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Abstract
Financial analysts tend to demonstrate herding behaviour, which sometimes compromises
accuracy. A number of explanations spanning rational economic logic, cognitive biases,
and social forces have been suggested. Relying on an experimental setting where
participants forecast future earnings from a rich information set, we posit and obtain
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support for individual risk tolerance (or lack thereof) as an explanatory variable for
herding behaviours. Specifically, less risk tolerant individuals forecast with less boldness
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and instead issue forecasts in agreement with the consensus forecast. The results are
argued to be at least partially a product of cognitive biases and an intuitive reaction to
uncertainty.
Keywords: Boldness; cognitive bias; intuition; news asymmetry; experiment
JEL Classification Code: G41
1 Introduction
‘Who herds? Who doesn’t?’ The questions have been implicitly asked during many years
of research on financial analysts’ earnings forecasts and recently Huang, Krishnan, Shon,
& Zhou, (2017) very explicitly posed the questions in the title of their article in a leading
accounting journal. Although the questions are explicit, the answers remain elusive,
primarily because explanations have related to the circumstances under which individuals
herd more or less rather than on the characteristics of these individuals. In this paper, we
seek to complement the current literature by expanding the potential explanations of
variation in herding behaviours to also include variation in the personal characteristics of
the analysts.
An example of a paper claiming but not aiming to answer the question of who herds is the
above-cited study by Huang et al. (2017). The authors very explicitly answered the
questions in their title (‘Who Herds? Who Doesn’t?’) with the finding that herding
propensity varies across time, forecast horizon, analyst following, broker/employer size
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and forecast order. While these factors are very specific to the task and content of
conducting financial forecasts, they relate very little to the characteristics of the persons
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producing these forecasts or their cognitive processes. A similar lack of focus on
individuals is found in other contributions explaining variation in herding behaviour with
reputational reasons (Holmes et al., 2013), releases of macro data (Galariotis et al., 2015),
regulation limiting selectively disclosed information (Hahn & Song, 2013; Mensah &
Yang, 2008), opaqueness of firms’ information environment (Leece & White, 2017),
analysts’ access to information (Christensen et al., 2017), analyst affiliation (Xue, 2016),
brokerage size (Clement & Tse, 2005; Jegadeesh & Kim, 2010), the number of industries
followed (Clement & Tse, 2005), firm earnings uncertainty (Song et al., 2009), dispersion
across recommendations (Jegadeesh & Kim, 2010), forecast revision frequency
(Jegadeesh & Kim, 2010), forecast horizon (De Bondt & Forbes, 1999), analyst's prior
accuracy (Clement & Tse, 2005), fee concerns (Trueman, 1994), career concerns (Clarke
& Subramanian, 2006; Clement & Tse, 2005; Hong et al., 2000; Nolte et al., 2014),
experience (Clement & Tse, 2005; Hong et al., 2000; Youssef & Rajhi, 2010), and trust
building (Kadous et al., 2009).
It is clear from the above that many of the previous studies focus on variables that differ
between each individual, such as prior forecast errors and experience; however, these
variables describe the individuals in their job situation and do not relate to their
personalities more generally. There are two notable exceptions not listed above. One is
Kumar (2010), who found that female analysts issue bolder forecasts. However, the
explanation given is that only the best potential female analysts enter the profession due
to a perception of discrimination in the analyst labour market; that is, the results were
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argued to be an effect of biased self-selection rather than traits relating to typical female
personalities. The other exception is Jiang et al. (2017), who found that analysts
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supporting the Republican Party are less likely to issue bold forecasts, that is, they are
more likely to exhibit herding behaviour. The authors’ key theoretical argument was that
analysts who are most strongly aligned with the Republican Party are likely to possess
conservative traits and thus prefer the status quo. This makes them cautious about
interpreting new information and about updating their beliefs and, therefore, they do not
stray from the consensus.
Our study is related to that of Jiang et al. (2017), since we focus on a personal
characteristic closely related to conservatism, that is, individuals’ general risk tolerance. 2
We hypothesize and find that the least risk-tolerant analysts – most likely the most
conservative – issue less bold forecasts. However, we arrive at our hypotheses using
theoretical arguments with a strong link to the psychological mechanisms of the
individuals. This allows us to provide a detailed account of why some individuals will not
be cautious in relation to new information, as implied by Jiang et al. (2017), but could, in
fact, rely heavily on information from ‘the pack’. Using students as analysts in an
experimental setting that aims to reflect important dimensions of real-world contexts, this
paper is the first to theorize about and empirically support the importance of the so-called
herd instinct (Hirshleifer & Hong, 2003, p. 25) often hinted at in the literature on analyst
earnings forecasts.

