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Abstract 38 
There is a well-documented gap in the observed number of scientific works produced by 39 
women and men in science, with clear consequences for the retention and promotion of 40 
women in science [1]. The gap might be a result of productivity differences [2-5], or it might 41 
be due to women’s contributions not being acknowledged [6, 7]. This paper finds that at least 42 
part of this gap is due to the latter: women in research teams are significantly less likely to 43 
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be credited with authorship than are men. The findings are consistent across three very 44 
different sources of data. Analysis of the first source - large scale administrative data on 45 
research teams, team scientific output, and attribution of credit - show that women are 46 
significantly less likely to be named on any given article or patent produced by their team 47 
relative to their peers. The gender gap in attribution is found across almost all scientific fields 48 
and career stages. The second source – an extensive survey of authors – similarly shows that 49 
women’s scientific contributions are systematically less likely to be recognized. The third 50 
source – qualitative responses – suggests that the reason is that their work is often not known, 51 
not appreciated, or ignored. At least some of the observed gender gap in scientific output 52 
may not be due to differences in scientific contribution, but to differences in attribution.  53 
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Main 54 
 55 
Gender differences in observed scientific output are well documented: women both publish and 56 
patent less than are men [1]. The causes of those differences are less understood. Analysis using 57 
individual data has suggested that women are less productive because they work in less welcoming 58 
work environments [2], have greater family responsibilities [3], have different positions in the 59 
laboratory [8] or differ in supervision [5]. Intriguing new work suggests that women are not less 60 
productive, but that their work is undervalued [9]. The analysis in this paper uses new data on 61 
research teams to suggests that women are accorded less credit than are men: simply put, they are 62 
systematically less likely to be named as authors on articles and patents.  63 
The possibility that women receive less recognition for their scientific contributions is not 64 
hypothetical: the canonical example is that of Rosalind Franklin. Franklin’s pivotal contribution 65 
to the discovery of the structure of DNA initially went unrecognized [6], and it was not until long 66 
after she died that science realized that she was wrongfully denied authorship on the original Crick 67 
and Watson paper. Indeed, her contribution was apparently only recognized because Watson’s 68 
account of the discovery was so incorrect [10] and stimulated a reconstruction of events by 69 
Franklin’s friends [11]. More recently, Walter Isaacson recounts Jennifer Doudna’s concern that 70 
she and Emmanuelle Charpentier were being relegated to “minor players” in the history and 71 
commercial use of CRISPR-Cas9 (p210, [7]). The open questions, of course, are how many 72 
women’s contributions have been missed in similar but less high-profile circumstances, and how 73 
many women have been discouraged from pursuing careers in science as a result [12].  74 
Finding what isn’t there from what is there is a fundamental problem in mathematics, and has been 75 
used to address such vastly different questions as calculating the return on investment on mutual 76 
funds (after accounting for funds that no longer exist) or the optimal placement of armor on World 77 
War II airplanes (after accounting for planes that did not return) [13]. The problem of selecting on 78 
the dependent variable is also prevalent in the social sciences, for example, in only observing the 79 
labor supply of people who participate in the labor market [14] or studying the drivers of economic 80 
development by selecting a few successful industrializing countries [15].  81 
The first steps in answering what data were missing in these two examples are to describe the 82 
population from which the sample of observations is drawn and document the degree of 83 
missingness. Subsequent steps then characterize the sources of the missingness. The large-scale 84 
bibliometrics databases used to study scientific output consist only of named authors or inventors 85 
(not unnamed contributors), and cannot be used to find who is not named; carefully curated case 86 
studies are too small to generalize [16]. The unique data on research teams used in this paper are, 87 
by contrast, fit for purpose: they consist of information on 9,778 teams over a four-year period, 88 
the 128,859 individuals working in those teams, matched to 39,426 journal articles and 7,675 89 
patents produced by those teams and are described in more detail in the Methods: Construction 90 
of Administrative Data section. Because the data include information about the positions held 91 
by each individual on each team, as well as their gender, it is possible to calculate for each 92 
individual whether they did or did not receive credit on a given article and to calculate 93 
differences by gender.  94 
The evidence generated from the analysis described in this paper suggests that Rosalind Franklin 95 
is far from unique in not receiving credit for her work. If credit is defined simply as ever being 96 
named an author, women account for only 34.85% of the authors on a team, even though they 97 
make up just under half of the workforce (48.25%; Extended Data Table 2). When credit is 98 
defined as the likelihood of being credited on a given document (relative to the mean) produced 99 

