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Key Points 20 

Question: Is a research team’s gender composition related to its innovativeness and impact? 21 

Findings: Gender diverse teams are significantly more innovative and impactful than same 22 

gender teams. The advantages of gender diverse teams generalize to medical science subfields, 23 

hold whether the gender of the diverse team’s leader is a man or women, and increase as the 24 

team’s gender mix becomes more balanced. Nevertheless, gender diverse teams are still 25 

significantly underrepresented in medical science, potentially inhibiting the advancement of 26 

science and women in science.  27 

Meaning: Gender diverse teams play an unrecognized key role in medical science’s innovative 28 

and high impact research. 29 

  30 
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Abstract 31 

Importance: This work addresses questions about how concurrent increases in teamwork
1
 and 32 

women in science
2,3

 have changed how the gender composition of a team positively coincides 33 

with its research innovativeness, citation impact, and potential for recognizing women’s new 34 

contributions to science
4-11

.  35 

Objectives: Statistically examine the link between gender diverse research teams and team 36 

performance relative to same gender teams.  37 

Design: Systemic study of team science using a massive, longitudinal scientometric data 38 

covering all 6.6 million publications from 15,033 medical science journals and published by 3.2 39 

million female and 4.4 million male authors, 2000-2019. 40 

Setting: International sample of 7.6 million medical researchers. 41 

Participants: All authors of academic medical research published from 2000-2019 in 15,033 42 

medical journals worldwide as curated in Microsoft Academic Graph (MAG)
12

. 43 

Design: We regressed each publication’s innovativeness and normalized citation impact on the 44 

gender composition of the team using fixed-effects, matching, and null models to control for 45 

confounds due to institutional, journal, time, and team and individual performance variables. 46 

Main outcomes and measures: Research performance is measured in terms of innovativeness 47 

and impact and the representativeness of gender diverse teams.  48 

Results: Gender diverse teams publish papers that are up to 7% more innovative than same 49 

gender teams, controlling for confounds due to the authors’ past performance, prestige, subfield, 50 

and journal. Similarly, gender diverse teams can be twice as likely to publish hit papers (top 5% 51 

of citations) relative to the base rate and 16.7% more likely than same-gender teams. The results 52 

strongly generalize to the subfields of medical science, whether the diverse team’s leader is a 53 

woman or a man, and further strengthen as gender diverse teams become more gender balanced.  54 

Conclusions: Gender diverse teams outperform same gender teams in the creation of innovative 55 

and high impact papers, an advantage that generalizes to medical science subfields, holds 56 

whether the gender of the diverse team’s leader is a man or women, and increases as the team’s 57 

gender mix becomes more balanced. Despite their advantages, gender diverse teams are 58 

significantly underrepresented in medical science, potentially constraining scientific advances 59 

and under-utilizing human capital.  60 

  61 
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Introduction 62 

In the past 20 years, medicine has undergone two transformations that may potentially be 63 

remaking medical research outcomes. One change involves a shift from individual to team 64 

science
1
. Rising teamwork levels are broadly documented in science. Teams produce more 65 

highly cited research and influence stratification
13

, yet the implications of team science for 66 

medical research has yet to be fully investigated
14,15

. The second change is the increased 67 

participation of women in medical science
3,4,16

. Perhaps more than any other branch of science, 68 

the last decade has seen women’s participation rates exceed the participation rates of men in 69 

graduate and post-doctoral training in 60%-to-40% and 54%-to-46% ratios, respectively
17

. 70 

These systemic changes create a need to study how a research team’s gender composition
18,19

 is 71 

related to research performance
2,20

 and acknowledgement of credit
11,21-24

. Is a medical science 72 

team’s performance correlated with gender diversity? Are the implied gains of gender diverse 73 

teams measurable? Does team performance vary with a leader’s gender? 74 

New experiments suggest that gender diverse teams are potentially consequential to the 75 

innovativeness and impact of research because they may combine the benefits of teams and 76 

diversity. Lab experiments indicate that mixed-gender teams exchange more diverse information 77 

than same gender teams and can do better at general problem-solving tasks than all-male or all-78 

female teams with equivalent IQ levels
8
. Yet, when gender stereotypes and inequities exist in 79 

professional settings like medicine, same gender relationships are preferred
25-27

, reducing 80 

workgroup diversity and equitable representation
28

. These theoretical and practical repercussions 81 

merit new empirical analysis of the incidence and impact of gender diverse teams on medical 82 

science research and practice.  83 

Methods 84 

Sample 85 

We conduct the first large-scale systemic investigation of the performance of gender diverse 86 

research teams in the medical sciences. Our original field-wide dataset has over 6.6 million 87 

research publications by 3,225,279 female and 4,386,020 male scientists in 15,033 medical 88 

science journals from 2000-2019 as recorded in Microsoft Academic Graph
12

. Microsoft 89 

Academic Graph (MAG) is a scientific publication database that records journal article’s 90 

bibliographic information (title, journal, journal field, volume, issue, page, publication date), 91 

authorship (name), author affiliations (name, webpage, and wikipage), and citation links to other 92 

papers in the database. 93 

Variables 94 

Our main independent variable is team gender diversity, and our two outcome variables are 95 

research innovativeness and research impact. All variables were constructed with MAG data. 96 

Team Gender Diversity: To measure the gender composition in a scientific team, we use a 97 

binary variable “mixed-gender”. A mixed-gender team has both men and women. Otherwise, it is 98 

a same-gender team. We also use a continuous variable to evaluate the gender composition of a 99 

scientific team in finer detail
26

 that takes the form  100 
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 𝑔𝑖 = −𝑝𝑓𝑙𝑜𝑔2(𝑝𝑓) − (1 − 𝑝𝑓)𝑙𝑜𝑔2(1 − 𝑝𝑓) (1) 

where 𝑝𝑓 indicates the portion of female authors in a team 𝑖. The value of 𝑔𝑖 ranges from 0 to 1. 101 

When the value of 𝑔𝑖 is low, either women or men are majority of a team. When 𝑔𝑖 = 0, the 102 

team is either an all-women team or an all-men team. By contrast, when the value of 𝑔𝑖 is high, 103 

women and men have roughly equivalent presence in the team. When 𝑔𝑖 = 1, the team has 50% 104 

women and 50% men. A given author’s gender was estimated using an accepted and validated 105 

algorithm
29

. Further supplementary validity tests demonstrated that algorithm’s results are robust 106 

to measurement error (see SM S1.2 and Table S3 & S4). 107 

Innovativeness of Scientific Papers: We use a popular and validated innovation measure that 108 

uses a paper’s listed references as an indicator of its mixture of knowledge
30,31

. The measure 109 

considers papers with statistically atypical combinations of references to be innovative because 110 

they create new combinations of knowledge that have not been joined, or rarely joined, in 111 

previous research. By contrast, papers that have statistically common combinations of references 112 

represent conventional, familiar groupings of knowledge. To compute a paper’s innovativeness 113 

in terms of novelty vs conventionality, we use a z-score. The z-score is computed from the 114 

observed frequency of journal pairs that appear within a paper’s reference list and the expected 115 

distribution of journal pairings created by randomized citation networks. When a z-score is less 116 

than zero, the combination of prior work is considered innovative (i.e., a novel pairing of ideas) 117 

and when the z-score is above zero, the combination of prior work is considered conventional 118 

(i.e., a common pairing of ideas). A paper is defined as innovative if its novelty z-score is 119 

smaller than zero (see SM S1.2.2 for detail).  120 

Impact of Scientific Papers: The MAG database tracks a paper’s annual citations. We define 121 

high impact papers as those in the top 5% of citation for papers published in the same year. To 122 

provide a fair and comparable measure, we normalize paper 𝑖’s final citations by the publication 123 

year (see SM S1.2.3 for detail).  124 

 125 

Analysis 126 
To quantify the link between team diversity, leadership, and performance, we used fixed effects 127 

regressions. The regressions control for confounds due to the authorship team’s size, leadership, 128 

and institutional prestige rank, year, journal quality, prior citation impact, average team age, and 129 

individual fixed effects
1,13,30,32,33

 and were run for the full data. To control for subfield 130 

differences, we also run a separate regression for 45 medical subfields (see SM S2 for detail). 131 

Alternative measurements and null models confirm the results (see SM S1 and S3 for detail). 132 

 133 

Results 134 

Figure 1a shows team size trends in medical science. Large teams (6+ authors) are now the 135 

modal authorship form. Today almost 50% of all papers are by large teams, and the shares of 136 

papers at all other team sizes are concomitantly declining
1,34

. The share of publications by gender 137 

diverse teams is also changing
35

. We measure gender diversity two ways. First, “mixed-gender” 138 

is a binary variable equal to 0 if the team is all the same gender and 1 if the team has both female 139 

and male authors. Second, “gender diversity” is a continuous variable that rises from 0 when the 140 

team is all the same gender to 1 when the team includes equal numbers of women and men. 141 

Supplemental Materials S1.2.4 describes the measures in detail. Figures 1b and 1d indicate 142 
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that the share of papers by mixed-gender and gender-balanced teams respectively is growing 143 

with time. 144 

However, Figure 1c and 1e show that gender diverse are significantly underrepresented (means 145 

with 95% CI shown, all p-values < 0.01). The expected level of gender diverse teams was 146 

computed using a null model. The model holds constant the yearly observed share of female 147 

authors in medical science (i.e., ~45% in 2019), the coauthorship network, team size, and 148 

number of publications and randomly interchanges on a yearly basis female and male authors 149 

who are matched on having the same first year of publication, total publications, and country into 150 

simulated groups (see SM S3.1 for details).  151 

Gender Diverse Teams and Innovation and Impact 152 

Despite their underrepresentation, gender diverse teams are more innovative and impactful than 153 

same gender teams. Innovativeness is measured by whether a paper combines past knowledge in 154 

a novel way relative to past combinations and is updated yearly to account for the evolving 155 

corpus of research and how it has been combined
30

. Overall, 44% of papers in our data are 156 

defined as innovative. High impact papers are in the top 5% of citation for papers normalized by 157 

yearly average citations (see SM S1.2). 158 

Figures 2a and 2b show the predicted margins of a paper’s novelty and citation impact 159 

conditional on the authorship team’s gender diversity and team size, while controlling for 160 

institutional prestige, the authors’ prior citation impact (the mean for the team members and the 161 

prior citation impact of the first author and the last author separately), the authors’ career age 162 

(the mean for the team members and that of the first author and last author separately), the 163 

gender of the first and last authors, journal-year fixed effects, and individual fixed effects (see 164 

SM S2 for detail).  165 

Figure 2a demonstrates that mixed-gender teams are significantly more likely to publish more 166 

novel papers than same-gender teams (two sample t-test, p-value < 0.001). For example, large 167 

(6+) mixed-gender team are 9.1% more likely to publish a novel article than the base rate [(0.48-168 

0.44)/0.44]. Given that novelty positively correlates with team size
1,30,36

, the substantial added 169 

explanatory power of mixed- vs. same-gender teams seen in Figure 2 is striking. Proportionally, 170 

the increase in novelty for mixed-gender teams of 6+ relative to same-gender teams is equivalent 171 

to the increase in novelty obtained by doubling a same-gender team size from 2 to 4. 172 