2

Risk tolerance refers to participants’ perceived willingness to take risks based on a 10-point Likert scale
(from not willing to take risks to very willing to take risks).
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We define herding behaviour as ‘the propensity of analysts to follow the consensus’
(Welch, 2003, p. 374, l 2 fb.). We also refer to making bold forecasts or, rather, to the
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boldness in forecasts, as being the opposite of forecasting close to the consensus estimate
(herding). Relying on theories and positions in social psychology, such as group
conformity (Asch, 1951, 1952, 1956), social comparison theory (Festinger, 1954), and
partly behavioural decision theory (Einhorn & Hogarth, 1981; Kahneman 2011), we
argue that individuals with lower risk tolerance feel a greater need for safety in their
decision making. A search for safety could have a number of consequences for
individuals forecasting future earnings. They may rely heavily on past earnings to predict
future earnings (since these are objective), current developments (since these point
towards the future), or management forecasts (since management may have inside
knowledge). However, by drawing on arguments from the social psychology literature,
we suggest that individuals will rely heavily on forecasts made by their peers. In other
words, the lower their risk tolerance, the more likely they are to follow their peers rather
than make bold forecasts based on their own processing of information about the
company. This hypothesis is the paper’s first and primary hypothesis.
This paper also seeks to add depth by developing theory regarding the differences in the
strength of this relation depending on the strength of external stimuli. Specifically,
considering findings in the psychology literature presenting the ”general principle across
a broad range of psychological phenomena’ that, in individuals’ minds, ‘bad is stronger
than good’ (Baumeister et al., 2001, p. 323), the characteristics of news (bad or good)
asymmetrically likely affect the relation stated in the first hypothesis. Therefore, it is
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argued that the positive relation between risk tolerance and boldness in forecasts is
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moderated so it is amplified by bad news. This is our second hypothesis.
In line with other recent top journal contributions studying psychology-related
mechanisms relevant to the behaviour of accounting and finance professionals (e.g.
Chang et al., 2016; Emett & Nelson, 2017; Kumar, 2010, 2015; Rennekamp et al., 2015),
we test and find support for our two hypotheses via an experimental setting using 289
business graduate students. Although the participants are not professional financial
analysts, they do possess important analyst characteristics, such as knowledge of financial
accounts and the limitations pertaining to earnings predictability. Furthermore, we believe
that our theory and tests are relevant to the study of analysts conducting forecasts in a
real-world setting, since our hypotheses rely on arguments related to deeply rooted
mechanisms in individuals conducting earnings forecasts rather than related to market
specificities. Even if these mechanisms have different degrees of importance in a realworld setting for professional analysts, since a multitude of other factors also play
important roles (see above), we believe that the mechanisms of our hypotheses still apply
to some extent. And possibly, to an even greater extent in a real-world setting, where the
stakes are higher, potentially increasing the compulsion to seek safety by leaning on one’s
peers.
The experimental method allows us to provide controlled stimuli and directly observe the
resulting forecasts. The experiment follows a 2×2 between-subjects design. All
participants receive a rich information set. In one treatment, half of the participants
additionally receive a consensus estimate before revising forecasts. In the other treatment,
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half of the participants receive bad news about the company before revising forecasts
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while the other half receive good news.
We presume, in accordance with Kahneman’s (2011) two-system theory (System 1 being
the fast, intuitive decision making system and System 2 being the slower, more elaborate
decision making system), that financial analysts, like the rest of us, have limited
attentional resources. Therefore, we find it likely that financial analysts do not spend
cognitive efforts to deliberate on the usefulness of herding in all forecasting situations.
Our main theoretical contribution lies in exploring the mechanisms related to the herd
instinct often hinted at but not yet investigated in prior literature. Specifically, we develop
the notion that individuals in a stressful, ambiguous situation seek safety by following
their peers and that this tendency is most pronounced for individuals who are generally
less risk tolerant. We follow Jiang et al. (2017) in advancing theory pertaining to the
influence of innate (rather than trained or experience-based) individual characteristics on
herding behaviour. In doing so, we respond to reviews on financial analyst forecasts
(FAFs) that have called for more research on the role of individual analysts’ personal
characteristics in forecasting behaviours (e.g. Bradshaw, 2011; Ramnath et al., 2008). The
academic implications of this emerging strand of research are that herding behaviour
cannot be explained solely using strictly rational arguments of information cascades or
intentional herding for strategic and reputational reasons. This, in turn, implies that, in
practice, measures taken by brokerage houses and public authorities to curtail herding
should reflect the fact that emotions and intuition can make analysts respond in
unanticipated ways to regulation and financial incentives. Hence, more customized
interventions directed at financial analysts to change their instinctive behaviours could be
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necessary if changes in behaviour are sought. Alternatively, biased forecasts could –
given the suggested inherency – be accepted as a fait accompli and published along with
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analyst-specific data, allowing investors to adjust for such biases. This will further allow
recruiters to add this dimension to their hiring strategy to the extent that they see fit.
In arriving at our theoretical contribution, we also provide a methodological contribution
by developing a methodology for studying earnings forecast herding in an experimental
setting. We are inspired by Welch (2000, p. 394), who, in the closing comment of a much
cited paper, argued that, with access to ‘information sets available to individual analysts
when making decisions, one could discriminate between true herding and information
that is simply received simultaneously and interpreted likewise by two analysts’.
Specifically, we conduct a first round of earnings forecasts where all the participants
receive identical information and, then, in a second round, we give half the participants a
consensus with which they can herd. We use the other half of the participants to establish
estimates of how those given a consensus would have forecasted in its absence. Each
individual receiving a consensus is thus compared to one or more individuals in the
control group who behaved similarly in the first round. The design requires many
participants but provides significant internal validity benefits and should, therefore, be of
interest to researchers embarking into experimental research on herding.
2 Background, theory, and hypothesis development
2.1 Herding behaviour
The phenomenon of herding behaviour has a long history and is, broadly, the tendency of
individuals to follow others when making decisions as a reaction to uncertainty (Keynes,
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1930/1982). Because people generally seek to avoid uncertainty 3 (e.g. Hogarth, 1975),
herding behaviour is widespread in many contexts. However, Keynes’ implication of
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herding behaviour being associated with risk avoidance strategies as a hard-wired instinct
of survival is not directly tested in modern world tasks, where survival is a given.
In modern world tasks in the financial domain, the previous literature has provided a wide
range of explanations for why people herd, both in financial markets in general and in the
specific context of FAFs (for reviews, see, e.g. Baddeley, 2010; Bikhchandani & Sharma,
2000; Cont & Bouchaud, 2000; Devenow & Welch, 1996). The explanations can be
divided roughly into three groups differing in terms of the degree to which herding is
perceived as being rational, bounded rational, or irrational.
One group of explanations holds as a central tenet that market participants are strictly
rational and make decisions that are rational, purposive, and oriented towards a goal of
economic welfare. This group includes economists who have generally presented herding
as a rational result of a sophisticated logic that follows the principles of Bayesian
updating and information cascades (Anderson & Holt, 1997; Bikhchandani et al., 1998;
Scharfstein & Stein, 1990). Consistent with a rational view on herding, financial analysts
might herd because they rely on other analysts to have superior information or superior
skills (e.g. Clement & Tse, 2005; Guttman, 2010; Kim et al., 2011). This tendency is
sometimes referred to as informational herding and is broadly considered rational.

3

However, prospect theory (Kahneman & Tversky, 1979) suggests a general tendency of people to behave
(more) riskily in the loss domain.
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A second group of explanations is in agreement with Simon’s (1955, 1979) idea of
bounded rationality. Here, the view that individuals act in ways that are not always
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optimal in an economic sense but may be rational in a wider context is acknowledged.
This could be because they seek other goals, such as pleasure or satisfaction, but these
cannot be achieved because of cognitive constraints (Stanovich, 1999). In the grey area
between perfect rationality and this view entailing bounded rationality lies the concept
referred to as strategic herding. Here, external factors are argued to cause analysts to have
strategic incentives, such as career concerns, which in some cases make a forecast close
to the consensus the better choice (Hong et al., 2000). Asch (1951, 1952, 1956) relied on
a less narrow view of rationality, which is the most pronounced in the psychology
literature. Asch’s series of experiments showed that most people conform to a group,
even when they realize the group’s answer is wrong. Asch argued that, even when the
choice to follow a group creates mental conflicts in the individual (because the individual
realizes that the group’s answer is wrong), this conflict is resolved by reasoning that the
choice of a majority should be correct. Furthermore, this argument is coherent with
Festinger’s (1954) social comparison theory, which suggests that people generally
compare themselves to others to evaluate themselves, especially in situations with high
uncertainty. Many years later, this view is still significant in the literature and Turner’s
(1991) work on social influences has argued that numbers are less influential than the
consensus. Similar ideas have been reflected in the literature on financial markets, in
which Shiller (1995) argued that, even after people make all the correct calculations along
the way, social influence alone can result in their making the wrong choices at the end by
herding towards the group.
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While Asch, Festinger, Turner, and Shiller explained herding as a phenomenon that can
be seen as (bounded) rational and, in fact, optimal if one considers non-economic social
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goals, recent experimental studies have suggested explanations that can be considered
suboptimal. These explanations have been argued to result from cognitive biases, causing
the information value of consensus to be weighted too heavily (Libby & Rennekamp,
2012; Seybert & Bloomfield, 2009). Some studies have further sought to explain herding
with reference to emotions, leading to heuristics (see, e.g. De Bondt, 1999, who touches
upon this idea in the context of financial analysts’ herding behaviour). According to this
view, the fear of standing out from the crowd seems to dominate the benefit of staying
true to one’s own beliefs. In the literature on evolutionary biology, it has been argued that
one reason for the extent of the fear of standing out could be that, historically, it was lifethreatening to not be part of a group (e.g. Keynes, 1930/1982; Simon, 1990). This finding
implies that herding is just as likely to be an intuitive reaction to uncertainty as it is to be
the result of conscious choice. Thus, a consensus estimate in the context of financial
forecasts is viewed not only as a strategic reference point or an aggregated information
signal but also as a clue that one can intuitively follow to make a choice that feels safer.
This paper supports the view that no single theory, explanation, or rationality paradigm
can cover all aspects of herding behaviour. Thus, we aim to provide a targeted
contribution that complements the focus of prior literature by adding a tenet of possible
explanations of herding behaviour more related to the intuitive System 1 then the
elaborate System 2. Therefore, this paper focuses on a rather limited subset of
explanations based on social psychology and, in particular, cognitive biases, as well as
the notion that herding occurs partly as an intuitive reaction to feeling uncertain about the
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decision one is about to make. As Baddeley, Burke, Schultz, & Tobler (2010, p.7, l. 9 fb.)
argued, ‘When people are influenced by social information then this may reflect an
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interaction between a deliberative learning process and a more instinctive, affective,
emotional response’. While neuroscientific tools are probably needed to accurately
distinguish the effect of instinctive response from conscious intentions, we argue in the
following that individuals’ risk tolerance is likely an important antecedent of unconscious
herding behaviours.
2.1.1 Individual risk tolerance and herding behaviour
Risk tolerance is considered an individual characteristic that influences how people make
decisions under (risk and) uncertainty in various contexts (Brockhaus, 1980). Although it
is generally agreed that individuals dislike risk (e.g. Hogarth, 1975), the level of risk
tolerance differs among individuals and hence the same stimulus can lead to different
reactions by different individuals. Furthermore, how individuals perceive and react to risk
appears to be a very ingrained personal trait sometimes attached to emotions
(Loewenstein et al., 2001; Slovic, 1999). Some studies even suggest that risk tolerance is
genetically influenced, because it varies between individuals but remains somewhat stable
over time (e.g. Andersen et al., 2008) and even over generations (Zyphur et al., 2009).
In a setting with rich information (including management forecasts, prior earnings, or
recent developments), various mental shortcuts, such as representativeness bias, the
availability heuristic, as well as anchoring and adjustments (Tversky & Kahneman,
1974), can simultaneously affect the decision making of individuals to various degrees,
depending on each individual’s personal characteristics, such as risk tolerance. Research
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on humans’ herding behaviour in general (including research on herding in financial
markets), shows widespread evidence that herding is at least partly a response to feeling
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insecure about how to process the presented stimuli (Baddeley, 2010). Given this
aversion towards the unknown – described by Shefrin (2002) as fear of the unknown in
relation to ambiguity – individuals are likely to use the availability heuristic, which
entails relying intuitively on information that is more available to the mind, including (but
not limited to) information perceived to be salient because it comes from a group to
which one belongs (Gilovich et al., 2002; Kahneman, 2011; Tversky & Kahneman,
1974). This tendency suggests that individuals who most dislike uncertainty and risk are
the most likely to herd, because they use the availability heuristic more and rely on
information that is salient and thus easily available to the mind.
This idea is formally stated in the first hypothesis, as follows.
H1: Individuals’ risk tolerance is positively associated with the boldness of their
forecasts.
2.2 Asymmetries caused by (bad/good) news
Some studies have observed asymmetric patterns in FAF behaviour created by different
reactions to negative versus positive market information (e.g. Easterwood & Nutt, 1999).
Studies relying on archival data (e.g. Basu, 1997, Elliot et al., 1995) found that financial
analysts use information inadequately more often in market upturns than in market
downturns. Along the same lines, other studies (e.g. Beyer, 2008; Conrad et al., 2006)
concluded that financial analysts are more likely to downgrade when prices decrease than
to upgrade when prices increase. This asymmetric behaviour has often been argued to
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occur because management delays bad news relative to good news and, hence, a stronger
reaction to bad news than to good news is rationally expected in FAFs, since the forecasts
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contain more information.
Nonetheless, we suggest that at least part of the explanation is that individuals process
positive and negative news differently and consequently react differently. This assertion
is based on research across various fields finding that ‘bad’ is stronger than ‘good’ and
that people are usually unaware of this asymmetry within themselves (for a review, see
Baumeister et al., 2001). For instance, experimental studies have found that negative
information is more processed, weighted more strongly, and provokes larger amplitudes
in brain responses compared to positive information (Abele, 1985; Anderson, 1965; Ito et
al., 1998; Peeters & Czapinski, 1990). This asymmetry is observed even in (mundane)
everyday events (Nezlek & Gable, 2001), in which the magnitude of the events seems to
play only a modest role (Hajcak et al., 2006). These latter findings suggest that
individuals’ asymmetric reactions to negative information relative to positive information
is unconsciously generated and perhaps evolutionarily adaptive (Baumeister et al., 2001).
Along the same lines, Kahneman (2003) suggested that the brain decides quickly whether
something should be perceived as good or bad, supporting the idea that intuition rather
than more elaborate thinking is provoked.
Based on the aforementioned good/bad asymmetry, we expect that an individual will feel
more exposed if underreacting to bad news in an earnings forecast context than if
underreacting to good news. This is because overlooking obviously negative information
about the future of a firm is likely to be intuitively perceived as careless behaviour,
whereas overlooking positive information is likely perceived as being careful. Therefore,
This article is protected by copyright. All rights reserved.

