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Abstract We employ an innovative methodology suggested by Bernhardt et al. (J. Fi-
nanc. Econ. 80:657–675, 2006) to examine the herding (or anti-herding) behavior of
German analysts regarding earnings forecasts. This methodology avoids well-known
shortcomings often encountered in related studies, such as correlated information sig-
nals, unexpected common shocks to earnings, systematic optimism or pessimism, or
forecast target mismeasurement. Our findings suggest that German analysts anti-herd,
that is, they systematically issue earnings forecasts that are further away from the con-
sensus forecast than their private information indicates. Furthermore, we analyze the
association between herding behavior and different characteristics, including the size
of the brokerage, general or firm-specific experience, and the coverage of firms on
the Neuer Markt. We mainly confirm findings for the United States, for example, that
anti-herding is more severe in cases of higher competition among analysts. Contrary
to anecdotal evidence, we also find anti-herding behavior in earnings forecasts for
Neuer Markt firms during the “new economy” bubble.
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1 Introduction

Security analysts play an important intermediary role in financial markets. They eval-
uate public information, such as annual reports, or semi-public information and issue
their analysis outcomes as recommendations and earnings forecasts to the market. In
this way, they help market participants assess firm value. In an ideal world, analysts
would issue unbiased forecasts representing their best estimate of future earnings.
These unbiased forecasts could then be efficiently processed into security prices,
which would guarantee a high level of informational efficiency of capital markets.
However, it is doubtful whether analysts in the real world actually do issue unbiased
earnings forecasts.

Indeed, security analysts are often accused of issuing biased forecasts that do not
fully reflect their best estimate and thus reduce the information conveyed to market
participants. On the one hand, analysts are accused of acting in a herd-like manner.
In this paper, “herding” is to be understood as issuing a forecast that is biased toward
the extant consensus forecast. On the other hand, analysts could show the reverse bias
and anti-herd. For example, if analysts wanted to stand out from the crowd, they could
bias their best estimate away from the consensus and overemphasize their private
information. In both cases—herding and anti-herding—earnings forecasts would not
be accurate representations of analyst knowledge about future earnings and could thus
lead to “poorer information aggregation” (Welch 2000). This situation could drive
security prices away from their intrinsic values, reduce the degree of capital market
efficiency, and contribute to a higher level of security price volatility.1 To assess the
functionality of capital markets it is thus important to empirically investigate whether
analysts engage in herding or anti-herding behavior.

In this study, we examine the herding behavior of German analysts using a new
methodology suggested by Bernhardt et al. (2006). Although other studies have ana-
lyzed herding behavior in the German context, most notably Löffler (1998), their find-
ings are potentially plagued by well-known problems, such as correlated information
signals, unexpected common shocks to earnings, systematic optimism or pessimism,
or forecast target mismeasurement. The new methodology employed in this paper is
robust to these problems. In addition, we shed light on the question of whether Ger-
man analysts act similarly to US analysts and on whether the tendency of German
analysts to herd is associated with certain analyst, brokerage, or firm characteristics.
Finally, our study offers evidence across a longer and more recent sample period than
do existing studies, which do not examine the last 10 years of forecast data for this
important capital market.

1See, e.g., Walter and Weber (2006), Bikhchandani and Sharma (2001), De Bondt and Forbes (1999), and
Scharfstein and Stein (1990) for possible consequences of herding behavior.
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Our evidence suggests that in the sample period, 1994–2005, German analysts
released earnings forecasts that were on average biased away from the consensus.
Approximately 60% of forecasts were either above or below both the consensus and
realized earnings. It thus seems that analysts do not have a tendency to underweight
their private information by herding on the extant consensus forecast but, instead, do
overweight their private information to differentiate themselves from other analysts,
thus engaging in anti-herding behavior. Our conclusions remain valid when we an-
alyze subsamples based on time period, analyst or firm characteristics, or forecast
revisions (instead of revisions and reiterations). As a result, our findings corroborate
those of Bernhardt et al. (2006), Chen and Jiang (2006), and Zitzewitz (2001) on
US analysts. However, as all other studies, except Bernhardt et al. (2006), could be
affected by the above-described problems, a direct comparison with them might be
inappropriate.

We find that the tendency to issue anti-herding forecasts increases with the num-
ber of analysts following a firm, but does not depend on the order in which forecasts
are issued or the time remaining until the earnings announcement. Interestingly, the
data suggests that earnings optimism decreases over time, which lends support to the
“earnings-guidance game” proposed by Richardson et al. (2004). In case of analyst
characteristics, we do not observe an association between brokerage size or analyst
experience and herding behavior. In contrast, the more firms or industries covered by
an analyst, the more likely the analyst is to engage in herding behavior. Our analysis
of firm characteristics brings to light that size is positively associated with analysts’
tendency to anti-herd, which could potentially be driven by the fact that more an-
alysts follow large companies. The price-to-book ratio appears unrelated to herding
behavior. Anti-herding behavior is much less pronounced for firm-years with negative
earnings. We report significant anti-herding behavior for Neuer Markt firms during
the “new economy” bubble, which contradicts popular opinion that analysts simply
herded on the extant consensus in this time period and thereby aggravated the cri-
sis. Finally, our findings indicate that earnings forecasts are biased, which could have
serious consequences for stock market efficiency.