Figure 2b shows that mixed-gender teams are significantly more likely to publish a citation hit 173 

than same gender teams. Comparing increases in publishing a hit to the baseline rate, large (6+) 174 

mixed-gender teams are 16.7% [(10.5%-9.0%)/9.0%) =16.7%] more likely to publish a hit paper 175 

than same gender teams of equal size (two sample t-test, p-value < 0.001).  176 

The results replicate when we examine the link between the continuous measure of team gender 177 

balance and performance. We find that as team composition moves from same gender to gender 178 

balanced, the positive impact on a paper’s innovativeness and impact significantly increases 179 

irrespective of team size. SM Tables S1 and S2 present regression details and exact significance 180 

levels while controlling for confounds. 181 
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Lastly, we examined the generalizability of the link between team gender diversity and 182 

performance. First, we tested whether the gender of the team’s first or last author matters
37

. We 183 

found that gender diverse teams led by men or women alike produce significantly more novel 184 

and higher impact research than same gender teams (two sample t-test, p <0.001, see SM S4). 185 

Second, we tested whether the benefits of gender diverse teams generalize across medical 186 

research subfields. We grouped papers by their MAG designated primary subfield and ran a 187 

separate regression for each subfield using the same specification as described in Figure 2. 188 

Figure 3 shows that the findings strongly generalize across subfields. The y-axis shows the 189 

regression coefficient value with 95% CIs when innovativeness (Figure 3a) and citation impact 190 

(Figure 3b) are regressed on the team’s “mixed-gender” variable for 45 separate subfields (x-191 

axis). Figure 3a and 3b demonstrate that the team’s gender diversity significantly and positively 192 

predicts a team’s novelty and impact for a significant majority of subfields (binomial test p < 193 

0.03 for mixed-gender and p < 0.001 for gender balance) with the smallest subfields exhibiting a 194 

noisy relationship. The continuous measure of gender balance replicates the findings of the 195 

mixed-gender measure (see SM S2.6).  196 

Discussion 197 

This research presents striking performance advantages of gender diverse teams relative to same-198 

gender teams that generalizes broadly across subfields and whether the diverse team’s leader is a 199 

woman or a man. The large body of work documenting the differences in the careers and 200 

advancement of women scientists has raised awareness of gender inequities that inhibit science, 201 

reduce workplace fairness, and require new policy
2-4

. This work reveals new, team-level patterns 202 

of gender relations in science. Teams that combine the efforts and talents of men and women 203 

scientists do better than either all men or all women teams. Gender diverse teams publish papers 204 

that are up to 7% more innovative and 16.7% more likely to be citation hits than same-gender 205 

teams, controlling for confounds due to the authors’ past performance, prestige, subfield, and 206 

journal. These results cannot be explained by the increased frequency of teamwork, team size, or 207 

the surge in women’s participation in medical science. Thus, this work provides a new 208 

perspective on the potentially transformative benefits of gender diversity in science. 209 

While the research finds that gender diverse research teams have robust performance advantages 210 

over teams of all women or all men, our analysis also reveals that gender diverse teams remain 211 

significantly underrepresented in medical science. This suggests that medical science may have 212 

the potential to speed breakthroughs by breaking down barriers to the formation of gender 213 

diverse teams. 214 

Relatedly, the underrepresentation of gender-diverse teams highlights earlier work that has 215 

documented the inequities women experience in relation to accurate perceptions of credit
11

. The 216 

reasons for underrepresentation may relate to gender inequities in grants
5
, prizes

4
, leaky 217 

pipelines
2
, and credit allocation in teams

3,24
 that have been identified elsewhere but bear further 218 

study and evaluation from the lens of team gender diversity. Bias in team formation may be 219 

related to these other challenges and point to mechanisms and options for instituting practices 220 

that can advance gender balance
11,38

. For example, adopting practices for listing each author’s 221 

contribution in publications can further transparency, accountability, and fairness
11

 that can 222 

otherwise inhibit team formation.
38

 In lab experiments, it has been shown that misperceptions 223 
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can be ameliorated by providing feedback about individual team member performance
23

. 224 

Similarly, research examining causal tests of gender diversity in teams and mechanisms that 225 

inhibit gender-diverse team assembly is welcomed and could clarify actionable practices and 226 

support new policy
34

.  227 

Conclusions  228 

Gender diverse teams are significantly more likely to publish research that innovatively 229 

combines existing ideas in new ways and is more influential than research by equivalent same 230 

gender teams. The advantages of mixed-gender teams generalize to medical science subfields, 231 

hold whether the gender of the diverse team’s leader is a man or women, and increase as the 232 

team’s gender mix becomes more balanced. Nevertheless, gender diverse teams are significantly 233 

underrepresented, potentially constraining scientific advances. More generally, this work 234 

expands science of science studies from analyses of gender differences to analyses of gender 235 

complementarities, recognizing distinctive advantages in the scientific outcomes from gender-236 

diverse teams.  237 
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Figures 326 

Figure 1: Gender Diverse Teams Remain Underrepresented in Medical Science. Figure 1a plots the share of 327 
publications (y-axis) by team size and year from 2000-2019 (x-axis) and figure 1a inset demonstrates the sharp 328 
upward trend of women’s participation in medical science over the same time period. Large teams have replaced 329 
small teams. In 2000, solo and two-person teams accounted for 15% and 16% of publications, respectively, but by 330 
2015 their shares dropped to 8% and 12% while the largest teams increased their market share dominance from 25% 331 
to 46%. Figure 1b and 1d shows that the share of publications from gender diverse teams steadily increased with 332 
time. Nonetheless, Figure 1c and 1e indicate that mixed-gender and gender balanced teams are significantly 333 
underrepresented in medical science by up to 17% depending on the team size. 334 
 335 
Figure 2: Gender Diverse Teams Produce the Most Innovative and Highly Cited Research Publications. 336 
Mixed-gender teams are more likely to produce innovative papers than same-gender teams at all team sizes; for 337 
teams of size 4 or more, mixed-gender teams are also more likely to produce a novel paper than the base rate 338 
(dashed line). Mixed-gender teams of size 6+ (about 1/2 of all 2019 publications) are 9.1% more likely to publish 339 
novel work than the base rate. Figure 2b shows that the same performance patterns are largely mirrored for whether 340 
a paper is a citation hit (top 5% of papers). Large (6+) mixed-gendered teams can be twice as likely to publish hit 341 
papers than the base rate and 16.7% more likely than large (6+) same-gender teams [(10.5%-9.0%)/9.0%) = 16.7%]. 342 
The results are reproduced when team gender diversity is measured in terms of Shannon Entropy and shows that as 343 
gender balance of a team increases, innovativeness and impact significantly increase (see SM Tables S1 and S2). 344 
 345 
Figure 3: The Benefits of Gender Diverse Teams Generalize Across Medical Science Subfields. The plots 346 
demonstrate that the performance benefits of team gender diversity generalize across medical subfields. Figure a and 347 
b show the regression coefficients of 45 separate regressions. Each regression estimates the relationship between 348 
either novelty (figure a) or citation impact (figure b) and the team’s gender diversity for the papers in one of 45 349 
separate medical subfields. The regressions control for confounds due to the authors’ experience, prestige, subfield, 350 
individual success, journal of publication and the gender of the team’s leadership as was done in Figure 2, which 351 
pooled the data for subfields in medical science. Subfields are arranged from left to right according to the number of 352 
papers in the subfield (largest to smallest). The larger subfields show positive and statistically significant 353 
relationships with novelty and impact while the relationships become noisier with smaller fields with team gender 354 
diversity being significantly predictive of team performance for the majority of subfields, a statistical regularity that 355 
is not explained by chance (binomial test p < 0.03 for mixed-gender and p < 0.001 for gender balance). 356 

 357 
 358 
 359 
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1 Materials and Methods 

1.1 Data 

1.1.1 Microsoft Academic Graph 

Our analysis is based on Microsoft Academic Graph (MAG), a scientific publication database. 

MAG records journal article’s bibliographic information (title, journal, journal field, volume, issue, 

page, publication date), authorship (name), author affiliations (name, official page, and wikipage), 

and citation links to other papers in the database.  We focused on medical journal articles published 

from 2000 to 2019.  

 

Microsoft Academic Graph (MAG) is publicly available (https://docs.microsoft.com/en-

us/academic-services/). 

 

1.1.2 U.S. News University Ranking Data 

Our institutional ranking data comes from U.S. News best global universities rankings 

(https://www.usnews.com/education/best-global-universities/rankings), which was accessed on 

June 27, 2020. There are about 1,200 U.S. News recognized universities across 80 different 

countries. The rankings were calculated using 13 weighted indicators that U.S. News chose to 

measure a university’s global research performance. These 13 indicators include global research 

reputation (12.5%), regional research reputation (12.5%), publications (10%), total citations 

(12.5%), number of publications that are among hit papers (12.5%) etc. The U.S. News ranking 

data were used in our analysis related to institutional rank. For institutions that are not listed in 

U.S. News University ranking, we classify them into a category called “unranked” in regression 

analyses. These data are publicly available on the U.S. News website. 

 

1.1.3 Scimago Journal Rank 

MAG covers a wide range of journals of varying quality ratings. To control for journal quality, we 

match the subset of MAG medical journals with the Scimago Journal Ranking.  Scimago Journal 

Ranking (https://www.scimagojr.com) ranks 10,368 medical journals from 1999 to 2020. Using 

journal name or journal ISSN, we matched journals listed in the Scimago Journal Ranking and 

journals recorded in MAG. 7,808 out of 10,368 (75.3%) Scimago journals can be matched to MAG; 

87% of journals with H-index ≥ 5 can be matched; and the number rises to 93.3% when we 

consider journals with H-index ≥ 10.  The match ratio between Scimago and MAG is relatively 

high for high impact journals.  

 

There are about 12 million medical journal articles published between 2000 and 2019 (MAG). The 

total number of authors associated with those 12 million medical journal articles is about 16 million. 

However, 5.4 million medical journal articles among them do not have information about 

references. Those 5.4 million medical articles without references can be divided into three 

categories: (1) non research articles, such as comments, where references are not required; (2) 

articles in foreign languages where references cannot be mapped back to their English formats; (3) 

articles published in low-impact journals. Our analysis shows that over 90% of the 5.4 million 

medical articles without references have zero citations. This implies that almost all medical papers 

without references are most likely non-research papers or from low-impact journals, which can be 

excluded from our sample. Therefore, our main observations are based on 6.6 million medical 

journal articles with references information.  

 

https://www.usnews.com/education/best-global-universities/rankings
https://www.scimagojr.com/
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1.2 Methods 

1.2.1 Gender Detection of Scientists Based on Names 

The total number of authors associated with the 6.6 million medical journal articles is 9.6 million.  

Among these authors, 79% have their full first names recorded in MAG (as opposed to the initials 

alone), which allows us to algorithmically estimate a binary gender designation based on both the 

author’s first name and last name. For the remaining 21% of authors, we conducted robustness 

tests by simulating the gender designation based on their first name initials (see Section S2.4 for 

details). We use the popular Namsor software (1), which handles multiple languages (e.g., Chinese, 

English, French, Spanish, etc.). Another advantage of this algorithm is its ability to classify binary 

gender for Asian names (1).  

