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1. Introduction  

Do women and underrepresented racial and ethnic minorities receive less attention than men 

and majority groups for their contributions (Wenneras and Wold, 1997; Halpern, et al., 2007; 

Koffi, 2021)? This paper explores this question in an interesting and consequential population - 

biomedical scientists. Scientists are ideal for studying flows of ideas because they are highly 

knowledgeable and strongly incentivized to keep abreast of and adopt the latest advances. 

Moreover, the contents of scientists’ contributions are publicly available, their contributions can 

be identified from authorship, and their networks can be reconstructed. With the population of 

scientists becoming increasingly diverse, disparities in the adoption of ideas are becoming 

increasingly costly for the scientific enterprise. Biomedical scientists are particularly consequential 

because research on conditions relevant for underrepresented groups is frequently undertaken by 

members of those groups, so a failure of researchers from these groups to receive appropriate 

attention would likely increase underlying health disparities (Oh, et al., 2015; Association of 

American Medical Colleges, 2009). 

This paper combines two methods to explore differences by gender, race, ethnicity, and age in 

the adoption of ideas. First, we employ recent methods in natural language processing to identify 

the most important ideas (one-, two-, and three-word combinations, “n-grams”) introduced each 

year between 1980 and 2008 and track their utilization at population scale for nearly a quarter of 

a century (see Packalen and Bhattacharya, 2019; Staudt et al., 2018). We do so using the text of 

titles and abstracts in MEDLINE, a massive database of biomedical research articles with nearly 

30 million articles dating back to the 19th century. The ideas we study are important. Among many 

other important advances, they include the work on HIV / AIDS that has transformed it from an 
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incurable condition to a chronic, manageable disease. They also cover the development of a wide 

range of methods and findings in molecular biology that are the foundation for the biotech 

revolution. Second, we build on the well-known idea that technology adoption declines with 

distance. Using these building blocks, we identify as “innovators” all of the authors of article(s) 

that first introduce an idea that becomes important. We then study how the adoption of ideas decays 

with network distance differentially for innovators and potential adopters but demographic 

characteristics.  

Figure 1 illustrates our approach in the case of gender, which has implications for women’s 

health. The left panel shows that researchers are on average further from ideas generated by teams 

with more women than men (red bars) compared to ideas generated by teams with more men than 

women (blue bars). This finding implies that female innovators are not as well-connected as male 

innovators. What further exacerbates disparities is that at each distance, ideas introduced by female 

majority teams are less likely to be adopted (right panel). Even at a distance of 1, people are more 

likely to choose to build on ideas introduced by majority male teams. Both effects lead to lower 

adoption rates for female majority new ideas.  Specifically, the 5-year adoption rate of new ideas 

from female majority teams is 23% lower than that of ideas from male majority teams (even among 

ideas in the top .1% of ideas). Of this difference, 32% is due to less proximity to the women-

majority inventor teams, but the considerable majority (68%) is due to lower utilization at any 

given distance. 
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Figure 1. Gender composition of innovator team 

 

Notes: All new ideas are divided into two groups: ideas introduced by teams with a majority of female innovators 
(red) and ideas introduced by teams with a majority of male innovators (blue). The left panel depicts the distribution 
of researchers’ network distance to the two groups of ideas separately. The right panel shows the 5-year adoption rates 
for ideas from both sets of teams in percentage points at each network distance. 

Although we have no reason to believe it is the case, one potential explanation for our finding 

that the ideas introduced by women are adopted less than those introduced by men is that the ideas 

introduced by women may be inherently different (e.g. not be as promising or widely applicable) 

as those introduced by men. To address this possibility, we rely on two key features of our context: 

(1) that there is typically more than one author on an article and (2) that network proximity is a 

strong determinant of knowledge flows. In our estimation, for each idea and each potential adopter, 

we identify the nearest individual innovator. We estimate regressions that control for idea fixed 

effects that eliminate all differences across ideas in the applicability of the idea to potential 
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adopters. Intuitively, each active biomedical researcher (i.e. potential adopter) will be closer to one 

(or more) of the innovators than to others. Thus, we can leverage the network structure, measured 

prior to the introduction of the idea, to identify whether, for each idea and potential adopter, the 

“closest” innovator to that potential adopter is a woman or a man, and see whether, controlling for 

the distance to the closest innovator, each potential adopter is more likely to adopt an idea when 

the innovator who is closest to them is a woman or a man. In this way, we use the presence of 

multiple innovators and network proximity to control for the “quality” of ideas. 

Another potential explanation for our finding that the people who are closer to women 

innovators are less likely to adopt ideas is that the people closer to women innovators are inherently 

less likely to adopt new ideas. For instance, women tend to be closer to other women, and women 

may be less likely to adopt new ideas, perhaps because they occupy positions that are less central 

in networks (and hence have less access to complementary innovations) or because of less access 

to resources (Ginther and Kahn, 2009).1 We address these concerns by directly measuring network 

distances. We also observe adoption behavior for multiple ideas by each potential adopter and 

include fixed effects for the adoption probability of each potential adopter. In this way, we control 

for unobserved differences in adoption propensities for each potential adopter. Our estimates 

indicate that, at any given distance, women and underrepresented minorities (URMs) are less likely 

to adopt new ideas. However, controlling for these differences and potential adopter fixed effects 

accounts for only a small portion of the disparity in the adoption of ideas of women innovators.  

                                                      
1  Another potential concern is that our sample of ideas is itself determined by adoption rates, so that if the 
characteristics of innovators do indeed determine adoption, the characteristics of innovators may well affect inclusion 
in our sample. We acknowledge that such a process operates, but note that we (1) control for idea fixed effects, so that 
our estimates are identified from within-idea variations and (2) that this process implies that the ideas from, for 
instance, predominantly women innovator teams in our sample are, if anything, “better” ideas than those from 
predominantly men innovator teams. 
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Our work contributes to the literature in three ways. First, we contribute to the literature on 

underrepresentation in science. While the pool of scientific workers is increasingly diverse, women 

and underrepresented racial and ethnic groups are often marginalized, and the health conditions 

specific to them are understudied (Oh, et al., 2015). 2  A sizeable body of work on 

underrepresentation focuses on disparities across scientists from different groups in terms of access 

to resources and compensation (e.g. Ginther and Kahn, 2009; Buffington, et al., 2016). 

