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A bst ract
This paper explores whether bias arising from group work helps ex-

plain the gender promot ion gap. Using data from economists’ CVs, I
test whether coauthored publicat ions matter different ly for tenure by
gender. While solo-authored papers send a clear signal about one’s abil-
ity, coauthored papers do not provide specific informat ion about each
contributor’s skills. I find that women incur a penalty when they coau-
thor that men do not experience. This is most pronounced for women
coauthoring with men and less pronounced the more women there are
on a paper. A model shows that the bias documented here departs from
tradit ional discriminat ion models.

1 Int roduct ion

In many industries, women are not only hired at lower rates than men are,
they are also promoted at lower rates. This phenomenon, which is especially
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prominent in the STEM (science, technology, engineering, and math) fields,
has been dubbed the “leaky pipeline”. Researchers have at tempted to ex-
plain the leaky pipeline by looking at product ivity differences between groups
(Ginther and Kahn, 2004), differences in behaviour such as compet it iveness
and confidence(Niederleand Vesterlund, 2007), and therole that child-bearing
plays for women (Ceci et al., 2014; Ginther and Kahn, 2004). Even after ac-
count ing for thesefactors, a significant port ion of thegap remainsunexplained.
In academia, for example, over 30%of theobserved gap in tenure ratescan not
beaccounted for by observableproduct ivity differencesor family commitments
(Ginther and Kahn, 2004).
Discriminat ion has been proposed as a factor contribut ing to the gap, but

empirically test ing for discriminat ion in promotion is diffi cult due to unob-
served variables. The resume and audit studies typically used to test for
discriminat ion in hiring1 can not be used for promot ion decisions. As such,
most of the research on discriminat ion in promot ion hasbeen theoret ical. Two
notableexamplesareFryer (2007) and Lehmann (2013) who extend Coateand
Loury’s canonical model of stat ist ical discriminat ion to include a promot ion
stage. Fryer demonstrates that minorit ies who are init ially hired at a lower
rate due to discriminat ion may be promoted at higher rates. This occurs if
employersare“liberal” and believethat minorit ieswhomadeit through thehir-
ing stagemust be truly except ional. However, Lehmann argues that minority
workers might be less likely to be promoted if affi rmat ive act ion skews em-
ployers’ views of minority hires. She develops a model in which employers are
constrained in their hiring choices by a diversity policy but are unconstrained
in their promot ion decisions. Employers can different ially assign workers to
tasks, some of which put workers in a bet ter posit ion for promot ion. Employ-
ers who have a negat ive view of minority workers will place minority hires in
“non-promot ion tracks” and will consequent ly bepromoted at a lower rate. She
finds evidence of such behaviour using data on law firm hires and promot ions.



argue that bias can enter when workers can work in groups, a feature common
in many workplaces today. While working with others lowers the cost of pro-
duct ion, it gives the employer a noisy signal of each worker’s ability and he
must make a judgment call as to who put in the most effort . I test this idea
using data from academic economists’ CVs. Within academia, women hold a
small fract ion of full professorships across quant itat ive disciplines. Economics
is no out lier. While women’s representat ion among doctoral degree recipi-
ents has increased over t ime, there has not been a corresponding increase in
their representat ion among tenured faculty. I use the data to show that the
promot ion gap appears when workers work in groups. I present a model of
discriminat ion that allows for group work and show that the trends we see in
the data are inconsistent with both stat ist ical discriminat ion and taste-based
discriminat ion, suggest ing that some other form of bias is at play.
Figure1motivates thepaper. It shows therelat ionship between tenureand

the fract ion of an economist ’s papers that are solo-authored at the t ime he or
shegoes up for tenure. Thedata behind the plot will be discussed in the body
of the paper, but the figure provides evidence that women suffer a “coauthor
penalty”. While women who solo-author everything have roughly the same
chance of receiving tenure as a man, women who coauthor most of their work
have a significant ly lower probability of receiving tenure. The penalty is not
explained by coauthor select ion and is robust to controlling for product ivity
differences, tenure inst itut ion, year of tenure, and field of study.
The remainder of the paper is organized as follows. Sect ion 2 presents a

model in which employersmake promot ion decisions based on group signals of
product ivity. The model provides a set of testable predict ions that we would
expect to see if stat ist ical discriminat ion were at play. Sect ion 3 describes the
data used to test the predict ions of the model. The results are presented in
Sect ions 4 and 5. Sect ion 6 concludes.



2 M odel

Economists typically consider two types of discriminat ion: taste-based and
stat ist ical. Taste-based discriminat ion assumes that employers havea distaste
for members of a certain group and therefore will not hire or promote them
regardlessof their skill. Stat ist ical discriminat ion assumes that employershave
priors over the average ability of each group. If they believe that one group is
less skilled, they will hold individuals from that group to a higher standard.
For example, a black student with a 3.5 GPA would not be hired for the same
posit ion that a white student with a 3.5 GPA has. The black person needs a
3.8 GPA to receive such an offer. This can lead to an equilibrium in which
workers from the discriminated-against group find it too cost ly to invest in
skills and their underinvestment reinforces employers’ beliefs2.
In these models of discriminat ion, employees work alone and employers

make decisions based on signals informat ive about one individual3. Allowing
for group work makes it diffi cult for the employer to infer a worker’s ability
from a signal. Figure1 suggests that employersmakedifferent inferencesabout
a man and a woman’s typewhen employees work joint ly. To test whether dis-
criminat ion can explain Figure 1, I alter earlier models of stat ist ical discrimi-
nat ion (Coateand Loury, 1993) to allow for group work and test itspredict ions
with the data.
There are two important differences between this model and earlier mod-

els. First , I abstract from the worker’s decision of whether to invest in a
skill or put in effort . Since workers are already employed, I assume that they
have already invested in skills and must produce the firm’s product . Instead,
workers make a collaborat ion decision. Collaborat ing lowers the cost of pro-
duct ion but could also lower the quality of the product if a worker’s partner
is low ability. Secondly, I assume that workers are “naive” in that they do
not consider that employers might infer something from their decision to col-



laborate. This contrasts with standard stat ist ical discriminat ion models that
assume that workers are fully rat ional and understand the promot ion process
(although I discuss how the predict ionswould change using the assumpt ion of
full rat ionality). I will also describe the predict ions that come out of a model
of taste-based discriminat ion and test these predict ions in the data.

