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Abstract

We investigate whether individual characteristics, in particular gender, in�uence
the level of recommendations issued by analysts. Additionaly, we study gender
speci�c behavior with respect to public information. Using a large and real-life
dataset we show that male analysts have a larger probability to issue strong buy
recommendations relative to female analysts when dispersion among analyst rec-
ommendations is small. In contrast, female analysts have a larger probability to
issue more conservative hold recommendations. Male analysts are thus more likely
to deviate positively during the calm periods of agreement. This might indicate
their will to stand out of the crowd with more extreme decisions, exactly when
noticed most. The relative probability di¤erences can be as large as 7% for the
complete sample, but before 2002 these relative probability di¤erences are as large
as 15%. This trend break in gender di¤erences is important as female analsyts
seem to behave more and more like their male colleagues. Finally we show that
gender di¤erences among analyst recommendations vary accross industries.



1 Introduction

A large literature exists examining the determinants of recommendations, with
most studies focusing on the relation between recommendations and fundamental
valuation models. A general �nding is that fundamental valuation models are not
very successful in explaining the level and the changes in recommendations (see,
among others, Bradshaw (2004), Block (1999) and Cornell (2001)). The reason
seems to be that a recommendation is not just a simple valuation decision, but
is the result of a complex decision making process and re�ects the opinion of the
analyst, based upon his perspective and his risk tolerance.
While no clear link exists between traditional valuation models and recommen-

dations, several biases in recommendations have been described. One of the best
documented biases is the upward bias in the distribution of recommendations.1

Driven by career concerns, analysts are clearly reluctant to issue negative reports.
Moreover, analysts also have the tendency to herd with the group.2 These biases
suggest that a recommendation is not just the outcome of a rational and objective
decision making process, but is also driven by behavioral motives.
In this paper we take such behavioral motives in the recommendation generat-

ing process as a starting point. Motivated by compelling evidence that a decision
making process is driven by important personal considerations, we focus on indi-
vidual analyst characteristics. Clearly, one of the most obvious individual char-
acteristics to account for is gender. This is also suggested by the large literature
showing that the (�nancial) decision making process of men and women di¤ers
signi�cantly (see Croson and Gneezy (2004)). One of the driving factors seem to
be the gender speci�c risk preferences. It is a common �nding that women are
more risk-averse decision-makers, take less extreme decisions, play more like an-
other and try to avoid competitive situations. While the evidence in the domains
of psychology and sociology is strong and clear, the empirical evidence in the (�-
nancial) economics literature is rather mixed and seems to depend on the framing
of risks and the type of agents, professionals versus non-professionals. Once pro-
fessional agents are considered, no real gender di¤erences in risky decision making
is observed. However, a recent study by Niessen and Ruenzi (2007) questions this
conjecture.
The objective of the paper is, therefore, to examine whether individual charac-

teristics and in particular gender e¤ects can be detected in the level of recommen-
dations issued by analysts. We also study the gender-speci�c behavior of analysts
with respect to available public information as well as individual characteristics.
With a large, real-life dataset of risky decisions taken by professional agents, this
research will undoubtedly contribute to the current debate on gender di¤erences

1For recent evidence on the upward bias in the distribution of recommendations see Barber
et al. (2005), Lin et al. (2005) and Chen and Matsumoto (2006).

2See, among others, Welch (2000), Hong et al. (2000), Clement and Tse (2005), and most
recently Jegadeesh and Kim (2007).
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in �nancial decision making.
Our empirical results can be summarized as follows. First, we observe gender

di¤erences in the recommendation issuing process. Controlled for ability, resources
and portfolio complexity, female analysts respond di¤erently to public information.
When uncertainty among analysts is small, male analysts have a larger probabil-
ity to issue Strong Buy recommendations relative to female analysts. In contrast,
female analysts have a larger probability to issue more conservative Hold recom-
mendations. This indicates that male analysts are more likely to be optimistic and
propose a¢ rmative actions. Second, we show that the relative probability di¤er-
ences between male and female analysts are as large as 15% in the �rst half of the
sample and decrease to about 7% after 2002. The few (remaining) female analysts
thus resemble more and more the male analysts. Finally we show that gender
di¤erences among analyst recommendations are not constant over industries.
The remainder of the paper is organized as follows. Section 2 describes the

motivation for this study and gives an overview of the related literature. Section
3 presents the sample selection procedure and provides a descriptive pro�le of
the analyst database. The research methodology is described in Section 4, and
empirical results are presented in Section 5. Finally, Section 6 summarizes our
�ndings.

2 Related Literature

Given the well-documented behavioral biases in recommendations, it seems natural
to study whether additional behavioral e¤ects, more speci�cally, gender e¤ects can
be detected. This approach is motivated by the extensive literature in psychology,
sociology and economics showing that the decision making process of women di¤ers
from that of men. In a recent survey, Croson and Gneezy (2004) synthesize studies
on preference di¤erences between men and women, focusing on risk taking and
reaction to competition. In particular, several studies present evidence supporting
the view that women are less risk-prone than men in �nancial decision making.
Jianakoplos and Bernasek (1998) examine household holdings of risky assets to
determine whether there are gender di¤erences in �nancial risk taking. They �nd
that the proportion of wealth held in risky assets is smaller for single women than
for single men. In a similar context, Balkin (2000) �nds that women follow a less
risky investment strategy when saving for their 401(k) investment plans. Finally,
Barsky et al. (1997) �nd that women self-report a lower risk propensity than men.
However, as Croson and Gneezy survey, these �ndings carry several caveats and

exceptions. First, the framing of risks seems to in�uence the results. For example,
in an abstract lottery choice for loss gambles Schubert et al. (1999) �nd men to
be more risk averse than women, while the results for the gain gambles show that
women are less risk-prone. In contextual gambles on the other hand, they �nd no
systematic di¤erences in risk attitude between men and women. Second, several
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studies show that gender-based di¤erences depend on the selection of the agents
being studied. Gender di¤erences in risk preferences among professional agents are
quite di¤erent from those of the general population. Atkinson et al. (2003) show
that male and female �xed-income mutual fund managers do not exhibit signi�cant
di¤erences in performance, risks taken or other fund characteristics. A similar
�nding is obtained by Bliss and Potter (2002) for the fund management business.
Dwyer et al. (2002) observe that female investors take less risk than male investors.
However, once the analysis controls for �nancial investment knowledge, gender-
based risk di¤erences largely disappear. Whether this result is due to adaptive
behavior of the professional females or a self-selection mechanism by women is
unclear.
A general conclusion from the above empirical evidence is that the observed dif-