Increasingly, researchers are focusing on the credit that women receive for their contributions in 

the form of author order (e.g. Cikara et al., 2012, West, et al. 2013, Lerchenmüller, Lerchenmüller, 

and Sorenson, 2018, Marschke, et al., 2018), in terms of inclusion as an author at all (Ross et al. 

2021), or credit for authorship (e.g., Sarsons et al. 2021). We explore another approach - the 

possibility that the ideas produced by women and underrepresented groups simply receive less 

attention in the literature because they are produced by women and/or URMs. Perhaps the closest 

to our analysis is a concurrent analysis by Koffi (2021), which focuses on citations in economics. 

Second, our research also connects to the literature on knowledge spillovers. Technology and 

knowledge spillovers have been central to economists’ understanding of growth, trade, and urban 

agglomerations for over thirty years (Romer, 1986; Lucas, 1988; Krugman, 1991; and Glaeser, et 

al., 1992). Unfortunately, the micro evidence for such spillovers tends to be indirect (e.g. inferred 

from productivity) rather than measured directly and is surprisingly weak given the critical 

importance of knowledge spillovers (Azoulay, Graff-Zivin and Wang, 2010; Waldinger, 2010, 

2012; Borjas and Doran, 2012, 2015; and Catalini, 2017).3 One novel aspect of our work relative 

                                                      
2  Somewhat more distantly related to our work, it is generally agreed that intellectual diversity contributes to 
productivity and creativity by increasing the breadth of ideas (Freeman and Huang, 2014) and providing a broader 
range of potential solutions to a problem (Rhoten et al., 2009). While intellectual diversity and demographic diversity 
are conceptually distinct, they are positively associated in practice (Reagans and Zuckerman, 2001). 
3 Kaiser (2005) is a fascinating exception, showing how the use of Feynman diagrams diffused through the physics 
community from the different ways in which physicists drew them. 
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to this literature is that we directly measure knowledge flows using text analysis. At least since the 

seminal work by Jaffe, Trajtenberg and Henderson (1993), researchers have sought to infer 

knowledge flows using citations, frequently in patent records across countries / regions (Peri, 

2005), between firms (Almeida and Kogut, 1999; Gomes-Casseres, 2006), and among scientists 

(Singh, 2005). Text analysis has a number of advantages over this approach - it allows us to track 

the use of specific ideas and avoid artifacts in the citation process in both patents4 and the scientific 

literature5. 

Lastly, our analysis of coauthorship networks allows us to focus on transmission of ideas across 

individuals who have connections with one another. Given that people’s knowledge of new ideas 

is imperfect, researchers close to the innovators of a new idea benefit from the ability to obtain 

tacit knowledge at a lower cost. The literature offers abundant evidence regarding the importance 

of spatial proximity in knowledge flow (e.g. Jaffe, et al., 1993; Almeida and Kogut, 1999; 

Thompson and Fox-Kean, 2005, Waldinger, 2010, 2012; Borjas and Doran, 2012, 2015; Catalini, 

2017; Ham and Weinberg, 2021). However, most of the mechanisms underlying the role for spatial 

proximity, including a higher chance of meeting, lower communication costs, and enhanced trust, 

hold for network proximity as well. Despite its potential as a mediator, the literature on network 

proximity for idea diffusion is relatively limited (Singh, 2005; Zacchia, 2019) and our two-way 

fixed effects design has the potential for facilitating future network analyses. 

                                                      
4 Alcácer and Gittelman (2006) show that more than half of the citations on a patent are added by patent examiners, 
and thus may not represent knowledge flows. 
5 Following Merton (1973), scientific citations are taken to reflect knowledge flows, but there is considerable evidence 
for a variety of other motives for citations (see Gilbert, 1977; Moed, 2005; Moed and Garfield, 2004; Collins, 2004; 
Woolgar, 1991; Fong and Wlhite, 2017; Koffi, 2021). Moreover, different types of articles receive different numbers 
of citations (Moed and van Leeuwen, 1995). 
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2. Data 

2.1 Data 

  Our primary data source is MEDLINE, the U.S. National Library of Medline’s (NLM) premier 

bibliographic database, which is akin to Econlit for biomedical research. MEDLINE contains 

nearly 30 million biomedical research articles from around the world dating back to the 19th 

century, with coverage that improves greatly over time, especially after 1966. In addition to the 

comprehensiveness of the MEDLINE data, another strength is that it provides rich information on 

journal articles, including authors’ names, publication year, and the text of titles and abstracts, 

which we use in our text analysis. MEDLINE also includes Medical Subject Headings (MeSH) for 

each publication that indicate its main research areas. We use these to identify potential adopters 

of a new idea by identifying researchers who have some work in common with the innovators who 

first introduced the idea. 

Another crucial data source is the “Author-ity” MEDLINE author disambiguation database, 

updated through 2018 (Torvik, Weeber, Swanson, and Smalheiser, 2006; Torvik and Smalheiser, 

2009). In a corpus the size of MEDLINE, identifying authors solely based on names is likely to 

generate lumping errors, where people with similar names are treated as one person, and splitting 

errors, where one author is regarded as different researchers when names are written in different 

ways. “Author-ity” provides a high-quality, algorithmic disambiguation of MEDLINE that allows 

us to identify each scientist’s publication records with a high level of accuracy.  

In this paper, we focus on U.S.-based scientists. In order to identify author locations, we use 

MapAffil (Torvik, 2015), which offers affiliation information for MEDLINE authors. We 
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eliminate people who are ever affiliated with organizations outside the U.S. Additionally, we 

supplement our data with Genni (Torvik and Agarwal, 2016), which predicts gender, and Ethnicolr 

(Laohaprapanon and Sood, 2017), which predicts race and ethnicity based on scientists’ names. 