people who receive bad news prior to a forecast revision are likely to perceive that they
are exposed to more risk or uncertainty than people who receive good news. Thus, we
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expect that the type of news (good or bad) related to the company in question moderates
the relation between individual risk tolerance and boldness in forecasts so that the
difference in reactions between more and less risk tolerant individuals is more obvious
when bad news is presented than when good news is presented. This idea forms the
second hypothesis of this paper, as follows.
H2: The positive relation between risk tolerance and boldness in forecasts is
stronger when bad news is presented prior to forecast revisions (compared to
good news).
3 Methodology
The hypotheses are tested on data collected via an experiment. This method allows us to
provide exact stimuli and directly observe individuals’ forecasting outcomes (for
examples of when experiments are particularly beneficial in financial accounting, see, e.g.
Libby et al., 2002).
3.1 Design and Tasks
The participants are given a two-step task of forecasting earnings per share (EPS) for a
given firm (see Appendixes A to D for the experimental materials). In step 1, all of the
participants receive the same information about the firm in focus and are asked to make a
one-year-ahead EPS forecast. This forecast in step 1 is called F1 and forms the baseline.
In step 2, the participants are told that two quarters have passed since their first forecast
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and they must now revise the EPS forecast based on newly released information. This
revised forecast in step 2 is called F2. The newly released information varies along two
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treatment dimensions: consensus versus no-consensus and bad news versus good news. In
other words, half of the participants receive a consensus estimate while the other half, the
control group, do not. Furthermore, half of the participants receive good news about the
firm’s outlook while the other half receive bad news. Thus, the participants are randomly
split into one of the four groups, as illustrated in Figure 1.
(FIGURE 1)
FAFs are conducted under ambiguous conditions, in the sense that various types of
information are available and must be processed. The aim is to reflect similar
characteristics of ambiguity in the design of a forecasting task. Therefore, roughly two A4
pages with both qualitative and quantitative information are presented in step 1. Closely
simulating a real-world task, we largely copy actual information for an existing listed
firm 4. The information contains various publicly available information, such as historical
financial performance, strategy, a chart illustrating historical stock prices, expectations
about the future of the industry, and a statement that the firm’s management expects EPS
in the range of 2.25–2.35 for year 1. In other words, the experiment contains a rich
information set and thus trades off some simplicity in design for higher external validity.
Given the 2×2 design, four groups receive slightly different information in step 2, with
some information in common. All the participants are informed that the first quarterly

4

The firm’s identity is hidden to avoid potential bias (e.g., representativeness heuristic or confirmation
bias). No participant gave the impression of knowing the identity of the underlying firm, neither in the
written answers nor in debriefings.
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report for the firm was roughly as expected and that the second quarterly report was just
released. Furthermore, some highlights from last year’s second quarterly report are
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presented together with a statement from the CEO clarifying that the firm maintains its
expectation for year 1, that is, an EPS of 2.25–2.35. This management estimate is kept
constant for all participants, regardless of the treatment, to isolate the treatment effect,
meaning that the groups vary only along two treatment dimensions: consensus versus no
consensus and good news versus bad news. We seek to vary elements as little as possible,
since even variations that should theoretically have no economic effect on the outcome of
the person making the forecast sometimes have considerable influence (e.g. Andersson &
Hellman, 2007).
3.1.1 Treatments
Consensus versus no consensus: Half of the participants receive a consensus estimate
(2.14) and are told that this estimate is the result of a revision performed after the release
of new information. The other half of the participants do not receive the consensus
estimate and are merely a control group to establish the effect of the consensus estimate,
that is, to obtain a measure of forecast boldness. Thus, hypothesis tests are only
performed on the half of the participants who receive a consensus estimate, since this
group is the only one able to herd towards the consensus estimate.
Good news versus bad news: All of the financial numbers in this year’s second quarterly
report are manipulated equally upwards (good news group) or downwards (bad news
group) in absolute terms compared to last year’s second quarterly report. Furthermore, the
qualitative information (statement from the CEO) is either positive and indicates a
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positive earnings outlook (good news group) or negative and indicates a negative
earnings outlook (bad news group). Although the numerical information of the quarterly
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reports can be manipulated without substantial asymmetry, we recognize that perceptions
of the written text (CEO statement) can be subjective and can therefore vary in perceived
magnitude among the participants. To minimize this variation, we allow only a few words
to differ between the two groups in the news treatment.
3.2 Participants
The participants are 289 business graduate students enrolled in a course on financial
statement analysis and valuation. On average, the participants are 25 years old (with also
a median of 25 years), 27% are female, 38% invest in stocks, and 67% have a part-time
job (57% in investment/trading, accounting, or corporate finance). Libby et al. (2002)
argued that students with sufficient knowledge of the task can and should be used as
participants. Students in the financial course cited should be quite familiar with the task
of forecasting EPS and with the biases generally present in financial markets. 5
It could still be argued, however, that students are less sophisticated users of financial
information than professional analysts. Therefore, students are likely to trust the
consensus estimate more if it is framed as having been conducted by professional
analysts, because students likely expect professionals to have superior skills and
information. This assumption is consistent with findings in social psychology that