ferences should not be related to gender, but to a di¤erent educational background
or a di¤erent professional environment. In a recent study, however, Niessen and
Ruenzi (2007) refute this assertion by re-examining gender e¤ects in the profes-
sional setting of mutual fund managers. Interestingly, they �nd that female fund
managers do have a di¤erent investment style and follow less risky and less extreme
investment strategies.3 They also �nd that women follow more time-consistent in-
vestment styles. This study is a contribution to this debate, using a large dataset
of recommendations of professional stock analysts. If it is true that female stock
analysts are more risk averse, less extreme, avoid competition and behave more like
another, we can expect them to issue more conservative recommendations. This
would translate into female recommendations hiding at the consensus and thus
showing more herding behavior. Male analysts, on the other hand, might prefer
to stand out of the group and issue more risky and extreme recommendations.

3 Data and Descriptive Statistics

The analyst recommendations used in this study are provided by the Institutional
Broker Estimate System (I/B/E/S) database, which is part of Thomson Finan-
cial. The recommendations encompass the period 1996 - 2006.4 Each datarecord
includes information about, among other things, the recommendation, the recom-
mendation date, an identi�er for the brokerage house issuing the recommendation
and for the analyst that gives the recommendation (the surname and �rst initial).
Recommendations are given on a �ve-point scale. I/B/E/S collects the recommen-
dations from the security analysts and assigns standardized numerical values to

3In addition, in the context of corporate decision taking, Cadsby and Maynes (2005) �nd
that women are less extreme decision makers and behave more like another than men.

4Our I/B/E/S data has been downloaded in January 2007. A recent paper by Ljungqvist et
al. (2007) shows that ex post changes are implemented in the I/B/E/S database. At this point,
it is too early to speculate on how the �ndings of Ljungqvist et al. (2007) would in�uence the
results of the current paper.
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them. A rating of 1 re�ects a strong buy, 2 re�ects a buy, 3 a hold, 4 a sell, and
�nally a score of 5 corresponds to a strong sell. To allow for a more intuitive inter-
pretation of our results we follow Jegadeesh et al. (2004) and reverse the ordering
of the values, so that more favorable recommendations receive a higher score. We
trim the I/B/E/S database by deleting incomplete observations. These are obser-
vations that lack identi�cation of the analyst, the brokerage house he works for,
the company that is being followed and the corresponding industry, the recom-
mendation, or the monthly consensus recommendation. This trimming procedure
leaves us with 333,492 recommendations over the sample period of 11 years.
This recommendations�sample is combined with Nelson�s Directory of Invest-

ment Research (editions 1997 - 2007). Nelson�s Directory is a yearly analysts�
contact details book and contains an analyst�s full name, the brokerage house he
is employed for, his specialization, and his contact information. We use this in-
formation to manually match the I/B/E/S analyst identi�cation with the full �rst
name and last name of each analyst. Next, based on the �rst name, we determine
the gender of each analyst. We rely on a website that contains a program using
Google�s database to analyze common patterns involving that �rst name.5 It de-
termines from popular usage on the web whether the name is more common for
a man or a woman. If we are not sure of the gender of the analyst, we check the
name and gender by searching the history of the analyst on the internet. We delete
observations when there is ambiguity of the gender. From the 333,492 complete
observations in I/B/E/S we are able to match 94% with the corresponding gender
of the analyst. Finally, we trim the database by eliminating analysts covering an
extreme number of �rms (we top o¤the 99th percentile). Our �nal sample contains
297,673 datarecords.
Table 1 shows descriptive statistics for the sample of analyst recommendations

used in the paper. The total sample consists of recommendations of 7,370 unique
analysts from 548 brokerage houses covering 9,295 �rms. The annual number of
recommendations steadily increases, reaching a peak in 2002. From that point
onwards, the number of recommendations decreases rapidly, to reach a level at the
end of our sample period comparable to the 1996 level. In addition, for the number
of �rms covered and the number of analysts employed, we observe a similar trend
of an initial increase combined with a later decrease, however less explicit. The
number of brokerage houses is larger in the second half of the sample. Finally,
female analysts are clearly in the minority as only 17% of all analysts in the
complete sample are women. Moreover, there is a clear downward trend in the
number of female analysts, falling from 16% of the analyst community until 2001
to only 12% in 2006. Interestingly, this trend break coincides with a turbulent
stock market period and a change in the analysts�professional environment. As
Conrad et al. (2006) notes the collapse of technology stocks introduced a sometimes
contentious debate on the neutrality of analysts with several Wall Street �rms, with

5See http://www.gpeters.com/names/baby-names.php.
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their analysts being sued for giving subjective information to their clients.6 This
introduced increased scrutiny of analysts� practices by the SEC and the states
attorneys general. Such reinforcement of the legal and supervisory frame of the
profession increases the riskiness of the job, and this could potentially discourage
women to stay employed as an analyst. Finally, also note that these results not
only point to the low representation of women in the profession, but also show
high job turnover rates as the percentage of female analysts employed over the full
period of 11 years is larger than the representation of women in any single year.
This could point to the high work load, �erce competition and stress that comes
with the job. Such a job might be less attractive for women in the long run.7

These �ndings are similar to those found by Green et al. (2007), who point to the
self-selection mechanism to explain the low representation of women in the analyst
profession.
The descriptive statistics of the nature of the recommendations that are issued

by the analysts can be found in Table 2. This table reports the yearly average
recommendation, its yearly dispersion as measured by the standard deviation of
outstanding recommendations and a frequency table of the di¤erent recommenda-
tion signals split by gender. There are no large di¤erences between the average
male and female recommendations, neither between the dispersion of the recom-
mendations. For both gender groups, we observe a rather high mean recommenda-
tion. This corresponds to the well-documented upward bias in recommendations,
with analysts being reluctant to issue negative reports. Several studies argue that
mixed incentives of analysts lie at the basis of the bias. The stock market hype
surrounding the end of the second millennium even reinforced this bias, as ana-
lysts became more positive over time, with a peak towards the year 2000. With
bearish markets starting in 2001, this trend reversed, with a subsequent decrease
in analysts�ratings. Barber et al. (2005) and Conrad et al. (2007) note the same
dynamics and argue that this trend reversal can be the result of a bad performing
stock market and/or an increased regulatory scrutiny of analysts�activities. The
optimism in recommendations can also be seen from the frequency distribution in
Table 2. Until 2001 both male and female analysts issue few strong sell and sell
recommendations: they cover less than 3% of all recommendations. From 2002 on-
wards the number of negative reports increases up to 10% of all recommendations.
This change in behavior can also be seen in the increased dispersion. For the �rst
half of the sample, the standard deviation of the recommendations is rather low
at 0.85. In 2002, on the other hand, the standard deviation immediately increases
by approximately 15% to almost 1, re�ecting the increased dispersion in opinion
among analysts. Note that the latter might be caused by the increased diversity
in risk of listed companies. However, the increased dispersion is consistent over all