2.1 Basic Set up

Themodel beginswith a set of workerswho havealready been hired. Workers
belong to an ident ifiable group, men or women, denoted by g 2 f M ; Wg. Na-
tureassigns them a type(ability), a 2 f L; H g, that isknown to theworker but
unobserved by other workers and the employer. Both employers and workers
share theprior that a fract ion �w of femaleworkers arehigh typesand fract ion
�m of male workers are high types, where �m > �w.
Workersmust complete a project for the firm and can decidewhether they

want to work alone or with another worker. After receiving a signal from
the worker, the employer makes a promot ion decision. The exact sequence of
events is as follows:

1. Worker i draws a project p with associated cost cp which is drawn from
a distribut ion with CDF G(c). At the same t ime, workers are randomly
matched to another worker, j (“the collaborator”).

2. Collaborator j sends the worker a noisy signal, �c, about j 0s type.

3. Worker i decides whether to work alone or collaborate. Collaborat ing
reduces the cost of product ion, described in more detail below.

4. Workers complete their projects (either alone or with another worker)
and send a signal to the employer, �e.

5 Employers make promot ion decisions



2.1.1 Cost s

Workersdraw a cost associated with their project but therealized cost depends
on whether they work independent ly or with a partner. Workers who work
independent ly pay the full project cost , cp. Collaborat ing lowers the cost of
product ion to 0.
High costsmake it less likely that any worker will choose to work alone. In

the context of coauthoring, this is akin to having to run a field experiment or
needing specific data that makes it almost impossible to complete the project
alone.

2.1.2 Signals

First , workers receive a signal from their potent ial collaborator. Collaborators
who are high types draw their signal from the distribut ion with CDF �c �
FH (�). Collaborators who are low types draw from �c � FL (�). It is assumed
that FH (�) � FL (�) 8�2 [0; 1] so that high types aremore likely to draw high
signals. Employers do not see �c.
After deciding whether to collaborate, the workers complete their projects

and send a signal, �e, to the employer. This signal is drawn from the same
distribut ions that �c is drawn from. A worker who works alone draws �e
from FH (�) if she is a high type and from FL (�) if she is a low type. If a
worker chooses to collaborate, the signal she sends depends on her and her
collaborator’s types. If both are high types, they draw a signal from FH (�). If
they are both low types, they draw from FL (�). If one is a low type and one
is a high type, they draw from FH (�) with probability �and from FL (�) with
probability 1� �.
Tosummarize, workersreceivefull informat ion about thecost of theproject ,

cp, and a signal about the collaborator’s type, �c. Workers decide whether to
collaborate based on cp, �c, and �g. The employer then receives a signal, �e,



type of her collaborator. He decides whether to promote the worker based on
�e, �g, and the collaborat ion decision.

2.1.3 Payoff s

Workers who are promoted receive wage w while those who are not promoted
receive 0. A worker who collaborates and is promoted has a total payoff of w
while a collaborat ing worker who is not promoted has a total payoff of 0. A
worker who works alone and is promoted has total payoff w � c and one who
is not promoted has total payoff �c.
Employers who promote a high ability worker receive payoff �H �w where

�H > w. Employers who promote a low ability worker receive payoff �L � w
where �L < w.

2.2 Employer ’s Decision

The model is solved working backwards from the employer’s promot ion deci-
sion. The employer observes the worker’s signal and collaborat ion choice and
sets a cutoff rule that he uses to make promotion decisions.

2.2.1 Deciding whet her t o promot e a solo worker

Theemployer wants to promoteall high ability workerswithout promot ing any
low ability workers. When an employer sees a signal from a group g worker
who works alone, he updates his beliefs about the worker’s type according to
Bayes’ rule:

�s;g(�s) � P(ai = H j�e;�g; S) =
�gf H (�e)P(SjH )

�gf H (�e)P(SjH ) + (1� �g)f L (�e)P(SjL)
:

Here, P(SjH ) is the probability that the worker would choose to work alone
when she is a high type This term is defined in the worker’s program and



Theemployer will promotea worker if the expected payoff from doing so is
greater than the wage the employer pays. That is, the employer will promote
the worker if

�H �s;g(�e) + �L (1� �s;g(�e)) � w

�s;g(�e) �
w � �L
�H � �L

which defines a cutoff ~�e;gi for each group at which the employer is indifferent
between promot ing and not promoting theworker. The cutoff depends on the
priors, �g, and thebelief that a high ability worker would choose towork alone,
P(SjH ), which comes from theworker’s problem. If theemployer believes that
a large fract ion of workers from group g are high ability (�g is close to 1), he
will not need to set a high threshold so ~�e;gi will fall. Similarly, if high ability
workersare likely towork alone(P(SjH ) iscloseto 1), theemployer will believe
that the worker is a high type regardless of signal �e so the cutoff will fall.
The employer will promote any solo worker who sends a signal greater

than ~�e;gi and not promote workers who send signals below this cutoff . Note
that since �m > �w, women who work alone will be tenured at a lower rate
than men who work alone. However, if the game is extended to mult iple
periods so that workers can send many signals, the signals start to outweigh
the employer’s prior. Each addit ional high solo signal will bring a woman’s
chance of promot ion closer to that of a man.

Predict ion 1: After one solo signal, women will be promoted at lower rates
than men (provided that �m > �w) but addit ional “high” signals from women
will start to close the promotion gap.

2.2.2 Collaborat ing workers

Signals from workerswho collaboratecontain more informat ion Theemployer



and the collaborator’s group ident ity. He does not have any addit ional infor-
mat ion about the collaborator other than his or her gender.

