reasons, but two are key. 

Firstly, analysts typically specialize in a few companies, and command great knowledge of 

these	  companies’	  markets. Secondly, they are in a good position to get first-hand information 

from the management teams of the companies they follow. It is uncertain, however, whether 

these insights translate into profits for investors. Several academics have found that investors 

must trade at the time of announcement of analyst reports to earn abnormal returns from 

following them (Barber et al., 2001; Bray & Lehavy, 2003). Such a return is before transaction 

costs. 

There have been hundreds of studies, since the early 1990s (Kerl, 2011), analyzing the 

accuracy	  of	  analysts’	  earnings	  forecasts,	  but few	  have	  studied	  analysts’	  accuracy	  when	  it	  

comes to target prices (Bradshaw et al., 2013; Bonini et al., 2010). This discrepancy is most 

likely caused by earnings estimates being present in virtually all analyst reports while target 

prices are less so (Asquith et al. 2005), and by target price databases not being available 

before 1997 (Kerl, 2011). Nevertheless, target prices also deserve academic attention as they 
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add information in excess of earnings estimates (Bray & Lehavy, 2003). In fact, Asquith et al. 

(2005) found that the market reacts more to target price revisions than to earnings forecast 

revisions. This implies that investors might be attaching greater significance to target prices 

than to earnings forecasts. Consequently, this thesis will examine the accuracy of target prices 

rather than earnings forecasts. 

Many studies find that, ex post, analysts’	  predictions have significant positive bias, i.e. analysts 

overestimate which price the stock will reach or which earnings will be attained (Bradshaw & 

Brown, 2006; Brown, 2001). Not all analysts or analyst reports are alike, however, as Loh & 

Mian	  (2006)	  found	  that	  the	  most	  accurate	  analysts’	  recommendations generate profits 

exceeding	  the	  least	  accurate	  analysts’	  recommendations	  by	  16%	  per	  year. 

Since investors use analyst reports in their investment decision-making, it would be 

extremely useful for them if they were able to distinguish between good and bad analysts or 

good and bad reports. In line with this, several researchers have analyzed potential drivers of 

analyst performance, such as conflicts of interest, behavioral explanations and optimism 

(Asquith et al., 2005; Kerl, 2011; Stotz & Nitzsch, 2005). After examining the accuracy of 

target prices on Danish stocks, this thesis will investigate whether there are certain traits or 

characteristics investors can focus on to discern between profitable and unprofitable analysts 

or reports. Thus, the following two research questions guide this thesis: 

 

i. Are target prices issued for Danish stocks accurate? 

ii. Which factors influence the accuracy of target prices issued for Danish stocks? 

 

To answer the research questions, this thesis proceeds as follows. Section 2 establishes a 

theoretical framework by giving a thorough review of previous literature on potential 

influences of forecast error. Section 3 presents and evaluates the data and methodology used. 

Section 4 contains an in-depth analysis and presentation of findings. Section 5 discusses these 

findings in relation to previous literature. Section 6 concludes the thesis.  
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2 Literature review 

Since Cowles’	  paper	  in	  1933	  entitled	  “Can Stock Market Forecasters Forecast?”, stock analysts 

and their estimates have received increasing amounts of academic attention. Initially, 

researchers were mainly	  occupied	  with	  the	  impact	  of	  stock	  analysts’	  ratings	  and	  

recommendations upon the price of the underlying stock. Once this was ascertained, 

researchers, for example Brown & Rozeff (1978), focused on the profitability of basing a 

trading strategy upon the recommendations of stock analysts. They found such a strategy to 

be superior to time-series analysis. A subsequent stream of research began to focus on the 

accuracy of earnings estimates as this was the most readily available data. In 1997, the 

introduction of the First Call database paved the way for researchers to analyze the accuracy 

of target prices as well (Kerl, 2011).  

Previous research found that stock analysts exhibit positive bias, i.e. overestimation, when it 

comes to earnings forecasts (Debondt and Thaler 1990; Brown, 2001; Dolvin et al., 2009) and 

target prices (Asquith et al., 2005; Bradshaw and Brown, 2006; Kerl, 2011). Asquith et al. 

(2005) found that price targets are achieved or exceeded 54% of the time, while Bradshaw 

and Brown (2006) found that the expected return implied by target prices exceeded those 

realized by 35%. This is supported by Kerl (2011) whose sample shows a median target price 

accuracy of 74%, i.e. a forecast error of 26%. Though forecast errors seem to be on a declining 

trend (Kadan et al. 2009) it is well established that they are inaccurate and more and more 

researchers are looking into possible determinants of analyst accuracy. 

Aside from gauging the accuracy of stock analysts’ target prices for Danish stocks, this thesis 

will examine several variables that might explain their accuracy or lack thereof. The following 

sections will first detail the explanations of target price accuracy relating to the nature of the 

analysts, including incentive problems relating to which type of employer the analyst has, 

aspects of behavioral psychology influencing analysts’ decisions,	  the	  analyst’s	  gender	  and	  

whether or not the analyst is a local. Following this is an examination of how the 

circumstances under which a target price is published impacts its accuracy, including the 

degree of volatility and which time of year it is. These	  variables’	  influence	  on	  optimism	  will	  

also be examined. 
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2.1 Incentive problems 

There are two overall types of employers of analysts: banks and independent equity research 

providers. Independent providers make reports available for purchase through various 

channels, e.g. a proprietary channel like Morningstar or various types of aggregators. Most 

banks do not sell investment reports directly. Rather, clients pay for reports indirectly 

through mark-ups on other services it purchases from the bank, and analyst reports are 

distributed freely to clients (Cowen et al., 2004). Thus, analysts in banks face rather different 

incentives, and perhaps directives, than their peers in independent research providers. 

Independent providers are rewarded by end users, which presumably value quality and 

accuracy, and thus have an incentive to be as accurate as possible. Analysts working at banks 

are paid from the bank’s internal coffers, and as such have an incentive to do what is best for 

the bank as a whole. According to Groysberg et al. (2008), analysts employed by banks create 

value for their employer by providing clients with research reports and brokerage services 

that generate trading volume in covered stocks or increasing demand for a new issue that 

their employer is underwriting or distributing. This difference in incentives has led 

researchers to pay great attention to analysts working at banks. The hypothesis is that these 

analysts might be influenced to deviate from an objective recommendation to a strategic one 

that could help drive business to the bank within brokerage and/or underwriting.  

In regard to both brokerage and underwriting, a strategic recommendation will typically be a 

positive one. For underwriting, companies contemplating the issuance of new securities could 

be	  attracted	  to	  a	  given	  positive	  analyst’s	  employer, since a relatively positive bank might be 

willing	  to	  underwrite	  a	  company’s	  security	  at	  a	  relatively	  higher	  price	  than	  others,	  thus	  

netting the issuing company more financing. With regards to brokerage commissions, Irvine 

(2004) found that there is more potential trade volume, and thus commission for the bank, in 

issuing positive recommendations. That is because all investors can act on a positive 

recommendation by buying the stock while only owners of a stock (or those willing to incur 

the costs of short selling) can sell a stock (Cowen et al., 2004).  

Several researchers have found that affiliated analysts from banks are more positive than 

their non-affiliated peers, and that this leads to greater inaccuracy. Michaely & Womack 

(1999) found that underwriters issue 50% more buy recommendations than non-affiliated 

analysts post-IPO. They also found that the very same investment banks, which are 
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significantly more optimistic than others when they act as underwriters, make more accurate 

investment recommendations on new issuances when they are not underwriters. Lin & 

McNichols (1998) found that 80% of lead underwriter initial recommendations are Strong 

Buy or Buy, while 70% of unaffiliated initial recommendations are Strong Buys or Buys. 

Dechow et al., (2000) found that the mean forecast for affiliated analysts is 14% over target, 

while for unaffiliated	  analysts’	  it is 10% over target. This means that that affiliated analysts 

issue more positive recommendations and in turn are less accurate.  

An alternative explanation of the positivity of analysts employed by underwriter and 

brokerages is selection bias. Proponents argue that positivity need not be a strategic choice by 

analysts (Lin & McNichols, 1998). The theory is that analysts are keener on following stocks of 

companies of which they	  hold	  positive	  views.	  McNichols	  and	  O’Brien	  (1997) found evidence 

that analysts initiate coverage of stocks they believe will do well, and discontinue coverage of 

stocks they do not believe will do well. They also found that initiating coverage reports had 

significantly smaller forecast errors than any other type of report, which supports the notion 

that analysts spend more time analyzing companies they believe will do well. 

Lending credence to the notion of an institutionalized positive bias among bank analysts is an 

old, but (in)famous internal memo from Morgan Stanley (Wall Street Journal, July 14, 1992): 

“Our	  objective	  (…)	  is	  to	  adopt	  a	  policy,	  fully	  understood	  by	  the	  entire	  firm,	  including	  the	  Research	  

Department, that we do not make negative or controversial comments about our clients as a 

matter of sound business practice.” (Michaely & Womack, 1999). 

Aside from benefitting their employer by issuing positive recommendations, analysts are 

often also benefitting themselves. Hong & Kubik (2003) found that being among the top 10% 

most	  optimistic	  analysts	  increases	  an	  analyst’s	  chance	  of	  moving	  from	  a	  low- to high-status 

brokerage firm by 90%, while decreasing the chance of a move down the hierarchy by 38%. 

Further,	  an	  analyst’s	  bonus	  package	  is	  typically	  based	  on	  two	  factors,	  namely	  the	  analyst’s	  

perceived	  industry	  reputation	  and	  his	  contribution	  to	  the	  bank’s	  underwriting	  and	  brokerage	  

business (Michaely & Womack, 1999; Risom, 2005). In a day-to-day context, Mayew (2008) 

found that management of the companies that analysts evaluate rewards optimistic 

recommendations by giving more air-time at earnings conference calls to positive analysts. 

In 2002, the US Securities and Exchange Commission (SEC) tightened the rules for financial 

analysts in an effort to curtail the above-mentioned conflicts of interest. Most importantly, the 
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rule change barred banks from promising favorable research in order to secure investment 

banking business and increased disclosure-requirements regarding the	  bank’s	  relationship	  

with the	  company	  being	  covered	  and	  how	  a	  bank’s	  ratings	  are	  distributed	  between	  buy,	  hold	  

and sell. Before the rule change, 70%	  and	  2%	  of	  affiliated	  analysts’	  ratings	  were	  buy	  and	  sell,	  

respectively, compared to 50% and 7% after the rule change. For unaffiliated analysts, buy 

and sell recommendations constituted 64% and 4% of the reports respectively before the rule 

change, and 48% and 9%	  after	  the	  rule	  change.	  Thus,	  affiliated	  and	  unaffiliated	  analysts’	  

recommendations are more in line after the rule change (Kadan et al., 2009). 

It is important to note that a bank cannot issue excessively strategic recommendations. 

Companies do not only want optimistic analyses when they do an IPO. They are also 

interested in having a liquid market for their stock after an IPO, and banks with good 

reputations for IPO placement are in the best position to secure that. For example, if IPOs 

underwritten by Bank A are known to drop 30% on in the first days of trading due to overly 

optimistic issue pricing, this would detract from Bank	  A’s	  reputation,	  and	  investors	  would	  

likely be wary of investing in IPOs underwritten by Bank A. Companies would recognize this 

and avoid hiring Bank A as lead underwriter. Consequently, banks will not allow overly 

optimistic recommendations to come at the	  expense	  of	  the	  bank’s	  reputation	  (Cowen	  et	  al., 

2004). The individual analyst would also have a problem if he were consistently missing his 

target prices by a wide margin, as it would eventually have a negative impact on his 

reputation and future career options. Hong & Kubik (2003) found that analysts who are 

extremely inaccurate relative to others are 62% more likely than others to experience a move 

down the brokerage house hierarchy. Being highly inaccurate is also a problem for analysts 

not wishing to stay on the sell-side, as few investment managers on the buy-side would want 

to hire an analyst who is always wide of the mark when it comes to valuations. 

2.2 Location  

As the world economy grows increasingly globalized, analysis of Danish equities is no longer a 

purely Danish or Scandinavian pursuit – in my sample, only 49% of reports have been 

published by analysts residing in Denmark. In other areas of finance, locals fare better than 

nonlocals. Local investors earn higher returns than foreign investors (Ivkovic & Weisbenner, 

2005), local auditors provide higher quality audit services in the US than do non-locals (Choi 

et al., 2012), and local hedge funds in Asia outperform non-locals (Teo, 2009). 



 Stock analysts’	  forecasting	  accuracy	  – still low, still a puzzle  

Copenhagen Business School, 2015  Page 10 of 80 

Outperformance by locals has been ascribed to the Geographic Information Asymmetry 

Hypothesis (GIAH), which states that geographical proximity offers advantages in information 

gathering. Many researchers have found evidence in GIAH’s	  favor, e.g. Dia et al. (2013) who 

found that local venture capital funds in Asia could collect information on and monitor the 

companies they invested in more easily than foreign venture capital funds. 

As analysts regularly hold meetings with managers and executives in the companies they 

follow, it would seem reasonable that GIAH also holds true for analysts. Meeting up with a 

Danish	  firm’s	  management	  is	  significantly more troublesome for an analyst that is located in 

New York than one who is located in Copenhagen. Switzer & Keushgerian (2013) studied 

1232 equity investment funds which invested in the US between 2008 and 2010 and found a 

positive correlation between conducting site visits and fund performance. They theorize that 

it is caused by company visits allowing fund managers to verify the quality of information in 

the annual report and the quality of management. Barker (1998) interviewed UK analysts and 

found	  that	  for	  them,	  the	  most	  important	  information	  source	  is	  “direct	  contact	  with	  the	  

company”. 

GIAH has	  been	  explored	  in	  the	  context	  of	  financial	  analysts’	  earnings	  forecasts,	  and	  an 

advantage for locals has been found to persist. Bae et al. (2006) studied 32 countries in 

Europe, South America and Asia. They found that local analysts are more accurate than 

foreign analysts by a magnitude of 8% of the mean forecast error. They argue that distance 

effects drive the local advantage, as local analysts can more easily meet with companies. 

Malloy (1995) also found that local analysts are more accurate than other analysts due to an 

information advantage for which proximity is a plausible proxy. He also found that the effect 

is strongest in small firms and remote areas. 

In addition to forecast accuracy, Lai & Teo (2008) also examined the link between 

geographical proximity and forecast bias. They found that local analysts are significantly more 

positive than nonlocals. 50% and 18%	  of	  locals’	  forecasts	  were	  buy	  and	  sell,	  respectively.	  

Foreigners issued 47% and 25% buy and sell recommendations, respectively. According to 

Lai & Teo, this provides support for the incentive explanation (described in section 2.1). In Lai 

&	  Teo’s	  sample,	  local investment banks held roughly 75% market share in underwriting, and 

thus had greater incentive than non-locals to issue positive recommendations. 



 Stock analysts’	  forecasting	  accuracy	  – still low, still a puzzle  

Copenhagen Business School, 2015  Page 11 of 80 

2.3 Gender 

Across countries, women are underrepresented in many high-profile careers and industries 

(Green et al., 2009). Equity analysis is such an industry. In the 2014 edition of Institutional 

Investor’s	  All-America research team, only 3 of 64 nominated analysts were female 

(Institutional	  Investor).	  In	  Økonomisk	  Ugebrev’s	  2014 ranking of Danish analysts, none of the 

24 top ranked analysts were female. Kumar (2009) found that, in the US, the proportion of 

women had increased between 1983 and 2005 and the all-time average was 16%. Others 

(Green et al., 2009; Li et al., 2013) have studied the period between 1994 and 2005 and found 

the share of men to be slightly increasing with women comprising roughly 15% of the total. 

All three papers investigated the US. In my sample, women comprise 12% of the analyst pool 

and issue 5% of the target prices. To my knowledge, only the three papers mentioned above 

have researched the connection between analyst gender and analyst skill or accuracy. 

There are several hypotheses as to why the gender ratio of equity analysts is skewed. First, 

there is discrimination, overt or not – the so-called glass ceiling. Men hold the vast majority of 

high-profile jobs on Wall Street, and women are alleged to face gender discrimination in such 

jobs (Green et al., 2009). If that were the case, a talented woman would lose out to an equally 

talented man, and only those women who are superior to their male peers would find 

employment. Kumar (2009) found supporting evidence for this, as female analysts in his 

sample were 7% more accurate than male analysts. However, he found that female analysts 

were more likely than their male peers to move up to prestigious brokerage firms, while their 

downward career mobility is also lower than that of their male peers. Thus, he hypothesizes, 

it is not necessarily that women are discriminated against; otherwise this discrimination 

should also block them from being rewarded for their accuracy. Instead, Kumar argues, self-

selection is at play, meaning that only women with superior forecasting skills dare attempt to 

enter the industry. 

In direct opposition to the discrimination explanation stands the notion of women benefitting 

from affirmative action. According to this theory, the share of women in the analyst 

community is low due to personal preferences, as described above. Consequently, some 

brokerages, especially large, prestigious brokerages, promote gender diversity (Green et al., 

2009). Green et al. found that the share of women in the top 10 brokerages was 20%, 

compared to 14% in other brokerages. Affirmative action would result in newly hired female 
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analysts being more likely to be less skilled than male analysts (Kumar, 2009) and lower 

requirements for women on the job leading to deterioration of the quality of their work as 

they are allowed to put in less effort. Green et al. (2009) found that for earnings forecasts, 

female	  analysts’	  forecast	  errors	  were	  1.5%	  larger	  than	  male	  analysts’.	  The	  difference	  was	  

decreasing	  with	  the	  length	  of	  the	  forecast.	  Li	  et	  al.	  (2013)	  found	  female	  analysts’	  

recommendations to be insignificantly different from males. 