6See, for example Teather (2002).
7Several authors, such as Gupta et al. (2005) and Niederle and Vesterlund (2006) �nd that

women tend to avoid competitive environments, whereas men actually seek the challenge of
competition.

5



the years in the second half of the sample. Considering the fact that stock markets
have been performing very well since 2003, one can therefore argue that their has
been structural change in analyst behavior since 2002.
Prior studies have shown that analyst characteristics, other than gender, are

important in explaining analyst forecast accuracy (see e.g. Clement (1999)). Such
individual analyst characteristics might therefore also impact the recommendations
that they issue. A summary of the main individual characteristics of the analysts in
our sample is given in Table 3. One of the key determinants appear to be analysts�
abilities (see Clement (1999)). In this study, analysts� abilities are proxied by
three distinct variables: a star dummy variable, �rm speci�c experience and total
experience (both measured in number of years)8. The star dummy is based on
the yearly prestigious ranking (�the Leaders�) published in the October edition of
Institutional Investor (see also Hong and Kubic (2003)). Institutional Investor
performs a yearly questionnaire among �nancial analysts to determine the best
analysts of the previous year. Such ranking not only accounts for forecast accuracy,
but for the broad range of services provided by analysts. Table 3 shows that for
the male and female subsamples 3.7% and 3.3% of analysts are ranked as a star,
respectively. Even if this suggests that men have a higher probability to be elected
as a star analyst, the yearly numbers show that in fact women have a slightly higher
change to be ranked a star analyst. This �nding is also con�rmed by Green et al.
(2007). They �nd that women have a higher probability than men to be rewarded
the status of star analyst, even if their earnings forecasts are less accurate. This
suggests that women outperform in other services such as client contact. In terms
of �rm speci�c experience and total experience, we see that over all years men have
a larger �rm speci�c experience than women. On average, men follow a company
for 2.10 years, while for women the �rm speci�c experience is a little lower at 2.02
years. The same trend can be observed for total experience. On average, men are
employed as an analyst for 4.34 years, while women are only present in the analyst
community for 4.16 years. This is not surprising. Above we already pointed to the
high job turnover of women in the sector of investment banking.
Recent research has also shown that available resources are important for the

analysts�s job performance. Therefore we identify the brokerage houses that are
considered to be the best each year. Such ranking of the best brokerage houses is
also published in the October issue of Institutional Investor. Using this ranking,
we identify the top 15 of the investment banks as top brokers. This ranking of top
brokers is rather stable over time and covers the large and prestigious brokerage
houses. Interestingly, we �nd that female analysts have a higher probability than
men to be employed by a top investment bank. This �nding is in line with the
evidence presented in Niessen en Ruenzi (2007) for mutual fund managers. They
argue that female fund managers are most likely to be employed by large and well-

8To obtain variation from the beginning of our sample onwards, we go back to 1993 to
compute �rm speci�c and total experience of each analyst.
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established companies for reasons of political correctness. Finally, we consider two
variables representing task complexity. We take into account the number of �rms
covered by an analyst in a given year, as well as at the number of industries the
analyst covers.9 The larger the number of �rms covered, the more di¢ cult it is
to closely follow each company. Moreover, if these companies are from di¤erent
sectors, the portfolio is even more diverse and di¢ cult to manage. Comparing male
and female task complexity, we see that male analysts cover more �rms, spread
over more sectors than their female colleagues. Over the full sample, men cover 15
di¤erent �rms over 2.28 sectors, while female analysts only cover 11.69 companies
of 1.97 industries. Also note that the number of sectors covered is rather stable over
time, while the number of �rms covered shows more variation. In the year 2002,
the busiest year for the analysts (see Table 1 earlier), we also see that analysts
cover more companies than any other year.
Apart from the variation over time, it is also interesting to investigate the cross-

sectional dimension of the data by looking at di¤erences in recommendations over
di¤erent industries. Table 4 shows descriptive statistics split up by industry. In
terms of the number of analysts covering a certain sector, there are large di¤er-
ences. This mainly re�ects the relative size of each sector in the total economy,
with consumer services and technology the largest industries, both covered by over
3,000 analysts. The cross-sectional dimension of the number of analysts employed
display gender di¤erences. Some industries are mainly followed by male analysts.
The sector of capital goods has only 11% of female analysts. Also the industries
technology and energy are dominated by male analysts with a high 88% of male
analysts. The sector consumer non-durables, on the other hand, is the most �fe-
male�sector, with 23% of all analysts being female. This percentage is much larger
compared to the yearly percentages of women employed in the overall analyst in-
dustry. Also health care and consumer services are two of the industries covered
by a relatively large percentage of women.
The low or high representation of women in a certain industry might impact the

recommendation formation process. The mean recommendation, computed for the
gender subsamples can give a �rst indication of such cross-sectional gender e¤ect.
In general, there are no large di¤erences between the mean recommendation issued
by the male analysts and the mean recommendation issued by female analysts in
a given industry.