Consider the case of a female worker who collaborates with someone from
group g. Like the workers, the employer holds the belief that �w women are
high types4. Upon receiving a signal, �e, the employer will update his belief

that the worker is a high type according to Bayes’ rule5:

�c;w;gj (�e) � P(ai = H j�e; �w;CA)

=
�wP(CAjHi ) [�gP(CAjHj )f H (�e) + (1� �g)P(CAjL j ) (�f H (�e) + (1� �)f L (�e))]

Total Probabi l i ty

Theemployer’s belief depends direct ly and indirect ly on his priors, �m and
�w. As his views about women become more favourable, he is more likely to
believe that a given woman is high ability. However, the priors also influence
workers’ willingness to work with one another (P(CAjHi ) and P(CAjHj )). If
�f is close to 0, both men and women are very unlikely to collaborate with
women. A woman would have to send a very high signal (�c) in order to
convince someone to work with her since the odds of her being a high type are
so low. For example, in the case of coauthoring, if people believe that most
women are “low types”, women would have to prove their skills above and
beyond what a man would have to do to at t ract a coauthor. While this may
be frustrat ing for women, it has a posit ive effect on the employer’s belief. If
someoneagrees to coauthor with a woman, it must havebeen becauseshesent
a very high signal and is thus likely to be high ability. Low priors therefore
work both for and against women: they are expected to be low ability but if

4Onemight think that since hiring has already occurred, employers should set �m = �w
since they would t ry not to hire any low ability workers. If this is the case, workers will
promote a man and a woman with the same signal �with equal probability even when they
have collaborated I test for this in Sect ion IV and show that employers t reat men and



they find a collaborator, the employer posit ively updates his beliefs.
Because both men and women require a higher �c from women in order to

work with them, women who work with other women areworse off when �w is
low. This is shown graphically in Figure 2 where beliefs about men, �m, are
held constant and beliefs about women vary. For low �w, workers will only
work with women if they send a high �c. Again, if the employer sees a woman
working with a woman, he knows that the collaborator sent a high signal and
is likely to be a high type. The employer is actually less likely to believe that
the female worker up for promotion is a high type when her collaborator is a
woman rather than a man. This is because the male collaborator would not
have had to send as high of a signal so his probability of being a high type is
lower than a female collaborator’s. As �w increases, female collaborators do
not have to send as high of signals and the female worker up for promot ion
begins to receive more credit . Beliefs also depend on the project cost. In
Figure 2, the project cost is assumed to be 0.4 with a wage of 5. The lower is
the project cost, the less workers need to collaborate and so any collaborat ion
decision is viewed as being based off of a high �c rather than a necessity to
collaborate.

Predict ion 2: For low �w, women are more likely to be perceived as high
types if they collaboratewith men. As�w increases, women aremore likely to
be high types if they collaborate with other women.

An employer will choose to promote a worker who collaborates if the expected
payoff from doing so is greater than the promot ion wage. Specifically, the
employer will promote worker i from group g 2 f M ;Wg who collaborated
with worker j from group g 2 f M ;Wg if

E (payoff promotej�e; collab;�g) � w

�H P(ai = H j�; collab � ) + �L (1� P(ai = H j�; collab � )) � w



�c;gi ;gj (�e) �
w � �L
�H � �L

which defines a cutoff signal �̂e;gi ;gj . Note that while the cutoff for solo workers
depended on the worker’s group status, the cutoff for collaborat ing workers
dependsboth on theworker’sgroup statusand thecollaborator’sgroup status.
Men who work with men are held to a different standard than men who work
with women. This is because theemployer’s beliefs about who was responsible
for thework changesbased on groups. Sinceemployers start with lower beliefs
about women, they will at t ributemore of a signal to a man than to a woman.
As such, men who collaborate with women do not need to send as high of
signals to the employer as men who work with men. The same is true for
women working with women.

Predict ion 3: For a given �e, workerswhowork with women will bepromoted
at higher rates than workers who work with men. Since there is uncertainty

over who had the idea, put in effort , and so on, the probability that a given
collaborat ing worker is a high type is lower than the probability that a solo
worker with the same �e is a high type, regardless of gender. Because of this
addit ional uncertainty that is not present when workerswork alone, employers
are less likely to promotea high ability collaborat ing worker than a high ability
independent worker.

Predict ion 4: High ability men and women who collaborate are less likely to
be promoted than high ability men and women who work alone.

2.3 Naive Worker ’s Decision

I assume that workers are naive in that they do not consider the fact that em-
ployers treat men and women different ly. That is, while both men and women



four cutoffs for collaborat ing workers (�̂w;w; �̂w;m ; �̂m;w; �̂m;m), workers believe
that �̂w;w = �̂w;m � �̂w and �̂m;m = �̂m;w � �̂m. This assumption is relaxed in
Sect ion 2.4, but the survey data substant iates this assumpt ion and is further
discussed in Sect ion 4.2.1.
Recall that upon drawing the project , the worker is matched to another

worker with whom she can collaborate. Collaborat ing is both beneficial and
cost ly. Collaborat ing lowers the worker’s cost of product ion6 but also lowers
the probability that the worker will be promoted since there is some chance
the collaborator is a low type. Upon receiving a signal �c from the potent ial
collaborator, the worker updates her beliefs about the collaborator’s ability
and weighs the costs and benefits of collaborat ing.
Consider a high ability female worker, i , who draws a project and is

matched to a male worker, j , who sends signal �c. Worker i updates her
belief about j ’s ability according to Bayes’ rule:

' (�c) � P(aj = H j�m; �c) =
�mf h(�c)

�mf h(�c) + (1� �m)f l (�c)
:

Worker i will collaborate if the expected cost reduct ion from collaborat ing
outweighs the possibility that j is a low type and the certainty of drawing a
high signal if i works alone7. This is formalized in equat ion 1 below where the
right-hand side is the expected payoff of collaborat ing and the left -hand side
is the payoff from working alone.

wP
�
�e � �̂jcol lab

�
� wP

�
�e � �̂jsolo

�
� c

w[(1� FH (��e)) ' + (1� ' )(�(1� FH (��e)) + (1)

(1� �)(1� FL (��e)))] � w(1� FH (��e)) � c

w(1� �)(1� ' ) (FL (��e) � FH (��e)) � c

6This can also be thought of as a t ime cost of product ion which allows the worker to



Equat ion 1 shows how worker i ’s decision to collaborate changes with pro-
duct ion costs and beliefs. Theworker is more likely to coauthor as the cost of
the project increases and as the probability that worker j is a high type in-
creases (' increases). Relat ing this to the decision to coauthor, someprojects,
such as RCTs, might be so cost ly to complete on one’s own that collaborat-
ing is at t ract ive even if the coauthor may not turn out to be an ideal match.
As the probability that the coauthor is a high type increases, the greater are
the expected cost savings, making collaborat ing the opt imal choice. This can
occur if �m, the belief over how many qualified men exist in the populat ion,
increases or if the man draws a high signal, �c. The worker is less likely to
collaborate as thewage increases since they are less willing to risk losing their
promot ion by being matched to a low ability coworker. High wages also begin
to outweigh the cost of working alone, making the expected cost saving from
collaborat ing less at t ract ive.
Equat ion 1 defines a cutoff ��c for which worker i is indifferent between

working alone or working with worker j . Through the samecalculat ion, cutoff
signals can be defined for all worker types:

