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Science’s changing demographics raise new questions about research team diversity
and research outcomes. We study mixed-gender research teams, examining 6.6 million
papers published across the medical sciences since 2000 and establishing several core
findings. First, the fraction of publications by mixed-gender teams has grown rapidly,
yet mixed-gender teams continue to be underrepresented compared to the expectations
of a null model. Second, despite their underrepresentation, the publications of mixed-
gender teams are substantially more novel and impactful than the publications of same-
gender teams of equivalent size. Third, the greater the gender balance on a team, the
better the team scores on these performance measures. Fourth, these patterns generalize
across medical subfields. Finally, the novelty and impact advantages seen with mixed-
gender teams persist when considering numerous controls and potential related features,
including fixed effects for the individual researchers, team structures, and network
positioning, suggesting that a team’s gender balance is an underrecognized yet powerful
correlate of novel and impactful scientific discoveries.

team science | gender inequality | innovation | computational social science

Medical research is undergoing two transformations that are potentially remaking practice
and research impact. First is the increased participation of women in medical science (1–3).
The last decade in medical science has seen women’s participation rates exceed men’s
participation rates in graduate and postdoctoral research training in 60 to 40% and 54 to
46% ratios, respectively (4). Second is the shift from individual to team science (5). Rising
teamwork levels are broadly documented across scientific fields and show that teams are
associated with more novel combinations of prior work (6) and higher citation impact (5).

The rise in women’s participation in research and the rise in teamwork suggest
that research formats may be evolving toward gender-diverse collaborations, potentially
opening new pathways to inclusivity in science and opening new opportunities for medical
research. Clues regarding impact come from a handful of laboratory experiments that have
found that teams mixing women and men are better at general problem-solving tasks than
all-women or all-men teams with equivalent IQ levels (7). Nevertheless, in professional
settings gender dynamics can produce a propensity for same-gender teams (8–12) that
potentially reduces workgroup diversity and fairness (13–16). In addition, the degree to
which laboratory studies reliably generalize to practice and policy in real-world settings is
unclear (17–19). Given the potential yet unknown implications of the rise in teamwork
and women’s participation in medical research, we conducted a large-scale study of how
changing gender demographics, team creation (20, 21), and team performance (22, 23)
are reshaping medical science research practice and impact using an original dataset of
over 6.6 million medical research papers published in more than 15,000 journals over the
last 20 y. A full description of our data and methods appears in Materials and Methods and
SI Appendix, section 1.1.

Gender-Diverse Teams Have Proliferated but Remain
Underrepresented

Fig. 1A plots the upward trend of women’s participation in medical science from 2000
to 2019, while Fig. 1B shows the share of different team sizes per year (Fig. 1 B, Inset
shows the average team size over time) for our full sample of 6.6 million medical papers.
The major change in team size is that large teams have supplanted small teams, which
is consistent with existing literature (5, 24). In 2000, papers with one or two authors
accounted for 15 and 16% of publications, respectively, but by 2015 their shares dropped
to only 8 and 12%, while the large teams (more than six authors) increased their share from
25 to 46% of papers. Large teams (more than six authors) now dominate the production
of knowledge in medicine and the trend continues upward.

As teams rise in share and size, there is more opportunity for researchers of different
genders to collaborate (25). To quantify the changing incidence of gender-diverse teams,
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Fig. 1. The underrepresentation of gender-diverse teams. (A) The sharp upward trend of women’s participation in medical research over the last 20 y. (B) The
share of different team sizes by year over the same period. The major change is that large teams of six or more researchers per paper have supplanted teams
of smaller sizes with the largest drop in solo authorship and two-person teams. C and D show that the share of publications from mixed-gender teams has
steadily increased with time. Nonetheless, E and F indicate that mixed-gender teams are significantly underrepresented in medical science (no CIs cross the
0.00 difference line) by up to 17% depending on the team size when we measure team gender diversity using the Shannon entropy (SI Appendix, section 1.2.5).

we measured team gender composition in two ways. First, “mixed
gender” is a binary variable equal to 0 if the team is all the same
gender and 1 if the team has any combination of women and men.
Second, “gender diversity” is a continuous variable that ranges
from 0 when the team is made up of 100% women or men to
1 when the team includes equal percentages of women and men.