ACCELE
RATED ARTIC

LE
 PREVIEW



4 

by a research team, there is a 13.24% to 58.40% gap in the likelihood that women are named on 100 
any given article or patent respectively produced by their team (Extended Data Table 4, Column 101 
5). The chances of women receiving credit on an article decrease by 4.78% relative to the baseline 102 
rate of 3.18% (p<0.0001; two-sided t-test; test value=-3.8; effect size=-0.0015 percentage points) 103 
for each 1 log point increase in citations (Extended Data Table 7).  104 
The results are confirmed by appealing to another completely different source of quantitative data 105 
– a survey of 2,446 scientists about the allocation of credit (See Methods: Survey Design and 106 
Collection section and Supplementary Information Part 3). Exclusion from authorship is common 107 
and differs significantly by gender: 42.95% of women and 37.81% of men reported that they had 108 
been excluded from authorship (p=0.0151; two-sided t-test; test value=-2.4327; effect size=-109 
0.0514), and significantly more women (48.97%) than men (39.13%) report that others 110 
underestimated their contribution (p=0.0036; two-sided t-test; test value= -2.9218; effect size=-111 
0.0984).  112 
Qualitative analysis – open ended narrative statements by survey respondents as well as personal 113 
interviews with consenting authors (approach detailed in the Methods sections: Survey Design and 114 
Collection and Qualitative Evidence and Supplemental Information Part 3) – were also consistent. 115 
Authors noted that the rules of credit allocation were frequently unclear, and often determined by 116 
senior investigators. A complex mix of factors, particularly field, rank, culture, and gender, was 117 
identified. However, an overarching theme was that the rules governing scientific contributions 118 
were often not codified, not understood by all members of the research team, or simply ignored. 119 
The necessary level of work required for authorship is often not clear to everyone participating on 120 
research teams, and the level of work deemed necessary to receive attribution can vary based on 121 
the idiosyncratic personal preferences and a team member’s relationship with the Principal 122 
Investigator (PI). Thus, women—and other historically marginalized groups—must often put in 123 
significantly more effort in order for their scientific contributions to be recognized.  124 
Our analyses on administrative, survey, and qualitative data suggest that even 70 years later, the 125 
same factors that led to Rosalind Franklin’s denial of authorship on the pivotal work on the 126 
structure of DNA are still at work. At least some of the observed gender gap in scientific output 127 
may not be due to differences in scientific contribution, but to differences in attribution within 128 
research teams. 129 
 130 
Attribution and Administrative Data 131 
 132 
Unpacking the structure of research teams to understand whose work is not recognized requires 133 
identifying each individual on each research team, characterizing their position by their job title, 134 
and then determining whether or not they are named on the articles and patents produced by the 135 
research team. Administrative data can be used to provide highly granular information about who 136 
works on which research project because human resource records both document every payment 137 
that is made each pay period on each grant and provide information on each employee’s job title. 138 
Currently 118 campuses from 36 participating universities provide their deidentified data to the 139 
Institute for Research on Innovation and Science at the University of Michigan which processes 140 
and standardizes the information into analytical files [17]. The earliest year that data is provided 141 
by a participating institution is 2000; the latest is 2019, and the data include information on 142 
payments of wages from individual grants to all people employed by each grant, including 143 
information on the job title for which a person is paid on a particular grant (More detail provided 144 
in the Methods Section: Construction of Administrative Data).  145 
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Teams were constructed around a central PI, their associated grants, and individuals employed on 146 
those grants from 2013-16. The scientific field of each team is identified by using the title of all 147 
associated grants and comparing the grants with a pool of text that describes each scientific field 148 
using a “Wiki-labeling” approach [17-19]. Scientific documents were linked to a team if the article 149 
or patent acknowledged one of the team’s grants and/or any member of the team was listed as an 150 
author on that article or patent (More detail provided in the Methods Section: Construction of 151 
Administrative Data).  152 
Attribution can be measured in many ways using these data. Three measures are constructed for 153 
the purposes of this paper: (i) the rate at which individuals are ever named as an author on any 154 
scientific document – the “ever-author” rate, (ii) the rate at which individuals are named as an 155 
author on a given scientific document produced by their team – the “attribution” rate and (iii) the 156 
rate at which individuals are named to any given high impact document – the “high-impact 157 
attribution” rate (See Methods: Analytical Sample). 158 
 The first, and simplest, measure is the “ever author” rate, which characterizes an individual as an 159 
author if he or she was ever named as an author or an inventor during the analysis period. While 160 
16.97% of individuals are classified as authors using this measure as shown in Table 1, the 161 
probability that men are named is 21.17% compared to 12.15% of women to be so recognized. 162 
Table 1 also shows that there are two reasons for this gap: women’s junior position in research 163 
teams, and underrepresentation in attribution given their position. First, women are less likely to 164 
be the senior positions that are associated with authorship. The highest authorship rate is for 165 
faculty, at 45.70%, yet only 11.30% of women (versus 19.72% of men) in the scientific workforce 166 
are faculty. Conversely, the authorship rate for research staff is 8.63%, yet 47.81% of women are 167 
research staff compared to 28.73% of men. Second, holding constant the distribution of positions 168 
(at the grand means), women are 4.82% less likely to be named as authors. In the case of graduate 169 
students, for example, 14.97% of women are ever named as an author on a document compared 170 
with 21.37% of men. The consequences of such disparities on the retention of senior women in, 171 
and the attraction of young women to, scientific careers are unlikely to be positive.  172 
Although illustrative, the “ever author” rate does not fully capture differential attribution. In our 173 
motivating example, Franklin could have been named as an author on some articles or patents 174 
emanating from the research team other than the DNA paper with Crick and Watson. The second 175 
authorship measure is the “attribution rate” which represents the likelihood a woman receives 176 
credit on a given scientific document produced by her research team.  177 
The empirical implementation of what is a relatively straightforward conceptual framework is 178 
more difficult, but the data are rich enough to allow such calculations (see Methods: Analytical 179 
Sample section for details). The denominator – the set of “potential authorships” – was created by 180 
associating all members of each team who were employed one year prior to the 181 
publication/application date of all associated articles/patents emanating from that team during the 182 
analysis period. Since some individuals, such as research staff, are on multiple teams, they are 183 
proportionately allocated across teams using a set of analytical weights (see Methods Analytical 184 
Sample section for details). The numerator – attribution – was defined as “actual authorships” on 185 
those publications and patents. Thus, the attribution rate is the ratio of actual authorships to 186 
potential authorships. The overall attribution rate for any team member on either a patent or article 187 
is 3.2%. On average across all job titles and fields, women have a 2.12% probability of being 188 
named on any scientific document while men are twice as likely to named, at 4.23% (p=.0000; 189 
two-sided t-test value: 19.5823 effect size: 2.11% Extended Data Table 2 and 3). 190 
Women in each position are systematically less likely to be named an author on any given article 191 
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or patent than are men for any given position in the organization. The data are rich enough to 192 
examine whether the observed gender differences simply reflect gender differences in 193 
organizational position rather than attribution. 194 
Figure 1 (and SI Figure S5) makes use of information in the data about each individual’s career 195 
position – faculty, postdoc, graduate student, undergraduate student or research staff – as well as 196 
the research team’s field. Women do occupy more junior career positions than men. The first panel 197 
(a) of Figure 1 shows that this is indeed the case: the proportion of women in each position declines 198 
as the seniority of the position increases. At the top extreme, of potential faculty authors, 34.82 % 199 
are women. At the other extreme, 60.81% of potential research staff authors are women. 200 
However, the first panel (a) also shows that the share of actual authorships for women is less than 201 
what would be expected given their share of potential authorships in each career position. The 202 
difference between the share of potential authorships and actual authorships for women ranges 203 
from 15.72 percentage points for research staff (p=.0000; two-sided t-test value: -15.81; effect 204 
size: 15.72 percentage points) to 7.09 percentage points for faculty (p=.0000; two-sided t-test 205 
value: -13.34; effect size: 7.09 percentage points) to 5.51 percentage points for postdocs (p=.0000; 206 
two-sided t-test value: -5.08; effect size: 5.51 percentage points; Extended Data Table 3). These 207 
gaps are visually apparent in the figure as every marker in panel (a) is positioned below the 45-208 
degree line in panel (a) (see Extended Data Table 3 and SI Figure 5). 209 
A similar pattern is apparent when authorship is analyzed by field. The second panel (b) of Figure 210 
1 plots the share of actual authorships for women against the share of women among potential 211 
authors by field. For example, in biology, the share of actual authorships who are women is 15.02 212 
percentage points lower than the share of women among potential authors (p=.0000; two-sided t-213 
test value: -3024; effect size: 15.02 percentage points; Extended Data Table 3). In physical science, 214 
the comparable difference is 14.12 percentage points (p=.0000; two-sided t-test value: -25.44; 215 
effect size: 14.12 percentage points; Extended Data Table 3).  216 

 217 
Figure 1 HERE 218 
 219 

It is possible, of course, that the gender differences arise from compositional differences between 220 
women and men in terms of the teams on which they work, fields, job titles, or time allocated to 221 
particular projects. In particular, women might sort into teams with different propensities to 222 
publish or on projects with different research questions. Figure 2 (and SI Figure S6) plots the 223 
estimated attribution rate for men and women on articles (left) and patents (right) as well as the 224 
differences (indicated by Δ). The estimates are generated from a series of regression models that 225 
control for these types of potential compositional differences (Extended Data Table 4). In these 226 
models, an indicator for being named is regressed on an indicator for gender as well as an 227 
increasingly expansive set of control variables. Column (1) includes no controls; Column (2) adds 228 
publication date (calendar year x month), days worked on the team, and an indicator for the 229 
individual being a PI; Column (3) adds job title indicators; Column (4) adds field controls; and 230 
Column (5) adds indicator variables for each team. Including these additional controls reduces, but 231 
does not eliminate, the disparity for women. Even in the fully specified model, which adds controls 232 
for each research team, women are 13.24% (p<0.0001; two-sided t-test; test value=-6.3788; effect 233 
size=-0.4210 percentage points) less likely to be named on articles and 58.40% (p<0.0001; two-234 
sided t-test; test value=-10.7746; effect size=-0.7652 percentage points) less likely to be named on 235 
patents.  236 
The estimated regression-adjusted gender differences in attribution rates across job titles and 237 
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fields, controlling for a wide variety of observable factors are reported in Extended Data Tables 5 238 
and 6. Notably, the differences hold for all job titles except undergraduates, and of 13 fields for all 239 
but four for publications and five for patents. 240 
 241 

