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Abstract

We document that buying assets for which the di¤erence in average rec-

ommendation between male and female analysts is small and female analysts

are more optimistic, yields signi�cant net annual returns of 3.2 percent af-

ter controlling for market risk, size, book-to-market and price momentum

e¤ects. The �nding is robust to di¤erent stock selection criteria. In addi-

tion, correcting for �rm size e¤ects shows that the strategy yields comparable

results for the subset of large �rms. Furthermore, we show that the outper-

formance is robust to regulatory changes in September 2002, while market

wide liquidity exposure cannot explain the documented outperformance.

�We thank Esther Eiling and Ralph Koijen for their help to collect the data, Thomson Finan-
cial for the I/B/E/S recommendation data and CRSP for the return data. We thank Frank de
Jong and Bas Werker and seminar participants at Tilburg University and Robeco Quantitative
Strategies for their comments and suggestions that helped improve the paper.

yTilburg University, Department of Finance, CentER for Economic Research, P.O. Box 90153,
5000LE Tilburg, The Netherlands. Email: p.c.degoeij@uvt.nl, phone: (+) 31 (0)13 4662083, fax:
(+) 31 (0)13 4662875.

zCatholic University of Leuven, AFI, Naamsestraat 69, 3000 Leuven, Belgium. Email:
kristien.smedts@econ.kuleuven.be, tel: (+) 32 (0)16 326739, fax: (+) 32 (0)16 326732.

brought to you by COREView metadata, citation and similar papers at core.ac.uk

provided by Research Papers in Economics

https://core.ac.uk/display/6304618?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1


1 Introduction

We show that investors can pro�t from exploiting gender heterogeneity in the rec-

ommendation issuing process of �nancial analysts. Whether to pro�t from publicly

available information is an intensely debated issue. Semi-strong form market e¢ -

ciency implies that investors should not be able to make pro�ts based on publicly

available information. Yet, the large sums of money spent on security analysts on

Wall Street suggest that practitioners and investors are convinced about the value

added of these recommendations.

Given such opposing views, a large empirical literature analyzes the value of

analysts�recommendations. Early studies by Cowles (1933), Bidwell (1977) and

Diefenbach (1972) conclude that the advice of security analysts does not gener-

ate abnormal returns. Subsequent research by Stickel (1995) and Womack (1996)

suggests however that a recommendations-based investment strategy could be prof-

itable. Barber et al. (2001) show that analyst recommendations can be used to

construct a pro�table investment strategy that involves daily portfolio rebalancing,

but that the associated transaction costs wipe out the potential pro�ts. Jegadeesh

et al. (2004) �nd that the level of recommendations does not really add value when

used in addition to other well-known predictor variables. They do �nd however

that the quarterly change in the consensus recommendation has explanatory power

to predict future returns.

Security analysts process a large amount of information in order to issue recom-

mendations on companies. Such a recommendation is not a simple valuation deci-

sion, but is the result of a complex and individual (possibly subjective) decision-

making process incorporating the risk-return characteristics of the �nancial in-

strument being examined.1 Indeed, the literature documents several biases which

implies that the recommendation issuing process is not just rational, but also

driven by behavioral motives. First, there is an upward bias in the distribution

of recommendations. Analysts are reluctant to issue negative reports, resulting in

(overly) optimistic recommendations (see among others, Barber et al. (2007), Lin

et al. (2005) and Chen and Matsumoto (2006)). Second, security analysts have

the tendency to herd. Although herding can potentially be information-driven, a

1For example, on their website Smith Barney notes that their rating system is absolute in
nature, with each recommendation being the result of an expected total return - risk rating (see
http://www.smithbarney.com/research/rating_system.html).

1



recent study by Jegadeesh and Kim (2007) �nds that recommendation revisions

are partly driven by analysts�desire to herd with the group. The herding behavior

of analysts found in Welch (2000), Hong et al. (2000) and Clement and Tse (2005)

could therefore, at least partly, be the result of such imitation-behavior. Despite

the evidence that �nancial analysts do not always behave rationally, to our knowl-

edge, there does not exits a study that shows that the recommendation issuing

process is gender speci�c.

Nevertheless, there exists a large literature showing that the decision making

process of women signi�cantly di¤ers from that of men2. Among others, Jianako-

plos and Bernasek (1998) and Sunden and Surette (1998) �nd that women are

more risk averse than men, leading them to take less �nancial risk. In addition,

Cadsby and Maynes (2005) �nd that women show less heterogeneity in their de-

cisions than men. Other studies have shown that gender speci�c behavior among

investors causes di¤erences in performance between men and women. Barber and

Odean (2001) show that men trade more than women lowering their net returns by

almost 1 percent more a year than women. A recent study by Niessen and Ruenzi

(2007) investigates gender di¤erences among professional investors. Although they

document similar average performance of female and male mutual fund managers,

female managers are more risk averse, trade less and follow less extreme and more

consistent investment styles. This study di¤ers from these latter studies as we do

not investigate gender di¤erences among investors, but we study gender hetero-

geneity in the advice that is given to investors.