Following prior work (26–28), we use a validated name-to-
gender inference method (29, 30) to compute a probability es-
timate of an author’s gender based on the author’s first name
and last name. This algorithmic approach has the advantage of
being comparable to most past measurements of gender in the
literature (9, 28, 31). Also, it enables discipline-wide analyses of
gender that would be unattainable with manual coding (32). In
our case, the algorithm’s estimate of the percentage of women
and men authors in our study agrees with studies that use self-
reported gender information. The 2019 and 2020 Association of
American Medical Colleges (AAMC) census data (4) indicated
that women comprised 42.7 and 43.2%, respectively, of faculty,
which aligns with our estimate that women comprise 42.3% of
authors in our data. Another study focused on the gender of
6,722 authors of 1,370 COVID-19–related articles found that
that women comprised 34% of all authors (28). By comparison,
35.7% of 60,839 authors of 9,033 COVID-19–related papers
in our data are estimated to be women. At the same time, our
method has certain limitations. First, the algorithmic estimation
approach is limited to binary gender classification (33). Second,
although the method is widely used and validated (30) and the
gender classification estimates of authors in our study agree with

the fraction of scientists who self-report being a woman or a
man, it is still possible that the gender of some individual authors
is misclassified. SI Appendix, section 3 attempts to address the
impact of these challenges on the reliability of results by estimating
how different classification errors would alter our main findings.

Fig. 1C indicates the share of mixed-gender teams, by team
size, and how this has evolved over time using our measures
(SI Appendix, section 1.2.5). In 2000, about 60% of teams of size
four included both men and women; by 2019, the percentage was
about 70%. Fig. 1D similarly shows upward trends using a con-
tinuous rather than a binary measure of team gender composition
(SI Appendix, section 1.2.5).

These results leave open the question of whether the increase in
gender-diverse teams is more or less than expected if teams were
assembled without regard to gender. To undertake this analysis,
we designed a null model to estimate the expected rate of gender-
diverse teams. The model holds constant the number of papers,
distribution of team size, and number of men and women authors
in each year. It then randomly interchanges women and men
authors who have the same first year of publication, total pub-
lications, and country (see SI Appendix, section 6.1 for details).

Fig. 1 E and F shows the relative levels of underrepresentation
of teams that included both women and men researchers
according to our two measures of team gender diversity
(SI Appendix, section 1.2.5). Fig. 1 E and F shows that gender-
diverse teams are significantly underrepresented at every team
size, with as much as 17% underrepresentation depending on the
team’s size (means with 95% CIs shown, all P values <0.01).
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Further, the plots show that substantial underrepresentation
remains persistent over the past 20 y despite the rise in teamwork,
the rise in the participation of women in science, and policies of
inclusiveness.

Gender-Diverse Teams Are More Novel and
Impactful

We next examine novelty and impact outcomes, studying a scien-
tific team’s output from different perspectives. Novelty concerns
the degree to which a paper combines past knowledge in a new
way, while impact concerns the degree to which a paper influences
future work. A paper’s impact and novelty can be positively related
but are also empirically distinct and can be driven by separate
factors (6, 34), suggesting the necessity of studying both measures
when characterizing a scientific team’s output.

Novelty Measures. To measure a paper’s novelty, we followed
prior literature and denote novel papers as those that combine
knowledge in a new way relative to existing combinations. Because
novelty is a broad concept, we used two different measures of a
paper’s novelty from the literature (6, 34). The novelty measure
used in our main results is based on ref. 6, which uses the
journals referenced in a paper and examines whether given journal
pairings are common or unusual. Specifically, the novelty measure
quantifies the observed co-occurrence frequencies of all journal
pairings in the literature prior to the publication year of the
target paper. The observed co-occurrence of journal pairings in
each paper is compared to a null model of what the pairing
frequency would be if the journal pairings were combined by
chance. Papers whose bibliographies contain journal pairings that
have frequently occurred together in the past (more than expected
by chance) indicate relatively conventional and familiar pairings
of knowledge; by contrast, papers whose bibliographies contain
journal pairings that happen less than expected by chance indicate
novel combinations of knowledge (6).