Figure 2 here. 242 
 243 

The third measure reflects the fact that not all scientific documents are created equal. The omission 244 
of Franklin from the Crick and Watson paper was particularly egregious because of its high 245 
potential and ultimate scientific impact. The empirical implementation of the third measure is to 246 
attach forward citations to the articles and patents. Figure 3 shows that, when controlling for field, 247 
career position and team size, there is no significant difference between the likelihood of a woman 248 
being named relative to a man on an article with zero citations (p=0.1725; two-sided t-test; test 249 
value=1.3642; effect size=0.1392 percentage points). However, for more highly cited output, 250 
women are less likely to be named than are men. For example, on an article with 25 citations 251 
women are 19.9739% less likely to be named than are men relative to the baseline (p<0.0001; two-252 
sided t-test; test value=-7.4982; effect size=0.6352 percentage points; Extended Data Table 7). 253 
 254 

Figure 3 here 255 
 256 
 257 
Attribution and Survey Data 258 

 259 
Qualitative evidence about the reasons behind the lack of attribution can be obtained from surveys. 260 
Despite the well-known issues with selection bias, self-reporting, and low response rates, survey 261 
data can be useful for triangulating against administrative data [18]. We designed a survey of 262 
authors who appeared on at least one article in the Web of Science [19] after 2014 and who had a 263 
published and available e-mail address. We asked three core sets of questions of each individual 264 
to shed light on the findings from our analysis of administrative data (the full survey can be found 265 
in Part 3 of the Supplementary Information).  266 
In order to get a sense of how often scientists were not appropriately credited, we asked whether 267 
respondents had ever been excluded from a paper to which they had contributed. Of the 2,660 268 
responses, there is a clear gender difference, with 42.95% of women and 37.81% of men having 269 
been excluded as an author (p=0.0151; two-sided t-test; test value=-2.4327; difference=-0.0514). 270 
This gap is qualitatively similar to the gaps estimated using the administrative data, where men 271 
were almost twice as likely (at 21.17%) to be recognized as ever being an author/inventor as 272 
women (at 12.15%), and the attribution rate on potential authorships/inventorships for men was 273 
4.23% relative to 2.12% for women. 274 
We also asked why respondents thought they were not credited: Figure 4 (and SI Figure S7) 275 
summarizes the results for the 871 individuals who responded (483 men and 388 women). The 276 
most common reason was that scientific contributions were underestimated, and this was the case 277 
for far more women, at 48.97%, than men, at 39.13% (p=0.0036; two-sided t-test value=-2.9218; 278 
effect size=-0.0984). While discrimination or bias was much less likely to be cited, women were 279 
twice as likely (at 15.46%) to cite this as a reason than men (at 7.67%), and that difference was 280 
significant (p=0.0003; two-sided t-test value= -3.6623; effect size: -0.0780). Men were more likely 281 
to say their contributions did not warrant authorship (37.68% of men compared with 24.74% of 282 
women; p=0.0000; two-sided t-test value=4.1060; effect size=0.1294). Differences in 283 
responsibilities (i.e. a respondent indicated that they were not granted attribution for at least one 284 
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of the following reasons: personal, non-research responsibilities, and/or left the lab) appear to 285 
account for some of the attribution gap – 17.53% of excluded women cited these reasons, 286 
compared with 12.63% of men (p=0.0432; two-sided t-test value=-2.0244; effect size=-0.0490). 287 
Taken together, these estimates suggest that a large portion of the gender gap in attribution is due 288 
to either discrimination or how contributions are perceived by collaborators, or both. 289 
 290 

Figure 4 here 291 
 292 
The same question - are women with the same contribution as men less likely to be credited – can 293 
be asked a different way - conditional on being credited, did women contribute more than men? 294 
Accordingly, we asked authors to indicate what they did to earn authorship on one of their most 295 
recent publications using the standardized contributions identified by Project Credit [20]. The 296 
results, reported in Figure 5 and in SI Figure S7, are consistent: women must do more to be 297 
included as an author than men on average (2,297 individuals responded: 1,371 men and 926 298 
women). A simple unweighted count of total contributions reported shows that women report a 299 
total 6.34 contributions on average compared to 6.11 for men (p=0.0907; two-sided t-test value=-300 
1.6925; effect size=-0.2376). Women report making statistically significantly more contributions 301 
in conceptualization (64.99% of men vs. 68.36% of women; p=0.0937; two-sided t-test value=-302 
1.6767; effect size=-0.0337), data curation (37.42% of men vs. 44.38% of women; p=0.0008; two-303 
sided t-test value=-3.3467; effect size of -.0697), writing the original draft (45.73% of men vs. 304 
52.48% of women; p=0.0015; two-sided t-test value=-3.1813; effect size=-0.0675) and reviewing 305 
and editing (82.57% of men vs. 86.18% of women; p=0.0205; two-sided t-test value=-2.3178; 306 
effect size=-0.0361). The only category in which men reported a greater contribution was software 307 
(18.31% of men vs. 11.67% of women; p=0.0000; two-sided t-test value=4.3174; effect 308 
size=0.0664). There is no significant difference between men and women in either formal analysis 309 
(49.23% of men vs. 51.94% of women; p=0.2028; two-sided t-test value=-1.2740; effect size=-310 
0.0271) or project administration (32.82% of men vs. 35.75% of women; p=0.1471; two-sided t-311 
test value=-1.4504; effect size=-0.0292). 312 

Figure 5 Here  313 
 314 

Attribution and Qualitative Data 315 
 316 

The third source of information came from the voices of scientists themselves in two ways. First, 317 
the survey permitted open-ended, written responses; 887 responses were received. 338 respondents 318 
volunteered to be interviewed; six (four women and two men) were selected for additional 319 
feedback. A number of cross-cutting themes emerged, in addition to expected differences across 320 
fields, research teams, countries, and seniority.  321 
The first was the importance of team structure and the role of voice: researchers felt that they had 322 
to speak up for themselves to be included, and if they are unaware or too unsure of themselves to 323 
speak up, they will miss out. As one woman respondent said “I did not push to be listed as an 324 
author.” Another woman respondent noted that “Being a woman [means] that quite often you 325 
contribute in one way or another to science but unless you shout or make a strong point, our 326 
contributions are often underestimated.” Multiple respondents mentioned that lack of voice could 327 
disproportionately affect women, minorities, and foreign-born scientists. However, respondents 328 
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also noted that speaking up could backfire as well; “Senior authors shamed me in front of group 329 
for asking for recognition (trying not to be a female-doormat stereotype backfires pretty much 330 
every time I have tried...).” 331 
The second was a lack of clarity with respect to authorship rules, which reinforces organizational 332 
structure. Rules are often determined by senior researchers (who are disproportionately men), and 333 
are often governed by personal relationships and idiosyncratic preferences, which reportedly led 334 
to disagreements. In at least two interviews, and in many of the survey responses, the 335 
disagreements were extremely bitter; the open-ended responses included such statements as 336 
“Favoritism, narcissisms, power-play” (W); “The team backstabbed me” (W); “[…] this lack of 337 
credit from my PI to be childish and unprofessional” (M). Power imbalance were also frequently 338 
mentioned; “Publications were used as reward and punishment. The department heads were on 339 
everything…[everything] was dependent on their decision on authorship. It was difficult to get 340 
away from them as it was a way to keep people tied to them” (W).  341 
Finally, interviewees and survey respondents were keenly aware of the importance of scientific 342 
output as a signal of quality. They felt that being left off papers had significant negative long-term 343 
consequences. Some felt that not getting credit had damaged their career; “My career would have 344 
been quite different with these two Nature papers” (W); “Being left off papers for which I was one 345 
of the two main leads has greatly damaged my career as a researcher and my chance to get 346 
promotion, jobs, and grant funding. I am still an academic but in a teaching role” (W); “Authorship 347 
is pivotal for career advancement, yet when trainees are excluded from authorship due to senior 348 
author decisions, there is no appeal or challenge process…Most of my fellow academics 349 
(especially women, and most especially women of color) have been harmed by faculty who decide 350 
to award authorship to other lab members who did not do the work” (W). Others were still 351 
traumatized by the experience; “It was a very tough experience and I am relieved it didn't happen 352 
earlier in my career because that would have been devastating” (W); “I'm still very angry over this 353 
disgusting behavior” (W); “[it was] one of the lowest points of my professional career” (M). 354 