To our knowledge, this study is the �rst to investigate whether gender hetero-

geneity among analyst recommendations can be exploited by investors. We focus

on the pro�tability of investment strategies that exploit di¤erences between the

gender speci�c consensus recommendations. The consensus is a natural choice as

it takes into account the information implicit in the recommendations of all the an-

alysts following a particular stock. We follow an investor-oriented, calender-time

approach similar to Barber et al. (2001). This permits us to directly measure

the abnormal gross returns and to estimate portfolio turnover and the associated

transactions costs.

For each asset we calculate the Gender Consensus Di¤erence (GCD) de�ned

2Croson and Gneezy (2004) synthesize studies on preference di¤erences between men and
women.
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as the male consensus recommendation minus the female consensus recommenda-

tion. A positive GCD-rating implies that male analysts issue on average more

favorable recommendations than female analysts. Alternatively, when an asset�s

GCD-rating is negative, female analysts issue on average more favorable recom-

mendations than male analysts. We track the investment performance of �rms

grouped into portfolios according to their GCD-rating using monthly portfolio

rebalancing.

Our �ndings can be summarized as follows. We document that buying a port-

folio that consists of stocks with a small, but negative GCD-rating (i.e. female

preferred stocks) results in net abnormal returns of 3.2 percent annually. This

result is robust to di¤erent stock selection stock selection criteria. In addition,

correcting for �rm size e¤ects shows that the strategy yields similar results for a

subset of large �rms only. Moreover, we show that the outperformance is robust to

regulatory changes in September 2002 while market wide liquidity exposure cannot

explain the documented outperformance.

The remainder of the paper is organized as follows. In Section 2 we describe

the data and present descriptive statistics. Section 3 discusses the research design,

while in Section 4 we analyze the performance of the gender-based strategy and we

study its risk characteristics. In Section 5 we investigate whether our results are

robust for di¤erent stock selection criteria and particular subsamples of the data.

Finally, concluding remarks are presented in Section 6.

2 Data and Descriptive Statistics

For this research we combine data from four di¤erent sources. First, we collect the

recommendations that are issued by �nancial analysts. Second, we identify the

gender of the analysts. Third, we merge the gender-recommendations database

with return data and �nally, we download benchmark returns from the website of

Kenneth French.3

The analyst recommendations are provided by the Institutional Broker Es-

timate System (I/B/E/S) database, which is part of Thomson Financial. The

3We thank Kenneth French for making the benchmark returns available.
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recommendations encompass the period 1996 - 2006.4 Each data record includes

information about, among other things, the recommendation, the recommendation

date, identi�ers for the brokerage house issuing the recommendation and for the

particular analyst who issues the recommendation (the surname and �rst initial).

Recommendations are given on a �ve-point scale. I/B/E/S collects the recommen-

dations and assigns standardized numerical values to 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 interpretation of our results we 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 which

lack identi�cation of the analyst, the brokerage house the analyst works for, the

company that is being followed, the corresponding industry, the recommendation,

or the monthly consensus recommendation.

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

(s)he is employed for, her/his specialization, and contact information. We use this

information to manually match the I/B/E/S analyst identi�cation with the full

�rst name and last name of each analyst. 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 �rst names.5 It deter-

mines from popular usage on the web whether a 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 ob-

servations when there is any ambiguity of the gender. From the 333,492 complete

observations in I/B/E/S we are able to match 94% with the corresponding gen-

der of the analyst. Finally, we trim the database by eliminating analysts covering

an unrealistic number of �rms (we top o¤ the 99th percentile), and we restrict

4The I/B/E/S data that we use for our analysis below, has been downloaded in February 2007.
A recent paper by Ljungqvist et al. (2007) shows that ex post changes are implemented in the
I/B/E/S database. In their Appendix A they show that since February 12, 2007 many, but not
all of the changes (anonymizations, alterations and deletions) in the recommendations database
have been reinstated. We do not have earlier snapshots of the I/B/E/S database available such
as Ljungqvist et al. (2007). Therefore it is impossible to check whether the changes in the
database were random accross gender and subsequently how their �ndings in�uence the results
of this paper.

5See http://www.gpeters.com/names/baby-names.php.
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our sample to companies covered by at least one male and one female analyst

simultaneously.

Next, for each datarecord in the sample, we need the company�s stock price in-

formation to calculate returns. This information is collected by linking the merged

I/B/E/S - Nelson�s database with the CRSP database. We take into account

the outstanding recommendations of the analysts on the �nal trading day of each

month. Our �nal sample contains 214,171 newly issued recommendations. Table

1 shows descriptive statistics for this �nal sample of analyst recommendations.

The total sample consists of recommendations of 6,852 unique analysts from 528

brokerage houses covering 4,716 �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 that is close to the 1997 level. In addition, for the number of �rms covered

and the number of analysts employed, we observe a similar but weaker trend. The

number of brokerage houses is larger in the second half of the sample. Finally,

female analysts are clearly a minority as only 17 percent 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 - 17 percent of the analyst community

until 2001 to only 13 percent in 2006. The fact that for every year separately,

female representation is lower than in the complete sample indicates that analyst

turnover is higher among women than among men. This implies that on average,

male analysts are working longer in the industry.