5

See Koonce and Mercer (2005) for further discussions of students as surrogates for sophisticated
participants. See also Whitecotton (1996), in which professional analysts are found to have greater
optimistic bias than MBA students.
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individuals are more likely to conform to the behaviour of a group if it is viewed as more
skilled (Bandura, 1965; Festinger, 1954). We strive to alleviate this potential issue by
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framing the information so that the participants perceive the consensus estimate as
coming from ‘colleagues’, that is, people at the same level as themselves. This choice
also aligns with the theoretical perspective of herding towards members of one’s group.
Untabulated results of tests of the data collected indicate that the students most akin to
novices (based on relevant courses and experience) do not forecast significantly more
closely to the consensus forecast than the more skilled students. This finding indicates
that, even if our participants do perceive the consensus as coming from people with
superior forecasting skills, they do not weight it more heavily than those students who
should consider themselves more akin to professionals. Nonetheless, we recognize that at
least some of the students might still consider the consensus estimate to be the work of
professionals but we believe that our approach minimizes such connotations.
In an ideal world, we would have used professional analysts as participants in the
experiment. However, with limited access to professional analysts, we chose to use a
large number of students who are expected to be adequate for two reasons. First, their
education and employment make them share certain characteristics with professional
analysts. Second, the hypotheses investigated pertain to cognitive biases, which are likely
to pertain to professionals as well as students. As a supplement to the robustness checks,
we find that the hypotheses hold equally well for those students most akin to
professionals (those investing in stocks and holding jobs within domains related to
financial analysts) as for those least akin to them.
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3.3 Procedure
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The experiment was completed on paper in class. Only pens and calculators were allowed
as aids. The participants were given limited time to complete the experiment. 6 Following
standard guidelines in economic experiments, very little verbal introduction was provided
prior to the actual experiment. In the experimental material, a more substantial written
introduction was included (see Appendix D). At that point, it was again stipulated that
participation was on a voluntary basis, together with other standard experiment rules
where noncompliance would lead to exclusion from the experiment and losing the
opportunity to receive monetary compensation.
Participation in the experiment included potential monetary gains in line with tradition in
experimental economics. This reward is expected to enhance participants’ efforts in the
experiment and thus help capture natural behaviours. Inspired by Davis and Holt (1993,
Chap. 2), we included a lottery offering few but relatively high stakes to motivate people
to make an effort. The lottery chances are based on performance, the choices made
throughout the experiment, and luck combined. Therefore, the participants were not given
any direct monetary incentives to play strategically with their forecasts, that is, to stand
out from the other participants or to follow management or the consensus estimate. Nor
were they directly incentivized to be accurate with their forecasts, although the intention
of the payment structure is to imply, without explicitly stating so, that accuracy can be
beneficial.

6

Pre-tests indicated how to set the time limit to balance the time pressure (as professional analysts also
experience) but still obtain predominantly complete answers. Answers from pretests are excluded from the
final sample.
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We follow the experimental instructions of Libby and Rennekamp (2012, p. 208, footnote
13) and denote all earnings from the experiment in an experimental currency (‘coins’),

Accepted Article

where the exchange rate (together with the choice of lottery) is unknown until the end of
the experiment. Participating in the experiment offers a chance to earn 2,000 coins
convertible into lottery tickets. All the lottery prizes are $286.
The week after executing the experiment, debriefings and lottery draws were
(transparently) conducted in the classroom. In total, 10 participants won the lottery and
each winner received $286, corresponding to approximately 62% of their average selfreported monthly disposable income ($395). Because Andersen et al. (2008) found risk
tolerance to sometimes vary with personal finances, we checked but found no income
effect.
At the debriefing, no one expressed any concerns about the specific calculation of coins;
nor did anyone question whether the best solution to the forecasting task was also the
most accurate.
3.4 Measurements and descriptive statistics
3.4.1 Boldness
According to Bernhard, Campello, & Kutsoati (2006, p. 658, l. 11 fb.), ‘herding amounts
to biasing a forecast away from an analyst’s best estimate, toward the consensus forecast
of earlier analysts; while anti-herding amounts to biasing a forecast away from that
consensus’. We construct a measure of boldness (anti-herding) with which we aim to
reflect how much each participant is affected by the consensus estimate given. First, for
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each individual in the consensus group, we start by identifying all the participants in the
control group who submitted a similar F1. We then compare F2 for each participant in the
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consensus group with the average F2 of the matched participants from the control group,
who, apart from not receiving the consensus estimate, received identical information.
This enables us to estimate the direct effect of the consensus estimate and thus allows for
the recognition of boldness in forecasts.
We define similar forecasts as forecasts that differ by less than 0.10. 7 For example, if a
participant in the consensus group stated an F1 of 2.10, this participant is matched with
all participants from the control group who stated an F1 within the interval 2.00–2.20. We
perform this step separately for each participant in the consensus group.
The measurement of boldness for each individual in the consensus group measures the
degree to which F2actual is close to F2pure relative to the consensus, as follows:
Boldness = |(F2actual – Consensus)|/|(F2pure – Consensus)|
where
F2 actual = actual revised forecast for each individual in the consensus group
Consensus = consensus estimate of 2.14 given to the consensus group
F2 pure = average of the revised forecast for the matched participants in the control group

7

The results generally persist if the interval is changed. We tried intervals of 0.05 and 0.15. The results are
available on request.
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Furthermore, if Boldness > 1 or if F2pure < Consensus < F2actual or F2pure > Consensus >
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F2actual, we assign the boldness measure a value of 1.
Because we cap the formulas at a value of one, the measure of boldness in forecasts can
only have values between zero and one. If F2 for the consensus group is exactly the
consensus (i.e. F2actual = Consensus), the formula assigns a zero, reflecting the least bold
forecasts (i.e. most herding). If the value of F2 for the consensus group moves away from
that of the matched participants in the control group and towards consensus (i.e. F2pure <
F2actual < Consensus or F2pure > F2actual > Consensus), the boldness measure takes on a
value between zero and one, depending on the extent to which it moves. Hence, a value of
0.5 reflects a value of F2 for the consensus group exactly between that of the matched
participants in the control group and consensus. Furthermore, if the value of F2 for the
consensus group moves away from that of the matched participants and away from the
consensus estimate (i.e. F2actual < F2pure < Consensus or F2actual > F2pure > Consensus), it
is assigned a value of one by the formula, reflecting the boldest forecasts. Finally, a group
of participants (42 observations) moves away from the value of F2 of their matched
participants and states an F2 value on the other side of the consensus estimate (i.e. F2pure
< Consensus < F2actual or F2pure > Consensus > F2actual). In line with Clement and Tse
(2005), we perceive this group as having extreme boldness 8 and thus assign these a value
of one.