We structure our paper as follows. In Sect. 2, we briefly review the existing liter-
ature. Section 3 outlines the methodology of Bernhardt et al. (2006). A description
of the data, the sample selection criteria, and descriptive statistics can be found in
Sect. 4. In Sect. 5, we present our empirical results. We conclude in Sect. 6.

2 Prior literature

A great deal of research addresses the tendency of economic agents to exhibit herd-
ing behavior, some of which is devoted to the herding behavior of security ana-
lysts.2 Starting with the theoretical literature, Bikhchandani et al. (1992) and Banerjee
(1992) show that when agents observe other agents’ decisions but not their informa-
tion signals, mimicking the forerunner’s decision might be rational, even if private

2For detailed reviews of the general herding literature, see, e.g., Spiwoks (2004), Hirshleifer and Teoh
(2003), Bikhchandani and Sharma (2001), Oehler (1998), and Devenow and Welch (1996).
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information suggests a different action. As private information is thus not completely
reflected in agents’ decisions, herding behavior imposes the social cost of a less
efficient information environment. Scharfstein and Stein (1990), Trueman (1994),
and Prendergast and Stole (1996) believe that herding behavior is related to career
concerns. In these models, agents herd to signal ability. More specifically, Trueman
(1994) shows that analysts may release earnings forecasts that are closer to the con-
sensus than their private information suggests so as to give the impression of high
forecasting ability. Trueman (1994) also asserts that analysts’ herding propensity re-
lates negatively to the ability to forecast earnings. In contrast, the theoretical findings
of Prendergast and Stole (1996) suggest that junior managers, who lack reputation,
exaggerate their private information and thus anti-herd in an effort to appear talented.
Once junior managers have built up reputation, however, they become reluctant to
overweight their own information and instead start to herd on the existing consensus
opinion.

The empirical literature on security analyst herding can be split into two groups,
with the first group focusing on stock recommendations. Welch (2000) reports that
recommendation revisions are positively associated with the consensus and the rec-
ommendation revisions of the two subsequent analysts. In addition, Jegadeesh and
Kim (2007) find that recommendation revisions are to a certain extent influenced “by
analysts’ desire to herd with the crowd.” Literature in the second group analyzes
herding behavior in quarterly or annual earnings forecasts. Zitzewitz (2001) uses a
regression-based approach to study the herding behavior of US analysts in the pe-
riod 1993–1999. Similarly to Chen and Jiang (2006), his evidence suggests that US
analysts exaggerate their private information and thus exhibit anti-herding behavior.

Empirical studies of European markets are rare.3 De Bondt and Forbes (1999)
examine UK analysts’ earnings forecasts between 1986 and 1997 and find strong
evidence of herding behavior. To the best of our knowledge, the herding behavior
of German analysts has to date been analyzed only by Löffler (1998), who finds no
herding behavior between 1988 and 1993. As Clement et al. (2003) argue, differences
in conclusions about herding across countries could stem from differences in culture
and corporate governance.

The above-mentioned studies have been criticized as their regression-based re-
search designs cannot control for well-known problems that could affect conclu-
sions. In particular, if analysts obtain similar, that is, correlated, information signals,
then earnings forecasts would not be independent and should by construction clus-
ter around a specific earnings value. In the same vein, if earnings are influenced by
a common shock shortly before their announcement, this would also explain why
they all either exceed or fall short of target. Finally, systematic optimism and forecast
mismeasurement—that is, differences in the definition of earnings between analysts
and firms—could also lead to the appearance of herding behavior. As we discuss
later, the test statistic of Bernhardt et al. (2006) controls for these problems. Using

3Most empirical studies of European markets focus on whether analysts show a tendency to issue op-
timistic or pessimistic earnings forecasts. For example, Bessler and Stanzel (2007), Henze (2004), and
Capstaff et al. (1998) report that German analysts’ earnings forecasts show an optimism bias, but they do
not directly examine herding.



Do German security analysts herd? 7

their test statistic on US analysts’ earnings forecasts between 1989 and 2001, Bern-
hardt et al. (2006) confirm the findings of Zitzewitz (2001), that is, they also find
strong anti-herding behavior. Surprisingly, however, the new methodology has not
yet been used to analyze herding behavior in non-US markets. Our study is a first
step in this direction.

A fairly recent strand of literature attempts to explain why certain analysts show
herding behavior and others exhibit anti-herding behavior. Hong et al. (2000) ob-
tain evidence indicating that less experienced analysts are more severely penalized
for poor and bold forecasts, leading them to herd more than experienced analysts.4

Clement and Tse (2005) report that analysts’ propensity to anti-herd increases with
general experience, prior accuracy, forecast frequency, forecast horizon, and broker-
age house size. In contrast, the propensity to anti-herd decreases with the number of
industries an analyst covers and with the number of days elapsed since the prior fore-
cast. Unfortunately, the definition of herding behavior applied in these studies could
suffer from problems similar to those criticized in the above described studies.