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, the yearly dispersion of recommendations as measured by the

standard deviation of outstanding recommendations. The table also shows a fre-

quency table of the di¤erent recommendation signals split by gender. There are no

large di¤erences between the average male and female recommendations, neither

between the dispersion of the recommendations. There does not seem to be a clear

gender e¤ect in the level of recommendations. Only for the years 2000 and 2005

we �nd that the mean recommendations of male and female analysts is statisti-

cally di¤erent from each other. For both gender groups, we observe a rather high

mean recommendation. This corresponds to the well-documented upward bias in

recommendations, with analysts being reluctant to issue negative reports. Several

5



studies argue that mixed incentives of analysts lie at the basis of this bias.6 The

stock market hype surrounding the end of the second millennium even reinforced

this bias, as analysts 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. (2007) and Conrad et al.

(2007) �nd the same dynamics and argue that this trend reversal can be the result

of a bad performing stock market and/or increased regulatory scrutiny of analysts�

activities.

The optimism in recommendations can also be seen from the frequency dis-

tribution in Table 2. Until 2001 both male and female analysts issue few Strong

Sell and Sell recommendations: combined they cover less than 3% of all recom-

mendations. From 2002 onwards the number of these negative reports increases to

more than 10% of all recommendations that are issued. Considering the fact that

stock markets have been performing very well since 2003, we believe that there

has been a structural change in analyst behavior since 2002. For example Conrad

et al. (2006) mention that the collapse of technology stocks introduced a some-

times contentious debate on the neutrality of analysts with several Wall Street

�rms. This introduced increased scrutiny of analysts�practices by the Securities

and Exchange Commission and the states attorneys general. Indeed, Barber et al.

(2007b) show that in the wake of numerous high-pro�le corporate scandals (such as

those involving Enron, WorldCom, Adelphia, and Tyco) the National Association

of Securities Dealers (NASD) proposed rule 2711, which was approved by the SEC

on May 8, 2002 and enforced on September 9, 2002. The rule contains a disclo-

sure provision which entails that every brokerage �rm is required to disclose in its

research reports the distribution of stock ratings across its coverage universe.7 In

the empirical part below, we investigate whether these regulatory changes a¤ect

the results.

6For recent evidence on the upward bias in the distribution of recommendations see Barber
et al. (2007), Lin et al. (2005) and Chen and Matsumoto (2006).

7A related provision of NASD 2711 is that every brokerage �rm must disclose in each of
its research reports its de�nitions for buy, hold, and sell. These de�nitions were not commonly
disclosed prior to the implementation of NASD 2711 (see footnote 7, Barber et al, 2007b).
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3 Research Design

In this section we present the research design of the study. We construct a trading

strategy that tries to exploit gender di¤erences in analyst opinions on the individual

asset level.8 The motivation for doing so is due to de Goeij and Smedts (2008)

who show that gender di¤erences in recommendations exist on the individual asset

level. This implies that for a given asset, if male and female analysts act similarly

within their gender group, the male consensus recommendation di¤ers from the

female consensus recommendation.

3.1 Portfolio Construction Methodology

For each asset i for which we observe outstanding recommendations in a given

month t � 1, we calculate the gender speci�c consensus recommendation
_

A
g

i;t�1;

which is de�ned as the average of all outstanding gender-speci�c recommendations

by analyst j for each �rm i on the last day of month t� 1, denoted as RECi;j;t�1.
Formally,

_

A
g

i;t�1 =
1

ngi;t�1

ngi;t�1X
j=1

RECi;j;t�1; (1)

where ngi;t�1 is the number of analysts who have outstanding recommendations for

the �rm on the last day of month t � 1 and g = male; female. We compute the
Gender Consensus Di¤erence (GCD) between male and female analysts as:

GCDi;t�1 =
_

A
male

i;t�1 �
_

A
female

i;t�1 : (2)

The Gender Consensus Di¤erence is negative (positive) when female (male) an-

alysts are more optimistic about the stock than male (female) analysts. In each

month, we rank all assets by their GCD-rating and we sort them into six equally-

8An investement strategy that exploits the level of recommendations cannot be implemented
pro�tably. We �nd negative abnormal returns for gender-split portfolios based on the most
favorably recommended stocks (results are availaible from the authors upon request). This is
consistent with analysts being too optimistic. Interestingly, we observe a further decline in the
performance of all female portfolios after August 2002. Simultaneously female participation in
the industry drastically declines. This suggests that the �better performing� female analysts
left their job, which is consistent with recent experimental evidence set forth by Niederle and
Vesterlund (2007).
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sized portfolios.9 Portfolio 1 thus contains assets for which female analysts issue

(on average) most favorable recommendations compared to their male colleagues.

Alternatively, portfolio 6 contains assets for which male analysts issue (on aver-

age) most favorable recommendations compared to their female colleagues. This

strategy thus implies that the level of the assets� (consensus) recommendation

does not matter for portfolio selection, but only the relative (male versus female)

consensus level. Portfolios can consist of �rms with have a very favorable consen-

sus recommendation, for example a �buy�recommendation and �rms with a very

unfavorable consensus recommendations, for example a �sell�recommendation.