8

If we do not assign these 42 observations a value of one but, instead, use the formula, the general results
still hold but decrease slightly in strength.
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A small number of participants (15 observations of the aforementioned 42) also move in a
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direction contradictory to the news signal received (i.e. F2pure < Consensus < F2actual for
bad news or F2pure > Consensus > F2actual for good news). We are sceptical about whether
their behaviour should be perceived as ignorant instead of extremely bold and therefore
drop these 15 observations. 9
Because our measure of boldness in forecasts requires at least one observation in the
control group to have a difference of 0.1 or less from the F2 of each participant in the
consensus group, we lose 17 observations that do not meet this requirement. In all, we
havea total sample of 115 observations with a measure of boldness.
3.4.2 Risk tolerance
The measure of risk tolerance is based on answers to the following question from the
Socio-Economic Panel Study (SOEP, e.g. Dohmen et al., 2005; Wagner et al., 2007): 10
How do you see yourself: Are you generally a person who is fully prepared to take
risks or do you try to avoid taking risks? Please write a number between 1 and 10,
where 1 means ‘not willing to take risks’ and 10 means ‘very willing to take
risks’.

9

If these 15 observations are included, the general results still hold, except for the regression analyses in
the robustness checks, where the difference between coefficients for Risk Tolerance in the two news groups
becomes nonsignificant. This finding is further demonstrated and discussed in Section 4.

10

The original measurement is an 11-point scale, on which zero is also an option. However, we reduced it
to a 10-point scale (removing the zero option) to exclude a midpoint option.
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This measure has been widely used to determine individual risk tolerance as a
personal trait to predict behaviour (e.g. Caliendo et al., 2014; Weber et al., 2012).
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Although sometimes criticized by the economics literature for being too
subjective and not directly incentivizing participants to respond according to their
true preferences, this measurement was recently validated by a number of studies
comparing risk measures across literatures and domains. The authors concluded
that this measure is the best all-round predictor of risky behaviour across various
domains (Dohmen et al., 2005, 2011; Wagner et al., 2007). In the experiment of
Dohmen et al. (2011), the measure was compared to other popular risk measures,
including revealed preference measures such as lottery choices, and was proven to
outperform other measures in terms of predicting behaviour. These results were
further supported by Lönnqvist et al. (2015). Additionally, Charness et al. (2013)
argued that this measure might be more applicable in experimental settings to
reflect real world behaviour than measures frequently used in economic
experiments.
We drop one participant who did not respond to this question, for a total of 128
observations for risk tolerance (allowing a varying sample size among variables by not
performing list-wise deletions). Descriptive statistics and correlations (including also the
control variables used in various robustness checks) are shown in Table 1, Panel A.
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3.5 Manipulation and other checks
After the participants completed the main task, we checked the overall understanding of
the experiment. A total of 78.2% of the participants wrote that the experiment was about
behavioural finance, risk perception, expectations, decision making, or similar topics,
reflecting good general attention and understanding. However, six participants indicated
that they might have understood what theory and hypothesis the experiment is designed to
test by writing keywords such as influence from others or adjustments to news. Rerunning
the main analyses without these participants shows largely the same results (available on
request), so we keep these observations to maintain the sample size.
3.5.1 Treatment effects
To test the effects of the treatments and to validate the measurement of boldness, we
investigate how the participants respond to the consensus treatment. We generally expect
the consensus group – those who in addition to the company information also receive a
consensus estimate of 2.14 – revise their forecasts significantly closer to 2.14 than the
control group. In agreement with our expectations, the results of a t-test support that
participants in the consensus group revise their forecasts significantly more closely to the
consensus estimate with a mean distance to consensus of 0.33, compared to a mean
distance to consensus of 0.54 for the control group (t-stat. = 4.25, two tailed).
Furthermore, we find that the absolute difference between the F2 value in the consensus
group and that of their individually matched participants in the control group is
significantly different from zero (t-stat. = 5.57). This finding suggests that the consensus
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estimate causes a behavioural difference between the two group’s F2 values. We
therefore conclude that the consensus treatment provides additional information to the
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consensus group, as expected, and that the measurement of boldness in forecasts reliably
captures the intended effect.
Furthermore, we want to test whether the characteristics of news (good vs. bad) received
prior to the revision affect the participants’ forecasting behaviour. In this test, the control
group (the group that does not receive a consensus estimate) is excluded. As reported in
Table 1, Panel B, the mean of F2 for the good (bad) news group is 2.15 (1.92), just above
(slightly below) the disclosed consensus estimate. This difference is statistically
significant (t-stat. = -2.25, two tailed), suggesting that the news treatment has the
anticipated effect.
As expected, the measure of risk tolerance does not vary significantly with any treatment
in the forecasting task, confirming the randomization effect. The results are available on
request.
3.6 Analyses and results
As stated in H1, an individual’s risk tolerance is expected to be positively associated with
boldness in forecasts. This hypothesis is tested on the 115 consensus group participants
for whom Boldness can be measured. To allow for t-tests, the participants are split into
two groups based on the median value of Risk Tolerance, where a value greater than six is
assigned a one (more risk tolerant) and zero otherwise (less risk tolerant).
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In Table 2, the results of the t-test (first column, total sample) show that the least risktolerant group has a mean Boldness value of 0.58, whereas the most risk-tolerant group
has a mean Boldness value of 0.81. The two means are significantly different at the 1 %
level (t-stat. = -3.14, two tailed). The results support H1. 11 Additional tests of sensitivity
to this procedure of splitting the sample by the value of six on the risk tolerance scale
largely reveal the same results. Specifically, splitting at a value of five yields the same
results at a 5% significance level (t-stat. = -2.26), while splitting at a value of seven yields
the same results at a 10% significance level (t-stat. = -1.78). Thus, the results support the
hypothesis that individuals who are generally more willing to take risks are less likely to
herd towards the consensus when making earnings forecasts.
Hypothesis H2 predicts that the type of news (good vs. bad) received prior to forecast
revisions moderates the relation between individual risk tolerance and the boldness in
forecasts. The relation is expected to be stronger for the bad news group than for the good
news group. To test this assumption, the sample is split based on the news treatment and
the tests of H1 are rerun. The results (second and third columns in Table 2, bad news and
good news, respectively) show a significant difference in the degree of boldness between
the forecasts for the least risk-tolerant group and those of the most risk-tolerant group in
the subsample of participants receiving bad news prior to forecast revision (t-stat. = -3.76,
two tailed). However, the significance disappears when the same test is conducted for the
subsample receiving good news prior to forecast revision (t-stat. = -0.99, two tailed).