 355 
Discussion 356 
The key finding of this work is that, regardless of the measure of scientific credit, and despite 357 
efforts to standardize credit [16], women are significantly much less likely to be credited with 358 
authorship than are men. The results are robust to variety of different checks described in detail in 359 
Supplementary Information Part 1, namely (i) differential accuracy of gender imputation for non-360 
English and Asian names; (ii) differential match quality because of name changes and frequency; 361 
(iii) the definition of potential authors, including first and last authorship; (iv) differences by type 362 
of research output and the timing of research output relative to employment; (v) heterogeneity 363 
across fields; (vi) sample construction; (vii) definition of time working in labs; (viii) logistic 364 
model; and (ix) combinations of robustness checks. Thus, some of the well-documented 365 
“productivity” gap [1-5] may not be a gap in the contribution of women to science at all, but rather 366 
a gap in how much their contributions are recognized. The associated qualitative work suggests 367 
that the standards determining scientific attribution are not well-known or understood by all parties 368 
and are frequently disregarded: the result appears to be that women are systematically 369 
disadvantaged. While we focus here on gender, these gaps were also reported in our survey for 370 
other marginalized groups. 371 
The evidence presented here is consistent with the notion that gender differences in science may 372 
be self-reinforcing: that the fate experienced by Rosalind Franklin and others like her 373 
discouraged numerous potentially high-impact researchers from entering science [21]. The 374 
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under-representation of women in faculty positions may be the result of early discouragement 375 
among junior researchers, if women are less likely to be recognized for their contributions—376 
especially on pivotal projects—and are consequently less likely to advance in their careers. 377 
Longitudinal work on the progress of women’s careers [22], could be furthered by studying these 378 
data which could provide an empirical link between credit attribution, women’s career 379 
progression, and discouragement of early stage researchers.  380 
There are important caveats as well. Each data source has its drawbacks. The administrative data 381 
are drawn from research intensive universities. As such, the research experiences described using 382 
the administrative data may not represent the research experiences for all teams, and, to the extent 383 
that women may be under-represented in research intensive universities, may not represent the 384 
experiences of all women. Similarly, while the survey data are drawn from a broader sample, they 385 
are drawn from a sample of authors, so they do not capture the experiences of those who never 386 
authored.  387 
Much more can be done to unpack the findings in other dimensions, such as the mechanisms 388 
whereby credit for scientific work is allocated, other dimensions of identity, and richer (e.g., non-389 
binary and fluid) measures of gender. Although we made every effort to be aware of and to guard 390 
against confirmation bias [23, 24] by including a variety of robustness checks in the quantitative 391 
analysis, by working with survey methodologists to review the survey to ensure that the questions 392 
were not leading to a “desired” answer [25], and by developing an interview protocol that did not 393 
introduce any discussion of gender (see Supplemental Information Section 3), we encourage other 394 
researchers to work with the code and data that are available at IRIS to extend our analyses. Indeed, 395 
the unique data infrastructure highlighted in this work can be and is being expanded [17] by the 396 
addition of new universities and linkages to many different data sources. As such, it can be used 397 
by many other researchers to allow more examination of the organization of science – ranging 398 
from rich and complex data on the dynamic longitudinal interactions on what is funded (grants), 399 
who is funded (Principal Investigators), and the characteristics of the individuals and the research 400 
teams who are employed by those funds. It will also be possible in future work to examine the 401 
effect of policies instituted by the research institutions within which researchers work (at the 402 
department, campus and university level [26]) on the retention and productivity of scientists 403 
[27], student placements and career trajectories [28-30], as well as business startups [31]. 404 
In sum, and beyond the results presented here, this paper serves as the introduction to a new and 405 
rich data infrastructure that is at least as rich as the bibliometrics data infrastructure that has 406 
served as the evidence basis for the study of the science of science [32]. The infrastructure, which 407 
is currently being used by over 200 researchers can be and has been replicated in other countries 408 
[33] and provides new insights into the organization of science.  409 
 410 
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 481 

Tables 482 
 483 
Table 1: Gender differences in position and “ever authorship”  484 
Job Title Frequency of job titles in the 

full sample 
Likelihood of ever receiving 

attribution 
Total Women Men Total Women Men 

Faculty 14.85% 11.30% 19.72% 45.70% 41.25% 48.86% 

Postdocs 8.63% 6.00% 9.08% 25.17% 22.35% 27.31% 
Graduate 
Students 

24.15% 17.42% 25.06% 18.69% 14.97% 21.37% 

Research Staff 35.41% 47.81% 28.73% 8.63% 6.59% 11.01% 
Undergraduates 16.96% 17.48% 17.42% 2.61% 2.22% 3.10% 
Total / Average 100% 100% 100% 16.97% 12.15% 21.17% 

Notes: This table provides descriptive statistics that show the percentage of employees who worked in university teams between 2013 and 2016 485 
published papers between 2014 and 2016, and who appeared on at least one of those publications as an author. The percentages are computed over 486 
the128,859 unique employees in the dataset. The totals include men, women, and those whose gender was not imputed. See Extended Data Table 487 
1 and the section on the Construction of Administrative Data in the Methods Section. 488 
 489 
 490 
Figure legends 491 
 492 