In order to keep transactions costs limited, we use a monthly investment strat-

egy. Once we have determined the composition of each portfolio p on the last

trading day of month t�1, we calculate the value-weighted return for date t. Such
value weighted scheme allows us to better capture the economic signi�cance of our

results. The portfolio return Rp;t is given by:

Rp;t =

np;t�1X
i=1

wi;t�1Ri;t (3)

where wi;t�1 is the market value of equity for �rm i divided by the aggregate market

capitalization of all �rms in portfolio p determined at the close of trading on the

last trading day of month t � 1; Ri;t is the return on the common stock of �rm
i during month t and np;t�1 is the number of �rms in portfolio p at the close of

trading on the last trading day of month t� 1.

3.2 Performance Evaluation

To determine the pro�tability of trading on the recommendations, we evaluate

the returns that the strategy yields. We use di¤erent benchmarks to evaluate

abnormal returns. Such analysis not only sheds light on the obtained returns, but

also describes the underlying risks of the strategies. This procedure allows us to

analyze whether systematic di¤erences in risk preferences exist between male and

female analysts.

9The number of portfolios to construct is in fact arbitrary. Six portfolios are chosen to achieve
a high degree of seperation across �rms while retaining su¢ cient power for our tests. Qualitative
similar results are obtained when forming 4, 8, 10 or 12 equal size portfolios.
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We focus on di¤erent aspects of the portfolios�performances. We analyze the

risk-adjusted outperformance, and study the risks inherent in the strategies. We

use the Capital Asset Pricing Model, the three-factor Fama and French (1993)

model and the four-factor model of Carhart (1997) as benchmark models. The

four-factor model, which nests the CAPM and three-factor model, implies the

estimation of the following monthly time-series regression:

Rp;t �Rf;t = �p + �p(Rm;t �Rf;t) + spSMBt + hpHMLt +mpMOMt + "p;t (4)

where

Rp;t = the month t portfolio return,

Rf;t = the month t return on treasury bills having one month until maturity,

Rm;t = the month t market return,

"p;t = the regression error term.

Furthermore, SMBt is the month t return of the zero-cost portfolio, that consists

of a value-weighted portfolio long in small stocks and short in large stocks, HMLt
is the month t return of the zero-cost portfolio, consisting of a value-weighted

portfolio long in high book-to-market stocks and short in low book-to-market stocks

and �nally MOMt is a zero investment portfolio related to price momentum. The

momentum factor is the equally weighted month t average return of the �rms with

the highest 30 percent return over the 11 months through month t � 2, less the
equally weighted month t average return of the �rms with the lowest 30 percent

return over the 11 months through month t� 2.

A comparison of the estimated coe¢ cients across the GCD-rated portfolios

allows us to compare the relative outperformance of each strategy, as well as the

risk pro�le of each strategy. First, the estimated � coe¢ cients allow us to compare

the risk-adjusted outperformance of the portfolios. Second, the estimated factor

coe¢ cients (�; s; h and m) shed light on the risk pro�le of the gender-based

investment strategies. A comparison across the portfolios allows us to detect any

di¤erences in risk pro�le, that might explain any performance di¤erences.
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3.3 Transaction Costs

The portfolio returns are calculated without trading costs arising from the bid-ask

spread, brokerage commissions, and the market impact of trading. Therefore, we

asses the size of the transaction costs by calculating the turnover of each portfolio.

We use the strategy of Barber et al. (2001). The turnover of a portfolio p during

trading month t is de�ned as the percentage of the portfolio holdings (as of the

close of trading on the last day of month t� 1) that has been sold o¤ on the last
day of month t.

Turnover is calculated following a three-step procedure. First, for each stock i

in portfolio p as of the close of trading on the last trading day of month t� 1, we
calculate the fraction Gi;t it comprises of the portfolio at the end of trading on the

last day of month t if there were no portfolio rebalancing. This fraction is de�ned

as:

Gi;t =
wi;t�1 (1 +Ri;t)

np;t�1P
i=1

wi;t�1 (1 +Ri;t)

: (5)

Next, Gi;t is compared to the fraction �rm i makes up of portfolio p at the end of

trading on the last trading day of month t, Fi;t. The di¤erence between the fraction

Gi;t and the fraction Fi;t captures all portfolio rebalancing as a result of changes in

analyst recommendations and changes in relative market capitalizations. Finally,

we sum the existing decrease in percentage holdings of each of the stock that

are part of portfolio p in month t which yields the monthly portfolio turnover.10

Turnover during month t, denoted by TOp;t, is therefore calculated as

TOp;t =

np;tX
i=1

max(Gi;t � Fi;t; 0): (6)

Annual turnover is calculated by multiplying TOp;t by 12.