 

1.2.2 Novelty of Scientific Papers 

Novelty is an essential feature of creative ideas. Several existing novelty metrics at the paper level 

have been constructed by using references information (2, 3). Following prior research (2), we 

measure novelty at the paper level by examining the combination of prior work referenced in a 

paper’s bibliography using a z-score based metric. To compute novelty, we compare the observed 

frequency of journal pairs that appear within paper reference lists with a null model of the journal 

pair distribution created by randomized citation networks.  Reference pairs that appear more than 

expected by chance are conventional and reference pairs that appear less than expected by chance 

are novel, with the z-score indicating the degree of novelty contained in the paper.  Formally, the 

novelty measure in the prior work (2) is a z-score, where lower values indicate higher novelty. 

Details of the method can be found in pages 3 – 5 in the supplementary information of work (2).  

 

For simplicity, we define a binary variable 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 as below. 

 
𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 =  {

0, 𝑛𝑜𝑣𝑒𝑙𝑡𝑦 > 0
1, 𝑛𝑜𝑣𝑒𝑙𝑡𝑦 ≤ 0

 
(1) 

 

The variable 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 is used to indicate whether a paper is novel or not in our main results 

(see Figure 2 in the manuscript). 

 

To test the robustness of our analyses, we further investigate whether our main results hold when 

novelty is measured by a continuous variable. The original measure introduced in the work of (2) 

follows a heavy-tail distribution. Therefore, we use a log transformation to convert the z-score to 

the form below. The new measure also improves readability, such that a higher score indicates 

greater novelty. 

 
𝑛𝑜𝑣𝑒𝑙𝑡𝑦 = {

−𝑙𝑜𝑔2(z-score + 1), z-score > 0

𝑙𝑜𝑔2( −z-score + 1), z-score ≤ 0
 

(2) 

 

1.2.3 Impact of Scientific Papers 

The MAG database keeps track of paper reference information, where the tuple {𝑗, 𝑖, 𝑡} lists a 

paper 𝑗 that cites paper 𝑖 at time 𝑡. We can calculate the total number of citations to paper 𝑖. We 

denote the final number of citations for a paper 𝑖 as 𝑐𝑖. To provide a fair and comparable measure, 

we further normalize a paper 𝑖 ’s final citations by the corresponding year average, which is 

denoted as 𝑐�̂�. 
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Similarly, as for the 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 variable above, we use a binary variable ℎ𝑖𝑡 𝑝𝑎𝑝𝑒𝑟 to measure a 

paper’s impact. 

 
ℎ𝑖𝑡 𝑝𝑎𝑝𝑒𝑟 =  {

0, 𝑖𝑓 𝑐�̂� <  95𝑡ℎ  𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 
1, 𝑖𝑓 𝑐�̂�  ≥  95𝑡ℎ  𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 

 
(3) 

 

The variable ℎ𝑖𝑡 𝑝𝑎𝑝𝑒𝑟 indicates whether it is a top 5% home run paper or not. This is one of the 

dependent variables used in our main results (see Figure 2 in the manuscript). 

 

To further investigate whether our main results hold, we also run a similar regression by 

substituting the binary ℎ𝑖𝑡 𝑝𝑎𝑝𝑒𝑟 variable with a continuous one. Given 𝑐�̂� follows a heavy-tail 

distribution, we use a log transform of 𝑐�̂� to measure a scientific paper’s impact. 

 𝑖𝑚𝑝𝑎𝑐𝑡 = log (𝑐�̂� + 1) (4) 

 

1.2.4 Team Gender Diversity 

To measure the gender composition in a scientific team, we use a binary variable 𝑚 (mixed gender). 

 𝑚𝑖 = {
1,  𝑡ℎ𝑒 𝑡𝑒𝑎𝑚 ℎ𝑎𝑠 𝑏𝑜𝑡ℎ 𝑚𝑒𝑛 𝑎𝑛𝑑 𝑤𝑜𝑚𝑒𝑛
0,   𝑒𝑖𝑡ℎ𝑒𝑟 𝑎𝑙𝑙 𝑚𝑒𝑛 𝑜𝑟 𝑎𝑙𝑙 𝑤𝑜𝑚𝑒𝑛

 
(5) 

 

This is a key independent variable used in our main results (see Figure 2 in the manuscript). 

 

We also use a continuous variable to evaluate the gender composition of a scientific team. 

Similarly as in the work of (4), we use Shannon Entropy to measure the gender diversity of a team, 

which takes the form  

 𝑔𝑖 = −𝑝𝑓𝑙𝑜𝑔2(𝑝𝑓) − (1 − 𝑝𝑓)𝑙𝑜𝑔2(1 − 𝑝𝑓) (6) 

 

where 𝑝𝑓 indicates the portion of female scientists 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 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 (see Figure S1 below). 

 
Figure S1 The Relationship between Percent of Female and Team Gender Diversity. 
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2 Regression Analysis 

The results in Figure 2 of manuscript are based on fixed-effect ordinary least squares regressions. 

In this section, we discuss the details of our regression analyses. 

 

In addition, we also conduct robustness tests to address several potential concerns: (1) whether 

noise in gender designations by Namsor software could significantly affect our conclusions; (2) 

whether missing data for authors with first initials are critical enough to significantly affect our 

existing conclusions; and (3) whether our main conclusions hold when articles from low-impact 

journals are excluded. 

 

2.1 Regression of Figure 2A 

Our results in Figure 2A are based on a fixed-effect ordinary least squares regression as below. 
 

 𝑦𝑖 =  𝛽𝑚𝑚𝑖 +  ∑ 𝛽𝑡𝑇𝑡𝑖

𝑡

+ ∑ 𝛽𝑚𝑡𝑚𝑖𝑇𝑡𝑖
𝑡

 +  𝛽𝑓𝑓𝑖 +  𝛽𝑙𝑙𝑖 +  ∑ 𝛽𝑟𝑅𝑟𝑖

𝑟

+ ∑ 𝛽𝑑𝐷𝑑𝑖

𝑑

+  ∑ 𝛽𝑒𝐸𝑒𝑖

𝑒

+ ∑ 𝛽𝑎𝐴𝑎𝑖

𝑎

+  ∑ 𝛽ℎ𝐻ℎ𝑖

ℎ

 +  ∑ 𝛽𝑝𝑃𝑝𝑖

𝑝

+  ∑ 𝛽𝑞𝑄𝑞𝑖

𝑞

+  ∑ 𝛽𝑠𝑆𝑠𝑖

𝑠

+  ∑ 𝛽𝑗𝐽𝑗𝑖

𝑗

+ ∈𝑖 

(7) 

 

Dependent Variable: The dependent variable 𝑦𝑖 measures whether a paper is novel or not, which 

is measured by the variable 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒  defined in equation (1). An alternative measure is a 

continuous variable 𝑛𝑜𝑣𝑒𝑙𝑡𝑦 defined in equation (2). Our main results are based on the analysis 

using the binary variable 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒. The continuous variable 𝑛𝑜𝑣𝑒𝑙𝑡𝑦 is also considered as a 

robustness check. 

 

Predictors of Interest: We use a binary variable 𝑚𝑖 to indicate whether a scientific team is mixed 

gender or not (see definition in the equation (5)). Furthermore, a Shannon Entropy measure 𝑔𝑖 is 

used to evaluate the detailed information of team gender composition (see definition in the 

equation (6)). Similarly, our main results are based on the regression analysis using the binary 

variable 𝑚. The continuous variable 𝑔𝑖 is used for robustness check. 

 

Control Variables: We also include several other explanatory variables to control for other 

possible predictors of paper impact. 

 

• 𝑇𝑡𝑖: 𝑇𝑡𝑖 indicates fixed effects that account for the size of a scientific team. We categorize 

a scientific team into 6 bins: 𝑡 = 1, 𝑡 = 2, 𝑡 = 3, 𝑡 = 4, 𝑡 = 5, and 𝑡 ≥ 6. 𝑇𝑡𝑖 = 1 if the 

team size of a paper 𝑖 is in bin 𝑡 and 𝑇𝑡𝑖 = 0 otherwise. 

• 𝑓𝑖 : 𝑓𝑖  measures the gender of first author. 𝑓𝑖 = 1 if the first author is male and 𝑓𝑖 = 0 

otherwise. 

• 𝑙𝑖 : 𝑙𝑖  measures the gender of last author. 𝑙𝑖 = 1  if the first author is male and 𝑙𝑖 = 0 

otherwise. 

• 𝑅𝑟𝑖: 𝑅𝑟𝑖 indicates fixed effects that account for the highest institution rank affiliated with a 

paper 𝑖. We categorize institution rank into 9 bins: [1, 10], [11, 20], [21, 40], [41, 80], [81, 

160], [161, 320], [321, 640], [641, 1250] and no rank (no rank means that the institution is 

not recognized in U.S. News Ranking Database). 𝑅𝑟𝑖 = 1 if the highest institution rank 

affiliated with a paper 𝑖 is in bin 𝑟 and 𝑅𝑟𝑖 = 0 otherwise. 
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• 𝐷𝑑𝑖: 𝐷𝑑𝑖 indicates fixed effects that account for the career age of first author when a paper 

𝑖 was published. We categorize the career age of first author into bins: [0, 5], [6, 10], [11, 

15], [16, 20], [21, 25], [26, 30], [31, 35], [36, 40], [41, 45], [46, 50], [51, Inf]. 𝐷𝑑𝑖 = 1 if 

the career age of first author is in a bin 𝑑 and 𝐷𝑑𝑖 = 0 otherwise. 

• 𝐸𝐸𝑖: 𝐸𝑒𝑖 indicates fixed effects that account for the career age of last author when a paper 𝑖 
was published, using the same bin definitions as for first authors above. 𝐸𝑒𝑖 = 1 if the 

career age of last author is in a bin 𝑒 and 𝐸𝑒𝑖 = 0 otherwise. 

• 𝐴𝑎𝑖: 𝐴𝑎𝑖 indicates fixed effects that account for the average career age of a team, using the 

same bin definitions as for first authors above. 𝐴𝑎𝑖 = 1 if the average career age is in a bin 

𝑎 and 𝐴𝑎𝑖 = 0 otherwise. 

• 𝐻ℎ𝑖: 𝐻ℎ𝑖 indicates fixed effects that account for the impact of first author when a paper 𝑖 

was published. We categorize the impact of first author into 21 exponential bins. 𝐻ℎ𝑖 = 1 if 

the impact of first author is in an exponential bin ℎ and 𝐻ℎ𝑖 = 0 otherwise. 

• 𝑃𝑝𝑖: 𝑃𝑝𝑖 indicates fixed effects that account for the impact of last author when a paper 𝑖 was 

published. It has a similar setting as 𝐻ℎ𝑖. 

• 𝑄𝑞𝑖: 𝑄𝑞𝑖 indicates fixed effects that account for the average impact of authors when a paper 

𝑖 was published. It has a similar setting as 𝐻ℎ𝑖. 