4 The Model

Security analysts provide important information to �nancial markets. They study
individual companies and issue stock recommendations. These stock recommenda-
tions provide investors with the most direct advice on the appropriateness of their

9The sector classi�cation is based on the I/B/E/S SIGC division, and distinguishes 11 distinct
sectors (see infra).
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investment portfolios. We model the recommendations as follows: 1 = strong sell,
2 = sell, 3 = hold, 4 = buy and �nally, 5 = strong buy. The feature of the data
suggest the use of an ordered probit analysis, with the recommendation levels as
the dependent variable.
With our model we try to explain the probability of the occurrence of each

recommendation that is issued by the security analysts by means of individual
characteristics, among which gender. The values of the recommendation levels,
REC, are limited dependent variables, which implies that the true recommenda-
tions levels, REC� are unobservable. We assume a linear latent relationship:

REC� = X 0� + "; (1)

where " is assumed to be a standardized unit normal distributed error term. We use
maximum likelihood to estimate the parameters �, which represent the marginal
e¤ects of changes in the independent variables X, on the probabilities Pr(REC =
k) for k = 1; 2; 3; 4 and 5. In addition, cuto¤ points of the di¤erent classes are
assumed such that:

REC = i if 
i�1 < REC
� � 
i;

i = 1; :::; 5, where 
0 = �1 and 
5 = 1. Note that, except for the endpoints

1 and 
4; the sign of the changes in the probabilities as a function of changes
in the regressors is ambiguous (see Long (1997)). In the empirical section below,
we therefore focus on relative probability di¤erences evaluated at speci�c variable
levels to provide an interpretation of the estimated parameters.
As independent variables we include the various analyst characteristics we de-

scribed in the previous section. In addition, we want to capture the behavior of
analysts with respect to available public information. Given the existing evidence
of gender-speci�c decision making, we include the consensus recommendation, as
well as dispersion of recommendations. First, the consensus recommendation cap-
tures the potential herding behavior among analysts. In our analysis we use the
mean recommendation that is valid in the month before a particular recommen-
dation is issued by the analyst to proxy for the consensus. We know there is an
upward bias in the distribution of recommendations. A negative recommendation
is not easily issued and thus a favorable recommendation or a recommendation
close to the consensus is a rather safe decision. Therefore, we expect an asym-
metry around the consensus with respect to the probability of choosing a certain
recommendation level. To model this asymmetry, we include the squared of the
consensus level. Overall, we expect a positive e¤ect for herding behavior.10 The
higher the previous consensus, the higher is the probability of issuing a high rec-
ommendation. If female analysts are more risk averse decision makers, we expect
them to behave more like another and thus to be more susceptible to herding.

10While the consensus recommendation in the month before the recommendation is issued does
not necessarily capture herding, a signi�cantly positive e¤ect at least indicates that information
only slowly disseminates among analysts.
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They will, more heavily than their male colleagues, take into account the consen-
sus recommendation.
Second, dispersion around the consensus recommendation re�ects the lack of

agreement among analysts, and refers to the existing uncertainty on the company�s
prospects. In our model, such uncertainty is proxied by the standard deviation of
the recommendations valid in the month before a particular recommendation is is-
sued by the analyst. We expect a negative e¤ect of uncertainty. The higher (lower)
the dispersion of previous recommendations, the more analysts disagree (agree),
and thus the higher is the probability of issuing a relatively low (high) recommen-
dation. Moreover, we expect male analysts to be more risk seeking with respect to
the market�s level of agreement. This would translate into male recommendations
that are relatively more optimistic compared to the female recommendations. This
way male analysts might try to positively distinguish themselves from the other
analysts.11

To account for individual analyst characteristics we include the variables prox-
ying for analyst abilities, resources and task complexity as explained in Section 3.
To proxy for job experience of the analyst, we use total tenure that the analyst
is employed as an analyst, in addition to �rm tenure, the period that the analyst
has been covering a speci�c company. We also consider the star rating of Institu-
tional Investor to capture analysts abilities and include this star rating as a dummy
variable. As Sorescu and Subrahmanyam (2006) note, this star status is very pres-
tigious as the popular press awaits the recommendations of these well-known and
distinguished analysts in great anticipation. These star analysts are likely to be
better paid, have more resources and are better informed. We can expect this to
translate into superior recommendations. A priory, the sign of the marginal e¤ects
of these variables representing analysts�abilities is not clear-cut. Both the theoret-
ical as well as the empirical literature o¤ers opposing views on the relation between
experience (and reputation) and the level of recommendations (and herding). If
experience and the level of recommendations are negatively related, experienced
analyst are more likely to issue lower recommendations (compared to the consen-
sus). The studies of Hong et al. (2000) and Clement and Tse (2005) empirically
support this view. If they are positively related, unexperienced analysts have a
larger tendency to deviate from the consensus, probably in an attempt to stand out
from the crowd and appear talented. This is the hypothesis backed by Zitzewitz
(2001). Finally, a recent study of Jegadeesh and Kim (2007) �nds no di¤erence in
the herding behavior between experienced and unexperienced analysts. Whether
the probability to deviate (negatively) from the crowd, and thus the probability to
issue extreme recommendations increases or decreases with analysts�capabilities
thus remains an open question to which this study contributes.

11We believe a Hold recommendation is a less risky decision than a (Strong) Buy recommen-
dation, because a Hold recommendation corresponds in fact to a non-action. This is in line with
the interpretation of downside risk.
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To proxy for job complexity, we include variables that track the number of
�rms and the number of industries the analyst has provided recommendations
for in the year of the recommendation issue. We also include a combined e¤ect
measuring the number of �rms covered per industry. Analysts that track companies
in di¤erent industries have a more di¢ cult task as they can built up less specialized
information and knowledge. Therefore they are less likely to deviate (negatively)
from the consensus recommendation, as they have less expertise. This explanation
is also valid for the number of �rms an analyst tracks. The fewer �rms one needs
to follow as an analyst, the more time can be spent on obtaining the necessary
information to make ones report better. We expect the e¤ects of these variables to
be positive. Of course, the combined e¤ect of the number of �rms and number of
industries could also create economies of scale. If a certain analyst follows a number
of �rms concentrated in a single industry, this might facilitate the gathering and
processing of information, e.g. in peer analysis. In our study, we account for this
economies of scale e¤ect in job complexity by measuring the number of �rms an
analyst covers per industry in the same industry as the recommendation that is
issued. Combined with the number of industries and number of �rms the analyst
follows, this variable re�ects the dispersion of the analyst�s attention.
We also account for the resources available to the analyst. We include a top

dummy variable that identi�es all analysts employed by the top 15 of the brokerage
houses according to the yearly Institutional Investor questionnaire. These broker-
age houses have more (�nancial) resources, often employ the best analysts and are
likely to maintain good relations with the companies they cover. Analysts working
for top brokers are therefore more likely to be better informed than their colleagues
not working for a top brokerage �rm. However, the e¤ect of this resource variable
on the level of recommendations is unclear and is an empirical question. The same
reasoning applies here as the one put forth with the variables capturing analysts�
abilities.12 The sign of the marginal e¤ect is therefore ambiguous.
Finally, as the most important individual analyst characteristic, we allow for

gender di¤erences in the model. In particular, we estimate the model separately
for male and female analysts. This allows us to identify the gender impact of
the di¤erent explanatory variables. To assess the gender e¤ects, we test whether
individual coe¢ cient estimates between men and women are di¤erent. In addition
we will provide simultaneous tests of the coe¢ cients.