Figure 1: Women are less likely to be named authors in all career stages and in all fields 493 
Note: Each panel plots the probability that a potential author on a scientific document (article or 494 
patent) is a woman (x-axis) against the probability actual authors are women (y-axis). A potential 495 
authorship is defined as an employee in a lab between 2013 and 2016 and a publication or patent 496 
produced by that lab between 2014 and 2016. There are 17,929,271 potential article authorships 497 
and 3,203,831 potential patent inventorships in our sample. The markers in each panel are sized 498 
by the total number of actual authorships in the category. The 45-degree line represents parity in 499 
the gender composition of potential and actual authorships. Individual data on potential and 500 
actual authorships are visualized in SI fig 5. Panel (a) reports the disparity across job titles; panel 501 
(b) reports the disparity across fields. The observations are weighted by the inverse number of 502 
teams per employee times the inverse number of potential articles or patents per employee. 503 
 504 
Figure 2: Women are still less likely to be named even when controls are included 505 
Note: The figure shows the probability that an individual in a team is an author on any given 506 
article (Panel a) or patent (Panel b) from that team. Panel A is estimated using 17,929,271 507 
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observations (potential article authorships). Panel B is estimated using 3,203,831 observations 508 
(potential patent inventorships). All probabilities are obtained from ordinary least squares 509 
regressions of being named on gender and the indicated controls (reported in Table 4). For the 510 
purpose of plotting probabilities and gender differences holding all else fixed (Δ), we hold all 511 
of the controls at their respective means. Because on average men have higher values than 512 
women on the controls that increase the probability of attribution, as more controls are 513 
included, the predicted probabilities for men decline and those for women increase. 514 
Specification 1 includes no controls while specification 2 controls for whether a potential 515 
author is the PI of the team, the days worked on the team, and indicators for the publication 516 
date (calendar year x month). Specification 3 also includes controls for the job title of the 517 
potential author. Specification 4 adds field controls for the team, and specification 5 adds 518 
individual indicator variables for each team (these team indicators subsume the fields 519 
indicator). The observations are weighted by the inverse number of teams per employee times 520 
the inverse number of potential articles or patents per employee. The data are represented as 521 
the arithmetic mean of the indicator variable representing if the individual was ever an author 522 
(Panel a) or ever an inventor (Panel b) on any given article or patent. Individual data on the 523 
probability of women or men being named to articles or patents are visualized in SI fig 6. The 524 
error bars extend from that mean to create a 95% confidence interval based on 1.96 times the 525 
standard error of the mean. Standard errors are clustered by team and employee. 526 
 527 
Figure 3: Women are much less likely to be named on high impact articles 528 
Note: The figure shows the probability that an individual in a team is an author on any given 529 
article (Panel a) or patent (Panel b) in relation to the number of citations to the document 530 
receives. These estimates were obtained from an ordinary least squares regression of being 531 
named on an indicator for gender interacted with the log of total forward citations plus one 532 
(reported in Table 6). The regression used in Panel A is estimated on 17,929,271 potential article 533 
authorships. The regression used in Panel B is estimated on 3,203,831 potential patent 534 
inventorships. The observations are weighted by the inverse number of teams per employee 535 
times the inverse number of potential articles or patents per employee. Estimates include controls 536 
for publication date (calendar year x month), PI status, days worked on the team, job title, and 537 
research team fixed effects. Each data point represents the estimated marginal effect of the 538 
number of citations on the predicted probability of being named an author (Panel a) or inventor 539 
(Panel b). The error bars extend from the point estimate of the estimate marginal effect by +/-540 
1.96 times the standard error and display the 95% confidence interval of the marginal effect. 541 
Standard errors are clustered by team and employee. 542 
 543 
Figure 4: Women are more likely to report that their contributions were underestimated or 544 
that there was discrimination 545 
Note: The figure shows the percentage of men and women respectively who responded to the 546 
question (Q2b) “What is the most likely reason that you were not listed as an author on that 547 
paper?” by selecting a given category. The survey was sent to 28,000 scientists who had 548 
published in an academic journal listed in the Web of Science and who listed themselves with a 549 
public profile on the ORCID database. The figure summarizes the responses of the 871 scientists 550 
who responded to our survey and completed this question. Respondents were able to select 551 
multiple options, therefore the responses sum to more than 100%. The probability is computed as 552 
the arithmetic mean of the binary responses. The data are represented for each category as the 553 
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arithmetic mean of the indicator variable corresponding to a respondent selecting that category. 554 
Individual data on the reason an individual is not named are visualized in SI fig 7. The error bars 555 
are centered on that mean and extend on each side to create a 95% confidence interval based on 556 
1.96 times the standard error of the mean. The difference in the probability of indicating 557 
“Contribution did not justify authorship” between men and women who respond is 0.1294 558 
(p=0.0000; two-sided t-test value=4.1060). The difference in the probability of indicating 559 
“Others underestimated my contributions” between men and women who respond is -0.0984 560 
(p=0.0036; two-sided t-test value=-2.9218). The difference in the probability of indicating 561 
“Discrimination/stereotyping/bias” between men and women is -0.0780 (p=0.0003; two-sided t-562 
test value= -3.6623). Additional t-tests of the differences in the probability of indicating a reason 563 
across men and women who respond can be found in the main text. 564 
 565 
Figure 5: Women report making more contributions than men on authored papers 566 
Note: We sent a survey to 28,000 scientists who had published in an academic journal listed in 567 
the Web of Science and who had a public profile in the ORCID database. Of those sent the 568 
survey, 2,297 scientists responded and completed the question, (Q1a) “How did you contribute to 569 
the paper? Check all that apply.” The above figure shows the percentage of these respondents 570 
who selected each category. The probability is computed as the arithmetic mean of binary 571 
indicators representing if the respondent selected each category. Each respondent was asked 572 
about a paper associated with them on Web of Science. Respondents were able to select multiple 573 
options, therefore the responses sum to more than 100%. The data are represented for each 574 
category as the arithmetic mean of the indicator variable corresponding to a respondent selecting 575 
that category. Individual data on the contribution by gender are visualized in SI fig 8. The error 576 
bars are centered on that mean and extend on each side to create a 95% confidence interval based 577 
on 1.96 times the standard error of the mean.578 
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Methods 579 
 580 
This section has four parts. The first describes the data construction and variable operationalization 581 
used in the analysis of administrative data; the second describes the analysis of the administration 582 
data; the third, the construction of the survey data; and the fourth, the qualitative responses and 583 
interviews.  584 
 585 
Construction of Administrative Data 586 

 587 
The analytical linked dataset, which consists of observations on 128,859 individuals employed 588 
on 9,778 research teams from 2013-16 linked to 39,426 subsequent articles and 7,675 patents, is 589 
constructed from three sources: internal Finance and Human Resources administrative data from 590 
20 universities and 57 colleges and campuses [34], representing over 40% of total academic 591 
R&D spending in the United States, journal articles from the Web of Science and patent data 592 
derived from the universe of patents from the US Patent and Trademark Office (USPTO). 593 
 594 
Finance and Human Resources data  595 
 596 
The first source is derived from Financial and Human resources (FHR) data, called UMETRICS, 597 
on all personnel paid on sponsored research projects for 106 college and campuses from 33 598 
universities from 2001 and 2022 (the exact years covered vary by institution) [34]. (A full list of 599 
participating institutions, which are primarily research-intensive, can be found at 600 
https://iris.isr.umich.edu/.)  601 
Each pay period, the FHR system at each university records the details of charges to each 602 
sponsored project, including for each person paid on each grant and reports the information to 603 
the Institute for Research on Innovation and Science [35]. These administrative data are different 604 
from the level-of-effort data that are submitted by PIs as part of their annual and final report to 605 
an agency in at least three ways. First, they represent actual payroll data, drawn from the FHR 606 
system every pay-period, rather than the estimate provided by the Principal Investigator (PI) or 607 
the team administrator once a year. An intensive hand curated effort that compared the results 608 
from an early effort found that the FHR reports are more granular and comprehensive than the PI 609 
or team administrator reports [36, 37]. For example, all personnel names (including co-PIs) are 610 
recorded in the FHR reports, but many names are not recorded in the former. Second, the 611 
UMETRICS data capture all sources of funding, and are much more comprehensive than data 612 
from a single agency. The UMETRICS data include federal funding sources as well as funding 613 
from philanthropic foundations, state and local governments, industry, and international 614 
organizations. Third, the data reflect actual expenditures in every accounting time period, not just 615 
funds that are obligated at the beginning of a grant. So, if, as often happens, there is a no-cost 616 
extension, or more funds are spent earlier in the project, that spending and the work of the 617 
relevant team members, is captured in the data. There are limitations. If personnel do not charge 618 
time to the grant, their effort is not captured in the data – we are unaware of any source that 619 
would capture unpaid work. If there are gender differences in unpaid research work, the analysis 620 
will not be able to capture such differences. 621 ACCELE
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The analysis focuses on a subset of 57 college campuses from 20 universities which consistently 622 
provided data for the period covering 2013-16 (see pages 10-11 and 23 of the UMETRICS 623 
summary documentation [34]; SI Part 2). This restriction ensures that employment spells are long 624 
enough to reasonably identify PIs and teams as well as to observe the scientific documents 625 
produced by those teams from 2014-16. The full data include administrative level information 626 
from 392,125 unique federal and non-federal awards, including 23,307,254 wage payments to 627 
643,463 deidentified individuals [26].  628 
 629 