1. A low ability group g worker receiving signal �c from a group g worker
will collaborate if

w[(1� ' ) (1� FL (��e)) + ' (�(1� FH (��e)) +

(1� �)(1� FL (��e)))] � w (1� FL (��e)) � c

w' �(FH (��e) � FL (��e)) � c

which holds for all posit ive wages and costs. Low ability workers will
therefore always be willing to collaborate. They will only work alone if
their collaborator is unwilling to work with them.



will collaborate if

w(1� �)(1� ' ) (FL (��e) � FH (��e)) � c

which implicit ly defines a cutoff ��c((�g;�; c)), below which the high abil-
ity worker will choose to work alone. Note that because �m > �w, the
cutoff for women will be higher than the cutoff for men for a given sig-
nal: ��c;w > ��c;m . Because of people’s prior that there are fewer qualified
women than men, a woman with the same credent ials as a man is less
likely to be a high type. As such, both male and female workers will
hold hold female workers to a higher standard than male workers.

Predict ion 4: Both men and women who arehigh ability will requirea higher
signal, ��c, from women than from men in order to work with them. Women
who collaborate will therefore be, on average, higher ability than men who
collaborate. Because workers are naive, the worker’s decision influences the

employer’s cutoff rule but the worker does not realize this. Specifically, the
probability that a given worker would coauthor (P(CAjH ) from theemployer’s
problem) is defined as

P(CAjH ) = Pi (w(1� �)(1� ' (�c;j ))(FL (��e) � FH (��e) � c) �

[1+ Pj (w(1� �)(1� ' (�c;i ))(FL (��e) � FH (��e) � c)]

P(CAjL) = 1�[1+ Pj (w(1� �)(1� ' (�c;i ))(FL (��e) � FH (��e) � c)]

where the probability that an individual collaborates depends both on the
probability that they would like to collaborate and that their match would
like to collaborate. All low types would like to collaborate and high types will
collaborate under certain condit ions. If workers could have mult iple matches,
low ability workers would cont inue to draw unt il they found someone who



worker will not want to work with them. The cost of the project could also
push high ability individuals to collaborate. A project that is drawn with a
high cost can be thought of as a project that can only be completed if the
workers collaborate. For example, a high ability economist might require a
coauthor who has a part icular dataset or a coauthor who can help to run a
field experiment.

2.4 Informed Worker ’s Decision

If workersknow that employers takethedecision to collaborateasan addit ional
signal of ability, they know that ��e;solo 6= ��e;col lab and they will collaborate
strategically. Specifically, the worker now chooses to coauthor if

wP
�
�e;c � ��e;cjcol lab

�
� wP

�
�e;s � ��e;sjsolo

�
� ci

w[(1� ' ) (1� FL (��e)) + ' (�(1� FH (��e)) +

(1� �)(1� FL (��e)))] � w (1� FL (��e)) � c

where ��e;col lab > ��e;solo.
Since workers now know there is some probability that employers will at -

t ribute credit to the coworker, workers are less likely to collaborate than in
the naive case. They are held to a higher standard and are less likely to be
promoted. High ability workers in part icular are bet ter off working alone than
collaborat ing, leading to the following predict ion:

Predict ion 5: High types in the informed case are less likely to collaborate
than in the naive case. High ability women in part icular are more likely to
work alone.

2.5 Tast e-based Discr iminat ion



employers have a distaste in hiring or promot ing workers from a part icular
group. In a simple world with taste-based discriminat ion, employers would
not promote women regardless of how well they perform or whom they work
with. However, if employers face potent ial lawsuits from failing to promote
qualified women, they might promote all high-performing women who work
alone and not promote any women who work in a group. Employers can not
dispute the qualificat ions of a woman who works alone but they can argue
that the output from women who work in a group is due to the other group
members. In this case, women who collaborate should never be promoted,
regardless of whom they work with and their output .

Predict ion 6: Under taste-based discriminat ion, either no women will be
promoted or all women who collaborate will not be promoted.

3 Dat a

Themain dataset used was constructed using CVs from economists who went
up for tenure between 1975 and 2014 in one of the top 30 PhD-grant ing uni-
versit ies8 in theUnited States. To account for peoplewho went up for tenure,
weredenied it , and moved into industry, non-USschools, or non-top30 schools,
I collected historical faculty lists from 16 of the30 schools and locateover 90%
of faculty who had ever gone up for tenure at these 16 inst itut ions. To find
individuals who had gone up for tenure at the remaining 14 schools, I looked
at the top 75 U.S. inst itut ions, the top 5 Canadian inst itut ions, and the top
5 European inst itut ions to locate anyone who went up for tenure at a top 30
U.S. school and then moved to another school. I also checked economists’ CVs
at the major Federal Reserve Boards in the U.S. This leaves a sample of 552
economists.
From an individual’s CV, I code where and when he received his PhD, his



employment and publicat ion history, and his primary and secondary fields.
To determinewhether someone received tenure, I follow theguidelines on each
school’swebsiteas to when tenuredecisionsaremade. Themajority of schools
require faculty to apply for tenure after 7 years. I consider one year before
and after the 7th year to account for people who go up for tenure early or
late because of a leave of absence, for example. I put universit ies into bins
of 3 based on their ranking and assume that an individual is denied tenure
if that person moves to a lower-ranked university group after 6-8 years. For
example, a person whomovesfromHarvard toMIT after 6 years isnot assumed
to have been denied tenure since he moves within the same bin of schools.
Someone who moves from Harvard to UCLA after 6 years is assumed to have
been denied tenure since he moves to a lower group of schools. As another
example, a person who moves 5 or fewer years after his init ial appointment
is not assumed to have been denied tenure since he moved before the tenure
window (years 6 through 8 at an inst itut ion) starts .
I use the RePEc/ IDEAS ranking of economics journals to control for the