3 Methodology

In this study, we employ the simple, yet persuasive, methodology of Bernhardt et al.
(2006) to analyze the herding behavior of German analysts. This methodology does
not suffer from correlated information signals, unexpected common shocks to earn-
ings, systematic optimism or pessimism, or forecast target mismeasurement, prob-
lems that render it impossible to distinguish true (intentional) from spurious (uninten-
tional) herding. For example, in the case of correlated information signals, a finding
of herding could be spurious as analysts draw similar conclusions based on similar
information and thus arrive at the same forecast, but have not actually engaged in
herding to do so.

The idea behind the test statistic is as follows. Analysts observe public and private
information signals that they use when making their forecasts. Combining all rele-
vant information, analysts form probability distributions over earnings.5 The crucial
part in designing the herding test is the question of whether analysts issue unbiased
forecasts. Following Bernhardt et al. (2006), a “forecast is unbiased, if it corresponds
to the analyst’s best estimate of earnings given all available information.” An ana-
lyst’s best estimate is equal to the mean or median of her probability distribution over
earnings. The unbiased forecast serves as a benchmark against which all forecasts are
compared and it separates herding forecasts from anti-herding forecasts. A forecast

4Anti-herding forecasts are sometimes called “bold” forecasts. Clement and Tse (2005) define a bold
forecast as a forecast that is either above or below both the analyst’s prior forecast and the extant consensus.
Their definition of a bold forecast differs from the definition of an anti-herding forecast in Bernhardt et al.
(2006).
5In their study, Bernhardt et al. (2006) use the term “analysts’ posterior distributions over earnings.” As
one of our referees correctly pointed out, this term could be misleading, as it might suggest that analysts
use Bayesian techniques to update their prior beliefs, which is not required for the S statistic to produce
valid outcomes. In fact, analysts can form their expectations in any conceivable way. As a result, we avoid
the above term.
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will be considered a herding forecast if the analyst decides to bias her forecast away
from her best estimate in the direction of the extant consensus, in which case, the an-
alyst understates her private information. In contrast, if an analyst decides to bias her
forecast farther away from the outstanding consensus than suggested by her private
information, her forecast will be considered an anti-herding forecast. In this case, the
analyst overemphasizes her private information and tries to distinguish herself from
the consensus.

We test the null of unbiased forecasts (no herding) against the alternative of two
possible biases (herding or anti-herding). An unbiased forecast should be equally
likely to overshoot as to undershoot actual earnings, which must be true conditional
on anything in an analyst’s information set, e.g., the outstanding consensus forecast.
It follows:

Pr(Fτ > Aτ |Fτ > F̄τ ;Fτ �= Aτ ) = 0.5 and

Pr(Fτ < Aτ |Fτ < F̄τ ;Fτ �= Aτ ) = 0.5
(1)

where Fτ is the earnings forecast during a given firm-forecasting period τ, F̄τ is the
consensus forecast one day before the analyst publishes her forecast, and Aτ is actual
earnings announced at the end of the firm-forecasting period τ .6 If an analyst herds,
the conditional probabilities become

Pr(Fτ > Aτ |Fτ > F̄τ ;Fτ �= Aτ ) < 0.5 and

Pr(Fτ < Aτ |Fτ < F̄τ ;Fτ �= Aτ ) < 0.5.
(2)

An analyst who herds, moves away from her best forecast toward the consensus.
If the consensus is smaller than the analyst’s forecast, this implies that the chance of
overshooting earnings will be strictly smaller than 0.5. A similar logic applies to the
case where the consensus is larger than the analyst’s forecast.

In case of anti-herding, the following inequalities apply:

Pr(Fτ > Aτ |Fτ > F̄τ ;Fτ �= Aτ ) > 0.5 and

Pr(Fτ < Aτ |Fτ < F̄τ ;Fτ �= Aτ ) > 0.5.
(3)

The conditional probabilities are independent of analysts’ decision mechanisms,
which is a nice feature, as we cannot observe decision mechanisms. Instead, the
conditional probabilities exploit the statistical properties of analysts’ best forecasts,
which should be equal to the conditional expectation of the variable to forecast plus
an optimal bias, which is nonzero, if the variable to forecast is non-normally distrib-
uted and agents’ loss function is non-quadratic (see Patton and Timmermann 2007).

6It should be noted that the equations shown under (1) are not dependent on a specific (symmetric) proba-
bility distribution. These results hold even under skewed distributions and non-normal preferences. Differ-
ences between the optimal forecast and the median of the distribution can be treated as common shocks,
which—as we shall see—are canceled out through averaging. Consequently, in contrast to Gu and Wu
(2003) or Lim (2001), we do not have to specify a loss function, which would only restrict the generality
of our outcomes.
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However, as we discuss in footnote 6, the optimal bias is eliminated through averag-
ing and thus is of no consequence.

The test statistic S is the average of the sample estimates of the two conditional
probabilities shown in (1), (2), or (3). The estimate of the first conditional probabil-
ity is the number of earnings forecasts exceeding realized earnings conditional on the
earnings forecast exceeding the consensus over the total number of earnings forecasts
exceeding the consensus. The estimate of the second conditional probability is de-
fined accordingly. For the remainder of this paper, these two conditional probabilities
are called the conditional overshooting and undershooting probability, respectively.
Obviously, if analysts use all information efficiently, then S = 0.5. If analysts herd,
S < 0.5. If analysts anti-herd, S > 0.5. Note that the test statistic can be interpreted
as the degree of herding among security analysts.