11

The same results are found using nonparametric (Wilcoxon signed rank) tests.
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These results are generally in agreement with H2, in that the relation between individual
risk tolerance and the boldness in forecasts is more pronounced when bad news is
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received prior to forecast revision.
4 Robustness checks
In this section, we test the robustness of the main results using regression analyses to
allow for control variables and to further understand whether the coefficients of the two
news groups are statistically significantly different from each other. We also check
whether the main results of our hypotheses are robust to alternative methods of measuring
boldness and other methods of analysis. Finally, the main tests are rerun based on only a
subsample, which allows for the subtraction of one dimension of confidence that could
interact with individual risk tolerance. This step is to ensure that confidence is not driving
the results (rather than risk tolerance).
4.1 Alternative measure of boldness
Studies relying on archival data cannot isolate the informational effect of a consensus
estimate on individuals’ forecasting behaviour as the experimental method in this study
allows us to do. Therefore, a common way of measuring boldness in earnings forecasts in
the FAF literature is by the ranked absolute distance from each individual’s (revised)
forecast to the consensus estimate (e.g. Hong et al., 2000). Inspired by these studies, we
measure the distance of the revised forecast (F2) to the consensus estimate (2.14) for the
consensus group and rank each distance relative to the other participants in the consensus
group (i.e. the control group is excluded). This measure is called Boldness2 and is treated
as a continuous variable.
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The t-tests related to hypothesis testing are rerun and all the results (available on request)
still hold, suggesting support for both hypotheses, even with a less nuanced measurement
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of boldness in forecasts. In the next section, we include control variables and rerun
regression analyses separately for both measurements of boldness. Descriptive statistics
and correlations for Boldness2 and all the control variables are included in Table 1.
4.2 Regression analyses
We further test the hypotheses using ordinary least squares regressions. In addition to
allowing for control variables, this model allows for a more sophisticated statistical test of
H2. The regression results are presented in Table 3.
4.2.1 Controls
Experience and skills can influence boldness in forecasts (Clarke & Subramanian, 2006;
Jegadeesh & Kim, 2009; Jiang & Verardo, 2013; Leone & Wu, 2007). To control for
aspects of experience and skills, we follow the use of proxies in prior literature on FAFs
(e.g. Dearman & Shields, 2005) and include four variables: the first, Course, equals one if
a participant already passed one or more accounting/finance courses at the graduate level
and zero otherwise; the second variable, Grade, reflects the participant’s grade point
average from bachelor’s studies on a five-point scale, with three being around the median
for the year and a higher number reflecting a better grade point average; the third
variable, Invest, takes the value of one if the participant invests in stocks and zero
otherwise; and the fourth variable, Job, equals one for participants with a relevant parttime job and zero otherwise.
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The variables Boldness (Boldness2) and RiskTolerance have a positive correlation of 20%
(23%). None of the control variables are significantly correlated with any of the main
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variables.
4.2.2 Results
As stated in H1, we expect individual risk tolerance to be positively associated with
boldness in forecasts. This hypothesis is tested on the 115 participants in the consensus
group, using an ordinary least squares regression with Boldness as the dependent variable
and Risk Tolerance as the main independent variable. Further, the four control variables
described above are included. Hereafter, the test is rerun but including Boldness2 as the
dependent variable. Table 3, Panel A, shows the results of the following models:
Model 1a, Boldness = α0 + β1 RiskTolerance + β2 Job + β3 Invest + β4 Grade + β5 Course + εi
Model 1b, Boldness = α0 + β1 RiskTolerance + β2 News + β1 RiskTolerance*News + β2 Job + β3 Invest +
β4 Grade + β5 Course + εi
The full model nonsignificantly explains 8% of Boldness in the forecasting task (F(5,
100) = 1.80, p < 0.12). The variable Risk Tolerance explains Boldness significantly with a
coefficient of 0.05, suggesting that more risk-tolerant individuals are more likely to make
bold forecasts (away from the consensus estimate) than are less risk-tolerant
individuals. 12 This finding is in agreement with our predictions in H1. However, all the

12

As often implied in the literature, males are generally more risk tolerant than females. Thus, as expected,
additional analyses reveal that Risk Tolerance is significantly correlated with gender (22%) in our data as
well. We therefore implement an interaction term between Risk Tolerance and gender in the regression
model, but this interaction term turns out to be highly nonsignificant in explaining Boldness (coefficient =
0.01, t-stat. = 0.25, p-value = 0.80). Therefore, the relations between individual risk tolerance and gender do
not seem to be driving the results.
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controls are nonsignificant, suggesting that the model might improve if some variables
were dropped. Using backwards selection, we apply different combinations but the other
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versions of the full model decrease R2, whereas the significance of Risk Tolerance
persists. Forward selection yields the same results. A variation inflation factor test reveals
no sign of multicollinearity, with the highest (mean) variation inflation factor being 1.10
(1.04) and, thus, below the recommended ceiling of 10 (Kutner et al., 2004). 13
(TABLE 3)
We rerun the regressions with Boldness2 as the dependent variable. Table 3, Panel B,
shows the results. The results still generally support H1; however, this model is
statistically significant, unlike the model in which Boldness is included as the dependent
variable. This finding suggests that we might improve the explanation of what determines
the boldness in forecasts by including controls only when the measurement of boldness in
forecasts cannot isolate the behaviour from other factors. For both measures of the
dependent variable (Boldness and Boldness2), Risk Tolerance is only significant in the
group receiving bad news. Although the difference between the coefficients for Risk
Tolerance in the two subsamples (bad vs. good news) is significant for the model
including Boldness, is it nonsignificant when Boldness2 is included as the dependent
variable. This finding suggests that the results of H2 are less robust, whereas the results
for H1 seem very robust.

13

All the main variables (but none of the controls) are treated as normal, based on a Shapiro–Wilk test for
normality and a skewness and kurtosis test for normality. Furthermore, Risk Tolerance shows no sign of
endogeneity based on a Durbin–Wu–Hausman test.
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4.3 Rerunning the main tests on subsamples
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4.3.1 Sophisticated sample
In the methodology section, we discuss the potential consequences of using students as
substitutes for financial analysts. Although we would need a sample of professional
analysts to conduct a direct test, we can still perform additional tests to address this
potential concern further.
First, we test whether participants who herd more towards the consensus forecast have a
tendency to be less sophisticated than the rest. If this is the case, then it is very likely that
we would find the same difference between (sophisticated) students and professional
analysts. This also addresses the question of whether our attempt to frame the consensus
forecast in the experiment as a forecast made by equally skilled individuals is successful.
If the students perceive the consensus forecast as having been made by professionals
(with greater forecasting skills), we should expect the students to strongly follow the
consensus forecast. However, only 20 participants in the total sample (less than 7%) made
a forecast of 2.14, equal to the consensus forecast. Furthermore, we do not find any
statistically significant difference between the skills and experience of this group
compared to the rest of the sample, as measured by the four controls (listed in Section 3).
Running a regression analysis with these four independent variables, we do not find any tvalue greater than 0.92 for any of the variables.
Second, we rerun the tests (t-tests and regression analysis) of the main hypothesis on
different subsamples representing the group of the most sophisticated students, again
based on our four proxies for experience and skills. All the tests support the hypothesis
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that individual risk tolerance is negatively related to herding behaviour. We test all 16
possible combinations of the sophisticated subsamples and find only one in which the
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significance decreases to the 10% level, which could partly be due to the considerably
reduced sample size. Based on the discussion in section 3 and the results from the
robustness checks addressed here, 14 we are confident that the use of graduate business
students as participants is suitable for the purpose of this study.
4.3.2 Confidence
Prior studies have suggested that risk tolerance and confidence are overlapping constructs
that can be difficult to separate (e.g. Loewenstein et al., 2001; Slovic, 1999).
Furthermore, Moore et al. (1999) and Menkhoff et al. (2006) found that some aspects of
confidence 15 affect herding behaviour in fund managers’ trading decisions. We therefore
retest the hypotheses on a subsample while controlling for a dimension of confidence
sometimes referred to as the better-than-average effect (Svenson, 1981).
Immediately after the forecasting task is completed, the participants are asked to evaluate
their own performance in the task on a five-point scale relative to how they expect others
performed. 16 Inspired by the methods of Niederle and Vesterlund (2007), we rerun our
tests but include only the 49 participants who evaluate their own performance as ‘around
average’ (three on the five-point scale).

14

The results are available on request.

15

Referred to as the illusion of control and positive illusions.