According	  to	  some	  researchers,	  the	  reason	  for	  women’s	  low	  share	  of	  Wall	  Street	  jobs	  could	  

simply be that most women are not attracted to the industry. Wall Street is a highly 

competitive and performance-driven industry (Fang & Huang, 2012), where long hours are 

the norm. Women tend to shy away from competition rather than embrace it as men do 

(Niederle & Vesterlund, 2007). Also, women generally attach less importance to their career 

than men, and they are more likely to interrupt their careers and work fewer hours (Bertrand 

et al., 2009).  

Assuming that typically female traits apply to female analysts, one would expect them to make 

less risky forecasts as researchers have found that women usually take fewer risks than men 

(Byrnes et al., 1999; Sapienza et al., 2009). Kumar (2009), however, found that female 

analysts issued more bold forecasts than male analysts. Kumar defines a positive (negative) 

bold forecast as being above (below) consensus and above (below) the most recent forecast 

by the analyst More specifically, women were 3.4% more likely to issue a positive bold 

forecast than male analysts, but also 3.1% less likely to issue a negative bold forecast. Women 

are also more effective in promoting fairness and honesty (Ones & Viswesvaran, 1998) and 

take stronger stances on unethical behavior (Reiss & Mitra, 1998). This would make women 

less susceptible to intentionally biasing forecasts upwards (as discussed in section 2.3) and 

so, if the incentives theory is correct, issue less optimistic forecasts. Green et al. (2009) found 

women to exhibit an optimism bias, just as men, but a significantly smaller bias. 

2.4 Seasonal Affective Disorder 

Seasonal Affective Disorder (SAD) is a type of depression which affects subjects only during 

fall and winter and not in other parts of the year. SAD can lead to sadness, anxiousness, 

concentration problems, loss of libido, and a greater need for sleep. SAD was described and 

named in 1984, and since then, it has been documented that seasonal depression is explicitly 

linked to the number of hours of daylight. Declining hours of daylight throughout fall and 
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winter contribute to increased levels of depression, particularly in the winter months (Young 

et al., 1997). 

It has been estimated that the prevalence of SAD in the US is 6%. In addition to SAD, there is 

Subsyndromal SAD, which is a milder, more prevalent form of SAD, which affects 14% of the 

US population. While	  SAD	  does	  not	  make	  everyone	  depressed	  in	  winter	  time,	  ‘‘mood	  

fluctuations over the seasons are not only present in SAD (patients), but are – with smaller 

amplitude – also	  present	  in	  normal	  subjects	  as	  well’’	  (Mersch	  et	  al.,	  1999).	  SAD	  is	  more	  

common in people aged 15-55 and those who live far from the equator. Far from the equator, 

winter daylight hours are even shorter, which exacerbates the prevalence of SAD.  In the US, 

SAD prevalence ranges from 1.4% in Florida to 9.7% in New Hampshire (Rosen et al., 1990).  

Several researchers have identified effects from SAD in other segments of the financial 

market. Kamstra et al. (2003) and Dowling & Lucey (2008) found evidence of SAD 

significantly affecting financial markets with returns being lower in fall and winter. Dolvin & 

Pyles (2007) examined SAD in the context of IPOs and found a significantly positive relation 

between SAD and IPO underpricing, which is also consistent with heightened pessimism at 

SAD times.  

To my knowledge, only Dolvin et al. (2009) have analyzed SAD in the context of analysts. They 

analyzed the accuracy of earnings estimates of US companies in the period 1998-2004, and 

found analysts to harbor a positive bias, in general. This positive bias was, though still 

present,	  significantly	  mitigated	  in	  SAD	  periods,	  which	  meant	  that	  analysts’	  forecast	  error	  was	  

smaller in SAD periods. 

Given that many researchers have found analyst recommendations to contain a positive bias, 

it is worth considering the possibility that the increased pessimism prevalent in SAD periods 

could work to counteract this positive bias and hence, by biasing a biased estimate, increase 

accuracy.  

2.5 Volatility 

In the financial world, volatility is a measure of the variation in the price of a financial 

instrument over time, such as a given security or a market index. Volatility is typically caused 

by or associated with uncertainty. The uncertainty component of volatility has been found to 

influence many aspects of finance including that of analyst forecasts. Survey evidence 
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indicates that managers believe earnings volatility to reduce earnings predictability (Graham 

et al., 2005). Dichev & Tang (2008) analyzed one-year earnings forecasts in the US from 1988-

2004 and found that mean and median earnings forecast errors are not significantly different 

from 0 for firms in the lowest earnings volatility quintile. Other researchers have also found a 

positive correlation between forecast errors and stock price volatility (Gu & Wang, 2005; Kerl, 

2011). The positive correlation between earnings volatility and forecast error is most often 

explained by the well-established fact that decisions under heightened uncertainty are more 

difficult than under certainty. Heightened uncertainty can for example be caused by lack or 

excess of information, diverging information or incomprehensible information (Ariely, 2000). 

2.6 Psychological biases 

Analysts are human just like the rest of us. This makes them prone to several psychological 

biases, some of which have been covered in the academic literature already. One of these is 

anchoring, which is a cognitive bias leading to decisions being based on an initial anchor, 

relevant or not. Marsden et al. (2008) found that analysts anchor towards their own previous 

estimates and, thus, when negative information is presented, they are reluctant to revise their 

forecasts	  in	  a	  downward	  direction.	  Other	  analysts’	  target	  prices can also serve as an anchor. 

The second version corresponds to herding. Herding causes people to think and act in similar 

ways. In the financial world, asset bubbles, such as the dot.com bubble, are often ascribed to 

excessive herd mentality. Li & Li (2014) found that Wall Street investment professionals show 

evidence of significant herding and that the herd mentality makes them poor at foreseeing 

crises. Being a psychological phenomenon, any type of anchoring is difficult to measure and 

not many have researched anchoring in the analyst community. 

2.7 Proxies for informational advantage 

In constructing price targets, analysts rely on both primary and secondary information. All 

else being equal, they are in a relatively better position to make forecasts when they have 

ample information at their disposal. Analyst access to primary information is difficult to proxy 

for. As a substitute, an analyst’s company specific knowledge can be estimated by the amount 

of reports he has previously issued on a given company. Mikhail et al. (1997) found that the 

more previous estimates an analyst has published on a given company, the more accurate he 

becomes. Secondary data is provided by many different actors including stock analysts, 
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market researchers and the media. These actors often follow large and glamorous companies 

as the audience for reports or information is greater for such companies. A common proxy for 

company size is market capitalization (Kerl, 2011), while glamorous companies are typically 

characterized by having high price-to-book ratios (Da & Schaumburg, 2011). 

2.8 Hypotheses 

In past decades, many researchers have found analysts’	  target	  prices to be inaccurate and 

positively biased. Several explanations have been offered, including that broker-employed 

analysts use target prices strategically, that psychological biases decrease accuracy, and that 

analysts use poor methods for setting target prices.  

Analysts’	  publications	  of	  target	  prices	  influence	  on	  stock	  prices,	  which means that investors 

pay attention to them. Thus, it is important to evaluate the usefulness of analyst reports on a 

recurring basis. Most researchers focus on the US equity market as it is the biggest equity 

market and data is readily available. Due to the modest size of the Danish equity market, little 

research deals with the quality of target prices on Danish stocks. 

In addition to understanding the general quality of analyst reports, investors would benefit 

from knowing if there are certain traits of a publishing analyst or circumstances under which 

a report is published, which can indicate the usefulness of said report. If so, it could cause 

investors, institutional and private, to reevaluate where, when or under which circumstances 

they source analyst reports. Therefore, this thesis investigates: 

 

i. Are target prices issued for Danish stocks accurate? 

ii. Which factors influence the accuracy of target prices issued for Danish stocks? 

 

Through my literature review, I have found that analysts, in general, tend to be too optimistic 

when publishing earnings forecasts, buy/sell recommendations and target prices. This results 

in less-than-perfect accuracy and an ex post optimism bias. Thus, my primary hypotheses 

regarding the target price estimates on Danish companies are the following: 

H1: Analysts’	  target prices are inaccurate  

H2: Analysts’	  target prices are positively biased 
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In the literature review, several factors potentially influencing the quality of target prices 

were discussed. First, this thesis focuses on the effects of certain analyst traits, namely who an 

analyst works for, whether the analyst is a local or foreigner, and whether the analyst is male 

or female. Secondly, this thesis will examine the circumstances surrounding the publication of 

a target price, namely whether it is published during a time of high or low volatility for the 

individual stock and whether it is a SAD period or not. It was not possible to analyze factors 

such as anchoring or analysts’	  work	  methods with the data and methods available to me.  

Many researchers have dealt with the link	  between	  the	  nature	  of	  an	  analyst’s	  employer	  and	  

the	  quality	  of	  the	  analyst’s	  earnings	  forecasts,	  recommendations	  and	  target	  prices. Forecast 

accuracy	  is	  rarely	  the	  main	  driver	  of	  a	  brokers’	  compensation	  or	  career	  development.	  Rather,	  

he is rewarded based on the amount of investment banking business he contributes. Before 

the SEC changed the disclosure rules in 2002, most studies found brokers to be more 

optimistic – and often positively biased – and less accurate than non-brokers. According to 

literature, the SEC rule change brought about an increase in the proportion of hold and sell 

ratings and a decrease in the proportion of sell ratings. Brokers remain more optimistic than 

non-brokers, however. Thus, I state the following hypotheses: 

H3a: Brokers’	  target prices are more optimistic than non-brokers’ target prices 

H3b: Brokers’	  target prices are less accurate than non-brokers’ target prices 

 

Research on stock returns, accounting quality and estimates by analysts have documented the 

existence of a local presence advantage, which translates into improved accuracy for stock 

analysts. The theory is that geographical proximity yields informational advantages. In the 

case of analysts, these advantages can amount to better access to management. In some cases, 

local analysts have exhibited greater optimism than non-locals – ascribed to local	  analysts’	  

market share of investment banking business incentivizing  them to issue positive reports on 

clients. I state the following hypothesis: 

H4a: Local	  analysts’	  target prices are more optimistic than non-locals’ target prices 

H4b: Local	  analysts’	  target prices are more accurate than non-locals’ target prices 
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Researchers have examined the link between gender and analyst performance. Some have 

found that women are less accurate than men, and explain this with affirmative action 

programs lowering the barrier for women below that of male peers. Others have found that 

females outperform males and explain it with sex discrimination setting higher barriers for 

women, which allows only those women who are much more talented than their male peers 

to enter the industry. Many researchers have found men and women to exhibit different 

behavioral traits, namely women have been observed to be more risk-averse, more honest 

and take a stronger stance on ethical issues. However, researchers have found conflicting 

evidence on the correlation between gender and optimism in target prices. Thus, I state the 

following hypotheses: 

H5a: Female	  analysts’	  target prices are less optimistic than male analysts’ target prices 

H5b: Female	  analysts’	  target prices are neither more nor less accurate than male 

analysts’ target prices 

 

Seasonal Affective Disorder, popularly known as winter depression, has been found to affect a 

significant share of the general population. It entails increased pessimism and risk aversion 

during fall and, in particular, winter months. The impact is stronger in more northern areas 

where the difference between night and day is greater. Studies have found that SAD impacts 

financial markets, which are	  more	  “depressed”	  in	  SAD	  cycles	  of	  the	  year. The only study which 

has examined the	  impact	  of	  SAD	  on	  analyst	  reports’	  quality found that earnings forecasts 

issued during SAD periods were less optimistic than those that were issued in non-SAD 

periods, which corrected the positive bias otherwise inherent in analyst forecasts. This leads 

to the following hypotheses: 

H6a: Target prices published during SAD periods are less optimistic than those published 

during non-SAD periods  

H6b: Target prices published during SAD periods are more accurate than those published 

during non-SAD periods 
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Researchers have consistently found that volatility is positively correlated with forecast error. 

This is intuitive as high volatility is associated with high uncertainty and high uncertainty 

tends to make human decisions more prone to error. Thus, I state the following hypothesis: 

H7: Target prices on volatile stocks are less accurate than target prices on stable stocks 
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3 Data & methodology 

According to Collis & Hussey (2003), there are two different types of research, namely 

deductive research and inductive research. Additionally, there are two different approaches, a 

quantitative one and a qualitative one. Which combination of these a researcher should 

choose depends mainly on the nature of the research question he seeks to answer (Bryman & 

Bell, 2011; Collis & Hussey, 2003). 

A deductive researcher develops a conceptual and theoretical structure – often based on 

previously established theories and previous empirical research. He forms hypotheses and 

tests them through empirical observation. Contrarily, the inductive researcher develops 

theories from the observation of empirical reality (Collis & Hussey, 2003). Put simply, 

inductive research entails going from the specific to the general, whereas deductive research 

goes from the general to the specific. Inductive research is typically most suitable when little 

theoretical or empirical inferences can be made from past literature and tends to be more 

qualitative in nature. Deductive theory, on the other hand, relies on a ready mass of 

established literature and tests this quantitatively. 

A quantitative approach concentrates on measuring phenomena by collecting and analyzing 

numerical data and applying statistical tests. Conversely, adopting a qualitative approach 

entails examining and reflecting upon perceptions in order to acquire an understanding 

(Collis & Hussey, 2003). 

In this study, I have chosen a quantitative deductive approach as a body of research already 

exists wherein actual and possible relationships have been identified and/or tested. 

Furthermore, numerical data is available which allows for using a quantitative method to 

explore relationships. A qualitative approach could have been followed, e.g. by conducting 

interviews with individual stock analysts. However, this would have been a poor choice of 

approach as a) people are inherently unaware and/or unable to answer questions regarding 

what influences their decisions and b) it would not have allowed for inferences to the same 

degree.  

This section contains a description of the dataset and how it was formed, the statistical 

methods used and a review hereof. 
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3.1 Data sources 

The thesis focuses on the accuracy and potential bias of target prices for Danish stock issued 

by stock analysts. Common to all target prices observed is that they pertain to one of the 20 

companies whose target prices have been analyzed and that the target prices were published 

to the Capital IQ database. The 20 companies selected are among the largest Danish 

corporates as measured by market capitalization (the selection process is detailed in sections 

3.1.1 to 3.1.4). Capital IQ is a division of Standard &	  Poor’s,	  an	  American	  financial	  services	  

company	  and	  one	  of	  the	  “Big	  Three	  credit-rating agencies”,	  with more than 4,200 clients 

globally, including investment banks, stock analysts, private equity firms and universities. 

The final dataset comprises 5,062 reports, all published on one of the 20 selected companies 

during the period 01/01/2007 to 01/07/2013, authored by a total of 310 analysts in 16 

different countries. 

The	  data	  collection	  had	  three	  distinguishable	  steps.	  First,	  the	  “background”	  of	  the	  study	  had	  to	  

be defined, namely the list of companies whose target prices should be analyzed and the time 

period to be covered. The second step was to retrieve the data on the relevant analyst reports. 

The last step comprised obtaining the requisite supplementary data for each analyst report 

necessary to analyze the reports in the context of the stated hypotheses. 

3.1.1 Step 1: Setting the background for the study 

The original idea was to analyze the target prices published on Danish C20 companies. The 

C20 index covers the 20 most traded and valuable stocks on the Copenhagen Stock Exchange. 

In order for the C20 index to remain an index covering the 20 most traded and valuable 

stocks, it is updated each quarter (Proinvestor). Instead of employing a constantly changing 

index, a constant index provides the background for this study. Changing the scope of target 

prices to be analyzed on a quarterly basis would have added significantly to the burden of 

data collection and analysis whilst offering no obvious benefits. Indeed, constantly altering 

the scope of the analysis could make it more difficult to compare results across time. Thus, I 

chose to analyze the top 20 Danish stocks as defined by their market capitalization as at July 

1, 2014. Some adaptation of this list was required, however. First, only companies listed for 

the entire time period should be included. Firms that went public later than January 1, 2006 

are excluded due to the potential of upward bias (Michaely & Womack, 1999), while delisted 
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companies are excluded as the research quality could have been biased by the delisting 

motivation (Bonini et al., 2010). Thus, companies introduced on the Copenhagen Stock 

Exchange later than January 1, 2006 were disqualified (Pandora A/S, ISS A/S, Chr. Hansen 

Holding A/S). Secondly, companies for whom the Copenhagen Stock Exchange is not the 

primary listing were excluded (Nordea Bank AB, G4S plc). The reason for this is that target 

prices for these companies are published under their primary listing in the Capital IQ 

database and denominated in the corresponding currency. Including these companies would 

have brought about potential currency translation errors. Appendix 1 lists the top Danish 

companies, measured by market capitalization as at July 1, 2014, and details whether they 

were included in the sample. 

Several considerations were made before settling on the time period from 01/01/2007 to 

01/07/2013. Most importantly, to avoid small sample issues, the period covered should be 

long enough to include a significant amount of reports on which to base conclusions. 

Secondly, the period should stretch far enough backwards that it does not only include crisis 

years, as these might be anomalies, given that analysts are less accurate in bad times than in 

good (Loh & Stulz, 2014). Lastly, it was necessary to exclude a 12-month period post the last 

analyst report analyzed to estimate the ex-post accuracy of said analyst report. Reports for 

2006 were also collected, but used as input data for the analyst coverage ratio variable and 

not analyzed. 