Our second novelty measure is the Sterling index (34), which
uses the subject categories of the papers cited in a paper’s bibli-
ography to compute a paper’s novelty. In our study, we used 291
subject categories as defined by the Microsoft Academic Graph
(MAG) (35). Papers whose bibliographies contain subject pairings
that have been frequently cocited in the past represent conven-
tional pairings of knowledge, while papers whose bibliographies
contain subject pairings that have been rarely cocited represent
novel combinations of knowledge. The measure ranges from
0 to 1, where high values indicate higher novelty. Materials and
Methods and SI Appendix, sections 1.2.2, 1.2.3, and 2.3 compare
the two novelty measures and show that the results are robust to
either measure.

Impact Measures. To measure a paper’s impact, we followed
prior literature and denoted high-impact papers as those in
the top 5% of citations for papers published in a given year
(SI Appendix, section 1.2.4) (36). A continuous measure of
impact, which is defined as a paper’s citations normalized by
the publication year average, produced confirmatory findings
(SI Appendix, section 1.2.4).

Novelty and Impact Results. We ran fixed-effects regressions
to investigate a paper’s novelty and citation impact con-
ditional on the team’s gender diversity and team size. We
further control for numerous author, journal, and institutional
characteristics (see Materials and Methods and SI Appendix,
section 2.1 for further information about regression methods).
In SI Appendix, Tables S1 and S2 present regression details for

team gender diversity when it is measured as a binary and a
continuous variable.

Fig. 2A presents regression results for mixed-gender teams
and indicates that mixed-gender teams publish significantly more
novel papers than same-gender teams (two-sample t test, P value
<0.001). For example, large (more than authors) mixed-gender
teams are 9.1% more likely to publish a novel paper than the base
rate [(48 to 44%)/44%]. Given that novelty positively correlates
with team size (5, 6, 37), the substantial added explanatory power
of mixed-gender teams vs. same-gender teams holding team size
constant is striking. Proportionally, the increase in novelty for a
mixed-gender team of six or more authors relative to same-gender
teams is equivalent to the increase in novelty obtained by doubling
a same-gender team size from two to four.

Fig. 2B shows that mixed-gender teams publish significantly
more highly cited papers than same-gender teams. The impact
advantage of mixed-gender teams appears at all team sizes. Fo-
cusing on large teams (more than six authors), mixed-gender
teams are 14.6% [(10.2 to 8.9%)/8.9%) = 14.6%] more likely
to publish an upper-tail paper than same-gender teams of equal
size. Measuring team gender diversity as a continuous variable
confirmed the above results and indicated that as gender-diverse
teams approach a 50/50 split of women and men, the association
between gender-diverse teams and novelty and impact increases
(SI Appendix, Tables S1 and S2).

We further examined how team performance varies with
the gender of the team’s first and last author (38). Consistent
with our main finding, mixed-gender teams, irrespective of
the leader’s gender, produced significantly more novel and
highly cited research than same-gender teams (P < 0.001;
SI Appendix, Fig. S16). Comparing women-led mixed-gender
teams to men-led mixed-gender teams, we found that women-led
mixed-gender teams have greater novelty but fewer citations than
men-led mixed-gender teams (SI Appendix, section 7).

Generalizability across Subfields in Medicine. Subfields in med-
ical research have important differences in the gender distribu-
tion of active researchers, research questions addressed, research
funding, age and gender of team leaders and mentors, and other
features (39–41). To examine how the findings might vary across
subfields in medicine, we conducted several tests. We grouped
papers in one of 45 MAG-designated primary medical subfields
and ran a separate regression for each subfield using the same fixed-
effects regression specification as above.