16

Since this task is performed immediately after the forecasting task, the participants’ perceptions of their
own performance could be affected by the treatment group to which they were assigned in the forecasting.
We therefore test for this effect but find none on this measurement of better-than-average effects.
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The results from t-tests in Table 4 on the relevant subsample are roughly the same as for
the full sample, supporting H1. When the sample is split according to the news treatment,
the significance persists for the bad news group but disappears for the good news group,
suggesting support for H2. We believe that this attempt to remove a potentially
confounding dimension from the main results adds credibility to the findings from the
primary analyses.
5 Conclusions
This study concentrates on decision making under uncertainty, which is comparable to the
environment of financial analysts in the process of conducting (earnings) forecasts. The
literature on FAFs is concerned with so-called biases, such as herding behaviours, since
these can decrease the usefulness of forecasts by compromising accuracy. Because
herding behaviour is a common phenomenon, improved understanding of how personal
characteristics such as individual risk tolerance can impact it is important.
In this paper, we predict that less risk-tolerant individuals are more likely to herd towards
consensus with their forecasts than more risk-tolerant individuals are. Furthermore, this
relation is expected to be more pronounced when bad news is received prior to a forecast
revision than when good news is. We rely on theories mainly in the behavioural and
social psychology literature. We find support for our predictions by testing them based on
a 2×2 between-subjects experimental setting using 289 business graduate students.
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While other elements, such as informational herding (expecting others to have superior
information or skills) or strategic herding (e.g. reputational advantages) are very likely to
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be at play in a real-world setting, this experiment holds such effects constant, at zero.
Therefore, our results demonstrate that the herding behaviour of individuals conducting
financial forecasts can also be connected to mental shortcuts and behavioural biases,
leading to a more intuitive reaction based on personal characteristics such as individual
risk tolerance. While prior literature focuses on explanations of herding that arise from
elaborate thinking (System 2), such as in strategic herding, we focus on herding that
stems from more intuitive behaviours (System 1) and thus add to the literature by
broadening the perspective of herding behaviour in financial forecasts.
This paper contributes to a growing literature that generally suggests that personal
characteristics, traits, and emotions affect decision making to a much greater extent than
reflected in the literature. Thus, expanding the view beyond perfectly rational agents and
relying more on bounded rationality and suboptimal decisions in the pursuit of
understanding the herding behaviours of financial analysts could push the literature in the
desired direction (e.g. the call for more research of Bradshaw, 2011). Therefore, future
research should be concerned with the degree to which observed biases in FAFs (e.g.
herding behaviour, optimism- or conservatism bias) at the individual level can arise from
more unconscious mechanisms, such as intuition, cognitive biases, and emotions.
Extension of our knowledge on this matter could serve as important input to improve the
usefulness of FAFs as proxies for future movements in the stock market.
Furthermore, this paper speaks to brokerage houses and public authorities aiming to
curtail herding. If intuition plays a more pronounced role than previously assumed,
This article is protected by copyright. All rights reserved.

analysts exhibiting herding behaviour are likely to continue on that path, even if external
incentives change. Hence, more customized interventions directed at financial analysts to
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change their instinctive behaviours could be necessary if changes in behaviour are sought.
In this respect, measures inspired by nudging theory and the related choice architecture
literature designed to alter unconscious actions (Thaler et al., 2014) could prove more
fruitful than measures aimed at changing behaviour assumed to follow individual
analysts’ private profit maximization.
Alternatively, given their prominence suggested in previous contributions and the
inherency suggested and demonstrated in this study, biased forecasts could be accepted as
something that is not possible to affect in predictable ways. The implications of such an
attitude of surrender would be that measures should be taken not to change analyst
behaviour but, rather, to provide investors with rich analyst-related information, enabling
them to adjust and weigh in on the estimates of analysts on an informed basis. Similar to
IQ and personality tests that companies use today to evaluate potential new employees,
information about the individual risk tolerance of candidates for financial analyst
positions could be helpful in adding a secondary but strategic dimension for recruiters.
The experimental methods in this paper have the advantage of controlling information
and isolating herding behaviours from confounding factors and thus more directly
associating herding behaviours with individual risk tolerance. Although we carefully
designed the task to mirror the high information complexity that professional analysts
must process, our design discounts the opportunity to directly observe and test the effects
of strategic and reputational herding. In other words, we traded the opportunity to observe
such effects for the greater internal validity of our results. We consider internal validity
This article is protected by copyright. All rights reserved.

pivotal because, untraditionally, we seek to investigate mechanisms on intuition that
make herding prevail even when there is no direct incentive to herd. Future research is
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needed to broaden our understanding about the relation between herding due to
circumstances (e.g. strategic herding) and herding due to personal characteristics (e.g. risk
tolerance causing intuitive reactions to uncertainty). The effect that this paper finds by
focusing on System 1 thinking could be a moderating effect in studies focusing on
System 2. However, this remains unknown until future research can at least answer the
questions of when and how a financial analyst determines that it is worth the effort of
System 2 thinking to complete the task of earnings forecasting.
A clear limitation of this study is that the experimental setting relies on forecasts from a
single-round setting (including two forecasts for each participant) without feedback on
performance. It could be interesting to see whether the results persist in a setting with
multiple rounds and immediate feedback, where learning effects are likely to be present.
Nevertheless, it was assessed that the implementation of multiple rounds could bias the
results through spillover effects, for example. Although we do not find any effects of our
results on the level of experience of the participants, we cannot directly test whether a
learning effect would decrease or increase individuals’ tendency to rely on intuition. A
decrease could occur because solving the task for the first time might demand more
cognition than solving it for the second or third time. On the other hand, an increase could
occur due to intuitive thinking increasing with experience of the task, because it can result
in more comfort and hence decrease individuals’ perceived need for more elaborate
analyses. In the latter case, the results of this paper are likely more generalizable than
expected, but future studies in this area are essential to make conclusions on this matter.

This article is protected by copyright. All rights reserved.

Appendix A

Accepted Article

AVAILABLE INFORMATION TO ALL PARTICIPANTS PRIOR TO STATING THEIR
FIRST FORECAST (F1)
Forecasting Tas
On the next page you are asked to state your one-year-ahead earnings per share (EPS)
forecast for a particular company. Today is year 0 and you are asked to forecast EPS for
year 1.
EPS = Net Income / Number of Shares
The company is an actual listed company but in this experiment you will just know it as
“The Firm”.
Company info:
The Firm was founded in 1892 and operates today through 842 stores in the United
States, and 157 stores in Canada, Europe, Asia, and Australia. The Firm is within the retail
industry with clothes as the main product line. The Firm’s products are considered to be
medium-price. The sales are highly seasonal and usually peak in the spring and fall.
Approximately 25 % of The Firm’s total revenue comes from online sales. According to
The Firm: “The brand is our lifestyle, our focus—the value of having a great brand is farreaching and cannot be overstated—it’s a snowball effect”.
Industry info:
The industry is known by its intense competition between its many players which is
characterized by very volatile earnings and volatile stock prices. Within the last five years
The Firm has experienced many new competitors which can be of future threat according
to The Firm itself: “In light of the competitive challenges we face, we may not be able to
compete successfully in the future. Further increase in competition could reduce our sales
and harm our operating results and business”.
This figure illustrates the development in stock prices for The Firm in the last ten years:

This article is protected by copyright. All rights reserved.

Accepted Article

The Firm’s Income Statement from the annual report.
(year 0 = current, year -3 = three years ago)

Expectations for the industry:
The National Retail Foundation (NRF) says its retail sales forecast for year 1 predicts a
growth of 4.1% (3.7 % year 0). Online sales are expected to increase between 9% and
12% this year.
The NRF President and CEO said: “Improvements in economic growth combined with
positive expectations for continued consumer spending will put the retail industry in a
relatively good place in year 1. Though headwinds from the looming debates about the
debt ceiling, increased health care costs, and regulatory concerns still pose a risk for
both consumers and retailers”.
Expectations of The Firm:
The Firm partly explains the EPS level at year 0 by unusual expenses due to
restructuring costs as well as an ongoing lawsuit about management ethics. The Firm
expects little or no restructuring costs and no impact from the lawsuit in year 1. The
Firm forecasts EPS for year 1 to be in the range of $2.25 to $2.35.
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Appendix B
AVAILABLE INFORMATION TO THE PARTICIPANTS IN THE CONSENSUSTREATMENT GROUP (ADDITIONALLY RECEIVING A CONSENSUS ESTIMATE)
THAT RECEIVED BAD NEWS PRIOR TO STATING THEIR REVISED FORECAST
(F2) 17
New information in the market
The first quarterly report for year 1 was roughly as expected. The second quarterly
report for year 1, which just got released, reveals the following numbers.
Highlights from the second quarter report, year 0 and year 1, in thousand $:

Year 0, Q2

Year 1, Q2

Revenue

945,698

890,605

Gross profit

604,122

552,956

Operating income/EBIT

19,165

17,493

Net Income

11,371

10,877

After the release of the second quarterly report the CEO of The Firm said in a press
release: “Because of a continued challenging environment, our sales for the second
quarter were somewhat below plan.“ However, The Firm does not revise their total
expectations for year 1.
On the other hand, based on 14 estimates from your colleagues, expected EPS for The
Firm at year 1 is downgraded to an average (consensus) of $2.14.
Please revise your EPS forecast for The Firm for year 1 (If you do not deem a revision
necessary, please write your forecast from the prior task again).