Genni provides ethnicity-specific gender predictions. Ethnicolr classifies people into four 

categories that combine race and ethnicity: Hispanics (of any race), non-Hispanic Asians, non-

Hispanic Blacks, and non-Hispanic Whites.  

2.2 List of new ideas 

    Following Packalen and Bhattacharya (2019) and Staudt et al. (2018), we extract the main 

concepts or ideas contained in a paper by taking the words (unigrams), two-word phrases (bigrams) 

and word triplets (trigrams) in the text of the title and abstract. A new idea is an n-gram that first 

appeared in a certain year and that had never been used before. We refer to this year of first 

appearance as the birth year of a new idea. We focus on new ideas born between 1980 and 2008. 

This time window is chosen for two reasons. First, we exclude ideas that are born before 1980 to 

allow for a sufficient “burn-in” period in the calculation of an idea’s birth year. Many old terms 

will be identified as having a birth year when the data start6. However, after over ten years, a first-

appearing term is likely to be an innovation. Second, the last idea birth year we choose is 2008 so 

that up to 2018 there are at least ten years after an idea is born to observe its adoption. 

   One potential problem with this approach of using new terms to represent new ideas is that some 

new terms are merely new combinations of words but do not constitute important innovations. To 

avoid such cases, which are rarely widely adopted, we rank the ideas by the number of total 

                                                      
6 In the early years of the data, terms such as “blood” have very high frequencies of mentions. However, they are not 
innovations but commonly used language in academia. Hence, it is important to have a sufficiently long initial period 
to set them apart from new ideas. 
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mentions within each birth year and take the top 0.1% of the distribution for each idea birth year. 

Therefore, the final list of new ideas we focus on is a set of the most important new ideas in 

biomedicine originated by U.S. scientists. For example, ideas ranked highly include well-known 

breakthroughs and advances in biomedical research such as polymerase chain reaction, small 

interfering RNAs, and HIV / AIDS. The number of the important new ideas in our list ranges from 

105 in 1980 to 281 in 2008. 

2.3 Sample construction 

  For each new idea (and its innovators), we identify potential adopters by selecting all other 

researchers who have works with at least one MeSH term in common with the innovators before 

the birth of the new idea.  Formally, to construct our sample for idea 𝑖𝑖 that first appears (i.e. is 

born) in year 𝜏𝜏 , we let 𝕀𝕀𝑖𝑖,𝜏𝜏  denote the set of innovators who originated idea 𝑖𝑖  in year 𝜏𝜏 . Let 

𝑀𝑀𝑖𝑖,𝜏𝜏represent all MeSH terms that 𝕀𝕀𝑖𝑖,𝜏𝜏 have published on in or before year 𝜏𝜏. Our set of potential 

adopters for idea 𝑖𝑖, 𝔸𝔸𝑖𝑖,𝜏𝜏, is defined as the set of researchers who have published on at least one 

MeSH term in 𝑀𝑀𝑖𝑖,𝜏𝜏in or before year 𝜏𝜏 and who are not in 𝕀𝕀𝑖𝑖,𝜏𝜏 itself. 

  Next, for each potential adopter in 𝔸𝔸𝑖𝑖,𝜏𝜏,  we calculate his/her shortest path to any of the innovators 

of idea 𝑖𝑖,  𝕀𝕀𝑖𝑖,𝜏𝜏, based on the collaboration networks in the year the idea was introduced and the two 

preceding years, 𝜏𝜏 − 2 to year  𝜏𝜏6F

7.  (Adoption is tracked starting the year after 𝜏𝜏, i.e. from 𝜏𝜏 + 1.) 

Network distance represents how close a potential adopter is to a new idea in collaboration 

networks. (We truncate the network distance at 10 because over 90% of all finite distance pairs 

have a distance equal to or less than 10 and adoption rates at large distances are extremely low.) 

                                                      
7 Since network links are observable only when publications are generated, and it is common for a scientist to have 
zero publications in some years, we choose a three-year window around the birth of a new idea to define the networks. 
Infinite network distance is not considered in this analysis. 
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Two time frames are used to measure adoption: 5 years (i.e. starting from 𝜏𝜏 + 1 through 𝜏𝜏+5) and 

10 years (i.e. starting from 𝜏𝜏 + 1 through 𝜏𝜏+10) after introduction of a new idea.  The primary 

results presented in the paper are based on adoption within 5 years because the effects of pre-

existing network proximity likely decline as time passes. Analyses of adoption within 10 years are 

conducted as robustness checks. The adoption of new ideas is our primary outcome. We also study 

“independent adoption,” which we define as using a new idea in an article that does not have one 

of the original innovators as a coauthor because “adoption” through coauthorship with one of the 

innovators of the idea likely operates differently from independent adoption.  

    Our unit of analysis is an idea-adopter pair, and our sample construction procedure yields over 

74 million observations. We take a 10% random sample as our analytical dataset. Our final 

analytical sample, which is described in Table 1, consists of 7,417,333 observations, corresponding 

to 3,430 new idea terms and 536,987 unique potential adopters. Of all potential adopters, 52% are 

men, 32% are women, and the rest, 15%, have uncertain gender predictions. In terms of race and 

ethnicity, the largest group is non-Hispanic White (82.8%), followed by non-Hispanic Asian 

(12.6%), Hispanic (4.0%), and non-Hispanic Black (0.6%). These demographic features do not 

represent the overall scientific workforce in biomedicine in that our sample only includes people 

who are at a distance less than or equal to 10 from the innovators of the new important ideas and 

weights people who are in areas with more important new ideas more heavily than others.  

3. Results 

  We present our results in three steps. First, we provide some graphical evidence of different 

patterns of idea adoption for researchers from various demographic groups. Second, we conduct a 
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formal, regression analysis. Lastly, we perform a series of decompositions to assess the relative 

contributions of network distance, the gender mix of adopters, and adoption conditional on 

distance, to the gender gap in adoption. 