3.1.2 Step 2: Extraction of target prices 

All records on analyst reports were extracted from the Capital IQ database. Each target price 

estimate	  is	  accompanied	  by	  slots	  for	  the	  publishing	  date,	  the	  author’s	  employer,	  the	  author’s	  

name	  and	  the	  analyst’s	  previous	  estimate,	  if	  any.	  See	  Exhibit 3.1 for an example. 

Exhibit	  3.1	  –	  Target	  price	  example   
Stock Date Broker Analyst 

Broker Value 
Current 

Broker Value 
Prior 

CPSE:CARL B Nov-04-2009 [Redacted] [Redacted] 380 430  

A total of 10,315 estimates were extracted. Once all the raw data had been extracted, it was 

necessary to filter out some of the target price estimates. First, 3,026 incomplete data points 

were	  filtered	  out.	  Incomplete	  reports	  were	  missing	  the	  analyst’s	  name	  and	  employer, 
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rendering them unsuitable for hypotheses testing. Secondly, 1,715 mirror reports were 

removed according to the principles of Bonini et al. (2010). Whenever two or more reports on 

the same company were published by the same analyst, with the same target price estimate 

within seven days, only the first report is included in the sample (assuming a publishing 

error). 5,574 target prices for the period 01/01/2006 to 01/07/2013 remained after these 

two adjustments. Lastly, it was necessary to exclude the 512 target prices from 2006, i.e. the 

first 12 months, as they would lack the requisite inputs for the 12 month analyst coverage 

ratio variable. Finally, there were 5,062 target prices in the sample. 

3.1.3 Step 3: Retrieval of supplementary data 

Step three comprised collecting supplementary data to be used in the testing of hypotheses. 

Financial information (stock price, volatility, market capitalization and price-to-book ratio) on 

a per-day basis pertaining to individual stocks was extracted from Capital IQ. In order to 

compare analysts employed by stockbrokers with those employed by independent research 

providers, each individual employer in the dataset was manually researched, using primary 

(company websites) and secondary (Capital IQ) data, and classified as being either a broker or 

an independent research provider. The gender of analysts was identified based on full names. 

In cases	  where	  I	  found	  an	  analyst’s	  gender	  to	  not	  be	  readily	  apparent	  from	  the	  name,	  e.g.	  

Soomit, Sho and Kamla, I turned to the Capital IQ database (which provides gender pronouns 

for some analysts), LinkedIn (for pictures) and newspaper articles (for mentions of gender 

pronouns). Testing the SAD and location hypotheses both required information on an 

analyst’s	  geographical	  location	  at	  the	  time	  of	  publishing.	  In	  Capital	  IQ,	  each	  analyst’s	  places	  of	  

employment are recorded, including their local office where applicable. Thus, I could record 

manually from which city a given report was published, given the analyst name and employer. 

The GPS coordinates of each location was logged using www.infoplease.com, operated by 

Pearson Education, and double-checked using Google Maps. To test the location hypothesis, 

the	  location	  of	  each	  company’s	  headquarter	  was	  logged	  and	  the	  flight	  distance	  in	  kilometers 

between respective analyst cities and company headquarters observed using 

www.distancefromto.net, which is powered by Google Maps. To test the SAD hypothesis, data 

on	  the	  duration	  of	  daylight	  was	  extracted	  for	  analysts’	  cities,	  based	  on	  the	  GPS	  coordinates	  

already obtained, for every day during the period of analysis. For this, I used the Astronomical 

Applications	  (AA)	  Department’s	  database.	  AA	  is	  a	  scientific	  department	  within	  the	  U.S.	  Naval	  
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Observatory, part of the U.S. Navy. Information and skill proxies were calculated based on the 

final reports extracted in step 2. 

3.1.4 Outliers 

I identified outliers by examining the target price estimates with the largest absolute 

forecasting errors. Estimates yielding an absolute forecast error greater than 300% were 

examined manually. 65 potential outliers were found. The four gravest forecast errors, all 

greater than 1300%, all pertained to estimates on Vestas in January 2009. After close scrutiny, 

I found that a currency conversion error in the database was to blame. These four estimates 

had all been published in euros but entered into the database as Danish crowns, but with the 

same nominal figure, which understated the estimates by the conversion ratio of euros to 

Danish crowns. Thus, I converted the nominal figures for these four estimates in my data 

extracts. The other 61 potential outliers all pertained to Vestas in 2012 and 2013. All were 

checked manually for currency translation errors or the like, but it turned out they were 

simply poor estimates. Thus, 65 potential outliers were identified, 4 data points were 

corrected, and none were eliminated. 

3.2 Descriptive statistics 

Exhibit 3.2 panels A and B provide the descriptive statistics for the sample. Target prices on 

the top 8 most covered companies, top two quintiles of the sample, comprise 60% of the total 

sample. Six of these eight companies are among those with the highest mean  market 

capitalization over the period. The most productive research analysts and analysts contribute 

a disproportionately large share of reports and are predominately based in Denmark. In 

almost every year, February, May, August and November are the months with most reports 

published. In these months, big corporate events such as the publishing of annual or quarterly 

results are common Novo Nordisk A.P. Møller-Mærsk and Vestas Wind Systems all typically 

have earnings calls in these four months (Capital IQ). 
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Exhibit	  3.2	  –	  Descriptive	  statistics    
Panel A – Research intensity  
 Number of reports     

Minimum 9     
Median 233     
Mean 253     

Maximum 693     
Cumulative 

distributions 
Companies covered Analysts Research providers 

# companies # reports # analysts # reports # providers # reports 
1 20% 38% 19% 67% 20% 80% 
2 40% 60% 40% 86% 40% 93% 
3 60% 78% 56% 94% 60% 97% 
4 80% 93% 84% 99% 80% 99% 
5 100% 100% 100% 100% 100% 100% 

Panel B – Over time 
Number of reports published over time 

Month 2007 2008 2009 2010 2011 2012 2013 Total 
January 8% 8% 6% 8% 7% 9% 13% 8% 

February 10% 8% 10% 9% 11% 13% 30% 12% 
March 11% 6% 7% 7% 8% 6% 10% 7% 
April 5% 6% 9% 10% 6% 7% 15% 8% 
May 12% 12% 15% 10% 12% 10% 25% 13% 
June 5% 4% 5% 4% 3% 2% 8% 4% 
July 4% 5% 5% 6% 3% 3%  4% 

August 16% 15% 15% 16% 20% 17%  15% 
September 3% 5% 5% 5% 5% 5%  4% 

October 10% 16% 8% 11% 7% 9%  9% 
November 14% 13% 12% 12% 13% 14%  12% 
December 3% 2% 2% 3% 4% 4%  3% 

Of total 11% 16% 15% 16% 16% 15% 10% 100% 
Recommendations over time 

Rating 2007 2008 2009 2010 2011 2012 2013 Total 
Buy 42% 64% 52% 54% 66% 50% 39% 54% 
Hold 30% 18% 20% 26% 21% 29% 34% 24% 
Sell 28% 19% 28% 20% 13% 21% 27% 22% 

Of total 11% 16% 15% 16% 16% 15% 10% 100% 
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3.3 Variables and definitions 

In order to test the hypotheses put forth in section 2.8, relevant measures must be defined. 

The various sources of data have been described in section 3.1. This section will first detail the 

various definitions employed going forward, followed by an overview of first the dependent 

variables and subsequently the independent variables. 

3.3.1 Definitions 

� Gender: Gender for all analysts was manually checked during the data collection. 

Man/woman and male/female will be used interchangeably. 

� Research provider: Every research provider has been checked manually to determine 

whether it is a broker or an independent research provider. Independent research 

providers will predominately be referred to as non-brokers for convenience. 

� Location: The office location of every analyst, at every research provider he/she has 

worked for, was checked manually in the data collection phase. Analysts residing in 

Denmark are referred to as locals, while those residing outside of Denmark are 

referred to as non-locals, regardless of potential Danish citizenship. 

3.3.2 Dependent variables 

Throughout the literature, several measures of forecast accuracy exist. These measures can 

broadly be divided into three types. One type of measurement method is concerned only with 

whether	  the	  analyst’s	  target	  price	  is	  met	  either	  at	  the	  expiration	  of	  the	  forecast	  period	  or	  

sometime during the period (Bradshaw & Brown, 2005; Bonini et al., 2010). It is a binary 

variable and does not take into account the stock	  price’s	  actual	  diversion	  from	  the	  target	  

price. Another type of measurement follows an investor-centric approach (Dolvin et al.,2009; 

Bonini et al., 2010). It scales the difference between realized and target price by the realized 

price, and as such, views a target price overestimation of DKK 10 in a more positive light than 

an underestimation of DKK 10. A third type of measurement aims to estimate the precise 

accuracy of a given target price without favoring positive or negative inaccuracies over each 

other. According to Kerl (2011), he is the first to propose the following accuracy measure:  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦  𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 1 − ( 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑  𝑝𝑟𝑖𝑐𝑒𝑇𝑎𝑟𝑔𝑒𝑡  𝑝𝑟𝑖𝑐𝑒 − 1 ) 
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Using absolute values ensures that over- and under-estimations are treated equally. Assuming 

a target price of 100 has been set, a realized price of either 90 or 110 lead to a symmetric 10% 

deviation	  from	  the	  target	  price,	  and	  hence	  an	  accuracy	  of	  90%.	  Kerl’s	  accuracy	  measure,	  

however, becomes unsatisfying in cases where realized prices exceed target prices by a factor 

of more than one, as the accuracy measure becomes negative (see appendix 2 for a graphical 

illustration). Thus, I propose to use a measure of forecast error, based on Kerl, instead:  

𝐸𝑟𝑟𝑜𝑟  𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑  𝑝𝑟𝑖𝑐𝑒
𝑇𝑎𝑟𝑔𝑒𝑡  𝑝𝑟𝑖𝑐𝑒 − 1  

The	  measure	  yields	  the	  same	  results	  as	  Dolvin	  et	  al.’s	  (2009)	  RGap1	  measure	  of	  earnings	  

forecast error, given the same inputs. A continuous measure of the forecast error was chosen 

over a binary measure (target price achieved / not achieved) as it conveys more information 

about the accuracy of a given price target. Further, a binary measure favors conservative price 

targets as they are, all else equal, more likely to be met. Appendix 2 illustrates graphically the 

differences between the investor-centric perspective and the symmetric perspective I have 

adopted (note that Kerl measures forecast accuracy, not forecast error). The proposed 

measure effectively conveys the accuracy of individual reports, or the mean individual report. 

Consider the following example: analyst A and B who offer price targets of 100 and 130, 

respectively. One year later, the realized price is 110. Analyst A underestimated the future 

price by 10%, while analyst B overestimated the future price by 15.4%. The mean error is 

12.7%.  

In order to capture the combined wisdom of a sample of analysts, or rather analyst reports, 

another measure of forecast error is offered: 

𝐸𝑟𝑟𝑜𝑟  𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = −1 ∗ 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑  𝑝𝑟𝑖𝑐𝑒
𝑇𝑎𝑟𝑔𝑒𝑡  𝑝𝑟𝑖𝑐𝑒 − 1  

In order to distinguish between over- and underestimation, absolute values are not used. The 

measure is multiplied by -1 so that underestimates have a negative sign and overestimates 

have	  a	  positive	  sign.	  In	  the	  example	  used	  above,	  analyst	  A’s	  forecast	  error	  would	  be	  -10% and 

analyst	  B’s	  forecast	  error would be 15.4%, resulting in a mean forecast error of 2.7%. This 

measure is included to take into account that investors might not simply use one (random) 

target price as the input for their investment decision, but instead the mean of a broader 
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sample.	  This	  measure	  gives	  the	  same	  results	  as	  Dolvin	  et	  al.’s	  RGap2	  measure	  for	  the	  same	  

inputs.  

Aside from measuring forecast error, this thesis compares the optimism of separate groups. 

This requires knowledge of implicit returns and excess implicit return. The implicit return of 

an analyst’s is given by the relationship between the stock price at the date of publishing and 

the target price:  

𝐼𝑚𝑝𝑙𝑖𝑐𝑖𝑡  𝑟𝑒𝑡𝑢𝑟𝑛 = 𝑇𝑎𝑟𝑔𝑒𝑡  𝑝𝑟𝑖𝑐𝑒
𝑃𝑟𝑖𝑐𝑒  𝑎𝑡  𝑑𝑎𝑡𝑒  𝑜𝑓  𝑝𝑢𝑏𝑙𝑖𝑠ℎ𝑖𝑛𝑔 − 1 

Often, this implicit return will be compared with the realized return of a stock over the 

relevant forecast period: 

𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑  𝑟𝑒𝑡𝑢𝑟𝑛 = 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑  𝑝𝑟𝑖𝑐𝑒
𝑃𝑟𝑖𝑐𝑒  𝑎𝑡  𝑑𝑎𝑡𝑒  𝑜𝑓  𝑝𝑢𝑏𝑙𝑖𝑠ℎ𝑖𝑛𝑔 − 1 

The excess implicit return is the difference between the implicit return and the realized 

return. A negative excess implicit return corresponds to a negative bias, while a positive 

excess implicit return corresponds to a positive bias: 

      𝐸𝑥𝑐𝑒𝑠𝑠  𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡  𝑟𝑒𝑡𝑢𝑟𝑛 = 𝐼𝑚𝑝𝑙𝑖𝑐𝑖𝑡  𝑟𝑒𝑡𝑢𝑟𝑛 − 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑  𝑟𝑒𝑡𝑢𝑟𝑛 

Where one group conveys both the greatest implicit return and the most positive excess 

implicit return, it is clearly the more optimistic of the two groups. However, one group will 

not necessarily be the most positive across both parameters. If group A conveys a greater 

implicit return than group B, but a less positive excess implicit return, group A might have a 

brighter outlook, but as it more than warranted by realized return, this bright outlook is not 

to the detriment of investors, and group A will not be termed more positive than group B. 

Another measure, which indicates the optimism of analysts, is the buy/sell/hold 

recommendation they typically attach to their price target. Data extracted from the Capital IQ 

database does not disclose the actual recommendation. Consequently, I have constructed a 

recommendation for each price target based on its implicit return, in similar fashion to Bonini 

et al. (2010). The thresholds for recommendation levels in Exhibit 3.3 have been established 

based on threshold definitions published by Danish and international brokers (Jyske Bank, 

SEB, Deutsche Bank) in analyst reports: 
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Exhibit	  3.3	  –	  Implied	  recommendations 
Implicit return Implied recommendation 

Implicit return > 10% Buy 
10% > Implicit return > 0% Hold 

Implicit return < 0% Sell 
3.3.3 Independent variables 

In the theory and hypothesis sections, a number of variables potentially influencing price 

target accuracy and optimism have been identified. The definitions for these follow here. 

The measure employed to gauge the impact of SAD on price target accuracy and optimism 

reflects the length of night at the	  publishing	  analyst’s	  location	  relative	  to	  an	  average	  day	  at	  the	  

publishing	  analyst’s	  location: 

   𝑆𝐴𝐷 = 𝐻 − 𝐻 𝑓𝑜𝑟  𝑡𝑟𝑎𝑑𝑖𝑛𝑔  𝑑𝑎𝑦𝑠  𝑖𝑛  𝑆𝐴𝐷  𝑝𝑒𝑟𝑖𝑜𝑑
0 𝑓𝑜𝑟  𝑡𝑟𝑎𝑑𝑖𝑛𝑔  𝑑𝑎𝑦𝑠  𝑖𝑛  𝑛𝑜𝑛 − 𝑆𝐴𝐷  𝑝𝑒𝑟𝑖𝑜𝑑  

𝐻  is the number of hours from sunset to sunrise for the date of publishing at the publishing 

analyst’s	  location	  and	  𝐻  is the number of average night-time	  hours	  for	  the	  analyst’s	  location.	  

The SAD period stretches from September 21st to March 20th, while the non-SAD period is 

naturally from March 21st to September 20th. The binary nature of the measure reflects the 

medical evidence that SAD only occurs in fall and winter. 

In the analysis of the impact of location on price target accuracy and optimism, a quantitative 

measure will be employed, in addition to comparison of mean and medians for locals and non-

locals. This quantitative measure is the log of the straight line distance in kilometers between 

a	  given	  analyst’s	  location	  and	  firm	  he	  is	  issuing	  a	  price	  target	  for.	  The	  analyst’s	  location	  is	  

defined as the center of the city his office is located in. The location of the firm is defined as 

the center of the city its headquarters are located in. The log of the distance is used to reflect 

the notion that being 6000 km away in New York is not significantly different from being 

1000	  km	  away	  in	  Paris.	  In	  any	  case,	  the	  analyst’s	  contact	  with	  top	  management	  will	  be	  limited.	   

The volatility of a given stock is measured as the standard deviation of weekly log-normal 

price returns over the past year, annualized with a factor of 52 for the 52 trading weeks in a 

year as at the publishing date of the target price. The realized volatility might well be a better 

indicator of the uncertainty facing a stock analyst, but as the investor cannot know the future 

uncertainty beforehand, I decided to use the past volatility as the best approximation. 
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In the context of herding, a non-herding price target is one that exceeds	  both	  the	  analyst’s	  

previous price target and the consensus price target (Kumar, 2009). An alternative measure 

for herding was considered, namely forecast dispersion. Forecast dispersion is defined as the 

standard deviation of price targets issued over the past 12 months. Forecast dispersion was 

avoided as it is highly associated with uncertainty (Ackert & Athanassakos, 1997). 

In addition to the above, the following proxies for information availability and analyst 

expertise will be used: 

� Market capitalization: The value of outstanding shares. Proxies for information 

availability as large companies typically get more attention than small companies do. 