• 𝑆𝑠𝑖: 𝑆𝑠𝑖 indicates fixed effects that account for an individual scientist. 𝑆𝑠𝑖 = 1 if a paper 𝑖 
is written by scientist 𝑠 and 𝑆𝑠𝑖 = 0 otherwise. 

• 𝐽𝑗𝑖 : 𝐽𝑗𝑖  indicates fixed effects that account for the journal-year. For example, ‘Science’ 

and ’2020’ is one journal-year pair indicating all papers published by Science in the year 

of 2020. Therefore, 𝐽𝑗𝑖 = 1 if a paper 𝑖  belongs to the journal-year pair j and 𝐽𝑗𝑖 = 0 

otherwise. 

 

The results of regression analysis are presented in Table S1. First, the results in Models (1) and 

(3) confirm that there is a strong connection between a paper’s novelty and its team gender 

composition. After controlling for a number of other explanatory variables including institution 

rank, author’s prior impact and author’s career age, we find that mixed gender teams are more 

likely to produce novel scientific papers (model (2)). In addition, when both dependent variable 

and key independent variable are measured as continuous variables, our observations in model (2) 

remain valid. We have several interesting observations. First, we can see large teams are more 

likely to produce novel papers. Second, scientific teams with women as first author or last author 

are more likely to produce novel scientific papers. This is consistent with observations made in the 

work of (5) that minority groups are more like to produce novel scientific papers. 

 

2.2 Regression of Figure 2B 

Similarly, when we examine a paper’s impact, we specify   a regression model that examines the 

relationship between team gender diversity and paper impact as follows. 

 𝑧𝑖 =  𝛽𝑚𝑚𝑖 +  ∑ 𝛽𝑡𝑇𝑡𝑖

𝑡

+ ∑ 𝛽𝑚𝑡𝑚𝑖𝑇𝑡𝑖
𝑡

 +  𝛽𝑓𝑓𝑖 +  𝛽𝑙𝑙𝑖 +  ∑ 𝛽𝑟𝑅𝑟𝑖

𝑟

+ ∑ 𝛽𝑑𝐷𝑑𝑖

𝑑

+  ∑ 𝛽𝑒𝐸𝑒𝑖

𝑒

+ ∑ 𝛽𝑎𝐴𝑎𝑖

𝑎

+  ∑ 𝛽ℎ𝐻ℎ𝑖

ℎ

 +  ∑ 𝛽𝑝𝑃𝑝𝑖

𝑝

+  ∑ 𝛽𝑞𝑄𝑞𝑖

𝑞

+  ∑ 𝛽𝑠𝑆𝑠𝑖

𝑠

+  ∑ 𝛽𝑗𝐽𝑗𝑖

𝑗

+ ∈𝑖 

(8) 
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Table S1 Relationship between team gender composition and paper novelty. 

 Model (1) Model (2) Model (3) Model (4) 

Variable DV = 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 DV = 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 DV = 𝑛𝑜𝑣𝑒𝑙𝑡𝑦 DV = 𝑛𝑜𝑣𝑒𝑙𝑡𝑦 

Mixed Gender Team (𝑚𝑖) 0.083*** 

(0.00082) 

0.031*** 

(0.0011) 

  

Team Size FE (𝑇𝑡𝑖) t = 2 0.023*** 

(0.0010) 

t = 2 0.017*** 

(0.0012) 

  

t = 3 0.037*** 

(0.0010) 

t = 3 0.033*** 

(0.0013) 

t = 4 0.047*** 

(0.0010) 

t = 4 0.049*** 

(0.0014) 

t = 5 0.050*** 

(0.0012) 

t = 5 0.055*** 

(0.0016) 

t > 5 0.038*** 

(0.0011) 

t > 5 0.065*** 

(0.0014) 

𝑚𝑖 × 𝑇𝑡𝑖 𝑚𝑖  = 1 

t = 2 

-0.053*** 

(0.0014) 

𝑚𝑖  = 1 

t = 2 

-0.026*** 

(0.0017) 

  

𝑚𝑖  = 1 

t = 3 

-0.043*** 

(0.0013) 

𝑚𝑖  = 1 

t = 3 

-0.022*** 

(0.0016) 

𝑚𝑖 = 1 

t = 4 

-0.035*** 

(0.0013) 

𝑚𝑖 = 1 

t = 4 

-0.020*** 

(0.0016) 

𝑚𝑖 = 1 

t = 5 

-0.025*** 

(0.0015) 

𝑚𝑖 = 1 

t = 5 

-0.015*** 

(0.0017) 

Team Gender Diversity (𝑔𝑖)   0.89*** 

(0.0046) 

0.49*** 

(0.015) 

Team Size (t)   0.026*** 

(0.00076) 

0.011*** 

(0.0029) 

𝑔𝑖 × 𝑡   -0.016*** 

(0.00089) 

-0.0094** 

(0.0030) 

First Author Gender  -0.0062*** 

(0.00065) 

 -0.023*** 

(0.0044) 

Last Author Gender  -0.0089*** 

(0.00072) 

 -0.056*** 

(0.0047) 

Institution FE  Y  Y 

First Author Age FE  Y  Y 

Last Author Age FE  Y  Y 

Mean Author Age FE  Y  Y 

First Author Impact FE  Y  Y 

Last Author Impact FE  Y  Y 

Mean Author Impact FE  Y  Y 

Observations 6,606,294 5,276,515 6,606,294 5,276,515 

R Squared 0.0075 0.28 0.012 0.33 

*, p < 0.05; **, p < 0.01; ***, p < 0.001. 

 

Dependent Variable: The dependent variable 𝑧𝑖 measures whether a paper is a hit paper being the 

top 5% home run papers gauged by citation, which is measured by the variable ℎ𝑖𝑡 𝑝𝑎𝑝𝑒𝑟 defined 

in the equation (3). An alternative measure is a continuous variable impact defined in equation (4). 

Our main results are based on the analysis using the binary variable ℎ𝑖𝑡 𝑝𝑎𝑝𝑒𝑟. The continuous 

variable 𝑖𝑚𝑝𝑎𝑐𝑡 is used in the robustness check. 

 

Predictors of Interest: We use a binary variable 𝑚𝑖 to indicate whether a scientific team is a 

mixed gender team. Furthermore, a Shannon Entropy measure 𝑔𝑖 is used to evaluate team gender 
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composition. Similarly, our main results are based on the regression analysis using the binary 

variable 𝑚. The continuous variable 𝑔𝑖 is used for the robustness checking purpose. 

 

Control Variables are the same as those defined in Section S2.1. 

 

Table S2 Relationship between team gender composition and paper impact. 

 Model (1) Model (2) Model (3) Model (4) 

Variable DV = ℎ𝑖𝑡 𝑝𝑎𝑝𝑒𝑟 DV = ℎ𝑖𝑡 𝑝𝑎𝑝𝑒𝑟 DV = 𝑖𝑚𝑝𝑎𝑐𝑡 DV = 𝑖𝑚𝑝𝑎𝑐𝑡 

Mixed Gender Team (𝑚𝑖) 0.037*** 

(0.00036) 

0.013*** 

(0.00062) 

  

Team Size FE (𝑇𝑡𝑖) t = 2 0.012*** 

(0.00040) 

t = 2 0.039*** 

(0.00062) 

  

t = 3 0.011*** 

(0.00042) 

t = 3 0.066*** 

(0.00069) 

t = 4 0.0091*** 

(0.00045) 

t = 4 0.085*** 

(0.00075) 

t = 5 0.011*** 

(0.00051) 

t = 5 0.090*** 

(0.00082) 

t > 5 0.023*** 

(0.00042) 

t > 5 0.11*** 

(0.00083) 

𝑚𝑖 × 𝑇𝑡𝑖 𝑚𝑖  = 1 

t = 2 

-0.030*** 

(0.00063) 

𝑚𝑖  = 1 

t = 2 

-0.0034*** 

(0.00091) 

  

𝑚𝑖  = 1 

t = 3 

-0.028*** 

(0.00058) 

𝑚𝑖  = 1 

t = 3 

-0.0057*** 

(0.00083) 

𝑚𝑖 = 1 

t = 4 

-0.025*** 

(0.00060) 
𝑚𝑖 = 1 

t = 4 

-0.0077*** 

(0.00081) 

𝑚𝑖 = 1 

t = 5 

-0.024*** 

(0.00063) 

𝑚𝑖 = 1 

t = 5 

-0.0096*** 

(0.00085) 

Team Gender Diversity (𝑔𝑖)   0.28*** 

(0.00081) 

0.22*** 

(0.010) 

Team Size (t)   0.038*** 

(0.00013) 

0.020*** 

(0.0020) 

𝑔𝑖 × 𝑡   -0.024*** 

(0.00016) 

-0.019*** 

(0.0021) 

First Author Gender  0.0036*** 

(0.00043) 

 0.011*** 

(0.0011) 

Last Author Gender  0.0035*** 

(0.00049) 

 0.008*** 

(0.0011) 

Institutional FE  Y  Y 

First Author Age FE  Y  Y 

Last Author Age FE  Y  Y 

Mean Author Age FE  Y  Y 

First Author Impact FE  Y  Y 

Last Author Impact FE  Y  Y 

Mean Author Impact FE  Y  Y 

Observations 6,606,294 5,276,515 6,606,294 5,276,515 

R Squared 0.01 0.34 0.06 0.51 

*, p < 0.05; **, p < 0.01; ***, p < 0.001. 

 

The results of regression analysis are presented in Table S2. The results in model (1) and (3) 

demonstrate that there is a strong connection between team gender composition and a paper’s 

impact. After controlling for several other explanatory variables, such as institution rank, author’s 

prior impact and author’s career age, we find that mixed gender teams are more likely to produce 



8 
 

highly cited scientific papers (model (2)). In addition, our observations in model (2) remain valid 

when we measure both the dependent variable and the key independent variable as continuous 

variables. We have several observations that are very similar to Table S1. First, we can see large 

teams are more likely to produce papers of high impact. In Table S1, we find that scientific teams 

with women as first author or last author are more likely to produce novel scientific papers. 

However, it is opposite when predicting a paper’s citation. Results in both model (2) and (4) 

suggest that scientific teams with men as first or last author are more likely to be cited. 

 

2.3 Robustness Test for Disambiguated Gender Classification 

Our work classifies scientists’ gender based on their first and last names. To the extent that some 

cases may be misclassified when scientists have unisex first names, we further test whether 

potential issues with misclassification have significant impact on our main results. 

 

The output of Namsor allows us to conduct such a robustness test. In addition to a gender label, 

the machine learning model also provides a confidence score calibrated from big data. For example, 

the name “Anderson Cooper” is labeled as male with 98.3% confidence score. The confidence 

score allows us to examine whether the uncertainty levels are large enough to nullify the findings. 

Specifically, there are about 9.6 million scientists in the field of Medicine from 2000 to 2019. 

Based on the gender classification by Namsor, about 42.3% of them are women. In addition, 86% 

of scientists in Medicine have gender confidence scores larger than 80%. And 81% of them have 

gender confidence scores larger than 90%. 