3.1 Descriptive results on gender 

Figure 2 illustrates the relationship between network distance and the adoption of ideas. The red 

squares represent the probability of adoption within 5 years of introduction (right axis) at various 

distances from the people who introduced the new ideas (innovators). Not surprisingly, the 

adoption rate of important new terms declines sharply with distance8. The bars and the left axis in 

Figure 2 show the distribution of network distance for all potential adopters (black bars) and actual 

adopters (grey bars). The grey bars are shifted left-ward, indicating that actual adopters are 

generally more proximate to innovators in network terms.  

  

                                                      
8 It is noteworthy that while the adoption rate falls with distance, the adoption frequency is greatest at moderate 
distances because the number of potential adopters at moderate distances are order(s) of magnitudes higher than those 
at distance 1 or 2 from innovators. 
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Figure 2. Adoption rates and network distance 

 

Notes: The red diamond shapes (corresponding to the right y-axis) represent the probability of adoption within 5 years 
following their introduction by potential adopters at various network distances. The bars show the distribution of a 
potential adopter’s network distance to the nearest innovator on each important new idea. The black bars represent all 
potential adopters and the grey bars represent actual adopters. 

One reason women’s ideas may be less likely to be adopted than men’s ideas is that women may 

be more likely to adopt other women’s ideas and women may be less well integrated into networks. 

We explore this possibility.  The left panel of Figure 3 shows that women are indeed less likely to 

adopt important new ideas, especially at the shortest distances. On the other hand, our data shows 

that women and men are similarly close to new ideas in networks. The mean distance to new ideas 

is 6.15 for women and 6.12 for men (both have a median distance of 6).  
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Figure 3. Gender and adoption rates 

 

Notes: The left panel shows the adoption rates for female and male potential adopters at each network distance. The 
right panel considers adoption rates by different gender combinations of the potential adopter and his or her closest 
innovator. FA and MA represent a female or male potential adopter. FI and MI indicate that the closest innovator is 
female or male respectively. We move the points at distance 1 down by two units for readability.  

    Given that women are less likely to adopt new ideas, the gender composition of potential 

adopters at each distance to innovators is potentially an important determinant of adoption. Let FI 

and MI represent whether, for a given potential adopter, the closest innovator of a given idea is 

female or male. FA and MA indicate the gender of a potential adopter, yielding four combinations: 

FI-FA, FI-MA, MI-FA and MI-MA. The right panel of Figure 3 (which has a spliced Y-axis for 

readability), depicts the adoption rates for each of the four combinations by network distance. Two 

points are noteworthy. First, for both genders, people are more likely to adopt the ideas of network-
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proximate innovators of their own gender.  Second, while at longer distances men are more likely 

to adopt the ideas of male innovators than women are to adopt the ideas of female innovators, at 

short distances (1 and 2), women are as likely to adopt the closet female innovator’s ideas as men 

are to adopt the ideas of male innovators. Thus, it is not the case that women are uniformly less 

likely to adopt new ideas of women than men. Interestingly, at short distances, the lowest adoption 

rate is by women potential adopters of the ideas of male innovators, followed by men’s adoption 

of women’s ideas. Overall, men’s lower adoption of women’s ideas – and there are more male 

than female biomedical authors – explains the lower adoption of women’s ideas, and women’s 

reluctance to adopt men’s ideas contributes to women’s lower adoption of new, important ideas. 

3.2 Descriptive results on race/ethnicity and experience 

  While our primary analysis is by gender, our methods apply to race and ethnicity and to career 

stage. Figure 4 provides estimates by race and ethnicity. Given that Asians, Blacks, and Hispanics 

are underrepresented, we classify an idea as having a substantial minority (Asian/Black/Hispanic) 

component if at least a fifth of innovators belong to that group. (The average idea is introduced by 

5 innovators (median=4), so for the average idea, we are effectively assuming that 1 of the 

innovators is a minority.) Ideas that do not make that threshold are classified as non-Hispanic, 

White. The left panel of Figure 4 shows the distribution of potential adopters’ network distance 

for the four groups of ideas.  Ideas with Asian and White innovators are similar in terms of network 

distance; however, ideas with at least 20% Hispanic or Black innovators are farther away from 

potential adopters. In terms of adoption rates, the right panel shows that, beyond a distance of 1, 

the ideas of White inventor teams have the highest adoption rates followed by ideas from Asian, 

Hispanic, and then Black innovators. (Interestingly, at distance 1, ideas with Hispanic innovators 
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are slightly more likely to be adopted than ideas by White innovators, while Asian and Black 

innovators’ ideas are much less likely to be adopted.) 

Figure 4. Race/ethnicity of the innovator 

 

Notes: The left panel shows the distribution of network distance of potential adopters to ideas belonging to different 
racial / ethnic groups. If at least 20% of the innovators of an idea are Hispanic, we categorize this ideas as having a 
substantial Hispanic contribution. If less than 20% of the innovators are Hispanic, but 20% or more of the innovators 
are Black, we categorize this idea as having a substantial Black contribution. If neither of these conditions are met, 
and at least 20% of the innovators are Asian, then the idea is identified as having a substantial Asian contribution. The 
remaining ideas are labeled White. The right panel shows the adoption rate of ideas for these four groups by potential 
adopters at each network distance. 

  Early career innovators are frequently viewed as highly innovative, but more marginal within the 

research community. We conclude our descriptive analysis with an analysis of the role of 

experience in the diffusion of new ideas. We measure a researcher’s experience using the number 

of years since his/her first publication. Innovators are younger than potential adopters on average 

- the average innovator has 9 years of experience compared to 16 years of experience for the 
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average potential adopter. We divide ideas by average innovator experience into three groups: zero 

to 10 years, 11 to 20 years, and more than 20 years. The left panel of Figure 5 shows that potential 

adopters are closest to ideas from mid-career inventor teams (those with an average experience of 

11-20 years). Strikingly, the right panel shows that ideas by the youngest innovator teams are most 

likely to be adopted at each network distance followed by ideas from mid-career and then older 

innovator teams. This is to say, mid-career innovators have better network connections, but ideas 

from the group of youngest innovators are more adopted for any given distance. The relative 

strength of the two competing forces determines which ideas have better overall adoption rates. 

We find that, overall, new ideas by the youngest have a higher adoption rate compared to those by 

mid-career innovators (0.17% vs 0.09%). 