10Alternatively, we could take into account both the decrease as well as the increase in percent-
age holdings for each portfolio and consider the one-way transaction costs, instead of round-trip
transaction costs.
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4 Portfolio Characteristics and Returns

Table 3 provides descriptive statistics for portfolios formed on the basis of the

GCD rating for each asset. On average each portfolio contains 225 assets per

month. Column (2) shows that the stock selection procedure results in a split

between portfolios 1-3, which represent �rms for which female analysts issue, on

average, more favorable recommendations than male analysts and portfolios 4-6

which consist of �rms for which male analysts issue more favorable recommenda-

tions. Columns (3) and (4) document the gross returns and the market-adjusted

returns of all portfolios, respectively. All gross returns are signi�cantly di¤erent

from zero. We observe that the extreme GCD-rated portfolio 1 yields the lowest

returns, while the more moderate GCD-rated portfolio 3 yields the highest re-

turns. Interestingly, once corrected for market risk (measured as a value-weighted

NYSE/AMEX/Nasdaq index), none of the portfolio returns remain signi�cant.

Relative to the performance of a market portfolio, there does not seem to be any

outperformance of the GCD-rated portfolios. To measure how the GCD-rated

portfolios perform, relative to a benchmark that accounts for market risk, size,

book-to-market and price momentum characteristics, columns (1) - (3) of Table 4

present the estimated intercepts from the CAPM, the Fama-French model and the

Four Factor model, respectively. Table 4 shows that the portfolios consisting of

assets for which female analysts issue more favorable recommendations, perform

better than the portfolios consisting of the more favorable male analyst advice.

Portfolio 3, which consists of assets with a small but negative GCD-rating, shows

a signi�cant outperformance of about 32 basis points a month, relative to the

Fama-French model and the Four-Factor model. For all other portfolios however,

the outperformance is not statistically di¤erent from zero.

Table 4 also presents the incurred transaction costs from following the GCD-

strategies. In column (4) we present the annual turnover for each of the portfolios.

Annual turnover lies between 40.3% and 54.1%. There does not seem to be any

particular pattern across the GCD-rated portfolios. Note that due to our monthly

portfolio strategy, average turnover is considerably lower than the daily investment

strategy suggested by Barber et al. (2001). In addition, the portfolios in our sample

contain, on average, fewer assets, which also reduces turnover. Following Barber

et al. (2001) we choose the round-trip transaction costs for our portfolios at 1.31
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percent of share value traded.11 The columns (5) - (7) present abnormal returns

net of transactions costs. Portfolio 3 yields net abnormal returns of almost 3.2

percent annually relative to the Fama-French and Four Factor model. This makes

the investment strategy very pro�table indeed. This �nding suggests that it is

possible for investors to pro�tably exploit gender heterogeneity among �nancial

analysts. Investors should buy a portfolio of assets with a small, but positive

GCD-rating, thus choosing assets for which female analysts are a little bit more

optimistic than male analysts.

Table 5 presents the estimated factor loadings of the GCD-sorted portfolios, as

measured by the four-factor model. The risk loadings do seem to di¤er across the

GCD-sorted portfolios. The SMB factor has a signi�cant negative loading for the

Portfolios 1 - 3, indicating that female analysts on average recommend large-cap

�rms. On the other hand, portfolios 5 and 6, which consists of assets for which

male analysts issue more favorable recommendations, do have signi�cant negative

loadings for the momentum factor MOM , which implies they favour assets that

have underperformed in the last 12 months. In addition, the loadings for theHML

factor are signi�cantly negative for portfolios 2 and 3 (female preferred), while

they are signi�cantly positive for portfolios 5 and 6 (male preferred). Portfolio

3, with the small but negative GCD-rating seems to have a distinct risk-return

pro�le. This portfolio is characterized by large cap �rms with a low book-to-market

value and below average market risk. Overall, these results show that constructing

portfolios on the basis of asset speci�c gender recommendation heterogeneity, yields

portfolios with di¤erent risk-return characteristics.

While this analysis indicates that a pro�table gender-based strategy can be

pursued, the next section investigates whether these �ndings are robust to di¤erent

stock selection criteria, regulatory changes and the inclusion of a market-wide

liquidity factor. Moreover, this enables us to better understand the potential

drivers of these �ndings.

11For our sample 1996 - 2006, these round-trip transaction costs are probably higher than
investors have to pay, as several studies have shown that transaction cost have decreased sig-
ni�cantly in our sample (see for example, Hasbrouck (2006)). By taking this upper bound for
transaction costs, we are conservative about the net returns that can be realized using the in-
vestment strategy.
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5 Robustness

In this section we investigate whether the �ndings of the previous section are

robust. First, we investigate whether the result of the previous section is robust for

di¤erent stock selection criteria. Second, due to regulatory changes in September

2002, we observe that the distribution of issued recommendations has changed. We

investigate whether this change a¤ects the performance of the trading strategy.

Finally, we analyze whether the exposure to a market-wide liquidity factor can

explain the observed pattern in abnormal returns.

5.1 Di¤erent Stock Selection Criteria

In this section we investigate whether stock selection criteria in�uences the results

above. We investigate three di¤erent stock selection strategies. First, we use

�xed cuto¤ points to de�ne the portfolio compositions. Second, we presort on

industries, to correct for a potential industry-bias. Third, a presorting on �rm-size

is undertaken.