 

To verify whether these noises are large enough to nullify our findings, we run regressions on 

multiple subsets where scientists are included only when their gender confidence scores are larger 

than a threshold. In this work, we use four different thresholds: 60%, 70%, 80% and 90%. 

 

The robustness test results can be found in Table S3 and Table S4. We can see that our main 

conclusions are valid across different confidence thresholds. In Table S3, we can see the variation 

in the coefficients of 𝑚𝑖 in predicting a paper’s novelty is no more than 5% when we increase the 

threshold from 60% to 90%. In Table S4, the coefficients of 𝑚𝑖 in predicting a paper’s impact are 

consistent with our observations in Table S2 when we increase the threshold from 60% to 90%. 

Overall, our main finding that mixed gender teams are more innovative remains consistent. 

 

2.4 Robustness Test for Authors with First Initials 

In our main results, we do not include authors who only have first initials in our analysis. Therefore, 

we are interested in whether the resulting missing data might undermine our main findings.  To 

test this, we simulate gender labels for authors with first initials using detected gender designations. 

To illustrate these procedures, consider the following example. 

 

1. We calculate authors’ career age by using their first publication years as below. 

 𝑐𝑎𝑟𝑒𝑒𝑟 𝑎𝑔𝑒 = 2019 − 𝑓𝑖𝑟𝑠𝑡 𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑦𝑒𝑎𝑟 + 1 (9) 

And we categorize the career age into bins: [0, 5], [6, 10], [11, 15], [16, 20], [21, 25], [26, 30], 

[31, 35], [36, 40], [41, 45], [46, 50], [51, Inf]. 

2. We classify authors with detected gender designations into different groups based on (i) 

whether they have the same first initial and (ii) whether their career ages are in the same career 

age bin described above. For example, Alexander Jones who has worked in the field of 
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Medicine for 8 years and Aaron Smith who has worked in the field of Medicine for 10 years 

are classified into the same group “A. [6, 10]”. 

3. We calculate the portion of female scientists in each group where full names are available. For 

example, the group “A. [0, 5]” has about 48% female scientists. And 23% of the group “S. 

[41,45]” are female scientists. 

4. For a single author with S. as first initial and who is in a given career age group, we randomly 

classify her/him as female or male based on the computed gender ratio in the that career age 

group.  

 

With the procedures described above, we can assign gender to authors who only have first initials 

recorded. To verify whether those missing data nullifies our observations, we run a regression on 

the data where authors with initials are randomly assigned gender labels in this way. 

 

The result can be found in Table S3 and S4. When we include authors with initials into our analysis, 

the coefficient of 𝑚𝑖 in predicting novelty decreases about 10%. And the coefficient of  𝑚𝑖 in 

predicting paper impact does not change. In conclusion, the missing data does not nullify our main 

results even as we add this data which has higher noise.  

 

Table S3 Robustness tests for relationship between team gender composition and paper novelty. 
Variable Model (1) Model (2) Model (3) Model (4) Model (5) 

 Threshold = 

60% 

Threshold = 

70% 

Threshold = 

80% 

Threshold = 

90% 

Include  

Authors with 

First Initials 

Mixed Gender Team (𝑚𝑖) 0.031*** 

(0.0011) 

0.031*** 

(0.0010) 

0.031*** 

(0.0011) 

0.030*** 

(0.0011) 

0.028*** 

(0.0011) 

Team Size FE (𝑇𝑡𝑖) Y Y Y Y Y 

𝑚𝑖 × 𝑇𝑡𝑖 Y Y Y Y Y 

First Author Gender -0.0065*** 

(0.00068) 

-0.0065*** 

(0.00069) 

-0.0073*** 

(0.00073) 

-0.0075*** 

(0.00076) 

-0.0062*** 

(0.00060) 

Last Author Gender -0.0094*** 

(0.00075) 

-0.0095*** 

(0.00077) 

-0.0098*** 

(0.00081) 

-0.011*** 

(0.00084) 

-0.0075*** 

(0.00066) 

Institutional FE Y Y Y Y Y 

First Author Age FE Y Y Y Y Y 

Last Author Age FE Y Y Y Y Y 

Mean Author Age FE Y Y Y Y Y 

First Author Impact FE Y Y Y Y Y 

Last Author Impact FE Y Y Y Y Y 

Mean Author Impact FE Y Y Y Y Y 

Observations 4,991,066 4,749,982 4,461,380 4,161,852 6,110,387 

R Squared 0.28 0.28 0.29 0.29 0.28 

*, p < 0.05; **, p < 0.01; ***, p < 0.001. 

2.5 Robustness Test for Scimago Journal Ranking Subsample 

Our data sample includes 6.6 million medical journal articles, which are published in 15,033 

journals with heterogeneous levels of impact and quality. To address potential issues of low-

quality journals, we rely on the Scimago Journal Ranking (https://www.scimagojr.com). There are 

10,368 medical journals from 1999 to 2020 recorded by Scimago. The ranking also calculates H-

index for each journal which allows us to proxy for quality of the journal. For example, H-index 

= 5 means that 5 papers published in the journal have at least 5 citations.  
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Table S4 Robustness tests for relationship between team gender composition and paper impact. 
Variable Model (1) Model (2) Model (3) Model (4) Model (5) 

 Threshold = 

60% 

Threshold = 

70% 

Threshold = 

80% 

Threshold = 

90% 

Include  

Authors with 

First Initials 

Mixed Gender Team (𝑚𝑖) 0.014*** 

(0.00063) 

0.014*** 

(0.00065) 

0.014*** 

(0.00067) 

0.015*** 

(0.00070) 

0.013*** 

(0.00061) 

Team Size FE (𝑇𝑡𝑖) Y Y Y Y Y 

𝑚𝑖 × 𝑇𝑡𝑖 Y Y Y Y Y 

First Author Gender 0.0037*** 

(0.00046) 

0.0039*** 

(0.00048) 

0.0042*** 

(0.00050) 

0.0044*** 

(0.00052) 

0.0035*** 

(0.00040) 

Last Author Gender 0.0037*** 

(0.00052) 

0.0036*** 

(0.00054) 

0.0039*** 

(0.00057) 

0.0039*** 

(0.00058) 

0.0031*** 

(0.00045) 

Institutional FE Y Y Y Y Y 

First Author Age FE Y Y Y Y Y 

Last Author Age FE Y Y Y Y Y 

Mean Author Age FE Y Y Y Y Y 

First Author Impact FE Y Y Y Y Y 

Last Author Impact FE Y Y Y Y Y 

Mean Author Impact FE Y Y Y Y Y 

Observations 4,991,066 4,749,982 4,461,380 4,161,852 6,110,387 

R Squared 0.34 0.34 0.34 0.35 0.34 

*, p < 0.05; **, p < 0.01; ***, p < 0.001. 

Using journal name or journal ISSN, we match journals listed in Scimago Journal Ranking and 

journals in MAG. We find that 7,808 out of the 10,368 (75.3%) Scimago journals can be found in 

MAG. Furthermore, 87% of Scimago journals with H-index ≥ 5 can be found in MAG. And the 

matching ratio reaches 93.3% when we only consider Scimajo journals with H-index ≥ 10. This 

implies that the match ratio between Scimago and MAG is higher for high-quality journals. 

 

We extract a subsample from the 6.6 million medical journal articles according to the Scimago 

journal ranking, which includes 5.6 million medical papers. In Figure S2, we replicate our results 

of Figure 2 in the manuscript by using 5.6 million medical papers published in journals that are 

listed in the Scimago Journal Ranking. We can see that our findings remain valid when considering 

this subsample. 

 
Figure S2 Mixed Gender Teams are More Innovative (A) and highly cited (B) among ranked 

journals in the Scimago Journal Ranking. Mixed gender teams are more likely to produce 

innovative papers than are same-gender teams of all team sizes; for teams of size 4 or more mixed-
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gender are always more likely to produce a novel paper than the base rate (dashed line). Mixed 

gender teams of size 5 or 6 are more likely to publish novel work than the base rate. Estimates 

shown are margins plots computed from fixed effect regressions. 

Similarly, we also consider again the analyses in Table S1 and Table S2 based on  this subsample 

of 5.6 million medical papers. Results are presented in Table S5 and Table S6. respectively. The 

results remain consistent. 

Table S5 Relationship between team gender composition and paper novelty (Scimago Journal 

Ranking subsample). 

 Model (1) Model (2) Model (3) Model (4) 

Variable DV = 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 DV = 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 DV = 𝑛𝑜𝑣𝑒𝑙𝑡𝑦 DV = 𝑛𝑜𝑣𝑒𝑙𝑡𝑦 

Mixed Gender Team (𝑚𝑖) 0.077*** 

(0.00088) 

0.031*** 

(0.0011) 

  

Team Size FE (𝑇𝑡𝑖) t = 2 0.019*** 

(0.00098) 

t = 2 0.016*** 

(0.0012) 

  

t = 3 0.033*** 

(0.0011) 

t = 3 0.034*** 

(0.0014) 

t = 4 0.043*** 

(0.0011) 

t = 4 0.050*** 

(0.0015) 

t = 5 0.048*** 

(0.0012) 

t = 5 0.055*** 

(0.0017) 

t > 5 0.037*** 

(0.0011) 

t > 5 0.065*** 

(0.0015) 

𝑚𝑖 × 𝑇𝑡𝑖 𝑚𝑖  = 1 

t = 2 

-0.047*** 

(0.0015) 

𝑚𝑖  = 1 

t = 2 

-0.026*** 

(0.0018) 

  

𝑚𝑖  = 1 

t = 3 

-0.037*** 

(0.0014) 

𝑚𝑖  = 1 

t = 3 

-0.022*** 

(0.0017) 

𝑚𝑖 = 1 

t = 4 

-0.030*** 

(0.0015) 

𝑚𝑖 = 1 

t = 4 

0.020*** 

(0.0017) 

𝑚𝑖 = 1 

t = 5 

-0.021*** 

(0.0016) 

𝑚𝑖 = 1 

t = 5 

0.015*** 

(0.0018) 

Team Gender Diversity (𝑔𝑖)   0.88*** 

(0.0050) 

0.52*** 

(0.016) 

Team Size (t)   0.024*** 

(0.00081) 

0.011*** 

(0.0029) 

𝑔𝑖 × 𝑡   -0.015*** 

(0.00095) 

-0.0090** 

(0.0031) 

First Author Gender  -0.0068*** 

(0.00070) 

 -0.027*** 

(0.0048) 

Last Author Gender  -0.010*** 

(0.00078) 

 -0.063*** 

(0.0052) 

Institutional FE  Y  Y 

First Author Age FE  Y  Y 

Last Author Age FE  Y  Y 

Mean Author Age FE  Y  Y 

First Author Impact FE  Y  Y 

Last Author Impact FE  Y  Y 

Mean Author Impact FE  Y  Y 

Observations 5,619,077 4,530,400 5,619,077 4,530,400 

R Squared 0.007 0.27 0.011 0.31 

*, p < 0.05; **, p < 0.01; ***, p < 0.001. 
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Table S6 Relationship between team gender composition and paper impact (Scimago Journal 

Ranking subsample). 