Figure 5. Career age of innovators 
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Notes: The left panel shows the distribution of network distance of potential adopters to the innovators of ideas based 
on the average experience of the innovators. The right panel shows the adoption rate of ideas for these three groups 
by potential adopters at each network distance. 
 

3.3 Regression results 

  We investigate how innovator characteristics, potential adopter characteristics, and network 

distance interact to determine idea adoption rates using regressions of the form. 

𝐴𝐴𝑖𝑖,𝑗𝑗 = 𝛼𝛼0 + ∑ 𝛼𝛼𝑑𝑑 ⋅ 1(𝐷𝐷𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖,𝑗𝑗 = 𝑑𝑑)5
𝑑𝑑=1 + ∑ 𝛽𝛽𝑑𝑑 ⋅ 1(𝐷𝐷𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖,𝑗𝑗 = 𝑑𝑑) ⋅ 𝑋𝑋j𝑃𝑃𝑃𝑃5

𝑑𝑑=1         

+∑ 𝜂𝜂𝑑𝑑 ⋅ 1(𝐷𝐷𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖,𝑗𝑗 = 𝑑𝑑) ⋅ 𝑋𝑋𝑖𝑖,𝑗𝑗𝐼𝐼5
𝑑𝑑=1 + ∑ 𝜆𝜆𝑑𝑑 ⋅ 1(𝐷𝐷𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖,𝑗𝑗 = 𝑑𝑑) ⋅ 𝑋𝑋𝑗𝑗𝑃𝑃𝑃𝑃 ⋅ 𝑋𝑋𝑖𝑖,𝑗𝑗𝐼𝐼5

𝑑𝑑=1 + 𝛾𝛾𝑖𝑖 + 𝜌𝜌𝑗𝑗 +

𝑢𝑢𝑖𝑖,𝑗𝑗            (1) 

where 𝐴𝐴𝑖𝑖,𝑗𝑗 represents whether potential adopter 𝑗𝑗 adopts (or independently adopts) idea 𝑖𝑖 within 

five9 years of its first introduction and 𝐷𝐷𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖,𝑗𝑗 represents researcher 𝑗𝑗’s network distance to 

the closest innovator on idea 𝑖𝑖 in its birth year. We include a full set of distance dummies to account 

for a flexible pattern in the relationship between network distance and adoption rates. Distances 

greater than 5 have similar coefficients, and have been combined into one group, which is the 

excluded / reference group. The term 𝑋𝑋𝑗𝑗
𝑃𝑃𝑃𝑃 represents potential adopter 𝑗𝑗’s characteristics such as 

gender and experience10. The term 𝑋𝑋𝑖𝑖,𝑗𝑗𝐼𝐼 represents the characteristics of the innovator on idea i 

who is closest to potential adopter 𝑗𝑗 . 11  As discussed, our models contain idea fixed effects, 

represented by 𝛾𝛾𝑖𝑖 , which accounts for, among other factors, idea birth year differences, and 

potential adopter fixed effects, represented by 𝜌𝜌𝑗𝑗.  

                                                      
9 Results using ten years instead of five years after introduction are similar.   
10 We do not interact distance with race and ethnicity because the sample sizes of Hispanics and Blacks are small and 
are even smaller when divided by network distance so that the estimates are imprecise. 
11 Averages are taken in case that there are multiple innovators who are the same distance from a given potential 
adopter. 
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  There are three parameters of interest. First, 𝛼𝛼𝑑𝑑 captures how adoption declines with network 

distance. Given the inclusion of idea fixed effects, 𝛽𝛽𝑑𝑑 is identified from differences across people 

who are at different initial distances from the innovators of ideas. Ultimately, 𝛽𝛽𝑑𝑑 likely captures 

the causal effect of distance as well as the decline in the relevance of work as proximity to the 

innovators of that idea increase.  Second, 𝜂𝜂𝑑𝑑  represents how the characteristics of the closest 

innovator interact with network distance. Given the inclusion of distance and idea fixed effects, 

𝜂𝜂𝑑𝑑 is identified from how the adoption probability for the same idea declines with distance for 

potential adopters who are closest to a male innovator compared to those who are closest to a 

female innovator. Lastly, 𝜆𝜆𝑑𝑑 describes how the interaction between innovator characteristics and 

potential adopter characteristics varies with network distance. Given the inclusion of potential 

adopter fixed effects (as well as distance and idea fixed effects), if 𝑋𝑋 represents gender, 𝜆𝜆𝑑𝑑  is 

identified from the decline with distance in the probability of adopting an idea for male and female 

potential adopters when the closest innovator is a woman versus a man for the same adopter. 

  Table 2 provides estimates for our baseline regressions without interacted distance variables. The 

outcome variable in columns (1)-(2) is a binary indicator of adoption and that in columns (3)-(4) 

is independent adoption. We gradually expand the specification to incorporate additional control 

variables. All estimates are multiplied by 100 for scaling, so the coefficients can be interpreted as 

percentage point changes.  

  There are four main findings. First, the adoption probability decreases monotonically and 

substantially with network distance. The large magnitude of the coefficient for distance 1 indicates 

that immediate neighbors of the innovators of a new idea are substantially more likely to adopt the 

idea than those farther away. Including both sets of fixed effects does little to the coefficients on 

the distance dummies. Columns (4)-(6) present estimates for independent adoption. The baseline 
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rate of independent adoption is lower than that for any adoption, and the effects of distance in 

Columns (4)-(6) tend to be smaller in magnitude than those for any adoption, but otherwise the 

two sets of estimates are similar.  

Figure 6. Regression Estimates of Adoption by Gender of Innovator and Adopter 

 

Notes: The figure plots regression-based adoption rates from Column 2 of Table 3 by different gender combinations 
of the potential adopter and his or her closest innovator. FA and MA represent a female or male potential adopter. FI 
and MI represent that the closest innovator is female or male respectively. We move the points at distance 1 down by 
two units for readability. 