The test statistic S is robust to the five previously discussed problems that can un-
dermine inferences. Under no herding or no anti-herding, systematic biases in either
direction do not occur because, if they did, the analyst could improve on her best
estimate by adjusting for the systematic bias. As a consequence, the test is robust
to information signal correlation. Similarly, the test is robust to the arrival of new
information within a forecasting cycle. Analysts who engage later in the forecasting
cycle may exploit more recent information. In addition, S is robust to cross-sectional
correlation of error terms under the null of unbiased forecasts. Cross-sectional corre-
lation occurs due to unexpected shocks that affect all firms, systematic optimism or
pessimism, and “forecast target mismeasurement.” In these cases, the cross-sectional
correlation leads to a systematic upward or downward bias in the two conditional
probabilities. However, the biases in the two conditional probabilities are always in
opposite directions and of equal magnitude and thus cancel each other out. Moreover,
S is robust to the analyst’s probability distribution being different from the distribu-
tion of observed earnings.7

As Bernhardt et al. (2006) show, the test statistic S is conservative in detecting
herding or anti-herding behavior, for two reasons. First, the mean of S is biased up-
ward (downward) to the null of unbiased forecasts under the alternative of herding
(anti-herding) behavior, which makes it harder to reject forecast unbiasedness.8 Sec-

7Bernhardt et al. (2006) show that the S statistic may be biased if reported earnings are influenced by
analysts’ forecasts and are thus no longer exogenously determined. The S statistic could also be biased
if analysts’ forecasts are more reflective of the present than of the future—a phenomenon that Andres
and Spiwoks (1999) call topically-orientated trend adjustment. Assume, e.g., that analysts’ forecasts are
always equal to the last reported earnings plus a creeping adjustment toward the conditional mean. In this
case, the S statistic would suggest that analysts herd, even though, in reality, the problem is that analysts
issue naïve forecasts. We test for a topically-orientated trend adjustment through the TOTA coefficient. The
TOTA coefficient is computed as the R2 from an OLS regression of the realized value of the variable to
forecast at the end of the forecast horizon on the forecast over the R2 of an OLS regression of the realized
value of the variable to forecast at the time the forecast is made on the forecast. A TOTA coefficient below
unity suggests a topically-orientated trend adjustment. As EPS are normally not available at the time the
forecast is made, we use the last reported EPS. For the whole sample, we find a TOTA coefficient that is
above unity. For subsamples based on firms or analysts, we find that the majority of TOTA coefficients are
above unity.
8Since systematic pessimism among analysts is identical to a positive exogenous shock to all firms’ earn-
ings, we shall hereafter refer to this bias in the mean of S under the alternative of anti-herding as the
“pessimism bias.”
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ond, the theoretically derived variance of the test statistic S depends on the cross-
sectional correlation in error terms and obtains its maximum when the cross-sectional
correlation equals zero, which is the value we assume when we compute the vari-
ance.9

4 Data, sample selection, and consensus construction

4.1 Data and sample selection

Analyst data are taken from the Institutional Brokers Estimate System’s (I/B/E/S) De-
tail History Database. These data should be free of survivorship bias, since earnings
forecasts from companies that either ceased to exist or are no longer covered by any
analyst can still be found in the database. Each observation in the database includes
the earnings forecast on an EPS basis, the company ticker, the individual analyst
code, and the broker code. Additionally, it contains the date on which the forecast
was entered into I/B/E/S, the fiscal year-end of the company for which the forecast
is provided, and the actual reporting date, i.e., the earnings announcement date. The
accuracy of the earnings forecasts can be evaluated using actual reported EPS, which
are also provided in I/B/E/S. For the purpose of the later analysis, note that we cannot
differentiate between individual analysts and analyst teams. We obtain share prices
from DataStream. Both DataStream and I/B/E/S data are adjusted for capital actions.
DataStream and I/B/E/S data are also adjusted for the Euro conversion using the ir-
revocably fixed exchange rates as of December 31, 1998.

Early I/B/E/S data suffer from the problem of systematic time lags between the
actual publication date of an analyst’s earnings forecast and its entry in the I/B/E/S
database. As Cooper et al. (2001) argue, Thomson Financial cannot exactly specify
the date on which forecasts were entered into I/B/E/S in 1993. We avoid this problem
by starting our sample period in 1994. Consequently, we consider the date on which
the forecast was entered into I/B/E/S as the date on which the forecast was made
publicly accessible. This guarantees that only those forecasts that an analyst was able
to observe with a one-day lag are included in the extant consensus, as suggested
by Zitzewitz (2001). Finally, our sample does not contain forecasts made for firm-
forecasting periods later than 2005, since a subset of firms had not yet reported their
2006 fiscal year earnings when the data were collected.