Fig. 2 C and D shows that the findings strongly generalize
across subfields in medicine. The y axis shows the regression coef-
ficient value with 95% CIs when novelty (Fig. 2C ) and citation
impact (Fig. 2D) are regressed on the team’s gender diversity for
45 separate subfields in medical science (x axis). The 45 subfields
are sorted from largest to smallest in terms of total number of
publications (SI Appendix, Table S5 provides names of each sub-
field), which naturally leads to more precise coefficient estimates
for the larger subfields to the left and less precise estimates for
the smaller subfields to the right. Fig. 2 C and D demonstrates
that the team’s gender diversity significantly and positively predicts
a team’s novelty and impact for most subfields with the smaller
subfields exhibiting noisy relationships (SI Appendix, section 4).
In Fig. 2C, we can see that 43 of 45 subfields (representing 99%
of papers in medicine) have positive coefficients when predict-
ing novelty. The coefficients are both positive and significant in
29 subfields (representing 85% of papers in medicine). In Fig.
2D, we observe that 30 of 45 subfields (representing 83% of
papers in medicine) have positive coefficients when predicting
papers’ impact. The coefficients are both positive and significant in
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A

C

D

B

Fig. 2. Mixed-gender teams produce more novel and highly cited research publications. (A) Mixed-gender teams are more likely to produce novel papers
than same-gender teams at all team sizes. Teams of six or more authors are 9.1% more likely to publish novel work than the base rate. (B) Mixed-gender
teams are more likely to publish an upper-tail paper than same-gender teams by as much as 14.6%, depending on team sizes. (C and D) The performance
benefits of gender diversity generalize across 45 medical subfields. Medical subfields are arranged from left to right according to the number of publications in
the subfields (largest to smallest) with statistically significant relationships for novelty and impact becoming noisier for smaller medical subfields. Dark-green
coloring indicates significant coefficients (P value <0.05), while light-green coloring indicates nonsignificant coefficients.

24 subfields (representing 75% of papers in medicine). Detailed
results of generalizability across medical subfields can be found in
SI Appendix, section 4.

Potential Alternative Explanatory Factors

Our final analysis investigates possible factors behind the new
empirical regularities that we have identified. Prior work on team
science and gender (18, 42–45) has explained team performance
as a function of expertise (18, 25, 45–47), demographics (48, 49),
and network characteristics (47, 50–52) that enhance a team’s
access to problem-solving and promotional resources (45, 53)
(see SI Appendix, section 10 for a summary of this literature).
To examine these possibilities, we further consider measures that
quantify the diversity of expertise across team members; the net-
work size, range, and density of team members; and the career age
and international diversity of team members. The measurements
of these factors follow past literature and are described in Materials
and Methods and SI Appendix, section 10.

We first examined whether mixed-gender teams have different
expertise, network, age diversity, and international diversity
characteristics compared to same-gender teams. We found
that mixed-gender teams are associated with significantly 1)
higher topic-related expertise diversity (measured by unique
expertise on the team and Shannon entropy of team expertise;
Materials and Methods); 2) lower network density, larger

network range, and larger network size; 3) higher career age
diversity; and 4) higher geographic diversity and internationalism
(SI Appendix, Table S11 and Fig. S19).

Given these differences, we further consider regression models
that predict team performance based on the gender diversity of
the team while also controlling for these potential related factors.
Fig. 3 summarizes the regression results when accounting for
these features separately or together. We find that the size of
the coefficient for mixed-gender teams tends to decrease, yet the
substantially and statistically significant main effects of mixed-
gender teams on novelty and impact hold across all specifications.
These findings taken together indicate that mixed-gender teams
correlate with expertise, network, and demographic drivers of
team success, which may inform the performance advantages
seen among mixed-gender teams. Yet the performance advantages
cannot be fully explained by those drivers, suggesting that a
team’s gender balance is an underrecognized yet powerful correlate
of novel and impactful scientific discoveries that increases in
magnitude with the gender balance of the team.

Finally, we examined whether the gender homophily in cita-
tion behavior may explain our findings. Research indicates that
citations show homophily—men cite papers by men more than
papers by women and vice versa (53, 54). Importantly, we find
that mixed-gender teams receive more citations than same-gender
teams regardless of the citing team—from all-women, all-men,
and mixed-gender citing teams alike (SI Appendix, section 9).
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A

B

Fig. 3. Mixed-gender teams and research outcomes controlling for numerous factors. (A and B) The regression coefficient and 95% CIs for mixed-gender teams
in predicting novelty (A) and citation impact (B) while controlling for the features indicated in the panel headings. The leftmost panels indicate the coefficients
of mixed-gender team in baseline regressions. The rightmost panels indicate the coefficients of mixed-gender team after controlling collectively for expertise
diversity, network structure, career age diversity, and international diversity.