Research teams  630 
 631 

The construction of research teams was informed by the work of Stephan[28] who operationalized 632 
the concept of a research team to be a collection of scientists working jointly on projects with 633 
common funding and resources. The UMETRICS data are ideally suited to create measures of 634 
teams at scale using this definition, because the administrative data provide detailed information 635 
of all people charging time to each grant in each payroll period [29, 30].  636 
The composition of each team is constructed as follows. The PI is at the center of each team. The 637 
Pis in the data are identified by selecting faculty members who have been continuously paid on at 638 
least one research grant per year from 2013-16 and whose associated wage payments always list 639 
faculty as their job title. The PI-associated grants are identified if at least one wage payment was 640 
made to the PI during the sample period and shared evenly if they involve multiple Pis. Research 641 
center grants, which are characterized as grants with 12 or more faculty – the 99th percentile of 642 
the grants, were excluded. Based on the grants associated with the PI, we identify the set of 643 
graduate students, post-docs, research staff, undergraduates, and non-PI faculty who are paid on 644 
those grants. The set of scientists paid on the grants associated with the PI collectively make up 645 
the research team. This procedure yields a total of 9,778 teams, with 128,859 employees, between 646 
2013 and 2016. 647 
The number of teams and potential authorships varies considerably across people in the sample. 648 
To ensure that our estimates are not dominated by people who are on many teams or on teams with 649 
many articles, we weight our data so that each person receives equal weight and for each person, 650 
each team receives equal weight. If ,  denotes the number of teams that person i is on and 651 , denotes the number of potential authorships (i.e., articles and/or patents) on team t, then the 652 
weight applied to person i’s potential authorships on team t is , ⋅ , . Thus, each person is 653 
weighted by the inverse of the number of teams on which he or she appears times the inverse 654 
number of potential authorships for that team. Each unique employee therefore has an overall 655 
weight of one in the sample. Our results, however, are robust to various alternative weightings. 656 

 657 
Gender  658 
 659 

Gender is algorithmically assigned using a combination of Ethnea [30] and Python’s Gender 660 
Guesser algorithms. Ethnea is first used to assign gender based on the first names and ethnicity 661 
(algorithmically assigned from the family name) of each employee. When the first name gives 662 
ambiguous results, the middle name is used. If gender is still ambiguous, Python’s Gender Guesser 663 
is applied to the individual’s first name, but not the middle name. Gender can be identified for 664 
107,239 (83.2% of sample), of whom 51,738 are women and 55,502 are men.  665 
The accuracy of the imputation was tested against two sources of ground truth. The first source is 666 
self-reported, administrative data on gender for 12,867 faculty from one institution participating 667 
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in UMETRICS. The algorithm correctly predicts the self-reported gender in 93% of the cases: the 668 
precision is 93.35% for men and 92.51% for women. The second source is derived from a match 669 
of the UMETRICS data with the Survey of Earned Doctorates (SED) [38]. The Survey of Earned 670 
Doctorates, which is an annual survey (with a 93% response rate) of all doctorate graduates from 671 
U.S. universities, directly asks respondent to report their gender. The precision of the algorithm 672 
was 97.29% for men and 94.06% for women. Robustness checks are reported in the Supplementary 673 
materials. We note that a limitation is that our gender construct does not allow for non-binary or 674 
fluid gender identities. Addressing non-binary and/or fluid gender identities is an important 675 
direction for future research. 676 

 677 
Job Titles  678 
 679 

Job titles for each employee, which are also referred to in the text as positions, or roles, are 680 
constructed from the FHR records [39]. Some employees may hold different job titles on the same 681 
or different teams; in those instances, the title is equally weighted based on the number of days 682 
they were paid in each title within each team.  683 

 684 
Scientific fields  685 
 686 

The scientific field of each team is identified by using the title of all associated grants and 687 
comparing the grants with a pool of text that describes each scientific field using a “Wiki-labeling” 688 
approach [15, 16]. This approach is used to assign a likelihood score that a given grant award title 689 
belongs to a given research field category, as categorized by the NCSES Survey of Graduate 690 
Students and Postdoctorates in Science and Engineering. Each team’s field is estimated by taking 691 
the field of each grant and weighting the grant’s relative importance to the team’s portfolio by the 692 
direct expenditure of each grant over the analysis period. 693 

 694 
Publications 695 
 696 

Publications are drawn from the Web of Science (WoS) database produced and maintained by 697 
Clarivate Analytics, which contains publication and citation information on approximately 69.3 698 
million total articles from 1900 to 2018. The analysis focuses on articles published from 2014-16 699 
and linked to individuals observed in UMETRICS from 2013-16, although we include some 700 
additional robustness checks on other year ranges and other publication types in the supplementary 701 
online materials. 702 

 703 
Patents 704 

Patents are drawn from the PatentsView (PV) visualization and analysis platform, which contains 705 
6.8 million total patents from 1976 to 2018 [40]. The analysis focuses on a subset of patents that has 706 
an application date from 2014-16 and is linked to individuals observed in UMETRICS from 2013-707 
16. Additional robustness checks on other year ranges are include in the supplementary online 708 
materials. 709 

 710 
Linked Administrative Records 711 
  712 

The links between UMETRICS and authorship on articles and patents were generated by 713 
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combining information on the individual and grants listed explicitly on the scientific documents 714 
as well as the implicit network structure of co-authorships and grant collaborations. In 715 
UMETRICS, the data includes the individual’s name (including partial name in the case of 716 
hyphenated names), the institution and the grant number but, crucially, also other people on each 717 
grant. The same is the case in the publication and patent data. We identify all patents/articles 718 
associated with a given inventor/author by leveraging PatentsView’s algorithmically assigned 719 
Inventor ID and the union of the Web-of-Science’s Researcher ID and the ORCID when they are 720 
available. Key to our approach, these identity clusters allow us to link a given inventor or author’s 721 
full patent and publication history to an individual’s employee ID in UMETRICS such that we not 722 
only see those documents associated with a specific set of grants or a particular time period, but 723 
their entire patenting and publishing history over their career. The multi-step procedure, which 724 
uses data post 2000, is detailed in Ross et al. [41]. There are five steps. The first relies on an exact 725 
match of UMETRICS award numbers to either the award numbers cited in the government interest 726 
field in the patents or the award numbers cited in the acknowledgement section of the publication. 727 
The second step relies on grant matches. It links inventors in Patentsview and authors in Web-of-728 
Science to people paid on UMETRICS grants using a sequential process of exact and fuzzy 729 
matching, with matched names removed from the pool for subsequent rounds. Candidate matches 730 
are disqualified for mismatches on institutional affiliation and dissimilarity of text between awards 731 
and publications and patents. The third step relies on network matches. It uses exact and fuzzy 732 
name matching to find coinventors (in Patentsview), coauthors in Web-of-Science) and 733 
collaborators (in UMETRICS). Candidate matches are disqualified for mismatches on institutional 734 
affiliation and dissimilarity of text between awards and publications and patents. The fourth step 735 
links people by blocked affiliations. Affiliation names are matched by blocking on the UMETRICS 736 
university affiliation to the affiliations in PV and WoS (using a hand curated, disambiguated list 737 
of university names), and using the stepwise matching and validation processes described in the 738 
second step. As before, candidate matches are disqualified for mismatches on institutional 739 
affiliation and dissimilarity of text between awards and publications and patents. The fifth and 740 
final step relies on an approximate match of unmatched grants. It uses the pool of articles/patents 741 
associated with the identity clusters linked in steps 2-4 (namely, employees in UMETRICS linked 742 
with their associated inventor IDs and research ID or ORCID). The restriction that grant numbers 743 
on these documents be deterministically matched is loosened, and a fuzzy match is allowed 744 
between grants in UMETRICS and those unmatched in Step 1 but associated with linked 745 
individuals. 746 
 747 
Analytical Sample 748 