5.1.1 Fixed Cuto¤Points

As an alternative to dividing all assets equally among six portfolios, we follow

Barber et al. (2001) and de�ne �xed cuto¤ points to determine the portfolio

composition during each month t. Portfolio 1 consists of stocks that have a GCD-

rating equal or smaller than �1, portfolio 2 consists of assets with a GCD-rating
between �1 and �0:5, while the remaining four portfolios have cuto¤ points in the
ranges of (�0:5; 0]; (0; 0:5]; (0:5; 1] and larger than 1, respectively. By construction,
portfolios 1 - 3 contain the assets for which more favorable female recommendation

are issued, while portfolios 4 - 6 contain assets for which more favorable male

recommendation are issued.

Table 6 provides the return characteristics of all portfolios. Columns (1) and

(2) document the gross returns and the market-adjusted returns of all portfolios.

A pattern that is similar to the results of the previous section can be observed.

We observe that the extreme portfolios 1 and 6 yield the lowest returns, while

the moderate portfolios yield the highest returns. Portfolio 3 yields a statistically

signi�cant gross return of 93 points a month. Similar to the previous section, the

average market-adjusted portfolio returns are not signi�cant. Column (3) presents
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the abnormal gross returns per month relative to the Four Factor model.12 Con-

sistent with the results of the previous section, only portfolio 3 shows a signi�cant

outperformance consisting of between 23 basis points a month. This is slightly

lower than the �ndings of the previous section, but still highly signi�cant at the

5% level. Annual turnover percentages are between 42 and 63 percent as shown

in column (4) which is line with previous �ndings. These estimates imply a net

abnormal return 2.5 percent annually for portfolio 3.

The risk pro�les of the portfolios constructed using �xed cuto¤points are shown

in Table 7. The estimates for the factors loadings of the four factor model, pre-

sented in columns (1) - (4) are in line with the estimates for the equal size portfolios

presented in Table 5. Portfolio 1, shows no signi�cant factor loadings, while port-

folio 6 re�ects the risks of value stocks that have performed poorly in the past.

Again, portfolio 3 consists of large growth �rms with below average market risk.

5.1.2 Industry-Sorting

The interested reader might argue that the asset speci�c gender di¤erences in an-

alyst recommendations are industry speci�c. If this is indeed the case, this leads

to an over- or under representation of industry speci�c assets in a particular port-

folio. We therefore follow an approach similar to Rouwenhorst (1999). Instead of

dividing all GCD-rated assets equally between six portfolios, we �rst divide all

assets equally among six portfolios for each industry separately and in a second

step we combine all industry speci�c GCD-rated portfolios into six GCD-rated

portfolios overall. The results for these industry-corrected portfolios are similar

as for the equal size portfolios. Table 8 reports the return-characteristics of the

portfolios while the estimated Four Factor risk loadings are shown in Table 9.

Portfolio 3 yields a statistically signi�cant gross return of 98 basis points and a

signi�cant outperformance of 26 basis points relative to the Four Factor model.

The net annual return amounts to 2.6 percent annually. In addition, in terms of

risk exposures the results are very much in line with previous �ndings. Portfolio

3 consists of large growth �rms with below average market risk, while portfolio

6 re�ects value �rms that have performed poorly in the past. Overall, The in-

vestment strategy that exploits the individual assets�consensus di¤erence rating

12The results of the nested models, i.e. the CAPM and the Fama-French model are available
on request from the authors.
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yields portfolios that show di¤erent characteristics across GCD-rated portfolios

which are consistent and robust to industry speci�c corrections.

5.1.3 Firm Size-Sorting

In this section we investigate whether the investment strategy generates signi�-

cant abnormal net returns for subsets of small, medium and large �rms. There are

several reasons to perform this robustness analysis. First, there is typically less

information publicly available about smaller �rms and as a result the impact of the

analysts recommendations could be larger. Furthermore, as Barber et al. (2001)

note, it is likely that the investors�ability to arbitrage away any excess returns will

be lowest for these small �rms. However, the pro�tability of the GCD-rated port-

folio strategy does not depend on taking a contrarian position in either portfolio

and we therefore argue that this explanation is not so important. Finally, the es-

timated factor loadings of the Four Factor model indicate that portfolio 3 consists

of large-cap �rms. As large �rms represent a greater share of the investment op-

portunities available in the market, it would make such investment strategy easier

and cheaper to implement.

Table 10 presents the returns for the size partitions, assuming monthly rebal-

ancing. First, we sort all assets by �rm size and split the sample equally in three

subsamples. Next for every subsample, we sort all assets by GCD-rating and di-

vide them equally among six portfolios. This approach results in 18 double sorted

size-GCD portfolios.13 In the columns (2) - (4) the mean returns are presented.

The smallest �rms yield the largest gross mean returns, whereGCD-rated portfolio

5 has the largest average return of almost 1.5 percent per month and GCD-rated

portfolio 4 has the smallest average return of almost 94 basis points per month.

On the other hand, in the subsample of large �rms, GCD-rated portfolio 3 shows

the highest gross average returns of about 1 percent per month.