5 Empirical Results

In this section we describe the results of our empirical analysis. First, we provide
full sample results and show that there is a statistical and economical di¤erence

12While Jegadeesh and Kim (2007) �nd no evidence of a link between experience and herding,
they do �nd a positive relation between the size of brokerage house (capturing the most estab-
lished and prestigious houses and thus largely overlapping with the top brokers) and herding.
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between male and female analysts. Second, as mentioned above, we con�rm that
there is a structural break in the data after 2001 by providing estimates for a split
sample before 2002 and after 2001. In the third subsection we show that gender
di¤erences among recommendations have steadily decreased over time and seem to
increase again in 2006. Next, because the top brokerage �rms have been accused
and convicted of providing biased recommendations we investigate whether the
increased enforcement of the legal and supervisory frame of the analyst profession
by the SEC and the federal government has a¤ected analyst behavior. Finally we
show that gender di¤erences are not constant over industries.

5.1 Full Sample Results

Table 5 shows the ordered probit results for the entire sample. The �rst columns
present the estimation results of a benchmark model that does not allow for gender
di¤erences. The estimated coe¢ cients are all, except for one, signi�cantly di¤erent
from zero at all conventional signi�cance levels. Moreover, most e¤ects are in line
with our expectations.
The results indicate that analysts are susceptible to herding. The dispersion

of the previous recommendations issued has a negative e¤ect. In addition, tenure
of the analysts has a negative e¤ect, implying that more experienced analysts are
more likely to issue lower recommendations. The star status on the other hand,
is associated with a higher probability to issue higher recommendations. This
could indicate that a star status is mainly achieved by issuing outstanding pos-
itive reports. In line with previous studies we are therefore not able to provide
an unambiguous explanation of the e¤ect of experience on the level of the recom-
mendations. The estimation results for job complexity indicate that there is no
clear evidence how it in�uences the recommendation issuing process. The positive
sign of the number of industries means that analysts are more likely to issue more
favorable recommendations the more industries they follow. On the contrary, the
negative sign of the number of �rms, means that analyst are more likely to issue
less favorable recommendations the more �rms they follow. Finally, the economies
of scale e¤ect when covering multiple �rms in a single industry is very small and
not signi�cant. Table 3 shows that on average, the number of �rms followed by
analysts is about three times as large as the average number of industries they
follow. Therefore, we conclude that the more complex the job, the more likely
it is that the analyst will issue a less favorable recommendation. This e¤ect is
however very small and statistically not signi�cant. Finally, analysts working for
a top brokerage house have a larger probability to issue lower recommendations in
general.
Columns 4-7 of Table 5 show the estimation results for male and female an-

alysts separately. All estimated coe¢ cients, for men and women, have the same
sign as the full sample results. Most of the coe¢ cients are signi�cant. More impor-
tantly is the question whether there are signi�cant di¤erences between male and
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female analysts. When considering all estimates simultaneously, Table 6 shows
that overall the female analyst estimates are signi�cantly di¤erent from the full
sample estimates and, more importantly, from the male analyst estimates as well.
In addition, Table 5 shows that there are signi�cant individual parameter estimate
di¤erences between the male analyst sample and the female analyst sample for half
of the (signi�cantly) estimated parameters.
Noticeably, male analysts have a ceteris paribus larger probability to issue lower

recommendation levels when dispersion among recommendation is high. Further-
more, female analysts are ceteris paribus more a¤ected by experience as measured
by total tenure. The more experienced the female analyst, the more likely she is to
issue a lower recommendation level. In addition, female analysts who work for a
top brokerage house are more likely to issue less favorable recommendations than
male analysts, while the female star analyst is more likely to issue more favorable
recommendations than male analysts. Table 3 shows that on average more than
40 percent of the male and female analysts are working for a top broker, while
on average only about 2 percent of the analysts in the sample is elected to be a
star. This leads us to conclude that the average male analyst working for a top
brokerage house is more likely to issue less favorable recommendations.
Ordered probit regression results are notoriously di¢ cult to interpret econom-

ically. As the estimation results indicate, dispersion among recommendations is
a very important variable in our model for the recommendation forming process.
We therefore calculate the probabilities for each recommendation class, for the av-
erage analyst, by varying dispersion from its average minus two times its standard
deviation to its average plus two times its standard deviation. This enables us to
investigate risk aversion di¤erences among gender. Figure 1 shows these probabil-
ities for the average analyst using the estimation results from the male and female
sample separately. The �gure shows that the dispersion of recommendations has
predictive power with respect to the recommendation that will be issued by the
analyst. When dispersion in the previous month is high, both male and female
analysts are most likely to issue a Hold recommendation (40%), while they have
a 30% and 20% probability to issue a Buy and a Strong Buy recommendation,
respectively. On the other hand, when dispersion is very low, the probability of
Strong Buy, Buy and Hold recommendations all lie around 30% for male and fe-
male analysts. Note however that the probability of a Strong Buy recommendation
is lower for female analysts. This seems to indicate that female analysts are more
conservative and less optimistic in their recommendation behavior than their male
colleagues. In line with the descriptive statistics of Section 3, the probability that
a Strong Sell and Sell recommendation is issued is below three percent.
From the probabilities for each recommendation class that are shown in Fig-

ure 1 it is very di¢ cult to interpret the gender di¤erences in the recommendation
classes. On average there do not seem to be large (economic) di¤erences in the
probabilities. However, these di¤erences should be interpreted relative to the prob-
ability a recommendation class is likely to occur. Therefore we calculate relative
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probability di¤erences for each recommendation class. The latter are de�ned as the
probability di¤erences between male and female analysts for each recommendation
class, divided by the probability that the recommendation occurs. The latter is
calculated using the full sample estimation results (without gender di¤erences). In
this way we provide a good measure of relative importance. The results of this
exercise are shown in Figure 2.
This �gure provides a graphical interpretation of the economic importance of