Our initial sample has 265,534 observations for the period from 1994 to 2005.
We include forecasts for all firm-forecasting periods if (1) they are made during
the corresponding fiscal year or (2) they are issued after the fiscal year-end but be-
fore the earnings announcement date. The firm-forecasting period can thus have a
maximum length of two years, depending on the earnings announcement date. We
delete earnings forecasts that are not made for the next fiscal year-end, thus dropping
128,943 observations. To facilitate cross-sectional comparison, we eliminate firms
whose fiscal-year end is not December, which results in a further reduction of the

9For more details on the properties of S and the calculation of variance, see Bernhardt et al. (2006).
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sample to 20,754. We also remove a small number of forecasts that are quoted in cur-
rencies other than Euros or Deutschmarks. We remove likely data entry errors from
the sample, e.g., we classify as likely errors observations whose forecast dates are
after the announcement dates (total of 14,450 observations). Some observations are
deleted from the sample because the same analyst issued two different forecasts for
the same firm-forecasting period on the same day.

In line with the prior literature (e.g., Bernhardt et al. 2006; Clement and Tse 2005;
Henze 2004; Zitzewitz 2001), all EPS forecasts and actual earnings are normalized
by the respective firm’s security price two days before the estimation date so as to
achieve better cross-sectional comparability. Since we analyze annual instead of quar-
terly forecasts, we follow Clement and Tse (2005) in using the security price two
days before the estimate date for normalization rather than Bernhardt et al. (2006),
who apply the security price prevailing at the end of the previous quarter. In line with
Clement and Tse (2005), we drop observations with an absolute normalized forecast
exceeding 0.10 and those exhibiting an absolute normalized forecast error of more
than 0.40. This reduces the sample by another 15,450 observations.

During the 1990s, I/B/E/S assigned an identical analyst identifier code to all ana-
lysts who covered the same market or industry segment. As proposed by prior studies
(Henze 2004; Löffler 1998), this problem can be circumvented by combining the an-
alyst code with the broker code, a combination that should result in a unique identifi-
cation code. We also discard forecasts made by analysts having an identifier code of
zero, indicating that the analyst vetoed an individual identification in I/B/E/S. During
the 1994–2005 time period, 14,370 forecasts were made by analysts with identifier
code zero. Following Löffler (1998), we also exclude forecasts made by the analyst
with the identifier code 2288 because she issued 3,272 forecasts between 1994 and
2003, an average of 327 forecasts per year. The analyst with the next highest number
of forecasts made less than 90 forecasts per year on average and thus Analyst 2288
appears to be an extreme outlier. Finally, the test requires each observation to exhibit
a consensus forecast, a normalized actual earnings value, and a normalized forecast,
requirements that decrease the sample by another 4,917 forecasts. Our final sample
consists of 77,279 forecasts over firm-forecasting periods from 1994 to 2005. A ta-
ble showing the selection criteria and their effect on sample size is available upon
request.

4.2 Construction of consensus forecast

To construct the consensus forecast, we order forecasts for a specific firm-forecasting
period by their release date. Prior forecasts by the analyst under consideration are
excluded from the respective consensus calculation, as the consensus should reflect
only other analysts’ views of the EPS. In addition, only the most recent forecast of
each analyst is considered, since it is this forecast that may contain valuable informa-
tion other analysts might want to incorporate into their subsequent forecasts. It seems
unlikely that an analyst observes and incorporates other analysts’ forecasts into her
own forecast without any time lag and we thus discard other analysts’ forecasts made
on the same day. Although this choice is consistent with Zitzewitz (2001), it con-
trasts with Clement and Tse (2005), who use a three-day lag. In line with Clement
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and Tse (2005), forecasts are included in the consensus calculation only if they were
published at most 90 days before the analyst under consideration issues her forecast.

5 Empirical results

5.1 Descriptive statistics

In Table 1, we see that an average of 14 German analysts cover a firm during a specific
forecasting-year. This contrasts with an average of 10 US analysts during a specific
forecasting-quarter, as shown in Bernhardt et al. (2006).10 However, US brokerage
houses (≈37 analysts) are on average much larger than their German counterparts
(≈13 analysts) when measured as the number of analysts employed during a specific
quarter or year, respectively. The higher average of analysts per firm for Germany
could be explained by the much smaller number of firms to be covered in Germany
(378) than in the United States (4,456).

The experience of German analysts, measured as the number of years an analyst is
included in the I/B/E/S database (≈2.7 years), is less than the experience of their US
peers (≈5.9 years), even though the German figures might be slightly understated due
to our definition of an individual analyst. As individual analysts are defined through
the combination of analyst identifier and brokerage code, an analyst who moves from

Table 1 Final sample descriptive statistics

Mean Std. Dev. p25 Median p75 Min Max

Number of analysts per firm
(by year)

13.9 13.9 3.0 9.0 21.0 1.0 65.0

Size of brokerage house (by
number of analysts)

12.6 10.6 3.0 10.0 19.0 1.0 68.0

General experience (in years) 2.7 1.9 1.0 2.0 4.0 1.0 15.0

Firm-specific experience (in
years)

2.3 1.6 1.0 2.0 3.0 1.0 14.0

Consensus error (in % of stock
price)

0.90 4.41 −0.64 0.16 1.44 −38.50 50.22

Forecast error (in % of stock
price)