All mean-adjusted gross returns are insigni�cantly di¤erent from zero, but the

most interesting part of the table are columns (8) - (10) where the gross monthly

13In addition we investigated whether the results are robust to di¤erent levels of recommen-
dation dispersion. Diether et. al (2002) show that stocks with higher dispersion in analysts�
earnings forecasts earn lower future returns. In a similar vein, we investigate whether such dis-
persion e¤ect is present in analysts�recommendations. We �nd that the main result of the paper
can only be observed in the subsample of medium dispersion stocks. These results are available
from the authors upon request.

15



abnormal returns, relative to the Four Factor model, are presented. Only GCD-

rated portfolio 3 in the large �rm subsample yields signi�cant positive abnormal

returns of 32 basis points per month. In contrast, GCD-rated portfolio 3 in the

small and medium size subsample have negative abnormal returns, although not

signi�cantly di¤erent from zero. This implies that the outperformance of the assets

for which female analysts are on average a little bit more optimistic compared to

male analysts is driven by large cap �rms.

Annual turnover, presented in columns (11) - (13), is almost twice as large for

the large �rms compared to the small �rms, while the smallest turnover is observed

for all medium �rm size portfolios. This implies that especially for the subsample

of large �rms, the GCD-rating changes more often, causing more portfolio changes

and therefore higher turnover. Across GCD-rated portfolios no particular pattern

is observed, in line with previous �ndings. As mentioned above, larger �rms have

the advantage that transactions costs are lower. Using round-trip cost of 0.727

percent for large �rms, we estimate net annual returns close to 3.5 percent for the

larger �rms in GCD-rated portfolio 3. This result implies that the investment

strategy is straightforward to implement as it is driven by investing in larger size

�rms.

5.2 The Impact of Regulatory Changes

Several studies have shown that analysts have been overoptimistic in recommend-

ing stocks. After the collapse of technology stocks, this upward bias in analyst

recommendations became known publicly and caused increased scrutiny of ana-

lysts�practices by the Securities and Exchange Commission. In addition, in the

wake of numerous high-pro�le corporate scandals the National Association of Se-

curities Dealers (NASD) proposed rule 2711, which was approved by the SEC on

May 8, 2002 and enforced on September 9, 2002. The rule contains a disclosure

provision which entails that every brokerage �rm is required to disclose in its re-

search reports the distribution of stock ratings across its coverage universe. This

has lead to a change in the recommendation distribution of security analysts. In

this section we investigate the e¤ects of the regulatory changes on the GCD-rated

portfolio strategy.

Table 11 show the performance relative to the Four Factor model of the equal
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size portfolio investment strategy before September 2002 and after August 2002,

when the regulatory changes came into e¤ect. Column (2) shows the abnormal

gross returns, relative to the Four Factor model, when taking into account all ob-

servations before September 2002. Only portfolio 3 shows signi�cant14 abnormal

returns of 33 basis points a month. Taking into account annual turnover, presented

in column (3), this yields net abnormal returns of 3.3 percent annually. After the

regulatory changes in September 2002, the investment strategy remains pro�table

relative to the Four Factor model. Portfolio 3 yields net abnormal returns of 2.8

percent annually. Note that the estimate after August 2002 has a higher t-value

even when the second half of the sample covers only 52 months. In addition, after

August 2002, portfolio 5 yields signi�cant net abnormal annual returns of 2.9 per-

cent a year (when shorting the portfolio). This �nding is almost a complete reverse

of the performance of portfolio 5 before August 2002. This �nding is however not

robust when considering other stock selection criteria. Overall, we conclude that

the pro�tability of the investment strategy that consists of purchasing the assets

in GCD-rated portfolio 3 is robust for the regulatory changes of September 2002.

5.3 Gender Di¤erence Consensus Portfolios and Market-

Wide Liquidity Exposure

As a �nal robustness check, we investigate whether exposure to market-wide liq-

uidity can potentially explain the abnormal returns of the DC-rated portfolio 3.

The motivation is due to Pastor and Stambaugh (2003) who show that systematic

liquidity risk is a priced risk factor and especially Sadka (2006) who shows that

a liquidity factor is priced within the context of momentum and post-earnings-

announcement drift portfolio returns.

From the WRDS system we downloaded 4 market-wide liquidity series. These

are the liquidity level, LIQ(PS)Lt ; and liquidity innovation, LIQ(PS)
I
t , from Pas-

tor and Stambaugh (2003) and the transatory-�xed liquidity factor, LIQ(S)TFt ,

and the permanent-variable liquidity factor, LIQ(S)PVt , from Sadka (2006). The

Pastor and Stambaugh (2003) liquidity measures cover our entire sample period,

while the Sadka (2006) liquidity series run through December 2005. When inves-

tigating the impact of the Sadka (2006) measures, we therefore use a sample from

14At the 10 percent signi�cance level.
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January 1996 - December 2005.