   Second, potential adopters closest to an innovator who is female, Asian, or Hispanic, are less 

likely to adopt that idea. But the estimates become insignificant after we control for both individual 

fixed effects and idea fixed effects. Third, in terms of characteristics of potential adopters, female 

scientists are 0.035% less likely to adopt new ideas in the first 5 years. Considering that the overall 

adoption rate is 0.12%, this gender effect is quite sizable. Compared to the reference group of 

Whites, Blacks and Hispanics are less likely to adopt new ideas. After controlling for individual 
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fixed effects (in Columns 2 and 5), gender, race and ethnicity are absorbed. Lastly, experience 

plays a different role for innovators and potential adopters. Ideas originated by younger or senior 

innovators are adopted more than those from middle-career innovators. Yet adoption rates decline 

monotonically with a potential adopter’s experience, suggesting that young researchers are more 

likely to try out new ideas. 

  Table 3 shows how the effect of network distance declines by the gender of the innovator and of 

the potential adopter. The estimates on the distance dummies are qualitatively similar to those in 

Table 2. The negative coefficients on the interaction terms between network distance and the 

closest innovator being a woman suggest that being close to a female innovator significantly 

decreases a researcher’s probability of adopting a new idea. Similarly, the interactions between 

network distance and potential adopter’s gender indicate that even when women are proximate to 

innovators of a new idea, they are less likely to adopt the idea, which is consistent with Figure 3.  

Interestingly, the model with three-way interactions between network distance, closest 

innovator gender, and potential adopter gender (reported in Column 2 and plotted in Figure 6) 

shows that, holding all else constant and compared to men, women are about as likely to adopt 

new ideas from female innovators as men are to adopt ideas from male innovators at short distances 

(1 and 2). However, the situation is different at larger distances, where both women and men 

(women more even so than men), are less likely to adopt a new idea when closest to a female 

innovator. In other words, women’s ideas are even more restricted to nearby potential adopters. 

These findings suggest that low adoption rates for those closest to women innovators arise because 

men are less likely to adopt women’s ideas even though they are only a step or two away from the 

innovators. 
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3.4 Decomposition analysis 

    To gauge the relative importance of factors in the lower adoption rates of women’s new ideas, 

we conduct a series of decomposition exercises. Our first decomposition focuses on the adoption 

of ideas based on the gender of innovators. The second set of decompositions studies the gender 

of potential innovators and potential adopters. The third decomposition focuses on the gender mix 

of the entire team of innovators. 

   Overall, the adoption rate of FIs is 10.6% lower than that of MIs. We begin with the estimates 

in Column (1) of Table 3 and explore the effects of differences in the distribution of network 

distances between female innovators and male innovators, ignoring the genders of potential 

adopters, which are excluded from Column (1) of Table 3. As shown in Column 1 of Table 4, if 

we give FIs the network connections of MIs12, while keeping the adoption rates unchanged at each 

distance, we can reduce the gender gap by 39% of the total difference. Women have fewer potential 

adopters at close distances and hence more at long distances (>5). Thus, giving FIs the network 

connections of MIs increases the adoption of FIs’ ideas at short distances, but actually decreases 

adoption at greater (>5) distances. (The effects increase in distance even though adoption rates 

decline with distance because the number of potential adopters increases substantially with 

distance.) Overall, 61% of the gap in adoption between FIs had MIs is due to a lower adoption rate 

for the ideas of FIs compared to MIs at each distance. 

   Next, we continue to consider models of adoption that also consider the gender of potential 

adopters. There are two natural counterfactuals to consider – we can (A) give women the same 

                                                      
12 We obtain the distribution of network distance for male innovators by restricting to new ideas with no female 
innovators. 
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gender mix of potential adopters as men or (B) give women the same mix of same-gender adopters 

as men. Our estimates for both decompositions use the estimates in Column (2) of Table 3, which 

includes potential adopter gender. If we give FIs the gender mix of potential adopters for MIs at 

each distance (i.e. more male researchers at each distance) but keep unchanged the distribution of 

distance and the adoption rates for all four combinations FI-FA, MI-FA, FI-MA, MI-MA, we find 

that the adoption rate of FIs’ ideas is largely unchanged. Intuitively, for FIs, replacing FAs with 

MAs reduces adoption at short distances (because nearby women have higher adoption rates for 

FIs than MAs), but it raises adoption at greater distances (because distant men actually have higher 

adoption rates for FIs than women, up until a distance of 5+). These two effects offset each other, 

leaving the adoption rates of FIs relative to MIs largely unchanged. Moreover, the effects are quite 

small because the difference in the gender distribution of potential adopters is not that great. 

   Because we find that the gender match between innovators and potential adopters plays an 

important role, we explore an alternative counterfactual using this model. Namely, we consider 

giving FIs as many same-gender potential adopters as MIs (i.e. giving FIs as many FAs as MIs 

have MAs while preserving the total number of potential adopters at each distance). Because most 

potential adopters are men, this counterfactual has a much larger effect on the gender mix of 

potential adopters than the previous counterfactual. At short distances (1 and 2) increasing the 

number of FAs for FIs to match the number of MAs for MIs increases adoption for FIs slightly. 

However, this effect is more than offset when we increase the number of FAs for FIs to match the 

number of MAs for MIs at larger distances. Intuitively, at short distances, FAs have much higher 

adoption rates than MAs for FIs, so increasing the number of FAs at short distances increases 

adoption for FIs. However, at long distances, FAs actually have lower adoption rates for FIs than 

MAs do. Consequently, at greater distances (>2), giving FIs as many FAs as MIs have MAs 
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actually reduces adoption for FIs. The overall effect of giving FIs the same share of same-gender 

adopters as MIs is actually to reduce adoption for FAs because the number of potential adopters at 

greater distances is so much larger than those nearby. 