quality of a person’s publicat ions. I take the top 80 journals and give the top
journal a score of 80. The lowest quality journal has a score of zero.
Table 1 presents summary stat ist ics of the data. Approximately 70% of

the full sample received tenure at the first inst itut ion they went up for tenure
at but this masks a stark difference between men and women. Only 52% of
women receive tenurewhile77%of men do. There isno stat ist ically significant
difference in thenumber of papers that men and women producealthough men
do tend to publish in slight ly bet ter journals. If women are tenured at lower
rates because of such product ivity differences, controlling for the number and
rank of publicat ions should explain the tenure gap. The remainder of the
paper explores the tenure gap and tests the predict ions from the model.
I supplement this dataset with results from a survey designed to measure

individuals’ beliefs about the returns to various types of papers. The survey



4 Empir ical St rat egy and Result s

4.1 M ain Result s

4.1.1 Paper type and t enure

Figure 3 plots the relat ionship between total publicat ions and tenure. An ad-
dit ional paper is associated with a 5.7% increase in theprobability of receiving
tenure for both men and women but a constant gender gap between promot ion
rates persists. Women are on average 18% less likely to receive tenure than a
man, even after controlling for product ivity differences. The OLD regression
lines in Figure 3 are plot ted by est imat ing

Ti f st = �1TotPapersi + �2f emi + �0Zi + �f + �s + �t + �i f st (2)

separately for men and women. The dependent variable, Ti f st , is the probabil-
ity that individual i in field f at school s in year t receives tenure. TotPapersi
is the number of papers individual i had at the t ime he or she went up for
tenure and f emi indicates gender. The vector of individual-level controls, Zi ,
includes average journal rank and the number of years it took the person to
go up for tenure. Finally, I include tenure inst itut ion, year of tenure, and field
fixed effects as we might expect tenure standards to vary over t ime and by
field and department.
As Figure 1 illustrated, the composit ion of papers matters for tenure, at

least for women. Solo-authored papers are clear signals of a worker’s ability.
In the model, employers start with different priors about men and women.
Predict ion 1 states that after receiving a solo signal from both a man and a
woman, the employer will update his beliefs upward. The employer cont inues
to update his beliefs upward the more solo signals he receives unt il both the
man and the woman are believed to be high types. The gap in tenure rates
should therefore close the more solo authored papers women produce Figure



est imates from

Ti f st = �1Si + �2(f emi � Si ) + �3CAi + �4(f emi � CAi ) + �5f emi

+�0Zi + �f + �s + �t + �i f st (3)

The coeffi cient on Si is plot ted separately for men and women after control-
ling for an individual’s number of coauthored papers (CAi ), and individual
and school-level controls ment ioned above. Table 2 presents the full results
from this est imat ion using a probit model. The results are in line with the
model’s predict ions: women with few solo-authored papers have a low chance
of receiving tenure but the tenure gap narrows as the signal from the solo
papers begins to outweigh the employer’s prior.
The model also predicts that individuals with most ly coauthored papers

will be less likely to receive tenure than an individual whosepapers aremost ly
solo-authored since theemployer must now infer ability from thepaper quality
and from the decision to coauthor. Addit ionally, if women are believed to be
lower ability, the “coauthor penalty” will bemore pronounced for women than
for men as long as�w isnot too low. Figure5 plots thecoeffi cient on CAi from
equat ion 3. While an addit ional coauthored paper increases the probability
of receiving tenure, it helps a man more than it helps a woman. The tenure
gap grows the more coauthored publicat ions individuals have, condit ional on
the number of solo-authored papers they have. This is consistent with the
predict ion that if �w is suffi cient ly high but st ill lower than �m, women will
receive less credit for group work.
Looking at the size of the coeffi cients in Table 2, though, an addit ional

coauthored paper for a man has the same effect on tenure as a solo-authored
paper. An addit ional solo-authored paper is associated with a 7.3% increase
in tenureprobability and an addit ional coauthored paper is associated with an
8% increase. This is at odds with Predict ion 3 which states that high ability



I further control for product ivity differences between men and women by
including individuals’ citat ion count . Figure 7 replicates Figure 1 but includes
log(ci tations) as an independent variable. The results do not change.
While the results for women fit with a stat ist ical discriminat ion model, the

results for men do not. It appears that employers do not take the decision to
coauthor as a signal for men but do for women. Employers could bepract icing
taste-based discriminat ion which leads to thedifferent ial t reatment of men and
women. For example, employers might have a distaste for promot ing women
but, because of potent ial lawsuits, are unable to refuse tenure to women who
have proven themselves capable by solo-authoring. Discriminat ing employers
can make the case, though, that a woman who coauthors is not that good and
was riding off of her coauthors’ efforts. This is tested in the next sect ion.

4.1.2 Tast e-based discr iminat ion

If employershavea distastefor promot ingwomen, women will bedenied tenure
regardless of whom they coauthor with (men or women). To test for taste-
based discriminat ion, I separatethenumber of coauthored papersan individual
has with women and with men and est imate

Ti f st = �1Si + �2(f emi � Si ) + �3CAf emi + �4(f emi � CAf emi ) (4)

+�5CAmalei + �6(f em � CAmalei ) + �7CAmixi + �8(f em � CAmixi )

+�9f emi + �0Zi + �f + �s + �t + �i f st :

As before, Si is thenumber of solo-authored and coauthored papers individual
i has. CAf emi is the number of coauthored papers and individual has in
which all of the coauthors are female. Similarly, CAmalei is the number of
papers individual i has in which all of the coauthors are male and CAmixi
is the number of papers an individual has in which the coauthors consist of
men and women The results in Table 3 show that the coauthoring penalty is



paper with a man has zero marginal effect on tenure. Papers in which there is
at least one other woman (CAmix) have a smaller effect on tenure for women
than for men (8% vs. 3.5%) but st ill have a posit ivemarginal impact . Papers
with only women are also posit ively associated with tenure and there is no
stat ist ical difference between the associat ion for men and women, due in part
to noise9.
The results suggest that taste-based discriminat ion isnot at play aswomen

are treated different ly based on their coauthors’ genders. If an employer simply
did not like women, no women who coauthor would be promoted which is not
the case here.
Overall, the trends we see in the data are not in line with a model of

stat ist ical discriminat ion or taste-based discriminat ion. Some other form of
bias could be at play. For example, employers look only at the quality of a
man’s work when evaluat ing him, regardless of whether he completed it on
his own or in a group10. When women collaborate, however, how much and
what thewoman contributed comes into quest ion. It could also be that women
select coauthors who have already established themselves, such as senior fac-
ulty, which leads the employer to believe the senior person put in the most
effort or had the idea for the project . I now turn to some of these alternat ive
explanat ions.