the di¤erences in the recommendation behavior between male and female analysts.
When the relative probability of a recommendation class is larger than zero, male
analysts are more likely to choose that recommendation class compared to female
analysts. It can be observed that especially when dispersion among the recommen-
dation is low, there are very large di¤erences between male and female analysts.
For example, when dispersion is at the lowest point that we consider, the average
male analyst has a 7% larger probability to issue a Strong Buy recommendation
than the average female analyst. Alternatively, at the same time the average fe-
male analyst has a 5% larger probability to issue a Hold recommendation than
the average male analyst.13 This indicates that overall, relative to dispersion, the
average male analyst tends to be more optimistic about the company he is evalu-
ating than the average female analyst. We interpret this result as follows. When
dispersion among the recommendations is low, male analysts are more likely to
positively deviate from the mainstream while female analysts are more risk averse
and are more likely to issue more conservative Hold recommendations. When dis-
persion increases, gender di¤erences decrease. This can likely be explained by the
fact that any deviation from the mainstream is less noticed by the market when
dispersion is high. Analysts might therefore have most incentives to deviate when
the market is more likely to interpret their recommendation as personal skill and
not as luck.
For the full sample results we conclude the following. Female analysts behave

di¤erently than male analysts. First, they are less likely to positively deviate from
the consensus when dispersion among the recommendations is low. Women tend to
issue the more conservative Hold recommendations, while male analysts are more
optimistic and issue relatively more Strong Buy recommendations. Second, women
are more likely to issue lower recommendation levels when more experienced than
men. Third, when working for a top brokerage �rm, women have a larger proba-
bility to issue lower recommendation levels and �nally, men have lower probability
to issue higher recommendation levels when being a star analyst.

13In addition, the average female analyst has a 3% larger probability of issuing a Sell recom-
mendation than the average male analyst and a 10% larger probability to issue a Strong Sell
recommendation.
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5.2 Split Sample Results

As mentioned in Section 3 above, there appears to be a trend break in the issuing
of recommendations after the collapse of technology stocks in 2002. The increased
scrutiny of analysts�practices by investors and the SEC, in addition to the threat
of litigation has increased the risk of the analyst job. As an immediate result the
shares of strong sell and sell recommendations have more than doubled, probably
due to the worse performance of the companies immediately after the technology
shock. Table 2 however shows that although stock markets have done very well
in recent years, the number of least favorable recommendations issued by analysts
has not gone down. This indicates that there has been a regime shift in the
recommendation generating process. In this section we investigate whether male
and female analyst have been a¤ected di¤erently.
The sample statistics as discussed in Section 3 show that less women are working

as analyst since 2002. When estimating the recommendation model (1) for the
two subsamples 1996 - 2001 and 2002 - 2006 we �nd interesting results. First,
regarding gender di¤erences in recommendation dispersion, we see in Table 7 that
the di¤erence between male and female analysts is larger in the �rst half of the
sample than in the second half of the sample (see Table 8). Table 9 shows that
when considering all estimates simultaneously, gender di¤erences are present in the
�rst half of the sample as well as in the second half of the sample, although the test
statistic is much lower in the latter case. In addition, for both the male and female
sample, the estimates for the �rst half of the sample are signi�cantly di¤erent from
the second half of the sample, con�rming there has been a behavioral change.
The regression results for the two subsamples indicate that although behav-

ioral di¤erences between male and female analysts exist, they have decreased over
time.14 Figure 3 shows that when the dispersion of the recommendations is at the
lowest point we consider, the relative probability di¤erences are just over 10% in
favor of male analyst for Strong Buy recommendations and up to 15% in favor
of female analysts for Hold recommendations. Note also that the di¤erences are
over 30% in favor of female analyst in case of Strong Sell Recommendations. In
contrast, Figure 4 shows that the relative probability di¤erence for Strong Buy
recommendations in favor of male analysts has decreased to 5%, while for Hold
recommendations the di¤erence decreased to only 1% in favor of female analysts.
Overall we conclude that risk aversion is larger among female analysts as they have
a higher probability to issue more conservative recommendations. When dispersion
among recommendations increases, gender di¤erences decrease.
These split sample results lead us to conclude that gender di¤erences in analysts

recommendations have decreased over time. Female analsyst behave more and
more like their male colleagues. Overall we conclude that male analysts are less

14This also follows from the individual tests on the coe�cient estimates. While in the �rst
subsample, up to 6 parameters are estimated signi�cantly di¤erent between the male and female
sample, this reduces to only 2 signi�cantly di¤erent parameters in the second subsample.
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risk averse than female analysts because they have a larger probability of issuing
the most favorable recommendations when the market actually agrees most.

5.3 Year Results

To investigate whether the conclusions of the previous subsection are robust over
the years, we estimate the model for each year separately. The results can be
found in Table 10. With the exception of 1996, we observe that the coe¢ cient for
dispersion among recommendations is larger in absolute value for male analysts.
The di¤erence between male and female analysts decreases over time however.
This is consistent with the split sample estimates above.
To visualize the change in recommendation behavior over the years, we refer to

Figure 5. The �gure shows the relative probability di¤erences between male and
female analysts evaluated at the full sample averages for all independent variables.
One can easily see that the gender di¤erences have decreased over time, certainly
after 2001. It seems however that in 2006, the �nal year of our sample, gender
di¤erences are increasing again. These results are con�rmed by the joint tests
shown in Table 11. For the years 1996 - 2000, 2003 and 2006 we �nd signi�cant
gender di¤erences, while for the years 2001, 2002, 2004 and 2005 the di¤erences
are not statistically signi�cant.

5.4 Industry Results

To conclude our empirical investigation, we consider gender di¤erences among
industries. Table 4 clearly shows that the number of analysts following �rms in
a particular industry largely varies as well as the percentage of female analysts.
First, Table 13 shows the test statistics of the gender di¤erence tests. The tests
show that for the industries Health Care, Consumer Durables and Capital Goods,
no statistical signi�cant gender di¤erences can be found. In addition, Table 12
shows the ordered probit results for the 11 industries. The results con�rm our
previous results that gender di¤erences among recommendations exist. However,
the size of the di¤erences seem to be unrelated to the percentage female analysts
working in each sector.