17

The items of information that vary across treatments are underlined (but there is no underlining in the
original materials available to the participants).
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(NOT RECEIVING A CONSENSUS ESTIMATE) THAT RECEIVED GOOD NEWS
PRIOR TO STATING THEIR REVISED FORECAST (F2) 18
New information in the market
The first quarterly report for year 1 was roughly as expected. The second quarterly report
for year 1, which just got released, reveals the following numbers.
Highlights from the second quarter report, year 0 and year 1, in thousand $:

Year 0, Q2 Year 1, Q2

Revenue

945,698

1,000,791

Gross profit

604,122

655,288

Operating income/EBIT

19,165

20,837

Net Income

11,371

11,865

After the release of the second quarterly report the CEO of The Firm said in a press
release: Despite a continued challenging environment, our sales for the second quarter
were somewhat above plan. However, The Firm does not revise their total expectations
for year 1.

18

The items of information that vary across treatments are underlined (but there is no underlining in the
original materials available to the participants).
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Appendix D
WRITTEN INSTRUCTIONS TO THE EXPERIMENT
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Figure 1
An Illustration of the Steps and how Information is Distributed between Participants in
the Forecasting Task.
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Panel A. Overall descriptive statitstics and correlations
This table presents descriptive statistics and pairwise correlations (Pearson's- and Spearman's correlations
generally reveal the same results). Panel A presents those for all observations while Panel B presents
decriptives for the subsample. Boldness refers to the level of boldness (anti-herding) a participant acts with
by their revised forecast (F2). The measure matches a participant from the treatment group (those receiving
a consensus estimate in the experimental materials) with participants from the control group (those not
receiving a consensus estimate in the experimental materials) with a similar baseline (stating the same first
forecast (F1)), to asses the level of influence the consensus estimate has. Boldness is a continuous measure
taking values between 0 and 1 with larger numbers meaning a greater level of boldness (less herding). Risk
Tolerance refers to the participants' perceived willingness to take risks based on a 10-point Likert scale (not
willing to take risks to very willing to take risks). Larger numbers means more willing to take risk. Job is a
dummy variable where 1 is assigned if a participant has a relevant part-time job (i.e. within the areas of
accounting or finance) and zero otherwise. Invest is a dummy variable where 1 is assigned if a participant
actively invests in stocks and zero otherwise. Grade reflects the participants' grade point average from their
bachelor degrees on a five-point scale where 3 reflects a grade point average around the median for the
year. Larger numbers means better grades. Course is a dummy variable where 1 is assigned if a participant
already passed a master-level accounting or finance course and zero otherwise. The first two variables
(Boldness and Risk Tolerance) are considered the main variables of the study whereas all other variables are
used as control variables for robustness checks. All variables include only the treatment group
(approximately half the total sample) and n varies due to no list-wise deletion. Stars indicate significance on
level: *** p < 0.001, ** p < 0.05, * p < 0.1.
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Panel B. Detailed descritive statistics for F1 and F2
This table presents descriptive statistics (n, mean, median and standard deviation) for F1
and F2 for the Control Group and the Treated Group, respectively. Furthermore, in italics,
descriptive statistics for F2 and are reported for the sub-group of the treated group for
which there was a near-match on F1 in the control group, giving rise to observations with
a meaningful boldness measure. All statistics are reported for the total sample and
seperately for the two groups in the news treatment, bad news and good news
respectively.
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Table 2. T-tests of differences in Boldness between the two groups of Risk Tolerance
Notes: Results of t-tests of differnces in means of Boldness between two groups of Risk Tolerance.
Boldness and Risk Tolerance are defined in Table 1. Less risk tolerant and more risk tolerant refers to the
variable Risk Tolerance split by median, where more risk tolerant (less risk tolerant) refers to the group
with an above (below or at) median answer. Results are presented for the total sample and for the two
groups in the news-treatment respectively. The total sample is split in two groups where the Bad news
(Good news) group refers to those participants that are presented with a negative (positive) outlook about
the future of the firm in the experimental materials prior to making a forecast revision (F2)). T-statistics (ttests) and z-statistics (Mann-Whitney tests) are reported for two-tailed tests. Stars indicate significance on
level: *** p < 0.001, ** p < 0.05, * p < 0.1.
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Bad news

Good news

n

Mean

n

Mean

n

Mean

Less risk tolerant

61

0.58

28

0.47

33

0.68

More risk tolerant

54

0.81

22

0.86

32

0.77

t-stat.

-3.14 ***
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-3.76 ***

-0.99
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z-stat.

-2.73 ***

-3.14 ***

-0.83

Table 3. Regression analyses of Risk Tolerance on Boldness including controls
This table presents regression results of Risk Tolerance on Boldness. All variables are defined in Table 1.
Panel A shows regression results where Boldness is the dependent variable for the following two models;
Model 1a: Boldness = α0 + β1 RiskTolerance + β2 Job + β3 Invest + β4 Grade + β5 Course + εi; Model 1b:
Boldness = α0 + β1 RiskTolerance + β2 News + β1 RiskTolerance*News + β2 Job + β3 Invest + β4 Grade +
β5 Course + εi. Panel B shows regression results where Boldness2 is the dependent variable for the
following two models; Model 2a: Boldness2 = α0 + β1 RiskTolerance + β2 Job + β3 Invest + β4 Grade +
β5 Course + εi; Model 2b: Boldness2 = α0 + β1 RiskTolerance + β2 News + β1 RiskTolerance*News + β2
Job + β3 Invest + β4 Grade + β5 Course + εi. Boldness2 is an alternative way to capture the level of
boldness (anti-herding) of each participants revised forecast (F2). Boldness2 refers to the absolute distance
between a participants revised forecast (F2) and the consensus estimate given in the experimental materials
(an estimated average of 2.14 based on the forecasts of 11 others) ranked relatively to the other participants.
Larger numbers means a greater level of boldness (less herding). Results are presented for the total sample
and for the two groups in the news-treatment respectively. The total sample is split in two groups where
Bad news (Good news) refers to those participants that are presented with a negative (positive) outlook
about the future of the firm in the experimental materials prior to making a forecast revision (F2)). Model
statistics are reported seperately for each model at the end of the table. Tests of difference between
coefficients (Bad news vs. Good news) are two-sided. Stars indicate significance on level: *** p < 0.001, **
p < 0.05, * p < 0.1.
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PANEL B: Boldness2 as
dependent variable
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Table 4. T-tests of differences in Boldness between the two groups of Risk Tolerance
tested on a subsample
This table presents results of t-tests of differnces in means of Boldness between two groups of Risk
Tolerance. Boldness and Risk Tolerance are defined in Table 1. Less risk tolerant and more risk tolerant
refers to the variable Risk Tolerance split by the median, where more risk tolerant (less risk tolerant) refers
to the group with an above (at or below) median answer. All tests are based on a subsample including only
those participants that consider their own performance in the forecasting task around average compared to
how they think the others did in the same task. To elicit the assesment of the participants own performance,
they make answers on a five-point scale with the middlepoint (3) being that they consider their own
performance around average. Thus, Total sample in this table includes only those 49 participants who
consider their own performance around average. Results are presented for the total sample and for the two
groups in the news-treatment respectively. The total sample is split in two groups where the Bad news
(Good news) group refers to those participants that are presented with a negative (positive) outlook about
the future of the firm in the experimental materials prior to making a forecast revision (F2)). T-statistics (ttests) and z-statistics (Mann-Whitney tests) are reported for two-tailed tests. Stars indicate significance on
level: *** p < 0.001, ** p < 0.05, * p < 0.1.

Total sample

Bad news

Good news

n

Mean

n

Mean

n

Mean

Less risk tolerant

22

0.46

11

0.42

9

0.51

More risk tolerant

27

0.78

9

0.91

13

0.73

t-stat.

-2.96 ***

-3.22 ***

-0.41

z-stat.

-2.64 ***

-2.36 **

-0.48
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