4.2 Channels

4.2.1 Coaut hor select ion: Do women ant icipat e discr iminat ion?

In the model, I make the assumpt ion that women do not ant icipate that
employers treat coauthored papers different ly than solo-authored papers. If
women know that men will receive the credit for coauthored papers, high abil-

9Unfortunately because there are so few papers with only female authors this est imate



ity women might solo author more so as to clearly reveal their type11 and this
could lead employers to rat ionally t reat coauthored and solo-authored papers
different ly for men and women. I test this in two ways. First , I use evidence
from a survey that I conducted with economists who are current ly working
at the top 35 economics departments. Economists were asked the following
quest ion:
“Suppose a solo-authored AER increases your chance of receiving tenure

by 15%. For each of the following, please give an est imate of how much you
think the described paper would increase your chance of receiving tenure.”
Any differencebetween men and women’sbeliefsabout thereturns to coau-

thored papers should be reflected in their answers. In Table2, I test thediffer-
ence in themean beliefsof men and women. There isno stat ist ically significant
difference in the beliefs of men and women for any type of paper. Men believe
that a coauthored AER will increase their chanceof receiving tenureby 12.1%,
and women by 12.2%. Women believe that there are slight ly lower returns to
AER papers coauthored with senior faculty (8.8% versus 9.1% for men), but
the difference is again not stat ist ically significant. These results suggest that ,
in this context , workers are unaware that the true returns to a coauthored
paper are different for men and women and that theremight be employer bias
or discriminat ion along this dimension.
A second test is to look at whether the fract ion of papers an individual

has that are coauthored is correlated with ability. I proxy for ability using
the quality of journal that an individual’s job market paper was published in.
If women ant icipate discriminat ion, there should be some correlat ion between
ability and the fract ion of one’s paper that are coauthored, depending on the



assumpt ions of the model12. To test this I est imate

F racCAi f st = �1abi l i + �2(f emi � abi l i ) + �3f emi + �4TotPapersi + �5Ti(5)

+�f + �s + �t + �i f st

whereF racCAi f st is the fract ion of person i ’spapers that arecoauthored, abi l i
is person i ’s ability (job market paper rank), and Ti is a dummy variable for
being tenured. If higher ability women predict that employers will discrimi-
nate, they will t ry to reveal their ability by solo-authoring a greater fract ion
of their pre-tenure publicat ions. We would therefore expect �2 < 0.
The coeffi cients �1 and �2 are plot ted in Figure 7.A. Here, 0 is the lowest

ability (journal rank) and 80 is the highest . Ability is uncorrelated with the
fract ion of papers that are coauthored for both men and women. High ability
women are slight ly more likely to coauthor than low ability women but the
slope is small and insignificant . There is no evidence that women along the
ability dist ribut ion act strategically in their choice to coauthor or solo-author.
I also find no evidence that high ability women strategically coauthor with

other women rather than men. Figure 7.B plots the results from equat ion 5
using the fract ion of papers that are coauthored with women as thedependent
variable. Women aremore likely to coauthor with other women than men are
but there is again no sort ing according to ability.
Overall, the results suggest that women either do not know that there is a

coauthor penalty and therefore do not choose coauthors strategically, or that
the benefit to coauthoring is suffi cient ly high such that women will take the
coauthor penalty to produce a bet ter paper. Another possibility is that they
do not know their own ability and therefore coauthor as they think they are

12High ability men could choose to coauthor with high ability women because they know
that they will receive credit for the paper and that the paper will turn out well. Knowing
this the employer might take a high ability man’s decision to coauthor with a woman as a



low ability.

4.2.2 Coaut hor ing wit h senior facult y

It could be that junior women select different types of coauthors than junior
men do. If junior women coauthor more frequent ly with senior men while
junior men coauthor with their male peers, the effect we see could be due to
senior peoplebeingmoreestablished and thereforemore likely to receivecredit
than junior faculty. Table5 checkswhether women aremore likely to coauthor
with senior professors. Each specificat ion shows evidence that women are less
likely to coauthor with senior faculty, although thedifferencebetween men and
women in insignificant . Figure 6 plots the relat ionship between paper com-
posit ion and tenure now controlling for the fract ion of an individual’s papers
that have senior coauthors. The results do not substant ially change. Coau-
thor select ion along seniority lines thereforedoesnot appears to bedriving the
results.

4.2.3 Present ing less frequent ly

Women might be given less credit for their work if they are less likely to claim
it as their own. For example, if women present less frequent ly than men,
people might associate a paper with the male coauthor who presents it more.
Thesurvey asked individualshow many t imesper year they present their work
and whether they are more or less likely to present their coauthored papers
than their coauthor. Table 2 shows that women do not report present ing their
coauthored papers less frequent ly than their coauthors. Interest ingly, though,
women present their solo-authored papers fewer t imes per year than men do.
It is possible that women do not “advert ise” their work asmuch asmen do and
this leads to women receiving less recognit ion for their work in general. If this
were true, women who solo author should also be less likely to receive tenure.



throughout the year accounts for some of the tenure gap. However, the fact
that women do not state that they are less likely to present than men suggests
that this can not account for the ent ire difference.

5 Clear signals: Test ing against ot her coaut hor-
ing convent ions

Employersmay exhibit biaswhen evaluat ing women who send unclear signals,
such as a coauthored paper. If this is true, we would expect the effect to
diminish if individuals could truthfully signal their contribut ion. In sociology,
authors are listed in order of contribut ion. Redoing the analysis using data
from sociology provides a placebo check although it is imperfect given the
different gender composit ion of faculty.
The sociology sample consists of randomly sampled faculty at the top 20

sociology PhD-grant ing schools in the U.S. There are 250 sociologists in the
sampleand 40%arefemale. Table6 presentssamplestat ist ics: tenureratesare
comparable for men and women and men tend to producemore solo-authored
papers than women.
I test whether men and women are treated different ly when they coauthor

papers in Table7. I est imateequat ion 3 but includemeasuresof thenumber of
papers that researcher i is first author on. In column 1, I include the number
of coauthored papers that a researcher is first author on as well as the female
dummy interact ion term. In column 2, I include the fract ion of a researcher’s
coauthored papers that she is first author on and the interact ion term.
Being first author on papers isstrongly correlated with tenure for both men

and women. It is associated with a roughly 4% increase in tenure probability,
regardless of gender. Important ly, women are not penalized for coauthoring.
The coeffi cient on the female/ total-coauthored papers interact ion term is in-



ferent authorship convent ions.