6 Conclusion

In this paper we studied the impact of individual analyst characteristics, in par-
ticular gender, on the recommendation issuing process. Our conclusions are as
follows. There are gender di¤erences among analyst recommendations. We show
that for the recommendation levels that are issued most, the relative probability
di¤erences are as large as 15% in the �rst half of the sample and decrease to about
7% after 2002. In addition we �nd that in 2006 the relative probability di¤erences
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between genders increase again. The results indicate that when dispersion among
recommendations is low, male analysts are more willing to be overoptimistic about
a stock and are more likely to issue Strong Buy recommendations. Male analysts
are therefore less risk-averse and are more willing to make a bold recommendation.
Men might propose such a¢ rmative action in an attempt to stand out of the crowd
and have their judgement be interpreted as skill (instead of luck). Interestingly,
these di¤erences seems to disappear largely after the technology hype in 2001.
While a lot of female analysts left the industry at that moment, we �nd that the
few remaining female analysts behave very much like their male colleagues.
The empirical results leave us with interesting questions for future research.

First, in research in progress we investigate whether the gender di¤erences in the
recommendation issuing behavior can be exploited by the investor by forming a
trading strategy. In a second paper, we investigate whether male analysts are more
overcon�dent than female analysts based on the earnings forecasts they issue. If
this is indeed the case, a pro�talbe trading strategy could be constructed.
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Appendix: Tables

Table 1: Descriptive Statistics of the Recommendations Sample
The recommendation data is obtained from I/B/E/S, while gender has been iden-
ti�ed using Nelson�s Directory of Investment Research.

No. Rec. No. Firms Covered No. Brokers No. Analysts % Female
1996 20,514 3,946 178 2,138 16
1997 22,999 4,497 209 2,610 16
1998 28,298 4,921 225 3,149 16
1999 28,719 4,836 227 3,359 16
2000 25,867 4,425 220 3,290 16
2001 26,628 3,940 200 3,221 16
2002 40,419 4,068 208 3,312 15
2003 31,142 3,846 260 3,207 13
2004 27,742 4,023 295 3,191 13
2005 23,520 4,038 288 2,840 13
2006 21,925 4,007 250 2,436 12

all years 297,673 9,295 548 7,370 17
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Table 4: Industry Di¤erences
The industries are classi�ed using the I/B/E/S SIGC de�nitions.
The recommendation data is obtained from I/B/E/S, while gen-
der has been identi�ed using Nelson�s Directory of Investment Re-
search.

No. Analysts % Female Mean Rec.
male female

Finance 1,664 16 3.64 3.69
Health care 1,436 17 3.79 3.83
Consumer non-durables 1,102 23 3.69 3.71
Consumer services 3,056 17 3.78 3.75
Consumer durables 1,070 14 3.70 3.64
Energy 743 12 3.81 3.71
Transportation 435 13 3.67 3.71
Technology 3,043 12 3.73 3.71
Basic industries 1,222 13 3.59 3.61
Capital goods 1,626 11 3.76 3.74
Public utilities 1,040 16 3.66 3.66
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Table 5: Ordered Probit Results Full Sample
This table reports estimates of the ordered probit model on the full sample and subsamples for male
and female analyst respectively. The recommendation data is obtained from I/B/E/S, while gender
has been identi�ed using Nelson�s Directory of Investment Research.

Full Sample Male Analyst Female Analyst
Estimate p-value Estimate p-value Estimate p-value

Consensus(t-1) 1.209 0.000 1.200 0.000 1.284 0.000
Consensus(t-1)2 �0.097 0.000 �0.096 0.000 �0.104 0.000
St. Dev. of Outstanding Recs(t-1) �0.225 0.000 �0.232 0.000 �0.174a 0.000
Total Tenure �0.011 0.000 �0.009 0.000 �0.023a 0.000
Firm Tenure �0.016 0.000 �0.017 0.000 �0.010 0.042
Number of Industries 0.012 0.000 0.012 0.000 0.012 0.150
Number of Firms �0.008 0.000 �0.008 0.000 �0.005 0.047
Same Industry No. Firms 0.001 0.333 0.001 0.298 0.000 0.919
Working for Top Broker �0.119 0.000 �0.112 0.000 �0.158a 0.000
Star Analist 0.058 0.000 0.040 0.000 0.152a 0.000

Nobs. 297,673 259,032 38,641
Pseudo R2 0.0301 0.031 0.0335


1 0.680 0.657 0.856

2 1.237 1.216 1.403

3 2.695 2.670 2.883

4 3.575 3.549 3.774

a Female analyst estimate is statistically di¤erent from the male analyst individual estimate at the
5% level.

Table 6: Wald Test Results for Gender Di¤erences
This table reports the test statistics and the p-values of the
Wald tests to check for gender di¤erences. All test statistics are
�210�distributed, assuming independence of the samples.

�210 p-value
Full Sample vs. Male Analyst 4.92 0.896
Full Sample vs Female Analyst 353.46 0.000
Male Analyst vs. Female Analyst 361.18 0.000
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Table 7: Ordered Probit Results Split Sample Before 2002
This table reports estimates of the ordered probit model on the full sample and subsamples for male
and female analyst respectively. The recommendation data is obtained from I/B/E/S, while gender
has been identi�ed using Nelson�s Directory of Investment Research.

Full Sample Male Analyst Female Analyst
Estimate p-value Estimate p-value Estimate p-value

Consensus(t-1) 1.138 0.000 1.145 0.000 1.109 0.000
Consensus(t-1)2 �0.095 0.000 �0.097 0.000 �0.087 0.000
St. Dev. of Outstanding Recs(t-1) �0.162 0.000 �0.175 0.000 �0.073a 0.011
Total Tenure �0.009 0.000 0.012 0.000 �0.014a 0.001
Firm Tenure �0.039 0.000 �0.040 0.000 �0.032 0.000
Number of Industries �0.004 0.257 �0.004 0.345 �0.010 0.407
Number of Firms �0.008 0.000 �0.009 0.000 0.003a 0.483
Same Industry No. Firms 0.003 0.018 0.004 0.007 �0.003b 0.385
Working for Top Broker 0.015 0.015 0.023 0.000 �0.022a 0.169
Star Analist 0.031 0.065 0.008 0.662 0.153b 0.000

Nobs. 152,925 131,800 21,125
Pseudo R2 0.0166 0.0310 0.0176


1 0.471 0.466 0.512

2 0.839 0.843 0.825

3 2.394 2.388 2.445

4 3.389 3.385 3.432

a(b) Female analyst estimate is statistically di¤erent from the male analyst individual estimate at
the 5% (10%) level.