 749 
All publications and patents that acknowledge one of the team’s grants and/or has an 750 
author/inventor from the team are linked to the team. This results in a total of 47,101 scientific 751 
documents (39,426 articles and 7,675 patents) published between 2014-16 which were linked to 752 
employees and teams observed in UMETRICS at any point in the prior year, i.e., from 2013-16. 753 
Summary information about the individuals and the teams is provided in Extended Data Table 1). 754 
Additional information about the differences between authors and non-authors in the sample as 755 
well as some basic descriptive information surrounding grant funding sources is provided in Part 756 
2 of the Supplementary Information.  757 
The resulting linkages permit the calculation of the overall “ever author” rate, which is 16.97% 758 
overall, but only 12.15% for women and 21.17% for men (Extended Data Table 2). The 759 
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“attribution rate” is constructed by generating a pool of “potential authorships” as follows. All 760 
individuals with a faculty job title are considered eligible to be potential authors on all articles or 761 
patents produced by a team during the analysis period. All individuals with a non-faculty title had 762 
to have been employed by the team in the year prior to the article of an article or application for a 763 
patent. We relax this time constraint for non-faculty job titles in the supplement which generally 764 
increases the size of the gender gap reported in the main estimates. 765 
The resulting analytical dataset consists of 21,133,102 potential authorship observations 766 
(17,929,271 on articles and 3,203,831 on patents) of which 367,231 were actual authorships. 767 
48.2% of potential authorships were by women, while 31.8% of actual authorships were by 768 
women. If these numbers are converted to rates, the attribution rate on scientific documents was 769 
3.17%. The attribution rate for articles alone is 3.2% while it is 1.3% for patents (Note to Extended 770 
Data Table 2). Although both of these attribution rates are relatively low, this is largely due to the 771 
inclusion of undergraduate students and research staff in our sample as well as those observed 772 
working for short time periods. These employees are rarely observed in the actual authorships and 773 
result in a lower the overall attribution rate. The regression analyses reported in the subsequent 774 
sections control for both position and the number of days worked in the team; Part 1 of the 775 
Supplementary Information provides results excluding undergraduates and research staff. The 776 
results are robust in each specification.  777 
The third attribution measure - the impact of scientific articles and patents – is constructed by 778 
attaching forward citations (as of 2018) reported in the WoS and PV datasets to the potential 779 
authorship sample. Because earlier documents in the sample (e.g., those from 2014) have more 780 
time to receive citations than later documents (e.g., those from 2016), we include publication date 781 
(calendar year x month) controls, as in our other models. 782 
Effect sizes are calculated as the percentage point differences between the contrasted groups unless 783 
otherwise noted in the text.  784 

 785 
 786 
Empirical Strategy  787 
 788 
The empirical approach was to estimate linear regressions using a model of the form 789 
 790 

P[namedi,t,e,l|… = β0 + β1 womani,e + Xi,e + Mi,t + Oi,e + Teami,l + μi,t,e,l (1) 791 
where i potential authorship observations are characterized by an employee e working on team l 792 
in the year prior to a document with a publication or application date t (calendar year x months). 793 
The primary variable of interest, , , is an indicator of whether a potential authorship was 794 
attributable to an employee who was a woman. Equation 1 is estimated on the sample of 795 
17,929,271 potential authorships on journal articles while the patent results are estimated on the 796 
sample of 3,203,831 potential authorships. 797 
A series of regressions were estimated. The first set (Extended Data Table 3) included controls, 798 , , which sequentially include indicator variables for the publication/application month 799 
associated with a potential authorship/inventorship, the team’s Principal Investigator, the number 800 
of days worked in the team, and an indicator of whether the individual’s gender was unknown. 801 
Idiosyncratic trends in the data are accounted for by including a series of ,  calendar year x 802 
months and year fixed effects based on the date when article i was published or patent i applied 803 
for; an individual’s position in the team is accounted for through a series of ,  position variables 804 
which capture the days that an individual worked in a particular position as a share of the total 805 
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days worked on the research team. Differences across research teams are accounted by including 806 
a series of ,  team fixed effects and we denote the disturbances in the data using , , , . The 807 
second set (Extended Data Table 4) re-estimated Equation 1 with the same controls but by job title; 808 
the third set (Extended Data Table 5) re-estimated the same equation with the same controls by 809 
field. The final set (Extended Data Table 6) restricted the sample to high impact publications and 810 
patents. 811 
 812 
Survey Design and Collection 813 

The survey was sent to individuals who had previously published in academic research journals 814 
identified through their public profiles on ORCID, a platform in which academic researchers post 815 
their educational credentials, work history, and publication records. Information on the survey 816 
instrument, email recruitment, and interview protocols is available in Part 3 of the Supplementary 817 
Information. 818 
The main database was the ORCID 2017 database, which includes the publicly viewable 819 
information from profiles shown on the ORCID website as they appeared in 2017: 897,264 profiles 820 
listed a complete name as well as educational credentials, work history information, or both.  821 
Email addresses associated with the researchers of these profile were then derived from those 822 
emails listed on published and publicly available research articles which were available from the 823 
Web of Science. Web of Science also provides the associated email addresses for 128,602 of the 824 
897,264 ORCID profiles. Because the focus was on asking academic researchers about their 825 
experience with being named or not being named as coauthors on publications, the ORCID profiles 826 
were restricted to those that could be linked with a published academic paper in the Web of Science 827 
database between 2014 and 2018: 98,134 profiles fulfilled those criteria. 828 
Finally, some individuals create multiple ORCID profiles and some email addresses are recycled 829 
for multiple people over time. In order to avoid emailing the same individual multiple times, each 830 
email had only one associated ORCID profile. After resolving duplicates, there were 98,022 831 
unique ORCID profiles that matched our sample criteria. 832 
Three studies were piloted before the main study. After imputing the gender of the individuals 833 
represented by the ORCID profiles using first names and the Ethnea database, 10,000 (imputed) 834 
ORCID profiles belonging to men and 10,000 (imputed) ORCID profiles belonging to women 835 
were randomly selected to receive the survey in addition to 6,500 profiles that had gender 836 
ambiguous names.  837 
 838 
Qualitative Evidence 839 
 840 
In addition to the open-ended text in which researchers could record their experiences, the last 841 
question of the survey solicited researchers “to interview over Zoom regarding their experiences 842 
with the allocation of credit in research teams.” Respondents were told that, if they were interested 843 
in talking about their experiences with the allocation of scientific credit on teams, they could enter 844 
their email addresses to be contacted for a follow-up interview. A team of two authors (of both 845 
genders for three interviews, and of one gender for three interviews) of this paper interviewed six 846 
individuals for half an hour each. Four were women, two were men. Gender was never raised as 847 
an issue by the team but was raised by the interviewees. The detailed interview protocol is available 848 
in Supplemental Information Part 3. 849 
 850 
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 929 
Extended Data Table Legends 930 
 931 
Extended Data Table 1: Team and Individual descriptive statistics  932 
 933 
The table reports arithmetic means of the teams and the individuals who worked at least one day 934 
in any of the four years from 2013-16. Fields do not sum to 1 because fields are unassigned for 935 
about 11.5% of teams. Some employees hold different job titles over the timeframe; in those 936 
instances, they are first divided equally across titles within each team and then equally across 937 
teams. Shares of men and women do not sum to one because the gender of about 17% of the 938 
employees could not be algorithmically assigned. 939 
 940 
Extended Data Table 2: Attribution Rates by Job Title and Field 941 
 942 
With the exception of two rows, “Total Count of Authors/Authorship” and “Total in Workforce”, 943 