 Model (1) Model (2) Model (3) Model (4) 

Variable DV = ℎ𝑖𝑡 𝑝𝑎𝑝𝑒𝑟 DV = ℎ𝑖𝑡 𝑝𝑎𝑝𝑒𝑟 DV = 𝑖𝑚𝑝𝑎𝑐𝑡 DV = 𝑖𝑚𝑝𝑎𝑐𝑡 

Mixed Gender Team (𝑚𝑖) 0.038*** 

(0.00039) 

0.014*** 

(0.00067) 

  

Team Size FE (𝑇𝑡𝑖) t = 2 0.011*** 

(0.00044) 

t = 2 0.042*** 

(0.00069) 

  

t = 3 0.010*** 

(0.00047) 

t = 3 0.071*** 

(0.00077) 

t = 4 0.0087*** 

(0.00051) 

t = 4 0.092*** 

(0.00082) 

t = 5 0.010*** 

(0.00058) 

t = 5 0.099*** 

(0.00090) 

t > 5 0.023*** 

(0.00047) 

t > 5 0.12*** 

(0.00091) 

𝑚𝑖 × 𝑇𝑡𝑖 𝑚𝑖  = 1 

t = 2 

-0.031*** 

(0.00070) 

𝑚𝑖  = 1 

t = 2 

-0.0035*** 

(0.0010) 

  

𝑚𝑖  = 1 

t = 3 

-0.029*** 

(0.00065) 

𝑚𝑖  = 1 

t = 3 

-0.0060*** 

(0.00092) 

𝑚𝑖 = 1 

t = 4 

-0.026*** 

(0.00066) 

𝑚𝑖 = 1 

t = 4 

-0.0085*** 

(0.00090) 

𝑚𝑖 = 1 

t = 5 

-0.025*** 

(0.00071) 

𝑚𝑖 = 1 

t = 5 

-0.010*** 

(0.00093) 

Team Gender Diversity (𝑔𝑖)   0.29*** 

(0.00088) 

0.23*** 

(0.011) 

Team Size (t)   0.039*** 

(0.00014) 

0.021*** 

(0.0022) 

𝑔𝑖 × 𝑡   -0.025*** 

(0.00017) 

-0.020*** 

(0.0022) 

First Author Gender  0.0036*** 

(0.00047) 

 0.013*** 

(0.0012) 

Last Author Gender  0.0038*** 

(0.00054) 

 0.0098*** 

(0.0012) 

Institutional FE  Y  Y 

First Author Age FE  Y  Y 

Last Author Age FE  Y  Y 

Mean Author Age FE  Y  Y 

First Author Impact FE  Y  Y 

Last Author Impact FE  Y  Y 

Mean Author Impact FE  Y  Y 

Observations 5,619,077 4,530,400 5,619,077 4,530,400 

R Squared 0.01 0.34 0.06 0.49 

*, p < 0.05; **, p < 0.01; ***, p < 0.001.  
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2.6 Generalizability across Subfields in Medicine 

Finally, we also investigate the generalizability of our findings across 45 subfields in Medicine, 

such as anatomy and biomedical engineering. Those 45 subfields are listed in Table S7. 

Table S7 Subfields in Medicine. 

Anatomy Andrology Anesthesia Audiology Biomedical engineering 

Cancer research Cardiology Clinical psychology Dentistry Dermatology 

Emergency medicine Endocrinology Environmental health Family medicine Gastroenterology 

General surgery Gerontology Gynecology Immunology Intensive care medicine 

Internal medicine Medical education Medical emergency Medical physics Nuclear medicine 

Nursing Obstetrics Oncology Ophthalmology Optometry 

Orthodontics Pathology Pediatrics Pharmacology Physical medicine and 
rehabilitation 

Physical therapy Physiology Psychiatry Radiology Surgery 

Traditional medicine Urology Veterinary medicine Virology Miscellaneous 

 

We examined the coefficients of team gender diversity 𝑔𝑖 in two different regression settings. In 

the first case, the dependent variables are binary. Namely, we are using 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒  and 

ℎ𝑖𝑡 𝑝𝑎𝑝𝑒𝑟 as dependent variables in the regression. The definition of these two variables can be 

found in Section S1.2. In the second setting, we are using 𝑛𝑜𝑣𝑒𝑙𝑡𝑦 and 𝑖𝑚𝑝𝑎𝑐𝑡 measures as our 

dependent variables. The detailed information can also be found in Section S1.2.  

In Figure 3, we visualize the coefficients with 95% confidence intervals for 45 subfields when 

binary measures 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 and ℎ𝑖𝑡 𝑝𝑎𝑝𝑒𝑟 are used as dependent variables. We have several 

important observations. First, we observe that the sign of team gender diversity is consistent and 

positive in most of subfields. For example, when predicting innovative papers, team gender 

diversity has consistent and positive sign in 41 out of 45 subfields (Figure 3 (a)). When predicting 

hit papers, the sign of team gender diversity is consistent and positive in 40 out 45 subfields. 

Furthermore, we also verify the generalizability when dependent variables are continuous. In 

Figure S3, we observe that the sign of team gender diversity is consistent and positive in most of 

subfields. For example, when predicting papers’ novelty, team gender diversity has consistent and 

positive sign in 40 out of 45 subfields (Figure S3 (a)). When predicting papers’ impact, the sign 

of team gender diversity is consistent and positive in 42 out 45 subfields. 
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Figure S3 Coefficients of Team Gender Diversity across 45 Subfields in Medicine (Dependent 

variables are also continuous). Each bar indicates the coefficient of team gender diversity with 

95% confidence interval in a subfield. We sort subfields from smallest to largest. The observations 

are consistent with Figure 3 in manuscript. (a) Coefficients of team gender diversity in predicting 

papers’ novelty. Dark green color indicates positive and significant (p-value < 0.05) coefficients. 

Light green color indicates positive but non-significant coefficients. Red color indicates negative 

coefficients. We can see 40 out of 45 subfields have positive coefficients. In addition, 36 of them 

are significant. This demonstrates the generalizability of our main finding that team gender 

diversity is predictive of papers’ novelty. (b) Similar to subfigure (a), 42 out of 45 subfields have 

positive coefficients when predicting papers’ impact. And the coefficients are both positive and 

significant in 40 subfields. 
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3 Gender Diverse Teams over Time 

Figure 1 in the manuscript shows the increasing dominance of teamwork in medical science over 

the last 20 years. In addition, the share of papers written by mixed-gender teams at all team sizes 

has increased annually with growth concentrated in larger teams.  In this section, we consider the 

rise in mixed gender teams compared to a null model, together with robustness tests. 

3.1 Null Model 

To understand the increase of mixed gender teams in light of the increased presence of female 

scientists, we design a null model. To illustrate the null model, consider the following steps and 

example.  

1. For each author in our sample, we extract her first publication year (publication year of her 

first paper), total number of publications, and the country where her affiliated institution is 

located (i.e., CN, US, UK, JP and etc.). 

2. Second, we categorize the total number of publications into bins: [0, 1], [2, 4], [5, 8], [9, 16], 

[17, 32], [33, 64], [65, 128], [129, 256], [257, 512], [513, 1024], [1025, Inf]. 

3. With that information, we classify scientists into different groups if (i) they have the same first 

publication year; (ii) their total numbers of publications are in the same bin; and (iii) their 

affiliated institutions are in the same country. In Figure S4, we provide several examples. For 

example, scientists a, b and c are classified into the same group because their first publication 

year = 2005, their total numbers of publications are in the bin of [9,16], and they are all in 

China. Similarly, scientists i, j and k are categorized into the same group because they wrote 

their first papers in the year of 2005, their total numbers of publications are in the bin of [2, 4], 

and they are in United States. 

4. In each round of our simulations, we randomly shuffle scientists’ gender designations within 

each group. In this way, the gender ratio in each group is preserved. Take the blue group in 

Figure S4 as an example, scientists b and c exchange their gender labels. But the gender ratio 

of blue group is still two women versus one man. 

5. With this gender shuffling within groups, we then turn to the actual papers written and consider 

the resulting gender distributions that emerge among the papers.  

In this way, the null model can provide randomness while keeping several factors intact, for 

example the portion of women among newcomers with similar productivity in the same country-

year. 

This null model allows us to verify whether the increase of mixed gender teams or women’s 

underrepresentation can be explained by women’s increased attendance in science. Take the 

portion of mixed gender teams as an example. First, we can calculate the real portion of mixed 

gender teams in each year. Then, we run the null model 100 rounds and get 100 sets of synthetic 

data of gender designations. For each set of synthetic data, we recalculate the portion of mixed 

teams in each year. Finally, we have 100 simulated values. We can then evaluate the z-score for 

each observed portion of mixed gender teams relative to what is expected by the null model: 

 
𝑧 =

(𝑜𝑏𝑠 − 𝑒𝑥𝑝)

𝜎
 

(10) 
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where 𝑜𝑏𝑠 is the observed portion of mixed gender team while 𝑒𝑥𝑝 is the mean and 𝜎  is the 

standard deviation of the simulated portions using the null model. 

 

Figure S4 Illustrative Example of the Null Model. 

Similarly, following the same procedure, we can also evaluate whether women are 

underrepresented in the positions of first author and last author. 

 

Figure S5 Same Gender Teams Remain Overrepresented in Medical Science. Using the same null 

model, we verify whether same gender teams are overrepresented over time. We can see both 

female teams and male teams are over-represented. 
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3.1.1 Same Gender Teams are Overrepresented 

Using the same null model explained above, we can also verify whether all-women teams and all-

men teams are overrepresented over time. 

Based on the results presented in Figure 1, we conclude that the increase in mixed gender teams 

is not explained simply by the increase of women in science and that same gender teams remain 

overrepresented in medical science. This is supported by results in the Figure S5. In Figure S5, 

we can see both all-women teams and all-men teams are significantly over-represented despite the 

growing trend of mixed gender teams. 

3.2 Robustness Test for Figure 1B and 1C Using a Shannon Entropy Measure 

In this section, we demonstrate that our observations in Figure 1B and 1C of the manuscript are 

valid when we use a Shannon Entropy measure 𝑔𝑖 to evaluate gradations of gender diversity. The 

measure is defined in equation (6) of section S1.2.4. 

In the manuscript, we use a binary variable 𝑚𝑖  (see equation (5)) to measure team gender 

composition. Here, we switch to a continuous variable 𝑔𝑖, which ranges from 0 to 1. When 𝑔𝑖 = 0, 

the team is a same gender team. In contrast, when 𝑔𝑖 = 1, 50% of members are women and the 

50% are men. In contrast to Figure 1B, we are now measuring the average 𝑔𝑖 for each team size 

category. 

In Figure S6, we find the results using team gender diversity 𝑔𝑖  are consistent with what we 

observe in Figure 1B and 1C in the manuscript. 

 

Figure S6 Gender Balanced Teams Dominate Science. Instead of using a binary variable 𝑚𝑖, we 

use a Shannon Entropy measure 𝑔𝑖  to evaluate gradations of gender diversity.  (a) shows the 

average team gender diversity increased steadily over time. (b) shows the results of a null model 

that indicate that the observed team gender diversity remains underrepresented in medical science. 