6 Conclusion

While the results presented in this paper are correlat ions, they provide sug-
gest ive evidence that gender bias exists in academic promot ion decisions. The
bias enters when workers send unclear signals (coauthored papers) that re-
quire some judgment on the part of the employer as to which worker made
the greatest contribut ion. The data are not in line with a tradit ional model
of stat ist ical discriminat ion in which workers know their ability and ant icipate
employer discriminat ion. Women do not seem to coauthor strategically and
employers do not treat coauthored papers as noisy signals for men. The re-
sults aremore in linewith a model in which workers do not know their ability
or do not ant icipate employer discriminat ion, and where employers update on
signals different ly for men and women.
Regardless, many occupat ions require group work. The tech industry, for

example, prides itself on collaborat ion. In such male-dominated fields, how-
ever, group work in which a single output is produced could sustain the leaky
pipeline if employers rely on stereotypes to at t ribute credit . I also studied a
profession in which individuals can choose to collaborate. If workers areput in
teamsand do not have thechoice to work on their own, themodel’spredict ions
are amplified. Employers will rely primarily on their priors and women will
be promoted at even lower rates. Bias, whether conscious or subconscious,
can therefore have significant implicat ions for the gender gap in promot ion
decisions.
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Figures

Figure 1: Relat ionship between composit ion of papers and tenure

Notes: This figure is a binned scat terplot of the correlat ion between tenure and the fract ion
of an individual’s papers that are solo-authored, split be gender. Both variables are residu-
alized on the following controls before plot t ing: number of years it took to go up for tenure,
average journal rank for solo publicat ions, average journal rank for coauthored publicat ions,
total citat ions, and tenure school, tenure year, and field fixed effects. The line of best fit
using OLS is shown separately for men and women. The lines of best fit are est imated using
the full sample (N= 552) and have slopes of �= 0:41 (s.e. = 0.17) for women and �= �0:05
(s.e. = 0.08) for men. The y-variable is a binary variable indicat ing whether an individual
received tenure. Each dot represents themean of approximately 26 observat ions along both
dimensions.



Figure 2: Employer’s Updat ing about Women as �w Changes

Notes: This figure shows how an employer’s beliefs about a woman (�w ) change when they
hold the prior �m = 0:8 for men (indicated by the dashed line). The blue line shows what
the probability that thewoman is a high type is when she collaborateswith a man. The red
line shows the same probability when the woman collaborates with another woman. The
lines correspond to the updat ing equat ion in Sect ion 2.2. For this simulat ion, the wage is
set at w = 5, the cost of product ion at k = 0:4.



Figure 3: Relat ionship between Number of Publicat ions and Tenure

Notes: This figure is a binned scat terplot of the correlat ion between the total number of
publicat ions an individual has at the t ime they go up for tenure and the probability of
receiving tenure. Both variables are residualized on the following cont rols before plot t ing:
number of years it took to go up for tenure, average journal rank for solo publicat ions,
average journal rank for coauthored publicat ions, and tenure school, tenure year, and field
fixed effects. The line of best fit using OLS is shown separately for men and women. The
lines of best fit are est imated using the full sample (N= 552) and have slopes of � = 0:04
(s.e. = 0.013) for women and � = 0:04 (s.e. = 0.004) for men. The y-variable is a binary
variable indicat ing whether an individual received tenure. Each dot represents the mean of
approximately 26 observat ions along both dimensions.



Figure 4: Relat ionship between Number of Solo-Authored Publicat ions and
Tenure

Notes: This figure is a binned scat t erplot of t he correlat ion between the number of solo-authored publicat ions
an individual has at t he t ime they go up for t enure and the probability of receiving tenure. Both variables
are residualized on the same cont rols in Figure 3. The lines of best fi t are est imated using the sample of
individuals who have at least one solo-authored publicat ion (N= 493) and have slopes of � = 0:10 (s.e. =
0.02) for women and � = 0:04 (s.e. = 0.01) for men. Each dot represents the mean of approx. 24 obs.

Figure5: Relat ionship between number of coauthored publicat ions and tenure

Notes: This is a binned scat t erplot of the correlat ion between the number of coauthored publicat ions an
individual has at t he t ime they go up for t enure and the probability of receiving tenure Both variables are



Figure 6: Correlat ion between ability and coauthoring

Notes: These figures are binned scat terplots of the correlat ion between the ability and the
fract ion of and individual’s papers that are coauthored. I proxy for ability using the journal
in which an individual’s job market paper is published in. Both variables are residualized
on the following controls before plot t ing: total papers, number of years it took to go up
for tenure, average journal rank for solo publicat ions, average journal rank for coauthored
publicat ions, and tenure school, tenure year, and field fixed effects. The line of best fit using
OLS is shown separately for men and women. In Panel A the lines of best fit are est imated
on the full sample (N= 552) and have slopes of � = �0:00004 (s.e. = 0.00029) for women
and �= 0:00017 (s.e. = 0.00019) for men. Each dot represents the mean of approximately
26 observat ions along both dimensions. In Panel B, the lines of best fit are est imated on
the full sample (N= 552) and have slopes of � = 0:0002 (s e = 0 0007) for women and



Figure 7: Controlling for Coauthor Seniority

Notes: This figure is the same as Figure 1 but also controls for the seniority of a person’s
coauthors. Seniority is determined by looking at the coauthors’ professor status (assistant ,
associate, full, graduate student , or indust ry member) at the t ime the paper was published.