25



Table 8: Ordered Probit Results Split Sample After 2001
This table reports estimates of the ordered probit model on the full sample and subsamples for male
and female analyst respectively. The recommendation data is obtained from I/B/E/S, while gender
has been identi�ed using Nelson�s Directory of Investment Research.

Full Sample Male Analyst Female Analyst
Estimate p-value Estimate p-value Estimate p-value

Consensus(t-1) 0.971 0.000 0.958 0.000 1.1085 0.000
Consensus(t-1)2 �0.077 0.000 �0.075 0.000 �0.088 0.000
St. Dev. of Outstanding Recs(t-1) �0.182 0.000 �0.184 0.000 �0.176 0.000
Total Tenure �0.004 0.000 0.005 0.000 �0.004a 0.238
Firm Tenure �0.012 0.000 �0.013 0.000 �0.004 0.548
Number of Industries 0.023 0.000 0.023 0.345 0.022 0.077
Number of Firms �0.007 0.000 �0.007 0.000 �0.007 0.047
Same Industry No. Firms �0.001 0.462 �0.001 0.371 �0.001 0.703
Working for Top Broker �0.258 0.000 �0.248 0.000 �0.325a 0.000
Star Analist 0.002 0.923 �0.010 0.588 0.066 0.156

Nobs. 144,748 127,232 17,516
Pseudo R2 0.0257 0.0252 0.0302


1 0.251 0.228 0.454

2 0.895 0.868 1.118

3 2.347 2.322 2.568

4 3.110 3.082 3.346

a(b) Female analyst estimate is statistically di¤erent from the male analyst individual estimate at
the 5% (10%) level.

Table 9: Wald Test Results for Sample Di¤erences
This table reports the test statistics and the p-values of the Wald
tests to check for di¤erences in the split sample results. All test
statistics are �210�distributed, assuming independence of the sam-
ples.

�210 p-value
Male Analyst vs. Female Analyst 1st half of sample 165.30 0.000
Male Analyst vs. Female Analyst 2nd half of sample 35.44 0.000
Male Analysts 1st half vs. 2nd half 312.93 0.000
Female Analysts1st half vs. 2nd half 320.54 0.000
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Table 11: Wald Test Results for Gender Di¤erences per Year
This table reports the test statistics and the p-value of the Wald test for all
gender coe¢ cients to simultaneously equal to zero. For all years the test
statistic is �210�distributed

�210 p-value
1996 19.70 0.032
1997 27.55 0.002
1998 44.52 0.000
1999 25.18 0.005
2000 35.88 0.000
2001 14.70 0.144
2002 15.79 0.106
2003 23.91 0.008
2004 14.56 0.149
2005 12.36 0.262
2006 36.50 0.000
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Table 13: Wald Test Results for Gender Di¤erences per Industry
This table reports the test statistics and the p-value of the Wald test for all
gender coe¢ cients to simultaneously equal to zero. For all industries the
test statistic is �210�distributed.

�210 p-value
Finance 29.07 0.001
Health Care 15.48 0.116
Consumer Non-Durables 21.23 0.020
Consumer Services 35.95 0.000
Consumer Durables 15.17 0.126
Energy 75.62 0.000
Transportation 34.92 0.000
Technology 19.23 0.037
Basic Industries 36.91 0.000
Capital Goods 3.24 0.975
Public Utilities 85.50 0.000
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Appendix: Figures
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The �gure shows the probability that a certain recommendation will be issued by either male (top)
or female (bottom) analysts. The probabilities are evaluated using the averages for all parameters,
accept for the consensus recommendations proxied by the mean recommendation in the month before
the analyst issues a (new) recommendation, which varies from 1 (strong sell) to 5 (strong buy).

Figure 1: Male and Female Analyst Probabilities for each Recommenda-
tion Class Class
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The �gure shows the relative probability di¤erences between male and female analyst for each
recommendation class. These are calculated by substracting the female analyst probabilities for
a recommendation class from the male analyst probabilities. This di¤erence is divided by the
probability that the recommendation occurs. The latter is calculated using the full sample estimation
results (without gender di¤erences).

Figure 2: Relative Probability Di¤erences Between Male and Female
Analysts
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The �gure shows the relative probability di¤erences between male and female analyst for each
recommendation class. These are calculated by substracting the female analyst probabilities for
a recommendation class from the male analyst probabilities. This di¤erence is divided by the
probability that the recommendation occurs. The latter is calculated using the full sample estimation
results (without gender di¤erences).

Figure 3: Relative Probability Di¤erences Between Male and Female
Analysts 1996 - 2001
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The �gure shows the relative probability di¤erences between male and female analyst for each
recommendation class. These are calculated by substracting the female analyst probabilities for
a recommendation class from the male analyst probabilities. This di¤erence is divided by the
probability that the recommendation occurs. The latter is calculated using the full sample estimation
results (without gender di¤erences).

Figure 4: Relative Probability Di¤erences Between Male and Female
Analysts 2002 - 2006
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The �gure shows the relative probability di¤erences between male and female analyst for each
recommendation class evaluated for full-sample averages. These are calculated by substracting the
female analyst probabilities for a recommendation class from the male analyst probabilities. This
di¤erence is divided by the probability that the recommendation occurs. The latter is calculated
using the full sample estimation results (without gender di¤erences).

Figure 5: Relative Probability Di¤erences Between Male and Female
Analysts over the Years

39



­0.6

­0.4

­0.2

0

0.2

0.4

0.6

0.8

Industries

Relative Probabilities Male ­ Female

H
ea

lth

C
on

sn
d

C
on

ss
v

C
on

sd
ur

En
er

gy

Tr
an

sp

Te
ch

no
l

Ba
si

c

C
ap

ita
l

U
til

ity

Fi
na

nc
e

Strong Sell
Sell
Hold
Buy
Strong Buy

The �gure shows the relative probability di¤erences between male and female analyst for each
recommendation class evaluated for full-sample averages. These are calculated by substracting the
female analyst probabilities for a recommendation class from the male analyst probabilities. This
di¤erence is divided by the probability that the recommendation occurs. The latter is calculated
using the full sample estimation results (without gender di¤erences).

Figure 6: Relative Probability Di¤erences Between Male and Female
Analysts for Industries
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