� Price-to-book ratio: Stock price divided by the book value of equity per share. Proxies 

for information availability as glamorous (high P/B ratio) companies typically get 

more attention.  

� Analyst coverage ratio: The number of reports published on a given company by an 

analyst over the past 12 months. Proxies for company-specific analyst experience. 

The number of analysts following a given stock was also considered as an information proxy. 

However, in constructing the sample, several target reports were excluded due to 

incompleteness	  impeding	  the	  measure’s	  accuracy.	  Secondly,	  the	  number	  of	  analysts	  following	  

a given stock is not as readily observable to investors as market capitalization and the price-

to-book ratio. 

3.4 Statistics methodology 

In the analysis section, I have employed several statistical methods, namely t-tests, non-

parametric tests and Ordinary Least Squares regression, which will all be explained in this 

section. Common throughout the analysis is that that when a relationship is described as 

being statistically significant in the results section, it indicates that the relationship is 

significant at a 99% level – unless otherwise stated. The statistics methodology employed is 

guided by Agresti & Franklin (2009). 

3.4.1 Comparing means 

A recurring feature of the empirical section will be the comparison of two different groups, 

e.g. men and women. Here, it is interesting to analyze whether the mean forecast error or 
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degree of optimism differs between the two groups, and whether it does so significantly. To 

reach an understanding of this, t-tests are conducted. The t-test’s	  null	  hypothesis	  is	  that	  of	  

equal means, which the p-value can then lead to the rejection or support of, at a 

predetermined significance level. 

3.4.2 Comparing proportions 

Throughout the analysis, I will be comparing different types of proportions, e.g. the 

proportion of reports authored by men in two different groups, or the proportion of 

buy/sell/hold recommendation in two different groups. Two compare such proportions, I use 

significance tests. As in the t-test, the null hypothesis is that the proportions are equal in the 

two groups being analyzed. The assumption of normal distribution is only crucial when the 

sample size is smaller than 30. When comparing proportions, a z test statistic leads to a p-

value and consequently a rejection or acceptance of the null hypothesis. 

3.4.3 Comparing medians 

In	  addition	  to	  comparing	  two	  groups’	  means,	  I	  will	  also	  be	  comparing	  two groups’	  medians.	  

The Wilcoxon ranked-sum test serves this purpose. Technically, it tests the null hypothesis 

that the distributions of two groups are identical. The test comprises ranking all observations 

from smallest to largest and comparing the sum of these ranks with the expected sum of 

ranks. For large samples, where both sample sizes are 10 or greater, the difference between 

the sample mean ranks has an approximate normal sampling distribution. Next, a z test 

statistic yields a p-value and consequently a decision on whether to accept or reject the null 

hypothesis. A key advantage of the Wilcoxon test is that it is not affected by outliers, since 

largest observation will receive the highest rank whether it is 10% or 10000% larger than the 

second largest observation. 

3.4.4 OLS regression 

As part of the analysis, I use the Ordinary Least Squares (OLS) method, which minimizes the 

sum of squared distances between the predicted and actual observations. These regressions 

contribute to the understanding of the underlying linear relationships between the 

independent variables (distance, SAD, volatility, gender and employer type) and the 

dependent variables (accuracy and optimism). There are three major violations of 
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assumptions	  that	  can	  invalidate	  an	  OLS	  regression’s	  results, namely multicollinearity, 

linearity and non-normal error terms. Multicollinearity can be a problem if two or more 

independent variables in a multiple regression are highly correlated. As such, it is not of 

concern in my analysis since the dependent variable is only regressed on one independent 

variable at a time. To test for linearity, I observed scatterplots to ensure that the data shows a 

linear trend. Lastly, it is not necessary to test the normality of error-terms as even if they were 

not normally distributed, the central limit theorem implies that the parameter estimates will 

be approximately normally distributed when the sample is reasonably large.  

3.5 Limitations 

As most papers, this thesis has limitations, some of which may influence the strength of 

inferences drawn from the findings. The limitations mainly relate to the sample and will be 

highlighted here. 

In constructing the sample, I settled on the period from January 1, 2007 to July 1, 2013 as it 

was the most recent period I could possibly use and the length of the period seemed to offer a 

large sample of observations. Only far into the analysis did I consider that this period might 

not	  be	  completely	  representative	  of	  how	  the	  Danish	  stock	  market	  “normally”	  operates.	  During 

the period, the Danish stock market first crashed as the financial crisis set in and 

subsequently regained value at a very high pace (see appendix 3). During this period, some 

stocks experienced great swings in stock price, Vestas example, possibly making it harder 

than usual for analysts to estimate future prices. Fortunately, crisis and tremendous volatility 

is not the natural state of the Danish stock market, or few other stock markets for that matter. 

Consequently, the strength of inferences from this study to a broader, more tranquil setting 

could be impaired. The reason being that perpetual swings between crisis and recovery might 

prompt	  analysts	  to	  behave	  differently	  than	  in	  more	  “normal”	  periods,	  if	  those	  even	  exist. 

Using the period mentioned yielded a total sample size of 5062 observations. However, when 

comparing two groups of observations, it is important that the observations in the two groups 

have similar prerequisites. In the case of analyst reports, this similarity could for example be 

in terms of the type of author, broker or not, or the type of stocks analyzed, small or large. 

Where significant differences exist between groups, I have excluded observations to control 

for the dissimilarities. 5062 was a good starting point, but in some cases, controlling for 

various factors reduced sample sizes considerably. This detracts from the strength of 
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inferences in two ways. The primary effect is that smaller sample sizes generally lead to 

weaker conclusions, all else equal. Secondly, conclusions regarding, for example, locals versus 

non-locals actually pertain to local, male brokers versus non-local, male brokers. Whether 

such a conclusion can be inferred to the larger samples of all locals versus all non-locals is 

uncertain. It is, however, better than comparing apples and oranges. 

As described in section 3.1.2, price targets were extracted from Capital IQ, which has led to 

two problems. Primarily, 29% of observations were discarded on the basis of providing only 

the target price, while lacking data on the author of the report. My assumption is that the 

discarded reports are similar in nature to those which have been included in the report. If this 

assumption is violated, the power of inferences from this dataset suffers. In addition to this, 

only 3% of the reports in the sample have been authored by non-brokers. There is, however, a 

risk that independent research providers do not make their research available on grand 

centralized platforms such as Capital IQ. If that were the case, non-brokers would be 

underrepresented in my sample, which would detract from the strength of inferences. Before 

I started collection data, I considered other sources for analyst reports such as ThomsonONE 

and Euroinvestor. However, none of these contained as many observations as Capital IQ, or 

went as far back in time. 

The last limitation pertains to a mismatch between theories regarding female analysts and the 

sample. All the studies reviewed for this thesis have examined the US analyst universe. 

However, only 8% of female-authored target prices were published by female based in the US.  

In	  World	  Economic	  Forum’s	  2014	  version	  of	  the	  Global	  Gender	  Gap	  Index,	  Denmark	  is	  ranked	  

5th, trailing only the other Nordic countries. The US is ranked 20th behind most Western 

European countries. On economic indicators, Denmark ranks higher than the US when it 

comes to equality in labor force participation and wages. Thus, US hiring practices may not 

mirror those in other parts of the world, and US-based theories of women having advantages 

or disadvantages in the hiring process might not be directly relevant to the sample at hand. 
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4 Results 

Section 4 contains the analyses of this thesis and will test the hypotheses put forward in 

section 2.8. First, section 4.1 tests whether analysts are inaccurate and if so, whether analysts 

are positively biased. This serves as a starting point for the analyses of the factors potentially 

influencing forecast accuracy in sections 4.2.1 to 4.2.5.  

4.1 Primary hypotheses 

In this section, I analyze the entire sample of reports with a view to accepting or rejecting the 

two primary hypotheses. First, the accuracy of the analyst reports in the sample is analyzed, 

both over the entire period and within individual years. Secondly, the sample is analyzed with 

regard to the optimism. 

Hypothesis 1:	  Analysts’	  target prices are inaccurate 

During the period 1/1/2007 – 1/7/2013, individual price targets exhibit forecast errors 

significantly different from zero. The median absolute forecast error is 28%, while the mean 

absolute forecast error is 40%. Analysts as a group have a comparatively smaller forecast 

error (median: 4.0%, mean: -3.9%), yet significantly different from 0. Thus, there is a great 

difference between the accuracy of individual reports and the accuracy of all reports taken 

together. The inaccuracy of analysts as a group is very limited, which could lead to the 

immediate conclusion that the sum of target prices is accurate and that investors would do 

well	  by	  simply	  taking	  into	  account	  all	  analysts’	  opinions.	  However,	  it	  is	  also	  important	  to 

consider the developments over time: 

Exhibit	  4.1	  –	  Forecast	  errors	  over	  time  
 Absolute forecast error Grouped forecast error 

N 
 Median Mean Median Mean 

2007 0.30 0.34 0.27 0.23 544 
2008 0.30 0.35 0.25 0.21 816 
2009 0.38 0.46 -0.24 -0.25 775 
2010 0.30 0.33 0.14 0.13 830 
2011 0.24 0.32 0.12 0.14 835 
2012 0.23 0.48 -0.14 -0.36 780 
2013 0.19 0.56 -0.15 -0.51 482 

*   = significant on a 95% level, ** = significant on a 99% level  
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The absolute forecast error remains fairly stable from 2007-2011, with a temporary increase 

in 2009. After 2011, the median absolute forecast error decreases slightly, while the mean 

absolute forecast error increases. This decoupling of mean and median forecast errors is 

primarily caused by the spectacular decreases and increases in stock price enjoyed by Vestas. 

From	  1	  January	  2011	  to	  15	  November	  2012,	  Vestas’	  stock	  price	  fell	  from	  176	  to	  34	  before	  

increasing to 272 by 1 July 2014. The 50 greatest forecast errors in the sample are all made by 

analysts	  covering	  Vestas’	  stock in 2012 and 2013. If Vestas is excluded from the sample, the 

trend of declining absolute forecast errors is reinforced as the mean absolute forecast error 

approaches the median absolute forecast error. 

Earlier, we saw that the grouped forecast error was close to zero. In no individual year has the 

grouped forecast error been close to zero, however (see Exhibit 4.1). In 2007, 2008, 2010 and 

2011, the grouped forecast error was between +12% and +27% for the both the median and 

the mean. In 2009, 2012 and 2013, the grouped forecast error was negative, between minus 

14% and minus 51%. Thus, in three out of seven years, the sample of analyst forecasts 

underestimated the realized price by more than 10%, and in the other four, it overshot by 

more	  than	  10%.	  The	  “Vestas-effect”	  also	  applies	  to	  the	  grouped forecast error. Thus, the mean 

grouped forecast error was between 25% and 51% including all companies, and between 

15% and 25% excluding Vestas. 

As	  evidenced,	  averaging	  out	  all	  analysts’	  target	  prices	  over	  the	  sample period yields a less 

inaccurate estimate than relying on a single, randomly chosen estimate. However, this 

strategy is not necessarily attractive for investors, as the great majority of previous target 

prices will be outdated. For example, a target price issued on a given stock in May 2007 shows 

the	  analyst’s	  opinion	  of	  what	  the	  stock	  price	  will	  be	  in	  May	  2008.	  This	  information	  is	  of	  little	  

value to someone making an investment decision in January 2015. 

Analysts are inaccurate, but more so as individuals than as a group. Though this might be a 

cause of concern for investors, investors looking to place their money in individual stocks are 

probably more interested in the degree of accuracy per stock. There are great differences in 

the degree of accuracy among the different companies. The smallest absolute (grouped) 

forecast error is 10% for Kbh Luftavne (1% for Carlsberg), while the largest is 62% for Vestas 

(49% for Vestas). There is also a variation in accuracy for individual stocks over the years. For 



 Stock analysts’	  forecasting	  accuracy	  – still low, still a puzzle  

Copenhagen Business School, 2015  Page 35 of 80 

example, Carlsberg stock, which had the smallest grouped forecast error over the period saw 

grouped forecast errors of +30% in 2008 and -29% in 2009. There is not a company about 

which analysts have been consistently accurate over the years. The closest contender is 

Københavns Lufthavne, but that is based on a sample of only nine reports. For most firm 

years, the number of reports published is too small to make statistic inferences. 

Based	  on	  the	  above,	  hypothesis	  1	  can	  be	  accepted.	  Analysts’	  target	  prices	  are indeed 

considerably inaccurate. Averaging out many target prices improves accuracy, but not to an 

acceptable degree. However, there are signs that analysts are becoming increasingly accurate, 

and that they are acceptably inaccurate for certain stocks in some periods. In sections 4.2.1 to 

4.2.5, it will be explored whether there are some variables that can be used to indicate 

whether a given report will be more or less accurate than others. 

Hypothesis	  2:	  Analysts’	  target prices are positively biased 

Exhibit 4.2 compares	  the	  implicit	  return	  of	  the	  analysts’	  forecasts	  with	  the	  realized	  return,	  

which sheds light on whether analysts are biased and if so in what direction.  

Exhibit	  4.2	  –	  Implicit	  and	  realized	  returns  
 Returns Recommendations 

N 
 Median Mean Standard 

deviation Buy Hold Sell 
Implicit 0.11 0.14 0.23 0.54 0.24 0.22 5062 

Realized 0.07 0.14 0.67 0.47 0.11 0.42 5062 
Difference 0.04** 0.00   0.07** 0.14** -0.21**  
*   = significant on a 95% level, ** = significant on a 99% level   

The implicit return of the median target price was 11%, which is 4 percentage points greater 

than the median realized return. The difference is statistically significant at a 99% significance 

level. The mean target price, however, has an implicit return of 14%, which is insignificantly 

different from the mean realized return. This gives mixed indications as to whether analysts 

are positively biased. A univariate regression of implicit return on the absolute forecast error 

reveals a significant and negative correlation, albeit with an explanatory power of only 0.8%. 

Thus,	  the	  greater	  an	  analyst’s	  implicit	  return	  is,	  the	  smaller	  the	  absolute	  forecast	  error	  his	  

report is likely to have. This implies that analysts are undershooting. The correlation is robust 

to the exclusion of Vestas, where analysts gravely underestimated future stock prices, from 
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the sample. This finding adds to the evidence that overshooting by analysts is not to blame for 

their inaccuracy. 

Exhibit	  4.3	  –	  Implicit,	  realized	  and	  excess	  implicit	  returns	  over	  time  
 Implicit return Realized return Excess implicit return 

N 
 Median Mean Median Mean Median Mean 

2007 0.08 0.06 -0.23 -0.21 0.31** 0.27** 544 
2008 0.15 0.22 -0.11 -0.06 0.27** 0.27** 816 
2009 0.11 0.14 0.36 0.36 -0.25** -0.22** 775 
2010 0.11 0.13 -0.01 -0.05 0.12** 0.18** 830 
2011 0.16 0.19 0.03 -0.01 0.13** 0.20** 835 
2012 0.10 0.14 0.25 0.50 -0.15** -0.36** 780 
2013 0.06 0.07 0.24 0.54 -0.18** -0.47** 482 
Total 0.11 0.14 0.07 0.14 0.04** 0.00 5062 

*   = significant on a 95% level, ** = significant on a 99% level   

Exhibit 4.3 details implicit and realized return over time. Here, we see that there are 

significant differences between the two in every year. Clearly, the minuscule differences 

between implicit and realized returns observed over the entire period are not representative 

of within-year differences. Price targets published in 2007, 2008, 2010 and 2011 had 

significant positive bias while price targets published in 2009, 2012 and 2013 had significant 

negative bias. This indicates that analysts are not constantly over- or undershooting.  

That analysts have conveyed similar implicit returns in all years despite fluctuating realized 

returns could be a sign of herding. Exhibit 4.4 provides a graphical comparison of implicit 

returns of analyst reports and the matching realized returns. 
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While implicit returns are heavily clustered around 0-20%, realized returns are distributed 

more evenly across the spectrum – though still clustered around a 0-20% return. A full 49% 

of implicit return observations fall within 0-20%, while only 21% of observations of realized 

returns do. This results in a greater standard deviation of realized returns (67%) than of 

implicit returns (23%). 

54%, 24% and 22% of analyst forecasts indicate a buy, hold and sell recommendation, 

respectively. Realized returns indicate that 47%, 11% and 43% of reports should be buy, hold 

and sell, respectively. Thus, analysts issue significantly too many buy and hold 

recommendations and significantly too few sell recommendations. As seen from Exhibit 4.4, a 

great	  deal	  of	  analysts’	  buy	  recommendations	  might	  be	  classified	  as	  “soft	  buys”,	  where	  the	  

implicit return only just merits a buy recommendation. 

It seems that analysts prefer a soft buy or a hold recommendation to more bold statements. 

This could be motivated by professional concerns. Analysts may have little incentive to be 

highly bearish since, as	  an	  investment	  strategist	  is	  quoted	  in	  the	  Economist,	  “it makes no sense 

for	  me	  to	  predict	  a	  recession.	  If	  I’m	  right,	  no	  one	  will	  thank	  me	  and	  if	  I’m	  wrong,	  I will get fired.”	  

(Buttonwood, 2014). As for the apparent lack of bold positivity, a bold and positive target 

price will attract publicity, but potentially also ridicule. And if the analyst turns out to be 

correct, few will remember to sing his praises 12 months later. This could explain why 

analysts	  seem	  to	  be	  herding	  around	  “comfortable”	  implicit	  returns.	  Looking	  again	  at	  Exhibit 

4.4, it seems intuitive that herding has contributed positively to forecast errors.  