In contrast to the factors used in (4), the market-wide liquidity factors do not

represent the returns on a zero-cost portfolio. Therefore, if we add a liquidity factor

to the Four Factor model as a 5th factor, the intercept can no longer be interpreted

as Jensen�s alpha to measure the outperformance of our portfolios. Therefore, we

follow an alternative approach. For every portfolio we estimate equation (4) and

calculate the Four Factor portfolio residuals ept. Next, we estimate the following

time-series equations simultaneously using OLS:

ept = 0p + 1pLIQt + �pt; (7)

where LIQt represents one of the four liquidity measures described above, 0p and

1p are parameters that have to be estimated and �pt is an error term, for all

portfolios p. In order to obtain variability in the cross-sectional dimension, we

perform the regressions for the double sorted size portfolios of subsection 5.1.3.

Table 12 shows the 1 estimates across the 18 double sorted size-GCD portfolios.

When interpreting the estimation results, we are especially interested in di¤er-

ences of the 1 estimates across the portfolios and the sign of the estimates. In

Table 12 only a few individual estimates are signi�cant. In addition, the Wald test

for simultaneous equality of all 1 estimates can only be rejected for the transatory-

�xed liquidity factor (see Sadka (2006)). However, a particular pattern across the

liquidity exposures cannot be observed. Ultimately we are interested in any rela-

tionship between the abnormal return of the portfolios and liquidity exposure. In

Figure 1 the estimated Jensen�s alphas of Table 10 are plotted against the liquidity

exposure estimates 1 of Table 12. In Figure 2 the estimated Jensen�s alphas are

sorted by size while the corresponding liquidity exposures are plotted as well. In

all the subplots we cannot identify any relation between the abnormal returns and

liquidity exposure. Indeed, cross-section regressions of Jensen�s alphas on the esti-

mated liquidity exposures b1�s (and a constant term), do not yield any signi�cant
estimates for any of the liquidity measures, including the transatory-�xed liquid-

ity factor. This shows that there is no relationship between market-wide liquidity

exposure and double sorted size-GCD portfolios.

We summarize our �ndings as follows. Exploiting gender heterogeneity for indi-

vidual assets results in the (signi�cant) outperformance of a portfolio that consists
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of assets for which female analysts issue slightly more favorable recommendations

compared to male analysts. The �rms in the portfolio can be characterized as

large growth �rms with below average market risk and the outperformance is not

related to market-wide liquidity risk exposure.

6 Concluding Remarks

The goal of this paper is to investigate whether abnormal returns can be realized

on investment strategies designed to exploit gender heterogeneity of analysts�stock

recommendations. For each asset we calculate the Gender Consensus Di¤erence

(GCD) de�ned as the male consensus recommendation minus the female consensus

recommendation. Therefore, a negative GCD-rating implies that female analysts

issue on average more favorable recommendations than male analysts. We doc-

ument that in the 1996 - 2006 period, a strategy that consists of the monthly

rebalancing of a portfolio that consists of buying stocks with a small, but negative

GCD-rating, yields net annual abnormal returns of 3.2 percent after controlling

for market risk, size, book-to-market and price momentum e¤ects.

This �nding is robust to di¤erent stock selection techniques. Correcting for

potential biases in the portfolio selection procedure still results in a signi�cant

outperformance of the portfolio that consists of assets with the smallest negative

GCD-rating. This strategy yields abnormal returns of minimally 2.5 percent an-

nually. We document that the outperformance is only present in the subsample of

large �rms. The result is robust to regulatory changes in September 2002. Before

September 2002, the strategy yields net annual abnormal returns of 3.3 percent,

while after August 2002, outperformance decreases to 2.8 percent annually. We

show that the outperforming portfolio consists of assets of large growth �rms with

below average market risk. Finally we show that the outperformance is not related

with market-wide liquidity risk exposure.

This study shows that on the individual asset level, gender heterogeneity in

the recommendation issuing process of �nancial analysts can be exploited by in-

vestors. Whether this result can be explained by di¤erences in personal analyst

characteristics, such as age, experience or working environment is left for future

research.
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Tables

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

No. Rec. No. Firms Covered No. Brokers No. Analysts % Female
1996 13,130 2,126 172 1,933 16
1997 15,018 2,490 201 2,392 16
1998 18,714 2,743 213 2,818 17
1999 19,685 2,783 215 3,023 17
2000 18,728 2,705 206 2,974 17
2001 20,193 2,532 193 2,954 16
2002 31,189 2,595 198 3,039 15
2003 23,877 2,490 257 2,943 14
2004 20,885 2,540 285 2,974 13
2005 17,107 2,491 273 2,596 13
2006 15,645 2,407 240 2,237 13

all years 214,171 4,716 528 6,852 17
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Figures

The graphs shows the relationship between estimated Jensen�s alphas and the estimated liquidity
exposures 1 obtained from a time-series regression of the residuals of Four Factor Model regressions
using 18 portfolios that were constructed using double sorts by size and GCD-rating of individual
assets.

Figure 1: Estimated Four Factor Intercepts versus MarketWide Liquidity
Exposure



The graphs shows estimated Jensen�s alphas together with the estimated liquidity exposures 1
obtained from a time-series regression of the residuals of Four Factor Model regressions using 18
portfolios that were constructed using double sorts by size and GCD-rating of individual assets.
The Jensen�s alphas have been sorted by size.

Figure 2: Sorted Estimated Four Factor Intercept versus Market Wide
Liquidity Exposure

36