ACCELE
RATED ARTIC

LE
 PREVIEW



23 

the first three columns (a) summarize the share of “ever authors”. The numerator is individuals in 944 
each category who are ever named as an author on a publication or a patent. The denominator is 945 
the total number of individuals in that category. The second three columns (b) summarize the share 946 
of authorships: The denominator – the set of “potential authorships” – was created by associating 947 
all members of each team who were employed one year prior to the publication/application date 948 
of all associated articles/patents emanating from that team during the analysis period. Since some 949 
individuals, such as research staff, are on multiple teams, they are proportionately allocated across 950 
teams and papers using a set of analytical weights (see Methods Analytical Sample section for 951 
details). The numerator - attribution - was defined as “actual authorships” on those publications 952 
and patents (see Methods: Analytical Sample for details). The “Total Count of 953 
Authors/Authorship” row summarizes the total counts of “ever authors” in the first three columns 954 
(a) and the weighted total counts of actual authorships in the second three columns (b). The “Total 955 
in Workforce” row summarizes the total counts of individuals in our sample. Note that the “Total” 956 
column includes those in our sample who we could not identify as either men or women. 957 
 958 
Extended Data Table 3: Gender Difference in Attribution Rate by Job Title and Field 959 
 960 
The table summarizes the share of actual and potential authorships that are women. The first 961 
column shows the percentage of actual authorships who are women. The second column shows 962 
the share of potential authorships who are women. The third column provides the effect size, 963 
defined as the difference in percentage points between the share of actual authorships and the share 964 
of potential authorships who are women. The fourth column displays the estimated standard error 965 
for those differences based on the bootstrapping procedure described in the Methods: Analytical 966 
Sample section. The last column provides the two-sided t-test statistic for the effect size being 967 
equal to zero using the bootstrap estimated standard error (see Methods: Analytical Sample for 968 
details). 969 
 970 
Extended Data Table 4: Gender differences in attribution  971 
 972 
The sample consists of 17,929,271 potential article authorships and 3,203,831 potential patent 973 
inventorships. The top panel is estimated on the sample of potential article authorships and the 974 
bottom panel is estimated on the sample of potential patent inventorships. The dependent means 975 
are 3.18% and 1.31%, respectively. Specification (1) includes none of the control variables 976 
discussed above and estimates the gender gap to be 1.97 and 1.50 percentage points for articles 977 
and patents. Specifications (2-5) gradually introduce controls for days worked, PI status, 978 
publication month, job title, field, and team (which subsumes field). The observations are weighted 979 
by the inverse number of teams per employee times the inverse number of potential articles or 980 
patents per employee. Each coefficient is tested against the null hypothesis of being equal to 0 981 
using a two-sided t-test. We do not adjust for multiple hypothesis testing. Standard errors are 982 
clustered by team and employee and are in parentheses. Statistical significance indicated by * p < 983 
0.10, ** p < 0.05, *** p < 0.01.  984 
 985 
Extended Data Table 5: Gender differences in attribution by job title  986 
 987 
Estimates based on a sample of 17,929,271 potential article authorships and 3,203,831 potential 988 
patent inventorships. The observations are weighted by the inverse number of teams per employee 989 
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times the inverse number of potential articles or patents per employee. All estimates include 990 
controls for article/patent date (calendar year x month), PI status, days worked on the team, job 991 
title, and team fixed effects. Each coefficient is tested against the null hypothesis of being equal to 992 
0 using a two-sided t-test. We do not adjust for multiple hypothesis testing. Standard errors are 993 
clustered by team and employee and are in parentheses. Statistical significance indicated by * p < 994 
0.10, ** p < 0.05, *** p < 0.01 995 
 996 
Extended Data Table 6: Gender differences in attribution by field  997 
 998 
Estimates based on a sample of 17,929,271 potential article authorships and 3,203,831 potential 999 
patent inventorships. The observations are weighted by the inverse number of teams per employee 1000 
times the inverse number of potential articles or patents per employee. All estimates include 1001 
controls for article/patent date (calendar year x month), PI status, days worked in the team, job 1002 
title, and team fixed effects. Each coefficient is tested against the null hypothesis of being equal to 1003 
0 using a two-sided t-test. We do not adjust for multiple hypothesis testing. Standard errors are 1004 
clustered by team and employee and are in parentheses. Statistical significance indicated by * p < 1005 
0.10, ** p < 0.05, *** p < 0.01 1006 
 1007 
Extended Data Table 7: Gender differences in high impact attribution  1008 
Estimates based on a sample of 17,929,271 potential article authorships and 3,203,831 potential 1009 
patent inventorships. The observations are weighted by the inverse number of teams per employee 1010 
times the inverse number of potential articles or patents per employee. All estimates include 1011 
controls for article/patent date (calendar year x month), PI status, days worked in the team, job 1012 
title, and team fixed effects. Each coefficient is tested against the null hypothesis of being equal to 1013 
0 using a two-sided t-test. We do not adjust for multiple hypothesis testing. Standard errors are 1014 
clustered by team and employee and are in parentheses. Statistical significance indicated by * p < 1015 
0.10, ** p < 0.05, *** p < 0.01. 1016 
 1017 
Extended Data Table 8: Survey Response Rates 1018 
This table describes the details of the three pilots and main study. The first column details the date 1019 
of the first email, while the second column details the date of the reminder email, typically two 1020 
weeks after the first email. The main study had two reminder emails because on March 1st, an 1021 
error in the Qualtrics survey system caused an abnormally high number of emails to bounce 1022 
(~11,000). On March 9th, after the error had been addressed, we re-sent reminder emails to those 1023 
respondents that had been missed due to the error. Column three describes the sampling strategy; 1024 
random sampling was used for the pilots, but once we learned that there were far fewer women in 1025 
the population than there were men, we adjusted to a gender-stratified sampling strategy in order 1026 
to gain enough power for two-sided t-tests comparing responses from men and women. 1027 
Specifically, 10,000 (imputed) ORCID profiles belonging to men and 10,000 (imputed) ORCID 1028 
profiles belonging to women were randomly selected to receive the survey in addition to 6,500 1029 
profiles that had gender ambiguous names. Column 4 indicates the number of emails sent, while 1030 
columns 5-7 document the response rate. A large fraction of emails either bounced or received an 1031 
automated response. 1032 
 1033 
Extended Data Table 9: Characteristics of survey respondents 1034 
The table reports arithmetic means of the demographic characteristics of survey respondents.  1035 
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