Exhibit	  4.5	  –	  Bold	  and	  non-bold	  forecasts  
 Absolute forecast error Grouped forecast error 

N 
 Median Mean Median Mean 

Non-bold 0.32 0.44 0.07 -0.03 1657 
Bold 0.26 0.38 0.03 -0.04 3405 

Difference 0.06** 0.06** 0.03 0.01  
*   = significant on a 95% level, ** = significant on a 99% level   

Exhibit 4.5 contains a comparison of the accuracy of bold and non-bold forecasts. As noted, a 

bold	  price	  target	  is	  one	  that	  exceeds	  both	  the	  analyst’s	  previous	  price	  target	  and	  the	  

consensus price target. Two-thirds of the reports in the sample can be characterized as bold. 

As	  the	  exhibit	  shows,	  bold	  reports’	  absolute	  forecast	  error	  is	  6%	  lower	  than	  non-bold reports, 
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and the difference is significant. There is no significant difference in grouped forecasting 

errors. 

In conclusion, analysts convey a slight positive bias over the entire period, but this bias is far 

from constant over the years. Indeed, analysts have exhibited positive bias in only one more 

year than they have exhibited negative bias. In conclusion, hypothesis 2 is rejected. 

4.2 Factors potentially influencing forecast accuracy 

Section 4.1 found	  that	  analysts’	  target	  prices	  are	  inaccurate.	  Contrary	  to	  expectation,	  I	  found	  

that positive bias is not to blame for the inaccuracy. Indeed, implicit return is negatively 

correlated with forecast error. Rather than positive bias, herding might be to blame for 

analysts’	  inaccuracy.	  By	  segmenting	  the	  total	  sample	  into	  “opposing”	  groups,	  such	  as	  men	  

versus women, this section will test if certain traits of reports or their authors can be used as 

indicators of target price accuracy, and if herding and/or optimism seem to have a bearing on 

the precision or lack thereof across different groups.  

In section 2.8, nine hypotheses were established regarding theorized explanatory variables 

behind accuracy and optimism. This section tests these hypotheses through univariate 

regressions and a comparison of two groups pertaining to each theorized explanatory 

variable, e.g. brokers v. non-brokers. In order to make such a comparison relevant, the two 

groups should be similar. To ensure similarity between respective groups, each subsection 

will start out with a comparison of the two groups at hand. Where it is deemed necessary, the 

two samples will be segmented to enhance similarity. The two groups will be compared in 

terms of the analysts contributing; gender, location and employer type, as well as in terms of 

volatility and the information and skill proxies described in section 2.7, namely market 

capitalization and price-to-book ratio of the covered stock and analysts’	  company-specific 

experience. The three information and skill proxies are all negatively and significantly 

correlated with the absolute forecast error, but with explanatory powers of just 0.5% to 1.9%. 

4.2.1 Incentive problems 

In the original sample, brokers and non-brokers vary significantly on all parameters except 

for price-to-book-ratio (see appendix 4). In order to make the two groups comparable, all 

local analysts were eliminated from the sample as there were no local non-brokers. Since 83% 

of non-brokers’	  reports	  in	  the sample were published prior to 2012 compared to 23% of 
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brokers’,	  reports	  published	  prior	  to	  2012	  were	  excluded	  from	  the	  sample.	  To	  account	  for	  

brokers being more experienced than non-brokers, reports by analysts with more than 7 

company-specific reports to their name over the past 12 months were left out. As brokers 

show a tendency to analyze more volatile stocks than non-brokers, volatility was capped. A 

significant difference remains with regards to gender as 45% of non-brokers are male 

compared to 90% of brokers. Excluding males from the sample would have reduced the total 

sample size to 102 reports and greatly increased disparity in market capitalization, 

necessitating a further increase in the market capitalization threshold and thus a further 

decrease in sample size. There is no significant difference in boldness between the two 

groups. See Exhibit 4.6 for a comparison of the adjusted groups. 

Exhibit	  4.6	  –	  brokers	  and	  non-brokers	  in	  adjusted	  sample  

 
Share of reports 

authored by: Mean company-
specific experience 

Mean market 
capitalization 

(DKKm) 
Mean price-

to-book ratio 
Mean 

volatility N 
 Men Locals 

Non-brokers 0.45 0.00 2.95 150383 5.37 25.39 110 
Brokers 0.90 0.00 3.19 124444 4.81 24.82 438 

Difference 0.45** 0.00 0.24 25940 0.56 0.57  
*   = significant on a 95% level, ** = significant on a 99% level   

As a result of the above adjustments, the total sample size has decreased from 5062 to 548, 

and the sample consists of reports from 2012 and 2013 by non-locals with seven or less 

company-specific reports published in the foregoing twelve months, but excluding the reports 

published under the 15% greatest uncertainty. 

Hypothesis 3a:	  Brokers’	  target prices are more optimistic than non-brokers’ target prices 

Exhibit	  4.7	  –	  Brokers	  and	  non-brokers’	  optimism  
 Implicit return Realized return Excess implicit return 

N 
 Median Mean Median Mean Median Mean 

Non-brokers 0.05 0.08 0.20 0.25 -0.11** -0.17** 110 
Brokers 0.04 0.05 0.22 0.24 -0.16** -0.19** 438 

Difference 0.00 0.02 0.02 0.00 0.05 0.02  
*   = significant on a 95% level, ** = significant on a 99% level   

Exhibit 4.7 compares brokers and non-brokers’	  implicit	  and	  excess	  implicit	  returns.	  In	  both	  

groups, the typical price target has an implicit return of 4%-8%, while both groups exhibit 



 Stock analysts’	  forecasting	  accuracy	  – still low, still a puzzle  

Copenhagen Business School, 2015  Page 40 of 80 

large negative excess returns, i.e. underestimation of realized stock prices. While non-brokers 

convey slightly higher implicit returns and smaller negative excess returns (both implying 

greater optimism), none of these differences are statistically significant.  This lack of 

significance is repeated within individual years. Additionally, there are no statistically 

significant differences in brokers and non-brokers’	  propensity	  to	  issue	  buy,	  sell	  and	  hold	  

recommendations. 

Comparing non-brokers to brokers within genders reveals that significant differences in 

optimism persist between male brokers and non-brokers (see appendix 5). Male non-brokers 

exhibit significantly greater implicit return and significantly less negative excess implicit 

return than male brokers. This implies that male non-brokers are more optimistic than male 

brokers. Female brokers do not differ significantly from female non-brokers. 

When disregarding gender, there are no significant differences in the level of optimism 

between brokers and non-brokers. Males working for non-brokers are more optimistic than 

brokers. This does not support the theory of brokers being more optimistic than non-brokers. 

As described in the literature review, the basis for this theory is that brokers set overly 

optimistic target prices to induce trading and position their employer for underwriting 

engagements. This is supposedly more relevant for local brokers than non-brokers as they are 

more involved in the local market. Consequently, there is a disconnect between theory and 

data, as the sample employed here does not include any locals. However,  in a comparison of 

local and non-local brokers, I find i) no significant difference in implicit return between the 

two groups, and ii) that non-local brokers exhibit significantly greater positive excess implicit 

return (see section 4.2.2). Thus, local brokers are not more optimistic than non-local brokers, 

and if anything they are less optimistic. Consequently, the apparent disconnect between 

theory and the data employed, though disturbing, does not prohibit conclusions. 

In conclusion, there is no evidence than brokers are more optimistic than non-brokers, which 

means that hypothesis 3a must be rejected. This implies that brokers are not using target 

prices strategically for commercial or personal reasons. 
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Hypothesis 3b:	  Brokers’	  target prices are less accurate than non-brokers’	  target	  prices 

Exhibit	  4.8	  –	  Brokers	  and	  non-brokers’	  forecast	  errors  
 Absolute forecast error Grouped forecast error 

N 
 Median Mean Median Mean 

Non-brokers 0.20 0.27 -0.10 -0.19 110 
Brokers 0.18 0.24 -0.16 -0.19 438 

Difference 0.02 0.03 0.06 0.01  
*   = significant on a 95% level, ** = significant on a 99% level   

Exhibit 4.8 contains	  a	  comparison	  of	  brokers’	  and	  non-brokers’	  forecast.	  Over the entire 

period,	  brokers’	  mean (median) absolute forecast error is 3% (2%) smaller than non-

brokers’,	  while	  brokers’	  grouped forecast error is 1% (6%) greater than non-brokers’.	  None	  of	  

these differences are statistically significant. Nor either in any of the two years in the sample 

does one group exhibit significantly superior performance relative to the other. 

In	  order	  to	  get	  a	  better	  understanding	  of	  whether	  an	  analyst’s	  employer	  might	  impact	  

accuracy in some cases, but not in others, the sample has been segmented along different 

dimensions, namely volatility, SAD and gender. Across segments, there are no significant 

differences between brokers and non-brokers. Female brokers are not significantly more 

accurate than female non-brokers, just as male brokers are not significantly more accurate 

than male non-brokers. This implies that not adjusting for gender does not detract from the 

strength of conclusions. 

To sum up, there is no support for hypothesis 3b that brokers are less accurate than non-

brokers. This finding ties in well with the rejection of hypothesis 3a. The original hypothesis  

was	  that	  brokers’	  inherent	  over-optimism would lead to overestimations of target prices, 

while the less perversely incentivized non-brokers	  would	  better	  approximate	  a	  stock’s true 

future value. As no significant difference in optimism was found, it is not surprising that no 

significant difference in accuracy is found either. 

It is also worth noting that no difference in forecasting ability was observed despite broker 

reports being significantly more bold than non-brokers’	  – at a 95% confidence level (see 

appendix 6). This should, as discussed in section 2.8, have lent an advantage to brokers, which 

could have resulted in lower forecasting errors given that brokers did not exhibit greater 

positive bias than non-brokers. 
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The strength of inferences drawn from the sample at hand is limited by the sample size, and in 

particular the lack of locals in the sample. Relaxing the adjustments made earlier could greatly 

increase the sample size, but it would subsequently be difficult to infer whether potential 

differences	  in	  performance	  or	  bias	  would	  be	  attributable	  to	  differences	  in	  the	  two	  groups’	  

prerequisites or to the differences in employer type. For example, by including all years in the 

sample,	  brokers’	  performance	  from	  2007	  to	  2013	  would	  effectively	  be	  compared	  with	  non-

brokers’	  performance	  in	  2012	  and	  2013. 

In addition to the problem of a constricted sample size, the strength of inferences is impaired 

by relying solely on the 18 months from January 2012 to July 2013. This period is not 

necessarily	  representative	  of	  how	  the	  Danish	  stock	  market,	  and	  analysts’	  performance,	  

usually develops. During the period from January 2013 to July 2014 (which said target prices 

would be compared to), the stock index increased by 47% to reach new heights (see appendix 

3). This sudden and tremendous appreciation might explain why both brokers and non-

brokers display such substantial negative bias. They simply had not foreseen the magnitude of 

the Danish stock	  market’s	  appreciation. 

4.2.2 Location 

As explained, an analyst is deemed local if he or she resides in Denmark. Local analysts are 

exclusively broker-employed and practically exclusive male, while a small share of non-locals 

is employed by non-brokers and/or female. Also, local analysts have more company-specific 

experience and research smaller companies than non-local analysts do (see appendix 7). 

To adjust for the differences between the groups, non-brokers and females were excluded 

from the sample. Secondly, target prices by analysts with less than 4 reports published on the 

specific company were excluded to account for non-local analysts more often publishing few 

reports on a given company. A sizeable difference in market capitalizations remains between 

the groups. For both locals and non-locals, there is a negative and significant correlation 

between market capitalization and absolute forecast error, while there is no correlation 

between market capitalization and implicit or excess implicit return. Hence, the difference in 

market capitalization should, all else equal, lend an advantage to non-locals when it comes to 

forecasting accuracy. Parity in market capitalization among the groups could only have been 

achieved by setting the market capitalization threshold so high that only Novo and Maersk 
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would be eligible throughout the period. This would drastically decrease the sample sizes. 

Further, parity in market cap would come at the expense of parity in analyst expertise and 

volatility. Exhibit 4.9 presents the comparison of the adjusted groups: 

Exhibit	  4.9	  –	  locals	  and	  non-locals	  in	  adjusted	  sample  

 
Share of reports 

authored by: Mean company-
specific experience 

Mean market 
capitalization 

(DKKm) 
Mean price-

to-book ratio 
Mean 

volatility N 
 Brokers Men 

Non-local 1.00 1.00 7.14 89349 4.95 35.96 1179 
Local 1.00 1.00 7.43 61796 4.58 35.68 1794 

Difference 0.00 0.00 0.29 27553** 0.37 0.28  
*   = significant on a 95% level, ** = significant on a 99% level   

Following these adjustments, the sample size has fallen from 5062 to 2973, and contains only 

reports authored by male brokers with more than three company-specific reports published 

in the twelve months prior to a given report. 

Hypothesis 4a:	  Local	  analysts’	  target prices are more optimistic than non-locals’ target prices 

Univariate regressions of the natural log of distance on implicit return and excess implicit 

return, respectively, reveal a significant and negative correlation between distance and 

implicit return (explaining only 0.3% of the variation in implicit return), but no significant 

relationship between distance and excess implicit return. Thus, the further an analyst resides 

from	  a	  company,	  the	  less	  optimistic	  he	  is	  regarding	  the	  company’s	  prospects.	  This	  optimism	  

does, however, seem to be warranted by realized returns, as there is not a significant 

correlation between distance and excess implicit return. The relationship is not significant 

when the actual kilometers are used as an independent variable rather than the natural 

logarithm. Using the natural log of distance attaches less significance to whether an analyst is 

far away or very far away from the focal company. 

Exhibit	  4.10	  –	  Locals	  and	  non-locals’	  optimism  
 Implicit return Realized return Excess implicit return 

N 
 Median Mean Median Mean Median Mean 

Non-local 0.12 0.16 0.03 -0.01 0.13** 0.16** 1179 
Local 0.13 0.16 0.07 0.08 0.07** 0.08** 1794 

Difference 0.01* 0.00 0.04** 0.08** 0.05** 0.08**  
*   = significant on a 95% level, ** = significant on a 99% level   
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Exhibit 4.10 shows that reports published by locals and non-locals convey practically equally 

optimistic	  implicit	  returns.	  Locals’	  median	  implicit	  return	  is	  1%	  higher,	  but	  the	  difference	  is	  

only significant at a 95% confidence interval. Both locals and non-locals show evidence of 

optimistic bias given realized returns, as measured by their excess implicit returns. Non-

locals, however, exhibit significantly greater optimistic bias than locals. 

Exhibit	  4.11	  –	  Brokers	  and	  non-brokers’	  implied	  recommendations  
 Buy Hold Sell 

N 
 Implicit Realized Implicit Realized Implicit Realized 

Non-local 0.55 0.42 0.20 0.11 0.25 0.47 1179 
Local 0.61 0.46 0.27 0.12 0.12 0.41 1794 

Difference -0.06** -0.04** -0.06** -0.02 0.13** -0.06**  
*   = significant on a 95% level, ** = significant on a 99% level   

Comparing implied recommendations to what was realized, for the entire observed period, 

both groups seem to be issuing too many buy and hold recommendations and too few sell 

recommendations. Locals, however, issue significantly more buy and hold and fewer sell 

recommendations than non-locals. 

A comparison of implicit returns in different years reiterates that implicit returns are highly 

similar among the two groups. In 2009 and 2013, locals exhibited significantly higher implicit 

returns, but in the remaining years, there were no significant differences (see appendix 8). 

Locals also exhibit higher excess implicit return than non-locals in 2009, while non-locals had 

significantly higher excess implicit returns in 2010 and 2011. In the remaining year, 

differences were small and insignificant. 

For	  stable	  stocks,	  locals’	  implicit	  returns	  are	  slightly,	  but	  significantly,	  higher,	  while	  there	  is	  

no difference in excess implicit return. For volatile stocks, non-locals exhibit very large excess 

implicit returns, which are significantly higher than locals’ (see appendix 9). There are no 

significant differences within different SAD periods. 

To sum up, there is little to no difference in implicit returns among locals and non-locals. Over 

the whole period, non-locals have a greater excess implicit return, i.e. optimistic bias, than 

locals, but not in every year. And had the companies analyzed by the two groups been equal, 

there is an indication that non-locals would have been even more optimistic, all else equal. 
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Since the evidence presented here indicates that locals are not more optimistic than non-

locals, hypothesis 4a is rejected. 

Hypothesis 4b:	  Local	  analysts’	  target prices are more accurate than non-locals’	  target prices 

A univariate regression of the natural logarithm of the distance in kilometers on the absolute 

forecast error shows that there is a significant and positive correlation between the two. Thus, 

as	  the	  distance	  between	  an	  analysts’	  office	  and	  that	  of	  the	  company	  he	  is	  analyzing increases, 

so does his absolute forecast error. This measure for location seems to explain 2% of the 

variance in absolute forecast error. The coefficient is not statistically significantly different 

from zero when the actual distance in kilometers is used as an independent variable. This 

indicates that while an analyst analyzing Carlsberg might derive an advantage from being 

based in Copenhagen, a New York-based analyst is not at a significant disadvantage to an 

analyst who resides in Madrid. This seems reasonable as a Copenhagen-based analyst is more 

likely to engage with Carlsberg top brass on a regular basis, while the other two will most 

likely both have to resort to second-hand information and public filings to a greater degree. 