0.77 4.38 −0.69 0.03 1.39 −36.61 39.97

The final sample includes 77,279 forecasts made for firm-years from 1994 to 2005. The number of analysts
per firm is calculated for each year. The size of the brokerage house is measured as the number of differ-
ent analysts employed by the brokerage house in a particular year. General experience and firm-specific
experience are both calculated starting in 1987 up to the year of the forecast date and signify the num-
ber of years that an analyst has been in the database or provided at least one forecast for a specific firm,
respectively. The consensus error and the forecast error are expressed as a percentage of the stock price
prevailing two days before the forecast date. Unlike the forecast error, the consensus error is not truncated
at 0.40 and −0.40, respectively

10All US figures in this section are obtained from Bernhardt et al. (2006).
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one broker to another effectively becomes a new analyst in our data set. German ana-
lysts’ firm-specific experience, measured as the number of years that analysts forecast
a specific firm’s earnings, is smaller than the corresponding general experience.

The consensus errors (0.90%) and the individual forecast errors (0.77%) of Ger-
man analysts are higher than those of US analysts (0.40% and −0.20%).11 However,
one should be cautious about concluding that German analysts perform worse than
their US counterparts, as Bernhardt et al. (2006) investigate quarterly earnings fore-
casts, whereas our data involve yearly forecasts. A shorter forecasting period should
lead to less uncertainty, which in turn should translate into a lower rate of forecast
errors (see, e.g., O’Brien 1990). Overall, however, our findings corroborate those of
Clement et al. (2003), who report that German analysts’ forecasting accuracy is rel-
atively poor compared to that of analysts from other countries. The positive sign of
the mean forecast error indicates that German analysts are on average too optimistic,
consistent with the empirical outcomes of Easterwood and Nutt (1999), De Bondt
and Forbes (1999), and De Bondt and Thaler (1990).

5.2 Herding behavior and forecast characteristics

Table 2 shows that German analysts exhibit significant anti-herding behavior. In par-
ticular, the herding parameter equals 0.583, which implies that 58.3% of the time an-
alysts release earnings forecasts that are biased away from the extant consensus. The
fact that analysts overemphasize private information in the direction away from the
consensus implies a higher volatility of earnings forecasts in the cross section com-
pared to unbiased forecasts. The point estimate is significantly different from 0.5 at
the 99% confidence level. Our outcomes align with those reported by Bernhardt et al.
(2006) on US analysts, but are contrary to those of De Bondt and Forbes (1999) on
UK analysts. However, we again emphasize that the methodology of De Bondt and
Forbes (1999) is not robust and that their outcomes could thus be misleading. We
find further evidence of anti-herding behavior when investigating subsamples based
on forecasting periods. The test statistic S ranges from a minimum of 0.523 in 1998
to a maximum of 0.599 in 2004 and never drops below 0.5. Again, all point estimates
are significantly different from 0.5 at the 99% confidence level. Also, the reported
95% confidence intervals are relatively narrow, which lends further support to our
conclusions.

Figure 1 more intuitively illustrates why the S test statistic suggests that analysts
anti-herd. In this figure, we show the average forecast error, i.e., realized earnings
minus forecast, over all individual analysts’ forecasts in a forecast production period
of five days in relation to the earnings announcement date (event date zero). Average
forecast errors are conditional on the forecasts being either above or below the extant
consensus. If an analyst’s best estimate is above the consensus, then an anti-herder
will issue a forecast above her best estimate so as to move away from the consensus.
As the anti-herder’s forecast is thus too high, she generates negative forecast errors on
average. Figure 1 shows that this is always the case. In contrast, if her best estimate is

11The forecast error is calculated as the difference between a given analyst’s forecast and actual earnings
over the stock price for the forecasting period under consideration.
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below the consensus, the anti-herder will make her forecast too low. As a result, she
generates positive forecast errors on average. This also holds, at least in the period
closer to the announcement date. The S test statistic counts how often these conjec-
tures hold, e.g., conditional on the forecast being above (below) the consensus, what
percentage of forecast errors are negative (positive), and then takes a simple average
of the two percentages.

The figure also reveals how the S test statistic corrects for systematic biases. For
example, if anti-herders also exhibit an optimism bias, this will decrease the ten-
dency to create positive forecast errors when the best estimate is below the con-
sensus. However, overoptimism will also more strongly emphasize the tendency to
produce negative forecast errors when the best estimate is above the consensus. On
average, a systematic bias should thus cancel out. The patterns in Fig. 1 are consis-
tent with forecasters being overoptimistic the farther away they are from the earnings
announcement date.

In a next step, we test for an association between analysts’ herding behavior and
the number of analysts following a firm. As can be seen in Table 3, our findings
suggest a positive relation between the number of analysts following a firm and the
propensity to anti-herd. This implies that analysts try to stand out from the crowd
when the crowd is big. These findings contrast with those of Bernhardt et al. (2006),
who report a negative association. If we reason that only a few analysts cover small
firms for which only limited information is available, then our findings could sup-
port the informational cascades models of, e.g., Bikhchandani et al. (1992), in which
agents herd because of relatively little information. However, analysts covering the
least heavily followed firms do not herd as these models would imply, but instead
simply show a lower propensity to anti-herd.