18 
 

3.3 Robustness Test for Medical Papers without References 

As discussed in Section 1.1.3, our main analysis is based on 6.6 million medical journal articles 

with references information. We now conduct a robustness test to check whether the results 

presented in Figure 1 and Figure 2 remain consistent when we include the medical journal articles 

without references. The analysis sample uses 12 million papers that include 6.6 million medical 

journal articles with references and 5.4 million articles without references. 

We cannot carry out the same robustness test for Figure 2 because we need reference information 

to measure paper novelty (see section S1.2.2). 

3.3.1 Robustness Test for Figure 1A by Including Papers without References 

The results in Figure 1 of the manuscript are based on 6.6 million medical journal articles. Here, 

we test whether the results hold when we include journal articles without references. 

In Figure S7, the gap between small and large teams becomes smaller when using the 12 million 

papers. This implies that the trend of large team is even stronger in comparably high-impact journal 

articles (because ~90% of 5.4 million papers without references have zero citations). 

 

Figure S7 Big Teams Dominate Medical Science. This figure plots the share of publications (y-

axis) by team size and year from 2000-2019 (x-axis). Over time, large teams have replaced small 

teams.  For example, in 2000 solo and two-person teams each had more than 15% of the share of 

publications but by 2015 their shares dropped to 12% and 11% respectively. In contrast, large 

teams with more than 5 persons increased their market share dominance from 23% to 45%. 

3.3.2 Robustness Test for Figure 1B and 1C by Including Papers without References 

In Figure 1B and 1C of the manuscript, we have demonstrated that mixed-gender teams steadily 

increased over time. Similarly, we also replicate the results of Figure 1B and 1C in the manuscript 

using the sample of 12 million medical journal articles, which is presented in Figure S8. The 

results are consistent with our observations in the manuscript. 
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Figure S8 Mixed Gender Teams Dominate Science. Using all 12 million papers, we repeat the 

analysis in Figure 1B and 1C and find similar results.  (a) shows the share of publications from 

mixed vs same gender teams steadily increased with time and that the increase is proportionally 

greater the larger the team size. (b) shows the results of a null model that indicate that mixed-

gender teams remain underrepresented in medical science by up to 10% depending on the team 

size.  
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4 Generalizability across Teams Led by Women and Men 

Here, we analyze the interaction among team gender composition, team size, and leadership. We 

further consider five binary variables as below: 

 
𝑚𝑓𝑓𝑖 =  {

1, 𝑚𝑖 = 1 𝑎𝑛𝑑 𝑓𝑖 = 0
0,         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒               

 
(11) 

 
𝑚𝑓𝑚𝑖 =  {

1, 𝑚𝑖 = 1 𝑎𝑛𝑑 𝑓𝑖 = 1
0,         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒               

 
(12) 

 
𝑠𝑔𝑡𝑖 =  {

1, 𝑚𝑖 = 0
0, 𝑚𝑖 = 1

 
(13) 

 
𝑚𝑙𝑓𝑖 =  {

1, 𝑚𝑖 = 1 𝑎𝑛𝑑 𝑙𝑖 = 0
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒               

 
(14) 

 
𝑚𝑙𝑚𝑖 =  {

1, 𝑚𝑖 = 1 𝑎𝑛𝑑 𝑙𝑖 = 1
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒              

 
(15) 

where the definitions of 𝑚𝑖, 𝑓𝑖, and 𝑙𝑖 can be found in section S2.1 and these new binary variables 

are described as follows: 

1. The binary variable 𝑚𝑓𝑓𝑖 indicates whether a paper 𝑖 is written by a mixed gender team led by 

female first author. 

2. The binary variable 𝑚𝑓𝑚𝑖 indicates whether a paper 𝑖 is written by a mixed gender team led 

by male first author. 

3. The binary variable 𝑠𝑔𝑡𝑖 indicates whether a paper 𝑖 is written by a same gender team. 

4. The binary variable 𝑚𝑙𝑓𝑖 indicates whether a paper 𝑖 is written by a mixed gender team led by 

female last author. 

5. The binary variable 𝑚𝑙𝑚𝑖 indicates whether a paper 𝑖 is written by a mixed gender team led 

by male last author. 

 

4.1 Generalizability of Predicting Novelty across First Author’s Gender  

First, we examine the generalizability in predicting novelty across first author’s gender using a 

fixed-effect ordinary least squares regression as below. 
 

 𝑦𝑖 =  𝛽𝑚𝑓𝑓𝑚𝑓𝑓𝑖 + 𝛽𝑚𝑓𝑚𝑚𝑓𝑚𝑖 +  𝛽𝑠𝑔𝑡𝑠𝑔𝑡𝑖 + ∑ 𝛽𝑡𝑇𝑡𝑖

𝑡

+ ∑ 𝛽𝑚𝑓𝑓𝑡𝑚𝑓𝑓𝑖𝑇𝑡𝑖
𝑡

+ ∑ 𝛽𝑚𝑓𝑚𝑡𝑚𝑓𝑚𝑖𝑇𝑡𝑖
𝑡

+ ∑ 𝛽𝑠𝑔𝑡𝑡𝑠𝑔𝑡𝑖𝑇𝑡𝑖
𝑡

+  𝛽𝑓𝑓𝑖 +  𝛽𝑙𝑙𝑖 +  ∑ 𝛽𝑟𝑅𝑟𝑖

𝑟

+ ∑ 𝛽𝑑𝐷𝑑𝑖

𝑑

+ ∑ 𝛽𝑒𝐸𝑒𝑖

𝑒

+ ∑ 𝛽𝑎𝐴𝑎𝑖

𝑎

+  ∑ 𝛽ℎ𝐻ℎ𝑖

ℎ

 +  ∑ 𝛽𝑝𝑃𝑝𝑖

𝑝

+  ∑ 𝛽𝑞𝑄𝑞𝑖

𝑞

+  ∑ 𝛽𝑠𝑆𝑠𝑖

𝑠

+  ∑ 𝛽𝑗𝐽𝑗𝑖

𝑗

+ ∈𝑖 

(16) 

Dependent Variable: The dependent variable 𝑦𝑖 measures whether a paper is novel or not, which 

is measured by the variable 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 defined in equation (1). 

 

Predictors of Interest: The key independent variables are three binary variables: 𝑚𝑓𝑓𝑖, 𝑚𝑓𝑚𝑖, 

and 𝑠𝑔𝑡𝑖. 

 

Control Variables: We also include several other explanatory variables to control for other 

possible predictors of paper impact. Details can be found in section S2. 
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4.2 Generalizability of Predicting Novelty across Last Author’s Gender 

Second, we examine the generalizability in predicting novelty across last author’s gender using a 

fixed-effect ordinary least squares regression as below. 
 

 𝑦𝑖 =  𝛽𝑚𝑙𝑓𝑚𝑙𝑓𝑖 + 𝛽𝑚𝑙𝑚𝑚𝑙𝑚𝑖 + 𝛽𝑠𝑔𝑡𝑠𝑔𝑡𝑖 + ∑ 𝛽𝑡𝑇𝑡𝑖

𝑡

+ ∑ 𝛽𝑚𝑙𝑓𝑡𝑚𝑙𝑓𝑖𝑇𝑡𝑖
𝑡

+ ∑ 𝛽𝑚𝑙𝑚𝑡𝑚𝑙𝑚𝑖𝑇𝑡𝑖
𝑡

+ ∑ 𝛽𝑠𝑔𝑡𝑡𝑠𝑔𝑡𝑖𝑇𝑡𝑖
𝑡

+ 𝛽𝑓𝑓𝑖 +  𝛽𝑙𝑙𝑖 + ∑ 𝛽𝑟𝑅𝑟𝑖

𝑟

+ ∑ 𝛽𝑑𝐷𝑑𝑖

𝑑

+ ∑ 𝛽𝑒𝐸𝑒𝑖

𝑒

+ ∑ 𝛽𝑎𝐴𝑎𝑖

𝑎

+ ∑ 𝛽ℎ𝐻ℎ𝑖

ℎ

 +  ∑ 𝛽𝑝𝑃𝑝𝑖

𝑝

+ ∑ 𝛽𝑞𝑄𝑞𝑖

𝑞

+ ∑ 𝛽𝑠𝑆𝑠𝑖

𝑠

+  ∑ 𝛽𝑗𝐽𝑗𝑖

𝑗

+ ∈𝑖 

(17) 

 

Dependent Variable: The dependent variable 𝑦𝑖 measures whether a paper is novel or not, which 

is measured by the variable 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 defined in the equation (1). 

 

Predictors of Interest: The key independent variables are three binary variables: 𝑚𝑙𝑓𝑖, 𝑚𝑙𝑚𝑖, and 

𝑠𝑔𝑡𝑖. 

 

Control Variables: We also include several other explanatory variables to control for other 

possible predictors of paper impact. Details can be found in section S2. 

 

4.3 Generalizability of Predicting Impact across First Author’s Gender 

Thirdly, we examine the generalizability in predicting impact across first author’s gender using a 

fixed-effect ordinary least squares regression as below. 

 𝑧𝑖 =  𝛽𝑚𝑓𝑓𝑚𝑓𝑓𝑖 + 𝛽𝑚𝑓𝑚𝑚𝑓𝑚𝑖 + 𝛽𝑠𝑔𝑡𝑠𝑔𝑡𝑖 + ∑ 𝛽𝑡𝑇𝑡𝑖

𝑡

+ ∑ 𝛽𝑚𝑓𝑓𝑡𝑚𝑓𝑓𝑖𝑇𝑡𝑖
𝑡

+ ∑ 𝛽𝑚𝑓𝑚𝑡𝑚𝑓𝑚𝑖𝑇𝑡𝑖
𝑡

+ ∑ 𝛽𝑠𝑔𝑡𝑡𝑠𝑔𝑡𝑖𝑇𝑡𝑖
𝑡

+  𝛽𝑓𝑓𝑖 +  𝛽𝑙𝑙𝑖 +  ∑ 𝛽𝑟𝑅𝑟𝑖

𝑟

+ ∑ 𝛽𝑑𝐷𝑑𝑖

𝑑

+ ∑ 𝛽𝑒𝐸𝑒𝑖

𝑒

+ ∑ 𝛽𝑎𝐴𝑎𝑖

𝑎

+  ∑ 𝛽ℎ𝐻ℎ𝑖

ℎ

 +  ∑ 𝛽𝑝𝑃𝑝𝑖

𝑝

+  ∑ 𝛽𝑞𝑄𝑞𝑖

𝑞

+  ∑ 𝛽𝑠𝑆𝑠𝑖

𝑠

+  ∑ 𝛽𝑗𝐽𝑗𝑖

𝑗

+ ∈𝑖 

(18) 

Dependent Variable: The dependent variable 𝑧𝑖 measures whether a paper is a top 5% home run 

paper. 

 

Predictors of Interest: The key independent variables are three binary variables: 𝑚𝑓𝑓𝑖, 𝑚𝑓𝑚𝑖, 

and 𝑠𝑔𝑡𝑖. 

 

Control Variables: We also include several other explanatory variables to control for other 

possible predictors of paper impact. Details can be found in section S2. 