Discussion

Conducting an analysis of 6.6 million published papers from
more than 15,000 different medical journals worldwide, we find
that mixed-gender teams—teams combining women and men
scientists—produce more novel and more highly cited papers than
all-women or all-men teams. Mixed-gender teams publish papers
that are up to 7% more novel and 14.6% more likely to be upper-
tail papers than papers published by same-gender teams, results
that are robust to numerous institutional, team, and individual
controls and further generalize by subfield. Finally, in exploring
gender in science through the lens of teamwork, the results point
to a potentially transformative approach for thinking about and
capturing the value of gender diversity in science (1, 3, 22).

Another key finding of this work is that mixed-gender teams
are significantly underrepresented compared to what would be
expected by chance. This underrepresentation is all the more
striking given the findings that gender-diverse teams produce
more novel and high-impact research and suggests that gender-
diverse teams may have substantial untapped potential for medical
research. Nevertheless, the underrepresentation of gender-diverse
teams may reflect research showing that women receive less credit
for their successes than do men teammates (14, 55), which in
turn inhibits the formation of gender-diverse teams and women’s
success in receiving grants (56), prizes (3), and promotions (22).

We are conservative in speculating on the theoretical mech-
anisms at work given the noncausal nature of our study, but
the richer descriptive findings in such a large-scale dataset are
informative. We found that the association between gender diver-
sity and team performance both supports and challenges current
thinking. Examining causal and noncausal factors reported in the
literature, we find that mixed-gender teams are correlated with
expertise, network, career age, and international features of a
team. Nevertheless, we found that the strong positive association
between mixed-gender teams and team success can only partly
be explained by expertise, network, career age, or international
measures, suggesting that a rich set of factors, including factors
as yet unveiled in the literature, may be at work in the research
advantages of mixed-gender teams.

Thus, future research should examine the causal mechanisms
that might explain why gender-diverse teams outperform same-
gender teams (52, 57) and how those mechanisms translate into
actionable practices and policy (24). Laboratory experiments sug-
gest that women on a team improve information-sharing processes
on teams, such as turn taking (7). It might also be that women
provide a perspective on research questions that men do not
possess and vice versa or it may be that when a team has both
women and men teammates, there are synergies specific to gender-
diverse teams that are more than the additivity of team processes
and information typically associated with all-women and all-men
teams (45).

Beyond experimental studies of the gender balance phenom-
ena, future research should examine the phenomena in other areas
of science (14, 58, 59). In this research we focused on medicine,
a large branch of science and among the most funded with its
wide array of downstream applications (3, 60). In addition, the
advantages of gender-diverse teams in other branches of science
were preliminarily studied. The results indicate that the novelty
and impact benefits of gender-diverse teams generalize on average
to published papers in all science fields over the last 20 y (details in
SI Appendix, section 5). Future research should further examine
the role of gender-diverse teams in STEM (science, technology,
engineering, and mathematics) fields more broadly to sharpen
insights on practices that promote innovation, inclusiveness, and
equality.

Similarly, teamwork characterizes work practices within most
for-profit and nonprofit organizations, which also stand to gain
from a better understanding of the link between gender balance
and team performance and diversity, equity, and inclusion (DEI)
initiatives. For example, COVID-19 has fundamentally changed
interpersonal interactions in organizations. In-person meetings
have been substantially supplanted by virtual meetings, which
are weaker at creative ideation (61). While it is beyond the
scope of this study to examine how the phenomenon of team
gender diversity relates to in-person vs. virtual teamwork, it would
be valuable to investigate whether the creativity loss of virtual
meetings relative to in-person meetings can be partially mitigated
by gender balance on teams. One important upshot of these
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future research questions suggests that team gender balance is
a phenomenon at the center of a confluence of changes in the
composition of the workforce, innovation, fairness, and inclusion.
In this sense, our findings provide a different lens on potential
gender and teamwork synergies that correlate with the rate of
scientific discoveries and inform opportunities in DEI initiatives.

Materials and Methods

Data and methods used in our work are described below.