   Our main findings from these decompositions are that the network positions of women and lower 

overall adoption for female innovators account respectively for roughly 40% and 60% of the lower 

adoption rates for female innovators. However, the gender mix of potential adopters is at best a 

small contributor to this gap. Rather, the gender gap arises even conditional on the gender mix of 

potential adopters 

   Our third decomposition returns to the analysis of teams from the introduction. Specifically, we 

study the gap in adoption between female-majority and male-majority ideas. By construction, 

people are more likely to be close to an FI than an MI on female majority ideas, but the two are 

not identical. How much does the lower adoption rate of FIs compared with MIs translate into 

differences in adoption rates of female majority ideas and female majority ideas? To answer this 

question, we consider two hypothetical ideas that represent respectively an average female 

majority idea and an average male majority idea. Both ideas have 5 innovators, which is the 

average number of innovators associated with a new idea. The hypothetical male majority idea 

has 12.7% (0.63) women innovators on the team; the hypothetical female majority idea has 

68.5% (3.4) women innovators on the team. By using the sample average distribution of network 

connections for MIs and FIs and the adoption rates at each distance given the gender of potential 

adopters at each distance, we find less adoption for FIs explains 37.6% of the difference in 

adoption rates for these two hypothetical ideas. 
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3.5 Robustness checks 

   One concern with our estimates is that when multiple teams introduce the same idea in the 

same year, it is possible that both teams developed the idea independently or that one team 

developed the idea first and the other adopted it quickly. To address this issue, Appendix Tables 

1 and 2 provide estimates for ideas introduced by single teams. The estimates are broadly similar 

to our main estimates. To probe the robustness of our results to the 5-year window for adoption, 

Appendix Tables 3 and 4 report estimates for adoption within 10 years of the introduction of an 

idea. 

4. Conclusion 

  This paper studies the diffusion of new ideas through networks and how diffusion is related to 

the age, gender, race and ethnicity of innovators and potential adopters. Network proximity to 

innovators of a new idea is associated with a higher rate of adoption. Using a novel, two-way fixed 

effects strategy, we explore two reasons why ideas introduced by female scientists are under-

utilized: first, female innovators are not as well-connected; second, even given a short distance, 

people are less likely to adopt ideas introduced by women, and this effect is particularly true for 

male potential adopters.  

  Although our analysis has focused on gender, we find concerning patterns for non-Hispanic 

Blacks and Hispanics, where their ideas are less likely to be adopted compared with non-Hispanic 

Whites. Our analysis suggests that this gap is not entirely because that they are more disadvantaged 

in terms of network positions. Younger researchers are disproportionately more likely to build on 

new ideas. Moreover, new ideas introduced by younger teams tend to be adopted even though 

young teams of innovators having worse network connections than middle-aged or older teams.   
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Table 1 Summary Statistics 

  
N Mean SD 

Panel A. Innovators 

Female 19,616 0.26 0.44 

Male 19,616 0.59 0.49 

Asian 19,616 0.15 0.36 

Black 19,616 0.006 0.077 

Hispanic 19,616 0.035 0.185 

White 19,616 0.80 0.40 

Career age 19,616 8.94 8.89 

Panel B. Potential adopters 

Female 536,987 0.33 0.47 

Male 536,987 0.52 0.50 

Asian 536,987 0.126 0.33 

Black 536,987 0.006 0.08 

Hispanic 536,987 0.040 0.20 

White 536,987 0.83 0.38 

Panel C. Potential adopter-idea pairs 

Adoption 7,417,333 0.12% 3.47% 

Independent adoption 7,417,333 0.11% 3.33% 

Network distance 7,417,333 6.15 0.85 

Career age 7,417,333 16.26 11.05 

Notes: Each observation is an innovator-idea in Panel A, a unique potential adopter in Panel B and a potential adopter-

idea pair in Panel C. In Panel A, it is possible that one innovator may be associated with multiple new ideas. Adoption 

(independent adoption) is a binary measure of whether a researcher (independently) adopts a new idea. The mean and 

standard deviation of (independent) adoption are multiplied by 100 so that they are in percentage points.  
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Table 2 Baseline regressions 

 Adoption Independent adoption 
 (1) (2) (3) (4) (5) (6) 

Distance=1 4.69007*** 4.66005*** 4.53431*** 3.08097*** 3.11940*** 3.00015*** 

 (0.2386) (0.0419) (0.0419) (0.1958) (0.0403) (0.0403) 

Distance=2 1.19889*** 1.18386*** 1.11433*** 1.04288*** 1.02971*** 0.96673*** 

 (0.0562) (0.0185) (0.0186) (0.0527) (0.0178) (0.0179) 

Distance=3 0.38670*** 0.35688*** 0.32064*** 0.35010*** 0.32368*** 0.29124*** 

 (0.0150) (0.0084) (0.0088) (0.0143) (0.0081) (0.0084) 

Distance=4 0.10943*** 0.09010*** 0.08167*** 0.09860*** 0.08090*** 0.07369*** 

 (0.0051) (0.0048) (0.0052) (0.0049) (0.0046) (0.0050) 

Distance=5 0.02808*** 0.01712*** 0.02081*** 0.02441*** 0.01423*** 0.01806*** 

 (0.0029) (0.0035) (0.0038) (0.0028) (0.0034) (0.0037) 

Characteristics of the Closest Innovators 

Female -0.01515*** -0.00847* -0.00150 -0.01479*** -0.00867** -0.00124 

 (0.0037) (0.0043) (0.0046) (0.0036) (0.0042) (0.0044) 

Asian -0.04232*** -0.04475*** 0.00396 -0.03753*** -0.03999*** 0.00576 

 (0.0058) (0.0065) (0.0069) (0.0056) (0.0062) (0.0067) 

Black -0.01340 -0.02135 0.00414 -0.01651 -0.02118 0.00205 

 (0.0309) (0.0327) (0.0335) (0.0292) (0.0315) (0.0322) 

Hispanic -0.02631*** -0.02043** -0.00016 -0.02563*** -0.02263** -0.00675 

 (0.0079) (0.0093) (0.0099) (0.0075) (0.0090) (0.0095) 

Career age  -0.00965*** -0.00802*** -0.00137** -0.00881*** -0.00732*** -0.00118** 

 (0.0005) (0.0005) (0.0006) (0.0005) (0.0005) (0.0006) 

Career age squared 0.00019*** 0.00017*** 0.00003** 0.00017*** 0.00015*** 0.00003* 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Characteristics of potential adopters 