 

4.4 Generalizability of Predicting Impact across Last Author’s Gender 

Thirdly, we examine the generalizability in predicting impact across last author’s gender using a 

fixed-effect ordinary least squares regression as below. 
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 𝑧𝑖 =  𝛽𝑚𝑙𝑓𝑚𝑙𝑓𝑖 + 𝛽𝑚𝑙𝑚𝑚𝑙𝑚𝑖 + 𝛽𝑠𝑔𝑡𝑠𝑔𝑡𝑖 + ∑ 𝛽𝑡𝑇𝑡𝑖

𝑡

+ ∑ 𝛽𝑚𝑙𝑓𝑡𝑚𝑙𝑓𝑖𝑇𝑡𝑖
𝑡

+ ∑ 𝛽𝑚𝑙𝑚𝑡𝑚𝑙𝑚𝑖𝑇𝑡𝑖
𝑡

+ ∑ 𝛽𝑠𝑔𝑡𝑡𝑠𝑔𝑡𝑖𝑇𝑡𝑖
𝑡

+ 𝛽𝑓𝑓𝑖 +  𝛽𝑙𝑙𝑖 +  ∑ 𝛽𝑟𝑅𝑟𝑖

𝑟

+ ∑ 𝛽𝑑𝐷𝑑𝑖

𝑑

+ ∑ 𝛽𝑒𝐸𝑒𝑖

𝑒

+ ∑ 𝛽𝑎𝐴𝑎𝑖

𝑎

+ ∑ 𝛽ℎ𝐻ℎ𝑖

ℎ

 +  ∑ 𝛽𝑝𝑃𝑝𝑖

𝑝

+ ∑ 𝛽𝑞𝑄𝑞𝑖

𝑞

+ ∑ 𝛽𝑠𝑆𝑠𝑖

𝑠

+  ∑ 𝛽𝑗𝐽𝑗𝑖

𝑗

+ ∈𝑖 

(19) 

 

 

Dependent Variable: The dependent variable 𝑧𝑖 measures whether a paper is a top 5% home run 

paper. 

 

Predictors of Interest: The key independent variables are three binary variables: 𝑚𝑙𝑓𝑖, 𝑚𝑙𝑚𝑖, and 

𝑠𝑔𝑡𝑖. 

 

Control Variables: We also include several other explanatory variables to control for other 

possible predictors of paper impact. Details can be found in section S2. 

4.5 Regression Results 

In Table S8 and S9, we present the results of the four regressions mentioned above.   
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Table S8 Interaction among team gender composition, team size, and first author gender in 

predicting paper novelty and impact. 

 Model (1) Model (2) 

Variable DV = 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 DV = ℎ𝑖𝑡 𝑝𝑎𝑝𝑒𝑟 
Mixed Gender team led by 

female first author (𝑚𝑓𝑓𝑖) 

0.022*** 

(0.0021) 

-0.0069*** 

(0.0015) 

Mixed Gender team led by 

male first author (𝑚𝑓𝑚𝑖) 
0.014*** 

(0.0020) 

0.0031* 

(0.0014) 

Same Gender Team (𝑠𝑔𝑡𝑖) -0.015*** 

(0.0022) 

-0.013*** 

(0.0015) 

Team Size FE (𝑇𝑡𝑖) t = 2 0.017*** 

(0.0011) 

t = 2 0.039*** 

(0.00061) 

t = 3 0.018*** 

(0.0056) 

t = 3 0.057*** 

(0.0030) 

t = 4 0.033*** 

(0.0045) 

t = 4 0.077*** 

(0.0024) 

t = 5 0.051*** 

(0.0042) 

t = 5 0.075*** 

(0.0022) 

t > 5 0.063*** 

(0.0013) 

t > 5 0.11*** 

(0.00081) 

𝑚𝑓𝑓𝑖 × 𝑇𝑡𝑖 𝑚𝑓𝑓𝑖 = 1 

t = 2 

-0.028*** 

(0.0019) 

𝑚𝑓𝑓𝑖 = 1 

t = 2 

0.0082*** 

(0.0011) 

𝑚𝑓𝑓𝑖 = 1 

t = 3 

-0.0095 

(0.0056) 
𝑚𝑓𝑓𝑖 = 1 

t = 3 

0.014*** 

(0.0030) 

𝑚𝑓𝑓𝑖 = 1 

t = 4 

-0.0083 

(0.0044) 

𝑚𝑓𝑓𝑖 = 1 

t = 4 

0.0095*** 

(0.0023) 

𝑚𝑓𝑓𝑖 = 1 

t = 5 

-0.015*** 

(0.0041) 

𝑚𝑓𝑓𝑖 = 1 

t = 5 

0.013*** 

(0.0022) 

𝑚𝑓𝑚𝑖 × 𝑇𝑡𝑖 𝑚𝑓𝑚𝑖 = 1 

t = 2 

-0.025*** 

(0.0021) 

𝑚𝑓𝑚𝑖 = 1 

t = 2 

-0.017*** 

(0.0012) 

𝑚𝑓𝑚𝑖 = 1 

t = 3 

-0.0067 

(0.0056) 

𝑚𝑓𝑚𝑖 = 1 

t = 3 

-0.0070* 

(0.0029) 

𝑚𝑓𝑚𝑖 = 1 

t = 4 

-0.0036 

(0.0044) 

𝑚𝑓𝑚𝑖 = 1 

t = 4 

-0.0065** 

(0.0024) 

𝑚𝑓𝑚𝑖 = 1 

t = 5 

-0.0096* 

(0.0041) 

𝑚𝑓𝑚𝑖 = 1 

t = 5 

-0.00024 

(0.0022) 

𝑠𝑔𝑡𝑖 × 𝑇𝑡𝑖 𝑠𝑔𝑡𝑖  = 1 

t = 2 

0.014* 

(0.0056) 

𝑠𝑔𝑡𝑖  = 1 

t = 2 

0.0093** 

(0.0030) 

𝑠𝑔𝑡𝑖  = 1 

t = 3 

0.014** 

(0.0045) 

𝑠𝑔𝑡𝑖  = 1 

t = 3 

0.0081** 

(0.0023) 

𝑠𝑔𝑡𝑖 = 1 

t = 4 

0.0026 

(0.0042) 

𝑠𝑔𝑡𝑖 = 1 

t = 4 

0.015*** 

(0.0022) 

First Author Gender - - 

Last Author Gender -0.0091*** 

(0.00072) 

0.0029*** 

(0.00050) 

Institution FE Y Y 

First Author Age FE Y Y 

Last Author Age FE Y Y 

Mean Author Age FE Y Y 

First Author Impact FE Y Y 

Last Author Impact FE Y Y 

Mean Author Impact FE Y Y 

Observations 5,545,641 5,545,641 

R Squared 0.28 0.34 

*, p < 0.05; **, p < 0.01; ***, p < 0.001. 
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Table S9 Interaction among team gender composition, team size, and last author gender in 

predicting paper novelty and impact. 

 Model (1) Model (2) 

Variable DV = 𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑣𝑒 DV = ℎ𝑖𝑡 𝑝𝑎𝑝𝑒𝑟 
Mixed Gender team led by 

female last author (𝑚𝑙𝑓𝑖) 

0.020*** 

(0.0021) 

-0.0066*** 

(0.0015) 

Mixed Gender team led by 

male last author (𝑚𝑙𝑚𝑖) 
0.0095*** 

(0.0020) 

0.00055 

(0.0015) 

Same Gender Team (𝑠𝑔𝑡𝑖) -0.020*** 

(0.0021) 

-0.014*** 

(0.0015) 

Team Size FE (𝑇𝑡𝑖) t = 2 0.017*** 

(0.0011) 

t = 2 0.039*** 

(0.00061) 

t = 3 0.014** 

(0.0050) 

t = 3 0.060*** 

(0.0027) 

t = 4 0.036*** 

(0.0041) 

t = 4 0.071*** 

(0.0022) 

t = 5 0.043*** 

(0.0038) 

t = 5 0.075*** 

(0.0021) 

t > 5 0.063*** 

(0.0013) 

t > 5 0.11*** 

(0.00080) 

𝑚𝑙𝑓𝑖 × 𝑇𝑡𝑖 𝑚𝑙𝑓𝑖  = 1 

t = 2 

-0.027*** 

(0.0022) 

𝑚𝑙𝑓𝑖  = 1 

t = 2 

-0.011*** 

(0.0012) 

𝑚𝑙𝑓𝑖  = 1 

t = 3 

-0.0070 

(0.0051) 
𝑚𝑙𝑓𝑖  = 1 

t = 3 

-0.0039 

(0.0028) 

𝑚𝑙𝑓𝑖 = 1 

t = 4 

-0.012** 

(0.0041) 

𝑚𝑙𝑓𝑖 = 1 

t = 4 

0.011*** 

(0.0022) 

𝑚𝑙𝑓𝑖 = 1 

t = 5 

-0.011** 

(0.0039) 

𝑚𝑙𝑓𝑖 = 1 

t = 5 

0.0096*** 

(0.0021) 

𝑚𝑙𝑚𝑖 × 𝑇𝑡𝑖 𝑚𝑙𝑚𝑖  = 1 

t = 2 

-0.028*** 

(0.0019) 

𝑚𝑙𝑚𝑖  = 1 

t = 2 

0.0034** 

(0.0010) 

𝑚𝑙𝑚𝑖  = 1 

t = 3 

-0.0035 

(0.0050) 

𝑚𝑙𝑚𝑖  = 1 

t = 3 

-0.00096 

(0.0027) 

𝑚𝑙𝑚𝑖 = 1 

t = 4 

-0.0070 

(0.0040) 

𝑚𝑙𝑚𝑖 = 1 

t = 4 

0.0052* 

(0.0021) 

𝑚𝑙𝑚𝑖 = 1 

t = 5 

-0.0036 

(0.0037) 

𝑚𝑙𝑚𝑖 = 1 

t = 5 

0.0048* 

(0.0020) 

𝑠𝑔𝑡𝑖 × 𝑇𝑡𝑖 𝑠𝑔𝑡𝑖  = 1 

t = 2 

0.019*** 

(0.0050) 

𝑠𝑔𝑡𝑖  = 1 

t = 2 

0.0063* 

(0.0027) 

𝑠𝑔𝑡𝑖  = 1 

t = 3 

0.012** 

(0.0041) 

𝑠𝑔𝑡𝑖  = 1 

t = 3 

0.014*** 

(0.0022) 

𝑠𝑔𝑡𝑖 = 1 

t = 4 

0.0097* 

(0.0038) 

𝑠𝑔𝑡𝑖 = 1 

t = 4 

0.015*** 

(0.0021) 

First Author Gender -0.0068*** 

(0.00065) 

0.0043*** 

(0.00043) 

Last Author Gender - - 

Institution FE Y Y 

First Author Age FE Y Y 

Last Author Age FE Y Y 

Mean Author Age FE Y Y 

First Author Impact FE Y Y 

Last Author Impact FE Y Y 

Mean Author Impact FE Y Y 

Observations 5,585,550 5,585,550 

R Squared 0.28 0.34 

*, p < 0.05; **, p < 0.01; ***, p < 0.001. 
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