We also examine the order of the forecast in the forecasting period. While the sec-
ond and the third analysts exaggerate their private information away from the con-
sensus in almost 56% of the cases, the degree of anti-herding behavior drops to 54%
and 52% for the second-to-last and the last analyst, respectively. The last analyst is a
special case, since in her case we cannot reject unbiasedness at the 99% confidence
level.12 However, the numbers corresponding to the last two analysts are biased to-
ward the null, as the unconditional probabilities (also shown in Table 3) suggest that
optimism decreases over the forecasting period, as the overshooting probability de-
creases. As a result, we cannot necessarily conclude that herding behavior relates to
the order of the forecast. Still, this analysis reveals that analysts who do not report at
the beginning or end of the forecasting cycle must exhibit higher anti-herding behav-
ior as, otherwise, the outcomes in Table 3 would not align with those for the whole
sample. These findings are consistent with those of Bernhardt et al. (2006).

When we condition on the number of days to the next earnings announcement, we
find that analysts in the middle of the forecasting cycle do, indeed, show the strongest
anti-herding behavior. Interestingly, analysts reporting more than nine months before
the earnings announcement are slightly less prone to exaggerate their private infor-
mation than are analysts reporting at least three months and at most nine month be-

12Unreported tests omitting the outlier elimination of Sect. 4.1 show that, in this case, S is also significantly
different from the null at the 1% significance level for the last analyst in a forecasting period (S = 0.536).
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fore the earnings announcement. This contradicts any hypotheses predicting that anti-
herding relates positively and monotonically to time to the next earnings announce-
ment. In contrast, we could speculate that the greater uncertainty at the beginning of
the forecasting cycle leads analysts to exhibit weaker anti-herding behavior. In line
with Richardson et al. (2004) and Chan et al. (2003), we also report that analysts are
more optimistic at the beginning of the cycle. Be that as it may, we show that analysts
issue anti-herding forecasts irrespective of the time to the announcement or the order
of the forecast.

In Table 4, we exclusively consider earnings forecasts that are revisions. Because
we examine annual instead of quarterly earnings forecasts, our sample contains more
revisions than that of Bernhardt et al. (2006). Nonetheless, the properties of Ger-
man analysts’ forecast revisions are similar to those of their US counterparts insofar
as two of three revisions are downgrades. In line with Richardson et al. (2004) and
Chan et al. (2003), German analysts issue more optimistic forecasts at the start of the
forecasting cycle and, subsequently, lower these to levels which can more easily be
beaten (exceeded) by a company’s earnings. We obtain virtually the same S statis-
tic for earnings forecast revisions and the whole sample. However, analysts exhibit
somewhat stronger anti-herding behavior in the case of upward revisions than for
downward revisions. They also exhibit stronger anti-herding behavior in the case of
revisions moving farther away from the extant consensus than when revisions move
closer to the extant consensus, a finding that contradicts Bernhardt et al. (2006), who
find the less intuitive inverse relation.

5.3 Herding behavior and analyst characteristics

Several existing studies (e.g., Bernhardt et al. 2006; Clement and Tse 2005) hypoth-
esize that analysts’ herding behavior is related to certain analyst characteristics. For
example, it is possible that the propensity to anti-herd increases with brokerage size,
as analysts in large brokerages might face especially fierce competition and might
thus try to differentiate themselves through unusual forecasts. While Clement and
Tse (2005) find the hypothesized association, Table 5 shows that, in line with Bern-
hardt et al. (2006), we do not. Neither do we observe a pattern between analysts’
general experience and anti-herding, i.e., more (less) experienced analysts release
forecasts that overshoot both the consensus and actual earnings in the same direction
in 57.8% (59.3%) of all cases. Since the more experienced analysts are on average
more pessimistic, this figure is subject to the pessimism bias. In addition to the char-
acteristics studied by Bernhardt et al. (2006), we also examine firm-specific experi-
ence. Analysts who have covered a specific firm for a longer time period might have
accumulated firm-specific knowledge and thus might have lower incentives to herd.
However, Table 5 shows that this hypothesis is not supported by the data.

We also predict that analysts who follow more firms or industries might exhibit
a higher propensity to herd, since they should have less time for their analysis of
a specific firm or industry. The outcomes in Table 6 indicate that the frequency of
overshooting earnings in the direction away from the consensus diminishes with the
number of different firms followed by an analyst. While this is consistent with our
hypothesis, it does not align with the findings of Clement and Tse (2005), who fail
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to find a significant association. To analyze the impact of the number of industries
covered by an analyst on anti-herding behavior, we obtain the number of industries
followed by an analyst using two-digit SIC industry classifications. When we condi-
tion on the number of industries, we observe that German analysts who cover more
industries are less likely to issue anti-herding forecasts, even though the hypothe-
sized relation appears nonlinear. These findings are consistent with Clement and Tse
(2005).