Exhibit	  4.12	  –	  Locals	  and	  non-locals’	  forecast	  errors  
 Absolute forecast error Grouped forecast error 

N 
 Median Mean Median Mean 

Non-local 0.31 0.36 0.11 0.10 1179 
Local 0.24 0.30 0.06 0.05 1794 

Difference 0.07** 0.06** 0.04** 0.05**  
*   = significant on a 95% level, ** = significant on a 99% level   

Exhibit 4.12 shows that over the entire period, locals are 6-7% more accurate than non-locals 

at the individual level and 4-5% more accurate at the group level. All differences are 

statistically	  significant.	  Locals’	  superiority	  in	  performance is not entirely constant over time, 

however. There is only a significant difference in performance in three years, 2009, 2010 and 

2011, but in all three years locals have smaller forecast errors, absolute and grouped, than 

non-locals (see appendix 10).  

For stable stocks, locals and non-local’s	  absolute	  forecast	  errors	  are	  virtually	  identical,	  and	  

when it comes to grouped forecast errors, locals are slightly more accurate, but not 

significantly so. For volatile stocks, however, locals exhibit significantly lower forecast errors, 

as individuals and in particular as a group (see appendix 11).	  Locals’	  grouped forecast error is 
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insignificantly different from zero. This indicates that local knowledge is more valuable when 

volatility, and thus uncertainty, is high. In a bid to further qualify whether this advantage 

under uncertainty is down to geographic proximity, I compared locals with little company-

specific experience, i.e. less than three company-specific reports published in past 12 months, 

to non-local	  “experts”,	  i.e.	  more	  than	  twelve	  company-specific reports published in past 12 

months (see appendix 12). The unexperienced locals’	  mean forecast errors were lower than 

non-local	  experts’,	  but	  their	  median	  forecast	  errors	  were	  greater	  than	  non-locals experts’.	  

This indicates that data is skewed, and while the differences are mostly significant, the 

evidence is inconclusive. Further, the modest sample size of 141 reports does not allow for 

substantial inferences. 

Locals appear to be more accurate than non-locals, despite analyzing smaller companies than 

non-locals, which should be a disadvantage, all else equal. However, locals are only 

significantly more accurate than non-locals in some periods or scenarios. In conclusion, there 

is partial support for hypothesis 4b. 

4.2.3 Gender 

Male and female analysts are different on all parameters. Female analysts are more likely to 

be based abroad and be employed by non-brokers. Further, they possess less company-

specific experience, but follow companies which are more glamorous, larger and less volatile 

(see appendix 13). 

In order to draw conclusions from the analysis, both groups have been adjusted to enhance 

similarity. Local analysts have been excluded from the sample as it was practically only male 

analysts who were local. Additionally, company-specific experience was capped at 8 

publications within the past 12 months. As the men in the original sample were significantly 

more likely to follow volatile companies than women, volatility was capped. Lastly, to adjust 

for women’s	  propensity	  to	  follow	  large	  companies,	  market	  capitalization	  was	  capped	  at	  DKK	  

520bn. After these adjustments, there were no reports by females in 2009 and, thus, reports 

by men from 2009 were also excluded. A significant difference persists in the share of men 

and women who are brokers (see Exhibit 4.13 for details). In section 4.2.1 however, it is found 

that whether an analyst is employed by a broker or not does not influence accuracy or 

optimism. 
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Exhibit	  4.13	  –	  Male	  and	  females	  in	  adjusted	  sample  

 
Share of reports 

authored by: Mean company-
specific experience 

Mean market 
capitalization 

(DKKm) 
Mean price-

to-book ratio 
Mean 

volatility N 
 Broker Non-local 

Males 0.95 1.00 3.51 98462 5.57 26.14 1360 
Females 0.70 1.00 3.23 121328 6.64 25.68 182 

Difference 0.25** 0.00 0.28 22866 1.07 0.46  
*   = significant on a 95% level, ** = significant on a 99% level   

Finally, total sample size decreased from 5062 to 1542, and the adjusted sample consists of 

reports by non-local brokers or non-brokers with 8 or less company-specific reports 

published in the foregoing 12 months on mostly stable companies with market capitalizations 

of less than DKK 520bn. 

 

Hypothesis 5a:	  Female	  analysts’	  target	  prices	  are	  less	  optimistic	  than	  male	  analysts’ target 

prices 

Exhibit	  4.14	  –	  Male	  and	  females’	  optimism  
 Implicit return Realized return Excess implicit return 

N 
 Median Mean Median Mean Median Mean 

Males 0.08 0.09 0.05 0.04 0.03** 0.05** 1360 
Females 0.05 0.04 0.06 0.08 -0.04 -0.04 182 

Difference 0.03** 0.05** 0.00 0.04* 0.07** 0.09**  
*   = significant on a 95% level, ** = significant on a 99% level   

Exhibit 4.14 provides details on male and female optimism. The exhibit shows that implicit 

returns	  in	  male	  analysts’	  target	  prices	  are	  significantly	  higher	  than	  implicit returns in female 

analysts’	  target	  prices.	  The	  difference	  is	  only	  3-5%, however. In the excess implicit return 

columns, it can be seen that male analysts exhibit significant and positive excess implicit 

returns while female analysts exhibit negative excess implicit returns, which are, however, 

insignificantly different from zero. While men have been more optimistic than women in most 

years, the difference has only been statistically significant in 2008 and 2011 (appendix 14). In 

most years, small sample sizes make it difficult to obtain significant results. 
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Exhibit	  4.15	  –	  Male	  and	  females’	  implied	  recommendations 
 Buy Hold Sell 

N 
 Implicit Realized Implicit Realized Implicit Realized 

Males 0.45 0.45 0.25 0.12 0.43 0.47 1360 
Females 0.30 0.45 0.39 0.17 0.38 0.41 182 

Difference 0.15** 0.00 -0.14** -0.05* 0.05 -0.06**  
*   = significant on a 95% level, ** = significant on a 99% level   

Exhibit 4.15 shows that both men and women issue too few sell recommendations, while men 

issue significantly more buy recommendations and women issue significantly more hold 

recommendations. This, too, indicates than male analysts are more optimistic than female 

analysts. 

Including both brokers and non-brokers in the sample does not seem to have negatively 

impacted the validity of conclusions. Among both brokers and non-brokers male analysts are 

more optimistic, albeit not always significantly so (see appendix 15). Also for the other 

subgroups, men are more optimistic, but no always significantly. 

The evidence presented in this section indicates that female analysts are less optimistic than 

male analysts. Consequently, hypothesis 5a is confirmed. 

Hypothesis 5b:	  Female	  analysts’	  target	  prices	  are	  neither	  more	  nor	  less	  accurate	  than	  male	  

analysts’ target prices 

Exhibit	  4.16	  –	  Male	  and	  females’	  forecast	  errors  

 Absolute forecast error Grouped forecast error Grouped forecast error 
(inversed) N 

 Median Mean Median Mean Median Mean 
Males 0.25 0.29 0.03 0.02 0.03 0.02 1360 

Females 0.20 0.26 -0.04 -0.05 0.04 0.05 182 
Difference 0.05* 0.03 0.07** 0.07** 0.01 0.03  
*   = significant on a 95% level, ** = significant on a 99% level   

Exhibit 4.16 compares	  males	  and	  females’	  adeptness	  in	  estimating	  target	  prices.	  As	  can	  be	  

seen,	  females’	  mean and median absolute forecasting	  error	  are	  5%	  and	  3%	  lower	  than	  males’,	  

respectively, but neither difference is statistically significant. Both groups exhibit very low 

grouped forecast errors over the entire period; male analysts have an mean (median) grouped 

forecast error of 2% (3%), while it is -5% (-4%) for females. In both cases, the difference in 
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grouped forecast error of 7% is significant at a 99% confidence level. However, this does not 

necessarily mean that one group is more accurate than the other, as slightly overshooting is 

not	  more	  or	  less	  accurate	  than	  slightly	  undershooting.	  By	  inversing	  either	  group’s	  grouped 

forecast	  errors,	  i.e.	  turning	  positive	  forecast	  errors	  into	  negative	  errors,	  the	  two	  groups’	  

accuracy can better be compared. Doing so yields differences of 3% (1%) in the mean 

(median) grouped forecast error, neither of which are statistically significant, even at a 95% 

confidence interval. 

That both groups exhibit impressive grouped forecast errors does not stem from impressive 

accuracy in every year. Rather, intra-year grouped forecast accuracy is only close to the total 

period’s	  accuracy	  in	  2010.	  Here,	  the	  difference	  in	  forecast	  errors	  was	  not	  significant,	  as	  was	  

the case for all years but 2011, where men were more accurate. 2010 was, however, the only 

year where there was a significant difference in absolute forecast errors, and women were the 

more accurate sex. The strength of intra-year conclusions is negatively impacted in several of 

the years by the sample of female reports being small. 

To test whether including both brokers and non-brokers in the sample has a negative 

influence on the ability to draw conclusions, men and women were compared in terms of 

employers (Appendices 16 & 17). It is found that male and female brokers do not differ 

significantly in forecast errors, while male non-brokers’	  grouped forecast error is significantly 

lower than female non-brokers’	  at	  a	  95%	  level. 

Given that there was no significant difference in optimism between men and women, and that 

the two groups are equally bold (see appendix 6), one could have expected that there would 

not be significant differences in forecasting ability. Indeed, there are small, but statistically 

insignificant, differences	  in	  male	  and	  female	  analysts’	  accuracy.	  The	  men	  and	  women	  

compared here only differed significantly with regards to employer type, and it was found 

that there were not substantial differences between men and women within employer 

categories. Thus, hypothesis 5b is confirmed. This implies that women do not need to 

outperform men to become stock analysts and that potential female-friendly hiring practices 

do not pave the way for untalented women. 

This analysis would have benefit from a larger sample size. When the sample is split into 

different years, the number of female reports in individual years often becomes so small that 
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it is uncertain whether differences are insignificant because there is truly a small difference or 

because the sample is too small to say with certainty. 

4.2.4 Seasonal Affective Disorder 

There are no significant differences among the reports published in SAD periods and those 

that were not (appendix 18). Consequently, no adjustments of the sample are required to 

draw conclusions from the sample. 

Hypothesis 6a: Target prices published during SAD periods are less optimistic than those 

published during non-SAD periods 

A univariate regression of SAD on implicit return and excess implicit return, respectively, 

reveals that the degree of SAD has a significant and positive correlation with implicit return, 

and a significant and negative correlation with excess implicit return. Thus, reports published 

in SAD periods seem to be more positive than other reports, but harbor a more negative / less 

positive bias than reports published in non-SAD periods. Both regressions explain only 0.2% 

of the variation in the dependent variable. 

Exhibit	  4.17	  –	  SAD	  and	  non-SAD	  reports’	  optimism  
 Implicit return Realized return Excess implicit return 

N 
 Median Mean Median Mean Median Mean 

Non-SAD 0.11 0.13 0.11 0.11 0.07 0.02 2468 
SAD 0.11 0.15 0.10 0.17 0.02 -0.02 2594 

Difference 0.00 0.02** 0.01 0.06** 0.05 0.04*  
*   = significant on a 95% level, ** = significant on a 99% level   

The mean implicit return of reports published during SAD periods is 15%, while it is 13% in 

non-SAD periods leading to a small, but significant difference of 2% (see Exhibit 4.17). There 

is no difference between median implicit returns. This slight extra optimism in SAD periods is 

more than warranted, however, as realized returns are higher for reports published in SAD 

periods. Excess implicit return is slightly higher in non-SAD periods than in SAD periods, but 

the difference is only significant (and only at a 95% confidence interval) for the mean excess 

implicit return, while there is not a significant difference for the median. Segmenting the 

sample by year reveals that reports from one period are not consistently more or less 

optimistic than the other. In three years, there is no significant difference in implicit returns, 

in two years SAD period reports have been more optimistic and in two years reports from 
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non-SAD periods have been more optimistic. The pattern is the same for excess implicit 

returns. 

Neither when comparing implied recommendations are reports from on period more 

optimistic than the other. In both non-SAD and SAD periods, there is a tendency to issue too 

many buy and hold recommendations and too few sell recommendations compared to what is 

realized. This skew is not significantly greater in SAD than non-SAD periods. 

According to the medical literature on SAD, it is more pronounced in the winter quarter from 

(December 21st to March 20th) than in the fall quarter (September 21st to December 20th) and 

more	  prevalent	  in	  northern	  areas.	  Thus,	  to	  check	  if	  SAD	  has	  an	  impact	  in	  its	  “strong”	  period	  

and locations, I compared the winter quarter to non-SAD periods and checked if analysts 

based in the north, i.e. Copenhagen or north thereof, showed signs of being affected by SAD. I 

found that analysts are as optimistic in winter as they are in spring and summer and that SAD 

has as little impact on analysts based in the north as it does on other analysts (see appendices 

19 and 20). 

Over the entire sample period, reports published in SAD periods convey slightly greater 

implicit returns. This is warranted, however, as realized returns are also slightly higher in 

SAD periods. Furthermore, neither reports from SAD or non-SAD periods are consistently 

more	  optimistic	  than	  the	  other	  across	  years.	  Neither	  in	  its	  “strong”	  forms	  does	  SAD	  seem	  to	  

impact analyst optimism. Hence, there is no conclusive evidence that target prices published 

during SAD periods are less optimistic than those published in non-SAD periods, which means 

that hypothesis 6a is rejected.  

Hypothesis 6b: Target prices published during SAD periods are more accurate than those 

published during non-SAD periods 

The absolute forecast error is positively correlated with the measure for SAD, meaning that as 

the amount of night hours increases, so too does the absolute forecast error. The size of the 

effect is limited, however, as the presence of SAD seems to explain only 0.2% of the variation 

in absolute forecast error. 
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Exhibit	  4.18	  –	  SAD	  and	  non-SAD	  reports’	  forecast	  errors  
 Absolute forecast error Grouped forecast error 

N 
 Median Mean Median Mean 

Non-SAD 0.28 0.38 0.06 -0.02 2468 
SAD 0.28 0.41 0.02 -0.06 2594 

Difference 0.00 0.02 0.04 0.03  
*   = significant on a 95% level, ** = significant on a 99% level   

Exhibit 4.18 presents a comparison of mean and median forecast errors for non-SAD and SAD 

periods. Median absolute forecast errors are practically identical, while mean absolute 

forecast errors have been an insignificant 2% higher in SAD periods than in non-SAD periods. 

Differences in grouped forecast errors are also small (3-4%) and insignificant. Also within 

individual years, the differences in accuracy between target prices published in non-SAD and 

SAD periods have been limited. Indeed, there is only a significant difference in the absolute 

forecast error in one of seven years. Grouped forecast errors have been slightly higher in non-

SAD periods in most years, but only significantly so in three years. In one year, the grouped 

forecast error was lower in non-SAD periods. 

It has been analyzed whether the prevalence of SAD affects some groups of analysts more 

than others. The only group of analysts whose accuracy shows any signs of being significantly 

affected by SAD is female analysts (see appendix 21). Target prices forecasted by women 

during SAD periods are significantly more erroneous than those published during non-SAD 

periods (10% for the median and 15% for the mean). Differences in the grouped forecast 

error are not statistically significant. 

To analyze if SAD impacted analysts in its strong forms, the samples of winter vs. non-SAD 

period were compared and the subsample of northern analysts was analyzed. Again, even in 

its	  “strong”	  forms,	  SAD	  appears	  to	  have	  no	  impact. 

Reports issued in SAD periods were slightly, but significantly, more bold than those issued in 

non-SAD period (see appendix 6). Keeping in mind that boldness is negatively correlated with 

forecast error, reports from SAD periods should have an advantage. However, there is no 

evidence that target prices published during SAD periods are more or less accurate than those 

published in non-SAD periods.	  Neither	  in	  its	  “strong”	  forms	  does	  SAD	  appear	  to	  impact	  

forecast errors. Therefore, hypothesis 6b is rejected.  



 Stock analysts’	  forecasting	  accuracy	  – still low, still a puzzle  

Copenhagen Business School, 2015  Page 53 of 80 

The rejection of hypothesis 6b is not surprising given that hypothesis 2 and 6a were rejected. 

As there is no positive bias (hypothesis 2), there is nothing for SAD to correct. Secondly, as 

neither reports from SAD or non-SAD periods exhibit more or less optimistic bias than the 

other (hypothesis 6a), a similarity in accuracy is to be expected. 

4.2.5 Volatility 

A significantly greater share of reports on volatile stocks is published by non-local women 

and/or non-brokers. Further, reports on stable stocks typically pertain to significantly more 

glamorous and larger companies than reports published in high volatility scenarios, possibly 

because larger companies’	  share	  prices tend to be less volatile. Lastly, analysts publishing 

reports on volatile stocks typically have more company-specific experience than those 

publishing in low volatility scenarios. 

To improve the strength of inferences, the sample has been adjusted in order to increase 

similarity between the two groups of reports. Female authors are been excluded from the 

sample, and so have reports where the author has published more than 6 reports in the past 

12 months, and market capitalization has been capped at DKK 160bn. These adjustments led 

to differences in employer type and price-to-book ratio becoming insignificant. Reports on 

stable stocks are still more likely to be authored by non-locals and/or non-brokers, but the 

differences are not significant (see Exhibit 4.19 for details). 