Data Samples. We conduct a large-scale systemic investigation of the perfor-
mance of gender-diverse research teams in the medical sciences. Our field-wide
dataset has over 6.6 million research publications by 3.2 million women and
4.4 million men scientists in more than 15,000 medical science journals from
2000 to 2019 as recorded in Microsoft Academic Graph (35). MAG is a scientific
publication database that records journal articles’ bibliographic information (title,
journal, journal field, volume, issue, page, publication date), authorship (name),
author affiliations (name, webpage, and wikipage), and citation links to other
papers in the database.

Name-to-Gender Inference Based on First and Last Names. The main
procedure for estimating a scientist’s gender uses the Namsor software (29, 30),
which has been developed and examined for multiple languages (e.g., Chinese,
English, French, Spanish, etc.) (30). The algorithm was run on the first and last
names of all authors as they appear in the MAG database. This procedure imple-
ments a binary gender system to remain consistent with most existing gender
studies in science (28, 30), which is not designed to address the important issue
of nonbinary gender distinctions in the data. The analysis suggests the method
applied in our sample has face validity. As noted above, the algorithm’s estimate
of the gender distribution of women and men authors in our study is within a
few percentage points of the percentages of women and men estimated from the
self-reported gender information disclosed by women and men researchers and
reported by the Association of American Medical Colleges (4) and an indepen-
dent study of more than 6,000 researchers (28). Further, to empirically alleviate
concerns of misclassification, we conduct several robustness checks to quantify
how the results vary given different levels of assumed misclassification of gender
(SI Appendix, Tables S3 and S4). Finally, our gender detection results are demon-
strated to be consistent with the Gender API (application programming interface)
(62) (another widely used name-to-gender method; SI Appendix, section 3.2).
These results are explained in SI Appendix, section 3.

Variables. Our main independent variable is team gender diversity, and our
two outcome variables are research novelty and research impact. All variables
were constructed with MAG data.
Team gender diversity. To measure the gender composition in a scientific team,
we use a binary variable, mixed-gender team, in the main analysis. A mixed-
gender team has both men and women. Otherwise, it is a same-gender team.
Additionally, we use a continuous variable to evaluate the gender composition of
a scientific team (9) that takes the form

gi =−pf log2 (pf )− (1 − pf )log2 (1 − pf ) , [1]

where pf indicates the portion of women authors in a team i. The value of gi ranges
from 0 to 1. When the value of gi is low, either women or men are the majority of a
team. When gi = 0, the team is either an all-women team or an all-men team. By
contrast, when the value of gi is high, women and men have roughly equivalent
presence in the team. When gi = 1, the team has 50% women and 50% men.
Novelty measures. We use two measures of novelty to characterize the mixture
of knowledge in a given paper (6, 34). The main measure considers papers with
statistically atypical combinations of references to be novel because they create
new combinations of knowledge that have not been joined, or rarely joined, in
previous research. To compute a paper’s novelty, we use a z score. The z score is
computed from the observed frequency of journal pairings that appear within a
paper’s reference list and the expected distribution of journal pairings created by
randomized citation networks. When a z score is less than zero, the combination
of prior work is considered novel (i.e., a novel pairing of ideas), and when the z
score is above zero, the combination of prior work is considered conventional (i.e.,

a common pairing of ideas). A journal pairing is defined as novel if its novelty z
score is smaller than zero.

Our second measure of the novelty of scientific papers (34) focuses on subject
(a.k.a. topic) pairings cited within a paper’s reference list. The measure considers
papers with rare combinations of subjects to be novel because they create new
combinations of knowledge in terms of subjects that have been infrequently
cocited together in previous research. The 244 Web of Science (WoS) subject
categories are used in the work of ref. 34. Similarly, we use the tier 1 fields of
study recorded in MAG as subject categories in our context. In MAG, each paper is
tagged with several subjects (tier 1 fields of study). After enumerating all papers’
reference lists, we can calculate how many times each pair of subjects has been
cocited in prior research. We denote by Sij the cosine similarity between subject
i and subject j in the subject cocitation matrix. Formally, pi is the proportion
of papers in the reference list associated with subject i, pj is the proportion
of papers in the reference list associated with subject j, and Sij indicates the
cosine similarity between subject i and subject j (further details are provided in
SI Appendix, sections 1.2.2 and 1.2.3):

noveltysubjects = 1 −
∑

ij

Sijpipj. [2]