5.4 Herding behavior and firm characteristics

We further extend the analysis of Bernhardt et al. (2006) by studying firm characteris-
tics, including market capitalization and the book-to-market ratio. Market capitaliza-
tion and the book-to-market ratio are obtained from DataStream. Analysts might ex-
hibit stronger herding behavior in the case of small and high book-to-market firms, as
there is usually only limited public information available for these firms (Bikhchan-
dani and Sharma 2001; Wermers 1999). To put it differently, analysts might be more
tempted to anti-herd in the case of big or low book-to-market firms, as the large quan-
tity of public information available for these firms might make it necessary to provide
more unusual forecasts to attract attention. Our outcomes in Table 7 partially confirm
these hypotheses in that they reveal that anti-herding decreases with size. However,
we find no association between analyst herding and the book-to-market ratio.

Clement and Tse (2005) and Henze (2004) argue that it could be more difficult
for analysts to predict negative earnings and that they thus might exhibit lower anti-
herding behavior in such cases. As can be seen in Table 8, our data confirm this hy-
pothesis. Although analysts exhibit anti-herding behavior for both positive and neg-
ative earnings, the degree of anti-herding behavior varies substantially from 53% for
firm-forecasting periods with negative earnings to 59% for firm-forecasting periods
with positive earnings. The unconditional overshooting rates are revealing. In 90%
of all cases, analysts are too optimistic regarding firms reporting negative earnings
compared to 47% for firms reporting positive earnings. In addition, almost 95% of
the forecasts that are above the consensus overshoot the actual earnings of firms re-
porting negative earnings.

Even though the conjecture finds little support in the academic literature, busi-
ness commentators and the media often assert that analysts issued overly optimistic
earnings forecasts during the “new economy” bubble at the end of the 1990s, espe-
cially for firms traded on the Neuer Markt (Wallmeier 2005a, 2005b; Bessler and
Stanzel 2007). We thus find it interesting to examine whether analysts showed strong
herding behavior regarding these firms during the “new economy” boom. To this
end, we examine Neuer Markt earnings forecasts between 1998 and 2003. We dis-
card forecasts for the 1997 fiscal year, since there were only 14 forecasts released.
The analyzed subsample consists of all firms that have been quoted at least once
on the Neuer Markt segment during this period and are thus included in the DataS-
tream Neuer Markt constituent list (XXEURONM1001). We delete cross-listings and
consider only those firms with I/B/E/S codes that were at least once covered by an
analyst.

Our findings on the Neuer Markt segment confirm prior conclusions of consistent
anti-herding behavior. As Table 9 indicates, forecasts were either above or below both
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the consensus and actual earnings in 54% of all cases. Still, the degree of anti-herding
is somewhat lower compared to the total sample. When we separately examine the
forecasting periods, we find slightly different outcomes. While the test statistic S is
above 0.5 for all forecasting periods, the degree of anti-herding behavior fluctuates
from a low of 0.514 in 2001 to a high of 0.571 in 1998. However, the high value of
the S statistic in 1998 might be due to the scarcity of observations in this forecasting
period. We cannot reject the null of unbiased forecasts at the 5% significance level
for the forecasting periods 2000 and 2001.13

6 Conclusion

In this study, we show that German analysts do not herd but, instead, anti-herd. More
specifically, we find that German analysts bias their earnings forecasts away from the
prevailing consensus in almost 60% of all cases. Thus, it seems that German analysts
overemphasize their private information on average. This implies a higher volatility
in the cross section of earnings forecasts than would be justified by analysts’ private
information. In addition, anti-herding behavior resulting in biased earnings forecasts
may dilute information quality of stock prices and thus harm the functionality of the
stock market in general. Our findings align with those obtained by a related study on
US analysts’ earnings forecasts (Bernhardt et al. 2006), yet they are not necessarily
similar to those on analysts’ stock recommendations. The findings on herding behav-
ior in stock recommendations could, however, be driven by the fact that the studies
showing these outcomes cannot control for well-known problems such as correlated
information signals, common shocks, and related issues. Our methodology, which we
adapt from Bernhardt et al. (2006), is robust to these shortcomings.

The tendency of German analysts to anti-herd depends on several forecast, analyst,
or firm characteristics. More specifically, we observe that anti-herding behavior is
positively related to the number of analysts following a firm, market capitalization,
and the sign of earnings, and negatively related to the number of firms or industries
followed by an analyst. However, herding does not depend on the time remaining
until the earnings announcement, the order of the forecasts, the size of the brokerage,
general or firm-specific experience, or the book-to-market ratio. Remarkably, German
analysts did not engage in significant herding behavior during the “new economy”
bubble of the late 1990s, as is often claimed by the media.
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mous referees. We are especially grateful for financial support from the Deutsche Forschungsgemeinschaft
(DFG).

13It seems surprising that German analysts consistently exhibit significant anti-herding behavior in all
studied subsamples except in case of the Neuer Markt firms in the years 2000–2001. In fact, in unreported
tests we find that when we do not apply the strict outlier elimination strategy as outlined in Sect. 4.1, we
can reject the null of unbiased forecasts for the forecasting period 2001 at the 1% significance level, but
we still fail to reject the null for 2000 at the 5% significance level. This effect could also be—at least
partially—due to the relatively small number of observations. Be that as it may, we clearly do not find any
evidence of herding behavior for the earnings forecasts of Neuer Markt firms during the period 1998–2003.
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