Exhibit	  4.19	  –	  the	  adjusted	  sample	  for	  reports	  on	  stable	  and	  volatile	  stocks  
 Share of reports authored by: 

Mean company-
specific experience 

Mean market 
capitalization 

(DKKm) 
Mean price-

to-book ratio N 
 Broker Locals Male 

Stable stocks 0.96 0.53 1.00 3.33 37784 5.04 746 
Volatile stocks 0.98 0.56 1.00 3.54 33759 4.28 621 

Difference 0.02 0.03 0.00 0.21 4024 0.76  
*   = significant on a 95% level, ** = significant on a 99% level   

Following the described adjustments, the sample size shrunk from 2530 to 1367, and 

comprises reports by male authors of any location or employer with less than 7 company-

specific reports published in the past 12 months on companies with market capitalizations of 

less than DKK 160bn. 
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Hypothesis 7: Target prices on volatile stocks are less accurate than target prices on stable 

stocks 

A regression of volatility on absolute forecast errors yields a positive and highly significant 

correlation. Thus, as volatility increases so does inaccuracy. Volatility seems to explain 10% of 

the variation in forecast error.  

Exhibit	  4.20	  –	  forecast	  errors	  for	  reports	  on	  stable	  and	  volatile	  stocks  
 Absolute forecast error Grouped forecast error 

N 
 Median Mean Median Mean 

Stable stocks 0.23 0.27 -0.03 -0.01 746 
Volatile stocks 0.44 0.73 -0.18 -0.43 621 

Difference 0.22** 0.46** 0.15** 0.41**  
*   = significant on a 95% level, ** = significant on a 99% level   

Exhibit 4.20 contains a comparison of forecast errors in low and high volatility scenarios. A 

randomly drawn report on a volatile stock has a mean (median) absolute forecast error of 

73% (44%), which is significantly greater than the 27% (23%) registered for reports on 

stable stocks. Also when it comes to grouped forecast errors, reports on volatile stocks are 

significantly more erroneous. 

The greater accuracy of low volatility reports observed in the entire sample repeats on an 

intra-year basis. In 2007 and 2009, there were no high and low volatility reports, respectively. 

In all other years - for the absolute as well as the grouped forecast error – reports on stable 

stocks are significantly more accurate than those published on volatile stocks. The absolute 

forecast error was also lower for stable than volatile stocks in all years, albeit not significantly 

so in 2008 (see appendix 22). 

Whether breaking down high versus low volatility groups by being published in SAD or non-

SAD periods, by brokers or non-brokers or by locals or non-locals, forecast errors remain 

significantly higher for volatile stocks, and	  the	  low	  volatility	  group’s	  grouped forecast error 

always approximates zero. 

Surprisingly, there are not significantly more bold reports on volatile stocks than on stable 

stocks (see appendix 6). By definition, volatile stocks fluctuate more than stable stocks and so 

should attract more fluctuating target prices. Drawing on the findings in section 4.1, equality 

in boldness would imply similarity in accuracy. However, there is overwhelming evidence that 
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reports on volatile stocks are significantly less accurate than those pertaining to stable stocks. 

Thus, hypothesis 7 is confirmed.  
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5 Discussion 

Section 4 contained an in-depth analysis of the sample at hand and answered the hypotheses 

put forth in section 2.8 through univariate regressions and statistical tests. This section will 

add some perspective, by comparing the findings from section 4 with observations made by 

previous researchers, and discussing similarities and differences. 

5.1 Primary hypotheses 

In section 4.1 I analyzed the entire sample of analyst reports on Danish stocks in order to 

answer hypotheses 1 and 2. I found evidence to support hypothesis 1, namely that analysts 

are inaccurate, while I had to reject hypothesis 2, that analysts are optimistically biased. 

Over the entire period, analysts exhibited an absolute forecast error of between 28% 

(median) and 40% (mean), which led me to accept hypothesis 1. This forecast error is very 

similar to that obtained by Kerl (2011) of 26% (median) and Bradshaw and Brown (2006) of 

35% (mean) and several other	  researchers.	  I	  also	  found	  that	  grouping	  all	  analysts’	  forecast	  

reduces forecast error, i.e. the grouped forecast error, but not to an acceptable degree. Just as 

Kadan et al. (2009), I found evidence that the absolute forecast error is on a declining trend. 

The second hypothesis I tested was whether analysts are positively biased. I found that, over 

the entire period, analysts have a slight but significant positive bias when looking at median 

implicit returns, but no significant bias when looking at the mean implicit return. This slight 

forecast bias was by no means constant over time. Rather, analysts exhibit significant negative 

bias in some years and positive bias in other years. Thus, hypothesis 2 was rejected. This 

conclusion is contrary to the findings of several other researchers, who have reported 

evidence of positive bias. There could be several reasons for this. Firstly, the time period I 

analyzed was very volatile, which could prompt analysts to issue conservative and bearish 

target prices (Welch, 2000). Secondly, the time period I analyzed is very different from the 

1990s and early 2000s, which many of the researchers uncovering positive bias have 

researched. Each year, the data available to analysts multiplies, which can naturally decrease 

bias, just as forecast errors have decreased over the years in my sample.  
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5.2 Factors potentially influencing forecast accuracy 

After	  learning	  that	  analysts’	  price	  targets	  for	  Danish	  stocks	  were	  indeed	  inaccurate,	  I	  tested	  

hypotheses 3a through 7 to uncover which, if any, factors could be used to indicate whether 

an analyst or price target would be useful or not. All comparisons of groups were conducted 

controlling for the following factors where necessary and possible: employer type, gender, 

location, company-specific experience and market capitalization, price-to-book ratio and 

volatility of the analyzed stocks. 

5.2.1 Incentive problems 

In section 4.2.1, I compared brokers’	  and	  non-brokers’	  relative	  optimism.	  To	  my	  surprise,	  I	  

found that brokers are not significantly more optimistic than non-brokers. This is the 

opposite of what most previous researchers have found (Michaely & Womack, 1999; Lin & 

McNichols, 1998).	  The	  initial	  explanation	  for	  this	  discrepancy	  was	  that	  the	  “broker	  vs.	  non-

broker”	  sample	  contained	  no	  local analysts. Thus, non-local brokers might not be strategically 

optimistic for Danish stocks, given that they earn little underwriting fees from Danish 

corporates and likely have relatively few clients interested in trading Danish stocks. However, 

I compared local and non-local brokers and found that there was little difference among the 

two groups – if anything, non-local brokers were more optimistic than local brokers. This 

implies that it is not the non-local	  brokers’	  lack	  of	  proximity	  to	  the	  Danish	  market that causes 

them to be equally optimistic as non-brokers. As many of the researchers who found brokers 

to exhibit greater positive bias analyzed the 90s and early 00s, a more likely explanation 

might be that increased disclosure makes it more difficult for analysts to be continually 

overoptimistic without being revealed. Today, many analyst reports contain details of the 

analyst’s prior performance for the stock at hand, namely whether he or she typically over- or 

underestimates realized stock prices. See appendix 23 for an example of such disclosure. 

Additionally, there is also the chance that the Danish investment banking market is simply too 

small for either local or non-local brokers to put their reputation on the line for. 

It should be noted that the need to control for several variables decreased the sample size 

significantly, and conclusions are thus based on only 548 observations. 

Section 4.2.1 also contained a comparison of brokers and non-brokers’	  forecast	  errors. I found 

no evidence of non-brokers being superior forecasters to brokers and thus had to reject 
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hypothesis 3b. This is contrary to observations by Dechow et al. (2000) and others who found 

brokers to be more inaccurate than non-brokers. It is, however, not greatly surprising given 

that hypothesis 3a was rejected. The original idea was that brokers strategically bias their 

estimates in an upward direction, and that this would result in excessive optimism, which 

would lead to greater-than-normal forecast errors. Since brokers did not exhibit greater 

optimism than non-brokers, this line of reasoning broke down. Thus, whether an analyst is 

employed by a broker or an independent research provider does not impact his accuracy. 

5.2.2 Location 

In section 4.2.2, I rejected hypothesis 4a as locals were not significantly more optimistic than 

non-locals. This is the opposite of what Lai & Teo (2008) found. Since the sample contained 

only brokers, it does however tie in well with the conclusions for hypotheses 3a and 3b. 

Foreign brokers did not seem to be issuing overly positive price targets to win investment 

banking business in Denmark, and neither did local brokers. Thus, when excluding non-

brokers from the sample, one should not expect a different result. As discussed in section 

5.2.1, increased disclosure might be inducing analysts, incl. locals, to refrain from issuing 

strategic target prices. 

Section 4.2.2 found partial support for the hypothesis that locals are better forecasters than 

non-locals. This is in line with previous researchers who have found locals to be superior 

forecasters (Bae et al., 2006; Malloy, 1995). While locals performed better over the whole 

period, they were not superior in all years or for all types of stocks. I found that locals have no 

advantage for stable stocks while they are significantly more adept at analyzing volatile stocks 

than non-locals.	  This	  implies	  that	  locals’	  locational	  advantage	  only	  comes	  into	  play	  when	  

uncertainty is high. This is completely in line with Malloy (1995), who	  found	  that	  locals’	  

advantage is particularly great for small companies and remote areas – both indicators of 

scarce information and greater uncertainty.  

I tried to deepen the analysis further by testing whether locals’ advantage for volatile stocks 

was down to pure geographic proximity by comparing relatively inexperienced locals with 

experienced locals. I found mixed results, but the sample was likely too small to produce 

significant results regardless.	  Where	  locals’	  superior	  performance	  originates	  from	  remains	  an	  

interesting topic, however. 
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5.2.3 Gender 

Previous	  research	  has	  found	  mixed	  evidence	  when	  it	  comes	  to	  females’	  optimism	  relative	  to	  

males. In my sample, I found that female analysts were less optimistic than male analysts and 

thus accepted hypothesis 5a. This finding is in line with Green (2009), but contrary to Kumar 

(2009), who found women to be more bold and positive than men. For reference, there was 

no difference in male and female boldness in my sample. The evidence thus indicates that the 

women who work as analysts carry typical female traits, such as risk aversion and honesty, 

with them into the analyst community. This implies that feminine traits are not discriminated 

against, and that it is not only women with masculine traits who dare attempt to enter the 

industry. Section 4.2.3 also revealed that there is no difference between male and female 

forecasting accuracy. This is in line with Li et al. (2013), and roughly in line with Green et al. 

(2009), who found men’s	  forecast	  errors	  to	  be	  slightly	  smaller than	  women’s	  in	  the	  near	  term,	  

with	  the	  difference	  decreasing	  as	  the	  forecast	  horizon	  extended.	  Only	  Kumar’s (2009) 

evidence counters my finding. The evidence from my sample indicates that hiring practices 

are neither favorable nor unfavorable to women, as either case would be expected to result in 

worse and better performance than men, respectively. This corroborates my finding 

regarding optimism. This does not say anything about gender equality in the Danish 

investment community, however, as there were no Danish women included in the sample.  

My finding that gender does not influence forecasting accuracy implies that investors will gain 

no	  advantage	  from	  favoring	  either	  male	  or	  female	  analysts’	  reports	  as	  inputs	  to	  their	  

investment-decision making. 

5.2.4 Seasonal Affective Disorder 

Medical professionals have found that a significant share of the general population is 

depressed in winter times, and several researchers have found SAD to impact various corners 

of the financial world. Section 4.2.4 tested the impact of SAD on analysts. The hypothesis that 

analysts are less optimistic in SAD periods was rejected, as there was no consistent difference 

in optimism, though reports published in SAD periods were slightly more optimistic over the 

entire period. This counters the findings of, amongst others, Kamstra et al. (2003) who found 

that	  returns	  are	  lower	  in	  fall	  and	  winter	  and	  Dolvin	  et	  al.	  (2009)	  who	  found	  analysts’	  over-

optimism to be lower in SAD periods. As	  SAD	  did	  not	  impact	  analysts’	  optimism,	  it	  is	  not	  
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surprising	  that	  analysts’	  accuracy	  also	  saw no impact from SAD. This finding also diverges 

from the findings Dolvin et al. (2009) made on earnings forecasts. I also found that analysts 

based	  in	  Northern	  countries	  are	  as	  unaffected	  by	  SAD	  as	  others,	  which	  counters	  Rosen	  et	  al.’s	  

(1990) observations. Also, SAD did not impact analysts more in winter, which runs counter to 

Young’ (1997) findings. This implies that investors should not be more or less hesitant to use 

analyst reports at any time of the year. 

One	  possible	  explanation	  of	  SAD’s	  lack	  of	  impact could be that analysts base their price targets 

on	  a	  company’s	  fundamentals,	  and	  research	  these	  fundamentals	  all	  year	  round,	  while	  

continuously	  staying	  up	  to	  date	  on	  a	  company’s	  market.	  Thus,	  recent	  events	  and	  expectations	  

for the very short term (such as quarterly earnings) carry less weight than the overall 

impression of a given company than it does for earnings forecasts. However, this might also 

imply that analysts of volatile stocks should be more susceptible to being impacted by SAD, as 

the information they face changes more rapidly and they must thus rely on more recent 

information. In the sample, I found no impact from SAD for volatile stocks. 

5.2.5 Volatility 

Typically, when volatility is high, so is uncertainty, and this makes it more difficult to make 

decisions. Thus, I hypothesized that analyst reports on volatile stocks would exhibit greater 

forecast errors than those on stable stock. This hypothesis was unmistakably confirmed. Thus, 

this thesis confirms the findings of several previous researchers who have found positive 

relationships between volatility and forecast errors (Gu & Wang, 2005; Kerl, 2011). I found 

that the grouped forecast error for stable firms was close to zero over the entire period and in 

2011, while forecast errors for volatile stocks were always much greater than zero. This could 

imply that investors could benefit from ignoring reports on volatile stocks, but pay attention 

to those on stable stocks. Coincidentally, volatile stocks might also be the type of stocks where 

investors need analyst reports the most given the uncertainty. 

5.3 Suggestions for further research 

Through my analysis, I uncovered certain themes, which future researchers could do well to 

look into. 

In testing hypothesis 2, it became apparent that while analysts are not consistently over-

positive,	  they	  do	  seem	  to	  be	  excessively	  conservative.	  Indeed,	  analysts’	  implicit	  returns	  were	  
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highly clustered around the fairly comfortable 0-20% range, while realized returns varied 

substantially more. Welch (2000) made similar findings and argued that conservatism could 

be caused by herding as analysts are reluctant to stand out from the crowd.  To the contrary, 

Kerl	  (2011)	  found	  that	  analysts,	  occasionally,	  issue	  “extreme”	  target	  prices	  to	  attract	  

attention. Throughout my analysis,	  I	  found	  limited	  evidence	  of	  reports’	  boldness	  being	  related	  

to accuracy. For the entire sample, bold reports had slightly lower absolute forecast error, but 

there was no difference in grouped forecast errors. In subgroups, groups with different levels 

of boldness exhibited similar accuracy (brokers v. non-brokers, SAD v. non-SAD), and vice 

versa (stable v. volatile stocks, locals v. non-locals). Thus, whether an analyst is bold or 

follows the herd does not seem to bear great influence on accuracy. Seemingly in contrast to 

this conclusion is Li & Li’ (2014) finding that a lack of belief dispersion, i.e. their measure of 

herding, caused US investment professionals to not see the financial crisis coming and 

subsequently react upon it too late. While I believe herding among financial analysts carries 

promise as a research field, I think the primary focus should be on developing reliable 

measures. In my sample, roughly two thirds of price targets were bold, which is rather 

surprising given that boldness was supposed to measure non-conformity.	  Li	  &	  Li’s	  (2014)	  

measure of herding seems imperfect too however, as it proxies for uncertainty (Zhang, 2006). 

Thus, there seems to be a need for a well-founded measure of herding. 

In	  comparing	  locals’	  and	  non-locals’	  performance I found that locals are significantly more 

accurate when volatility is high. However, I did not manage to get a deeper understanding of 

where this advantage comes from. To my knowledge, there are two main sources, namely 

pure geographic proximity and access to management. Locals likely have better access to 

management than non-locals, but all analysts are not necessarily created equal. Perhaps the 

CEO of Carlsberg would rather spend his time with a non-local analyst from Goldman Sachs or 

JP Morgan than a second tier Danish bank. An analyst could also obtain a superior 

understanding of local market conditions and the local macro environment simply through 

pure geographic proximity. For example, in the hypothetical case of a listed retailer operating 

only in the Copenhagen area, an analyst could get a better on-the-ground understanding of the 

company by simply shopping there. Furthermore, a local analyst is more exposed to local 

news and might have friends or family in the company he analyzes.  To get an understanding 

of	  which	  of	  these	  two,	  if	  any,	  drives	  local’s	  advantage	  was	  beyond	  the	  scope	  of	  this	  thesis,	  
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however. It would likely require questionnaires or interviews with analysts to get an idea of 

their interactions with management. Researchers could then be built upon this by controlling 

for management contact and comparing locals and non-locals too test for the more pure effect 

of	  geographical	  proximity.	  The	  results	  of	  such	  studies	  could	  also	  guide	  analysts’	  employers	  on	  

how to operate their research functions, namely whether to invest in local offices and staff or 

hiring experienced analysts with already established access to the relevant management 

teams. 
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6 Conclusion 

The aim of this thesis	  was	  to	  answer	  the	  two	  research	  questions	  “Are target prices issued for 

Danish stocks accurate?”, followed by “Which factors influence the accuracy of target prices 

issued for Danish stocks?”. An examination of these two questions was intended to give 

investors a better idea of whether, or to which degree, they should	  rely	  on	  analysts’	  target	  

prices for forming investment decisions, and contribute to the knowledge pool regarding how 

investors can distinguish between good and bad reports ex ante. 