Impact measures. The MAG database tracks a paper’s annual citations received.
We define high-impact papers as those in the top 5% of citations for papers
published in the same year. The variable is denoted as an upper-tail paper if
it is a top 5% highly cited paper. We alternatively measure impact as a ratio to
normalizing a paper i’s final citations by the publication year average, which is
denoted as ĉi (see SI Appendix, section 1.2.3 for details). For robustness tests, we
run a similar regression by substituting the binary upper-tail paper variable with
this continuous one. Given that ĉi follows a heavy-tail distribution, we use a log
transform of ĉi to measure a scientific paper’s impact:

impact = log(ĉi + 1). [3]

Regression Analysis. To quantify the link between team gender diversity
and performance, we used fixed-effects regressions. The regressions control for
confounds due to the authorship, team size, leadership, institutional prestige
rank, year, journal quality, prior citation impact at the time of publication,
average team career age, and individual fixed effects (5, 6, 18, 36, 49) (see
SI Appendix, section 2 for details). Alternative measurements and null models
confirm the results (see SI Appendix, sections 2 and 3 for details), and to test the
generalizability of our findings, we ran separate regressions for each of the 45
medical subfields (see SI Appendix, section 4 and Table S5 for details).

We further engage in a series of analyses that examine several potential
pathways through which mixed-gender teams may outperform same-gender
teams when it comes to novelty and impact. Accordingly, we investigate the
following measures:
Topic-related expertise. For a paper with n authors (a1, a2, ..., an) published
at time t, we can extract an author ai ’s publication record and identify the set of
topics ai worked on before time t. Such a set of topics is denoted asτai . Let there be
a functionμ such that τ ∈ μ(τai) and τ /∈ μ(τaj) for all j �= i; thenμ(τai) is de-
fined as unique topics of ai. In this way, unique expertise on the team is defined as

unique expertise on the team = log|
⋃

μ(τai)|. [4]

After we quantified the unique expertise of individuals, we also measured
whether the team is exposed to a diverse set of expertise overall, which is
measured using the Shannon entropy. After enumerating τai of all authors, we
can calculate the weighted distribution of topics in the team. If the weighted
portion of topic k is denoted as pk , the team Shannon entropy of team expertise
takes the following form:

Shannon entropy of team expertise =−
K∑

k=1

pklog(pk). [5]

Detailed information can be found in SI Appendix, section 10.1.
Network characteristics. For a team with n authors (a1, a2, ..., an) working on
a paper at time t, let eij = 1 if ai and aj collaborated before time t and let eij = 0
otherwise. In this way, a team’s network density is defined as

network density =
∑ ∑

eij

n(n − 1)
. [6]
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Further, we denote a set of scientists who collaborated with ai before time t as Ai.
Let there be a function φ such that α ∈ φ(Ai) and α /∈ φ(Aj) for all j �= i; then
φ(Ai) is defined as unique collaborators of ai. In this way, a team’s network range
is defined as

network range = log|
⋃

φ(Ai)|. [7]

We also measure the team network size as

network size = log|
⋃

Ai|. [8]

An illustrative example of these variables is presented in SI Appendix, section 10.2.
Career age diversity. For a team with n authors (a1, a2, ..., an) working on a
paper at time t, we denote the career age of ai as γi. Following the work of refs.
52 and 63, we measure the team age diversity in the form of

age diversity = log
∑ ∑

|γi − γj|
n(n − 1)

, i �= j. [9]

Internationalism. For a paper with n authors (a1, a2, ..., and an) published at
time t, we can extract all affiliated countries with authors a1, a2, ..., and an, which
is denoted as C = c1, c2, . . . , cm. In this way, internationalism is measured by
the logged number of countries associated with a team:

internationalism = log(|C|). [10]

Data, Materials, and Software Availability. Previously published data were
used for this work (https://www.microsoft.com/en-us/research/project/microsoft-
academic-graph/).
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