Tables

Table 1: Summary Stat ist ics

Full Male Female p-value
Tenure 0.71 0.77 0.52 0.001

(0.45) (0.42) (0.50)
Total papers 8.6 8.7 8.2 0.164

(4.0) (4.1) (3.4)
Solo-authored 3.1 3.1 3.1 0.997

(2.4) (2.4) (2.3)
Coauthored 5.5 5.7 5.1 0.135

(3.7) (3.8) (3.3)
Years to tenure 6.7 6.6 7.1 0.021

(1.9) (1.9) (1.9)
Avg. Journal Rank:
All Pubs. 45.5 46.3 42.6 0.048

(18.8) (19.1) (17.3)
Solo Pubs. 46.4 47.0 44.4 0.300

(24.2) (24.5) (22.9)
Coauthored Pubs. 45.6 46.6 42.2 0.054

(22.3) (22.8) (20.1)
Observat ions 552 422 130
This table presents summary stat ist ics for t he full sample and the diff erence

in means for men and women. Total papers, Solo-authored, and Coauthored

are variables indicat ing the number of papers an individual has at t he t ime he

or she goes up for t enure. The journal rankings are taken from the IDEAS Re-

PEc economic journal rankings.



Table 2: Survey Results
(1) (2) (3)
Men Women p-value

Panel A: Beliefs about Returns to Papers
Coauthored AER 12.1 12.2 0.939
Coauthored AER, Sr. Faculty 9.1 8.8 0.528
Coauthored AER, Jr. Faculty 13.3 13.4 0.796
Solo Top Field 8.0 8.2 0.669
Coauthored Top Field 6.3 6.8 0.223

Panel B: Frequency of Presenting Papers
Times Presented 3.1 2.2 0.07
Present More Freq. than CA 0.37 0.44 0.20
Observat ions 300 89
This table presents the mean responses for men and women to the following survey quest ions:

Panel A : " Suppose a solo authored AER increases your chance of receiving tenure by 15 percent .

By how much do you think each of t he following increases your change of receiving tenure?"

Panel B: " How many t imes per year do you typically present your solo-authored papers? Are you

more or less likely than your coauthors to present a joint paper?" The survey was conducted with

a sample of academic economists current ly working at a top 40 U.S. economics department .



Table 3: Number of Papers and Tenure
(1) (2) (3) (4)
Probit Probit Probit Probit

Total papers 0.057��� 0.058���
(0.005) (0.006)

Solo-authored 0.073��� 0.075���
(0.011) (0.010)

Fem x Solo 0.014 0.010
(0.018) (0.016)

Coauthored 0.080��� 0.082���
(0.008) (0.009)

Fem x Coauthored -0.055��� -0.059���
(0.015) (0.014)

Female -0.183��� -0.175��� 0.022 0.063
(0.034) (0.036) (0.108) (0.103)

School FE Yes Yes Yes Yes
Tenure Year FE Yes Yes Yes Yes
Field FE No Yes No Yes
Observat ions 547 544 547 544
The dependent variable is the probability of receiving tenure and takes the value

zero or one. A ll specificat ions are est imated using a probit model. T he marginal

eff ect s are displayed. Total paper, Solo-authored, and Coauthored are the num-

ber of each respect ive paper types that individuals have at t he t ime they go up

for t enure. A ll regression cont rols for average journal rank.



Table 4: Coauthor gender and tenure
(1)
Probit

x Female

Solo-authored 0.063��� 0.009
(0.008) (0.015)

CA with only fem CAs 0.062��� 0.024
(0.017) (0.027)

CA with only male CAs 0.068��� -0.068���
(0.009) (0.018)

CA with m and f CAs 0.080�� -0.045��
(0.028) (0.036)

Female 0.049
(0.099)

Observat ions 542
This table presents the result s from a single regression. The Y var.

is t he probability of receiving tenure. " CA with only fem CAs" is the

number of papers an individual has in which all coauthors are fe-

male excluding the person up for t enure. " CA with only male CAs"

is defined similarly but with male coauthors. " CA with m and f CAs"

are papers wit h both male and female coauthors. A ll regression con-

t rol for average journal rank and include tenure year, t enure inst it -

ut ion, and field fixed eff ect s.



Table 5: Number of Senior Coauthors
(1) (2) (3)

Female -0.140 -0.078 -0.049
(0.269) (0.238) (0.229)

Total coauthors 0.198��� 0.210�
(0.043) (0.094)

Years to tenure -0.081 -0.061
(0.053) (0.078)

Coauthored 0.053 0.015
(0.058) (0.120)

Solo-authored -0.174��� -0.136���
(0.043) (0.037)

School FE No No Yes
Tenure Year FE No No Yes
Field FE No No Yes
Observat ions 527 527 522
The sample consist s of individuals wit h at least one coauthor.

T he dependent variable is the number of senior coauthors an

individual coauthored with before tenure.



Table 6: Comparison of Means - Sociology

Men Women p-value
Tenure 0.75 0.78 0.547

(0.44) (0.42)

Total Papers 12.2 10.2 0.033
(7.8) (5.7)

Total Coauthored 6.4 6.0 0.567
(6.6) (5.0)

Total Solo 5.7 4.2 0.003
(4.5) (2.9)

Length of Time to Tenure 7.6 7.5 0.686
(1.6) (1.7)

Observat ions 150 100
This table presents a comparison of means for male and female sociologist s

The sample consists of sociologist s who went up for tenure at a top 20 soc-

iology department in the U.S.



Table 7: Sociology: Publicat ions and Tenure
(1) (2) (3)

Total first author 0.050�� 0.040�
(0.017) (0.016)

Fem. x First Author 0.026 0.006
(0.040) (0.028)

Fract ion first author 0.403���
(0.043)

Fem. x Frac. First Author -0.042
(0.172)

Solo papers 0.008 0.000 0.008
(0.006) (0.006) (0.006)

Fem. x Total Solo 0.002 0.007 0.002
(0.011) (0.011) (0.011)

Total coauthored -0.010� 0.009
(0.004) (0.007)

Fem. x Total CA -0.020 0.001
(0.017) (0.015)

Books 0.063� 0.058 0.063�
(0.032) (0.035) (0.032)

Book chapters 0.007 0.005 0.007
(0.013) (0.012) (0.013)

Female 0.026 0.010 0.026
(0.114) (0.163) (0.114)

Observat ions 237 209 237
The independent variable is a binary variable indicat ing whether an

individual received tenure. A probit model is used in all specificat ions.