A thorough literature indicated that a positive bias lead analysts to be considerably 

inaccurate,	  and	  that	  an	  analysts’	  employer,	  gender	  and	  geographical	  proximity	  could	  be	  

related to said positive bias and inaccuracy. Also, researchers had found strong links between 

volatility and inaccuracy and some impact from Seasonal Affective Disorder on analyst 

optimism and forecast accuracy. Based on the literature review, I developed a string of 

hypotheses, which were tested on a sample of 5062 analyst reports on 20 Danish stocks in the 

period from 2007-2013. 

Just as the researchers before me, I found that analysts are considerably and consistently 

inaccurate, though decreasingly so over the years. Contrary to previous researchers, however, 

I did not find analysts to be overly optimistic. Rather, they seem to be overly conservative. I 

argued	  that	  the	  relatively	  volatile	  nature	  of	  the	  sample	  period,	  compared	  to	  more	  “normal”	  

times, might have caused this excessive conservatism, also known as herding. Speculating that 

herding was more a root cause of forecast error than optimism, I tested whether boldness was 

related to accuracy, but found inconclusive evidence. Being a promising stream of research, I 

suggested that future researchers develop and test appropriate measures for herding. 

Contrary	  to	  other	  researchers’	  findings,	  I	  found	  that	  whether an analyst is employed by a 

broker or an independent research provider does not influence optimism or accuracy. This 

indicates that brokers are not setting target prices strategically for Danish stocks. I argued 

that increased disclosure, relative to the periods surveyed by other researchers, might induce 

brokers to be less strategic as consistently excessive optimism is more easily revealed today 

than in previous decades.  

In the analysis of the relation between location and optimism and accuracy, I found that locals 

are not more optimistic than non-locals in general and more accurate in some instances. The 
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lack	  of	  difference	  in	  optimism	  contradicts	  previous	  researchers’	  findings.	  This	  difference	  is	  

highly	  analogous	  to	  that	  regarding	  brokers’	  optimism and thus I again suggested that 

increased disclosure induces to be less strategic with their target prices. Locals were more 

accurate than non-locals over the whole period and in some years, which is in line with 

previous authors. I suggested that future researchers might benefit from taking the analysis 

one step further to uncover the precise cause	  of	  locals’	  over	  performance. 

I found female analysts to be less optimistic than male analysts, which is similar to what some, 

but not all previous authors have found. I suggested that female analysts carry typical female 

traits and that such traits are not discriminated against. Furthermore, I found no differences 

in forecast error between the two sexes, which also implies that hiring practices are neither 

favorable nor unfavorable to women. 

Many researchers have found Seasonal Affective Disorder to affect the general population at 

large as well as certain corners of the financial world. In my sample, however, SAD showed no 

signs of impacting analysts’ optimism or accuracy. The lack of impact contradicts the only 

previous study somewhat engaged in analyst accuracy. That study focused on earnings 

forecast rather than target prices. I thus offered the explanation that the process of producing 

target prices, and the inputs hereto, might well be different from that of producing earnings 

forecasts, and that this difference could make target prices less	  susceptible	  to	  SAD’s	  impact. 

Lastly, I found that volatility has a clear and positive relationship with forecast errors. This 

confirms what previous studies have found, namely that analysts have a hard time of reliably 

predicting future stock prices for volatile companies. 

To	  sum	  up,	  this	  thesis	  took	  an	  investor’s	  perspective	  on	  target	  prices	  and	  set	  out	  to	  determine	  

if analysts are accurate and if certain identifiable traits can be used to identify whether a 

report might be more accurate and hence more useful than others. Unfortunately for 

investors, analysts are indeed inaccurate. Individual analysts are greatly inaccurate, but 

investors can do a bit better by grouping recommendations from several analysts. Both types 

of forecast errors are, however, on a declining trend, which carries some hope for the future. 

Furthermore, there is no evidence that analysts, brokers or independent researchers, are, 

setting target prices too high. This	  implies	  that	  investors	  can	  fairly	  assume	  that	  a	  broker’s	  

recommendation	  is	  the	  broker’s	  best	  estimate	  of	  the	  future	  price	  and	  not	  merely	  a	  marketing	  

ploy to persuade the investor to make trades. Investors should however beware that there is 
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some degree of herding among analysts and that analysts will rarely foresee the rare cases 

where	  a	  stock’s	  price	  goes	  through	  the	  roof. 

Findings regarding the possibility of distinguishing between good and bad reports ex ante are 

not promising for investors either. The only conclusive finding is that analysts are poor at 

forecasting	  volatile	  stocks’	  future	  prices.	  Ostensibly, this is where analysts could have added 

the most value for investors. However, if an investor has his eyes set on a volatile stock, he 

might do better by searching out reports by local analysts. Other	  than	  the	  focal	  stock’s	  

volatility, and, to some degree, the	  analyst’s	  location,	  there	  are	  not	  any	  indicators for investors 

to rely on in distinguishing between good and bad reports ex ante. It will not help the investor 

to know if a report is authored by a man or a woman, a broker or an independent research 

provider or whether the report was published in winter or summer. 

In conclusion, analysts are inaccurate and investors should take analyst recommendations 

with heavy grain of salt. In using analyst reports in their decision making, investors should 

collect a sample of reports rather than relying on single reports, since it is still very much 

unclear what separates a good report from a bad report. 
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8 Appendices 

Appendix	  1	  –	  The	  companies	  comprising	  the	  sample 
Company Market capitalization (DKKbn),  

as at 1 July 2014 Inclusion status 
Novo Nordisk A/S 633 Yes 
A.P. Møller - Mærsk A/S 292 Yes 
Nordea Bank AB nmf  No - based abroad 
Danske Bank A/S 156  Yes 
Coloplast A/S 104  Yes 
Carlsberg A/S 90  Yes 
Novozymes A/S 85  Yes 
Pandora A/S 53  No - recent listing 
Vestas Wind Systems A/S 60  Yes 
G4S plc  nmf  No - based abroad 
TDC A/S 44  Yes 
Tryg A/S 33  Yes 
ISS A/S  36  No - recent listing 
Jyske Bank A/S  30  Yes 
DSV A/S  31  Yes 
Chr. Hansen Holding A/S  30  No - recent listing 
William Demant Holding A/S  28  Yes 
H. Lundbeck A/S  27  Yes 
Københavns Lufthavne A/S  22  Yes 
GN Store Nord A/S  25  Yes 
Rockwool International A/S  18  Yes 
Topdanmark A/S  22  Yes 
FLSmidth & Co. A/S  15  Yes 
Genmab A/S  13  Yes 
Sydbank A/S 11  Yes 
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Appendix 2 illustrates forecast errors measures for a target price of 50 at various realized prices 
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Appendix	  4	  –	  Brokers	  and	  non-brokers	  in	  original	  sample  

 
Share of reports 

authored by: Mean company-
specific experience 

Mean market 
capitalization 

(DKKm) 
Mean price-

to-book ratio 
Mean 

volatility N 
 Men Locals 

Non-brokers 0.58 0.00 3.12 144243 4.95 29.79 155 
Brokers 0.96 0.50 5.84 68989 4.84 37.75 4907 

Difference 0.38** 0.50** 2.72** 75254** 0.11 7.96**  
*   = significant on a 95% level, ** = significant on a 99% level   

Appendix	  5	  –	  Comparing	  optimism	  for	  male	  brokers	  and	  non-brokers  
Males Implicit return Excess implicit return 

N 
Median Mean Median Mean 

Non-brokers 0.09 0.11 -0.08 -0.10 50 
Brokers 0.04 0.05 -0.17 -0.20 396 

Difference 0.05** 0.06** 0.08** 0.09**  
*   = significant on a 95% level, ** = significant on a 99% level   

Appendix	  6	  –	  Boldness	  across	  subgroups  

 
Share of reports 
which are bold   

Share of reports 
which are bold   

Share of reports 
which are bold 

Brokers 0.55  Locals 0.69   Locals 0.68  
Non-brokers 0.65   Non-locals 0.71   Non-locals 0.66  

Difference 0.10*  Difference 0.02   Difference 0.01  
        

Non-SAD 0.65   Stable stocks 0.66    
SAD 0.69   Volatile stocks 0.68    

Difference 0.04**  Difference 0.01    
*   = significant on a 95% level, ** = significant on a 99% level   

Appendix	  7	  –	  locals	  and	  non-locals	  in	  original	  sample  

 
Share of reports 

authored by: Mean company-
specific experience 

Mean market 
capitalization 

(DKKm) 
Mean price-

to-book ratio 
Mean 

volatility N 
 Brokers Men 

Non-locals 0.94 0.91 4.91 85303 5.09 37.39 2589 
Locals 1.00 1.00 6.64 56627 4.59 37.62 2473 

Difference 0.06** 0.09** 2.72** 28676** 0.49* 0.22  
*   = significant on a 95% level, ** = significant on a 99% level  
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Appendix	  8	  –	  Locals’	  and	  non-locals’	  implicit	  returns	  over	  time 
 Median implicit return Median excess implicit return N 

non-
locals 

N 
locals 

 Non-locals Locals Difference Non-locals Locals Difference 
2007 0.07 0.10 0.03 0.29 0.28 0.00 79 161 
2008 0.14 0.17 0.03 0.23 0.28 0.05 222 291 
2009 0.10 0.14 0.05** -0.47 -0.21 0.26** 97 247 
2010 0.14 0.10 0.03 0.35 0.08 0.28** 258 329 
2011 0.16 0.17 0.01 0.21 0.14 0.07** 298 362 
2012 0.09 0.12 0.02 -0.07 -0.13 0.06 148 278 
2013 0.02 0.10 0.09** -0.10 -0.05 0.05 77 126 

*   = significant on a 95% level, ** = significant on a 99% level   Observations for means are omitted for simplicity as they match observations for medians 

Appendix	  9	  –	  Comparing	  optimism	  for	  locals	  and	  non-locals	  for	  volatile	  stocks  
Volatile stocks Implicit return Excess implicit return 

N 
Median Mean Median Mean 

Non-locals 0.20 0.27 0.54 0.39 263 
Locals 0.15 0.23 -0.02 0.08 348 

Difference 0.05 0.04 0.56** 0.31**  
*   = significant on a 95% level, ** = significant on a 99% level  
 
Appendix	  10	  –	  Locals’	  and	  non-locals’	  forecast	  errors	  over	  time   

 Median absolute forecast error Median grouped forecast error N 
non-

locals 
N 

locals 
 Non-locals Locals Difference Non-locals Locals Difference 

2007 0.30 0.30 0.00 0.28 0.27 0.01 79 161 
2008 0.27 0.29 0.02 0.19 0.24 0.05 222 291 
2009 0.51 0.36 0.15** -0.42 -0.17 0.25** 97 247 
2010 0.45 0.23 0.22** 0.34 0.07 0.26** 258 329 
2011 0.32 0.20 0.11** 0.18 0.11 0.06** 298 362 
2012 0.18 0.20 0.02 -0.07 -0.11 0.05 148 278 
2013 0.17 0.12 0.05 -0.10 -0.04 0.06 77 126 

*   = significant on a 95% level, ** = significant on a 99% level   Observations for means are omitted for simplicity as they match observations for medians 
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Appendix	  11	  –	  Comparing	  forecasting	  errors	  for	  locals	  and	  non-locals	  for	  volatile	  
stocks 

Volatile stocks Absolute forecasting error Grouped forecasting error 
N 

Median Mean Median Mean 
Non-locals 0.62 0.56 0.49 0.26 263 

Locals 0.45 0.46 -0.01 0.02 348 
Difference 0.17** 0.09** 0.51** 0.24**  

*   = significant on a 95% level, ** = significant on a 99% level   
Appendix	  12	  –	  Comparing	  forecasting	  errors	  for	  inexperienced	  locals	  and	  
experienced	  non-locals	  for	  volatile	  stocks  

Volatile stocks Absolute forecasting error Grouped forecasting error 
N 

Median Mean Median Mean 
Non-locals 0.28 0.96 0.71 0.22 78 

Locals 0.45 0.68 -0.32 -0.53 63 
Difference -0.17 0.28 1.03** 0.75**  

*   = significant on a 95% level, ** = significant on a 99% level   

Appendix	  13	  –	  Male	  and	  female	  analysts	  in	  original	  sample  

 
Share of reports 

authored by: Mean company-
specific experience 

Mean market 
capitalization 

(DKKm) 
Mean price-

to-book ratio 
Mean 

volatility N 
 Brokers Local 

Males 0.98  0.51  5.86 68679 4.70 37.92 4823 
Females 0.73  0.03  3.61 124046 7.78 29.14 239 

Difference 0.25** 0.48** 2.25** 55367** 3.07** 8.78**  
*   = significant on a 95% level, ** = significant on a 99% level   

Appendix	  14	  –	  Males’	  and	  females’	  forecast	  errors	  over	  time   
 Median implicit return Median excess implicit return N 

males 
N 

females 
 Males Females Difference Males Females Difference 

2007 0.05 0.06 0.01 0.25 0.29 0.04 208 44 
2008 0.14 -0.04 0.18* 0.31 0.16 0.14 226 12 
2010 0.08 0.11 0.03 0.07 -0.04 0.11 228 17 
2011 0.12 0.10 0.02 0.00 -0.20 0.21* 289 16 
2012 0.06 0.05 0.01 -0.16 -0.10 0.06 228 55 
2013 0.02 0.03 0.00 -0.17 -0.13 0.04 181 38 

*   = significant on a 95% level, ** = significant on a 99% level   Observations for means are omitted for simplicity as they match observations for medians 
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Appendix	  15	  –	  Comparing	  optimism	  for	  male	  and	  female	  brokers  
Brokers Implicit return Excess implicit return 

N 
Median Mean Median Mean 

Males 0.08 0.09 0.03 0.06 1291 
Females 0.07 0.04 -0.01 0.02 128 

Difference 0.01** 0.06** 0.04* 0.04  
*   = significant on a 95% level, ** = significant on a 99% level   

Appendix	  16	  –	  Comparing	  accuracy	  for	  male	  and	  female	  non-brokers  
Non-brokers Absolute forecast error Grouped forecast error 

N 
Median Mean Median Mean 

Males 0.20 0.23 0.01 -0.04 69 
Females 0.20 0.23 -0.15 -0.17 54 

Difference 0.00 0.00 0.15* 0.13*  
*   = significant on a 95% level, ** = significant on a 99% level   

Appendix	  17	  –	  Comparing	  accuracy	  for	  male	  and	  female	  brokers  
Brokers Absolute forecast error Grouped forecast error 

N 
Median Mean Median Mean 

Males 0.25 0.29 0.03 0.03 1291 
Females 0.21 0.27 -0.01 0.01 128 

Difference 0.05 0.02 0.04 0.02  
*   = significant on a 95% level, ** = significant on a 99% level   

Appendix	  18	  –	  Comparison	  of	  reports	  from	  SAD	  and	  non-SAD	  periods  
 Share of reports by: Mean company-

specific 
experience 

Mean 
market cap 

(DKKm) 
Mean price-

to-book 
ratio 

Mean 
volatility N 

 Brokers Locals Men 
Non-SAD 0.97 0.50 0.95 5.79 72194 5.11 37.63 2468 

SAD 0.97 0.48 0.95 5.73 70436 4.79 37.39 2594 
Difference 0.00 0.02 0.0 0.06 1758 0.32 0.22  

*   = significant on a 95% level, ** = significant on a 99% level   
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Appendix	  19	  –	  Comparing	  optimism	  for	  winter	  and	  non-SAD	  reports  

 
Implicit return Excess implicit return 

N 
Median Mean Median Mean 

Non-SAD 0.11 0.13 0.04 -0.02 2468 
Winter 0.10 0.12 0.02 -0.03 1324 

Difference 0.01 0.01 0.02 0.01  
*   = significant on a 95% level, ** = significant on a 99% level   

Appendix	  20	  –	  Comparing	  optimism	  for	  northern	  people	  in	  	  non-SAD	  and	  SAD	  periods 
Northern 

people 
Implicit return Excess implicit return 

N 
Median Mean Median Mean 

Non-SAD 0.12 0.14 0.06 0.01 1771 
SAD 0.12 0.16 0.03 -0.02 1859 

Difference 0.00 -0.02 0.03 0.03  
*   = significant on a 95% level, ** = significant on a 99% level   

Appendix	  21	  –	  Comparing	  forecast	  errors	  for	  women	  in	  	  non-SAD	  and	  SAD	  periods 
Female 
analysts 

Absolute forecast error Grouped forecast error 
N 

Median Mean Median Mean 
Non-SAD 0.15 0.22 -0.03 -0.02 112 

SAD 0.26 0.37 -0.06 -0.10 127 
Difference -0.10** -0.15** 0.04 0.08  

*   = significant on a 95% level, ** = significant on a 99% level   

Appendix	  22	  –	  Forecast	  errors	  over	  time	  for	  reports	  on	  volatile	  and	  stable	  stocks 
 Median absolute forecast error Median grouped forecast error N 

stable 
N 

volatile 
 Stable Volatile Difference Stable Volatile Difference 

2008 0.31 0.38 0.08 0.31 0.24 0.07 76 129 
2010 0.17 0.29 0.11** -0.16 0.24 0.40** 45 38 
2011 0.16 0.70 0.54** 0.04 0.68 0.64** 124 23 
2012 0.26 1.97 1.71** -0.26 -1.97 1.72** 160 53 
2013 0.15 3.28 3.13** -0.14 -3.28 3.14** 180 18 

*   = significant on a 95% level, ** = significant on a 99% level   Observations for means are omitted for simplicity as they match observations for medians 
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Appendix 23 – Example of analyst report disclosure 

 

 

 