Female -0.03528***   -0.03225***   

 (0.0029)   (0.0027)   

Asian -0.00449   -0.00537   

 (0.0044)   (0.0042)   

Black -0.02508*   -0.01759   

 (0.0151)   (0.0149)   

Hispanic -0.01226*   -0.01219*   

 (0.0073)   (0.0070)   

Career age  -0.00118***   -0.00079**   

 (0.0003)   (0.0003)   

Career age squared -0.00004***   -0.00004***   

 (0.0000)   (0.0000)   
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Indiv. f.e. No Yes Yes No Yes Yes 

Term f.e. No No Yes No No Yes 

N 7,417,333 7,312,046 7,312,013 7,417,333 7,312,046 7,312,013 

R squared 0.003 0.044 0.050 0.002 0.041 0.047 

Notes: The outcome variable for Columns (1)-(3) is a binary variable for adoption or not, and that for Columns (4)-

(6) is a binary variable for independent adoption or not. Independent adoption means that a potential adopter uses the 

idea in an article that is not coauthored with any of the original innovators of the idea. Adoption is measured by 

whether a person adopts each new idea within 5 years. All estimated coefficients are multiplied by 100. 
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Table 3 Gender and network distance 

 Adoption Independent adoption 

 (1) （2） （3） (4) 

Distance=1 4.57336*** 4.67588*** 3.01586*** 3.15696*** 

 (0.0448) (0.0515) (0.0430) (0.0495) 

Distance=2 1.12981*** 1.25227*** 0.98623*** 1.10689*** 

 (0.0198) (0.0228) (0.0191) (0.0219) 

Distance=3 0.33077*** 0.34412*** 0.30200*** 0.31564*** 

 (0.0093) (0.0107) (0.0090) (0.0102) 

Distance=4 0.08623*** 0.08132*** 0.07774*** 0.07169*** 

 (0.0055) (0.0062) (0.0053) (0.0060) 

Distance=5 0.02352*** 0.02017*** 0.02035*** 0.01676*** 

 (0.0040) (0.0046) (0.0039) (0.0044) 

FI*Distance=1 -0.32551** -0.61048*** -0.13737 -0.61244*** 

 (0.1265) (0.1511) (0.1216) (0.1453) 

FI*Distance=2 -0.12240** -0.29280*** -0.15566*** -0.31247*** 

 (0.0558) (0.0649) (0.0536) (0.0624) 

FI*Distance=3 -0.07346*** -0.05031* -0.07917*** -0.06638** 

 (0.0246) (0.0286) (0.0236) (0.0275) 

FI*Distance=4 -0.03014** -0.02022 -0.02674** -0.01657 

 (0.0136) (0.0159) (0.0131) (0.0153) 

FI*Distance=5 -0.01623 -0.01114 -0.01341 -0.00799 

 (0.0102) (0.0119) (0.0098) (0.0115) 

FI 0.01056* 0.00972 0.00990* 0.00907 

 (0.0056) (0.0065) (0.0054) (0.0062) 

FA*Distance=1  -0.41938***  -0.57746*** 

  (0.1041)  (0.1001) 

FA*Distance=2  -0.50040***  -0.49303*** 

  (0.0458)  (0.0440) 

FA*Distance=3  -0.05336**  -0.05449*** 

  (0.0208)  (0.0200) 

FA*Distance=4  0.01954*  0.02407** 

  (0.0116)  (0.0112) 

FA*Distance=5  0.01331  0.01431* 

  (0.0086)  (0.0082) 

FA*FI  0.00309  0.00310 

  (0.0120)  (0.0115) 

FA*FI*Distance=1  1.01559***  1.66803*** 
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  (0.2770)  (0.2663) 

FA*FI*Distance=2  0.68271***  0.63063*** 

  (0.1270)  (0.1221) 

FA*FI*Distance=3  -0.08420  -0.04524 

  (0.0556)  (0.0534) 

FA*FI*Distance=4  -0.03815  -0.03935 

  (0.0303)  (0.0292) 

FA*FI*Distance=5  -0.01948  -0.02072 

  (0.0227)  (0.0218) 

N 7,312,013 7,312,013 7,312,013 7,312,013 

R squared 0.050 0.050 0.047 0.047 

Notes: The outcome variable for Columns (1)-(2) is a binary variable for adoption or not, and that for Columns (3)-

(4) is a binary variable for independent adoption or not. Independent adoption means that a potential adopter uses the 

idea in an article that is not coauthored with any of the original innovators of the idea. Adoption is measured by 

whether a person adopts each new idea within 5 years. FI and MI indicate the gender of the closest innovator. FA and 

MA indicate the gender of a potential adopter. All estimated coefficients are multiplied by 100. All regressions control 

for individual fixed effects and idea fixed effects.  
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Table 4. Decompositions of Differences in Adoption 

Distance 1) Female innovators have 
the same distribution of 
network distance as male 
innovators 

2) Counterfactual scenarios for the gender of potential 
adopters, by distance 

2A) Same gender mix as MI 2B) Same gender-match as 
MI 

1 9.1% -0.37% 1.86% 

2 9.9% -0.15% 3.37% 

3 14.9% 0.58% -12.92% 

4 21.7% 0.29% -5.69% 

5 29.6% 0.16% -2.80% 

>5 -46.7% -0.35% 5.47% 

Overall 38.49% 0.15% -10.72% 

Notes: Decomposition exercises based on estimates from Table 3. Column 1 is based on Column 1 of Table 3. Columns 

2A and 2B are based on column 2 of Table 3. The adoption rate of FIs is 10.6% lower than that of MIs. The estimates 

show how much each change would reduce this gap as a share of the gap at the indicated distance and overall. 
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Appendix 
The following tables repeat the regressions using the single-team subsample. 

Appendix Table 1. Baseline regressions, single team ideas 

 Adoption Independent adoption 
 (1) (2) (3) (4) (5) (6) 

Distance=1 3.32986*** 3.59127*** 3.54726*** 2.23005*** 2.46538*** 2.41613*** 

 (0.3527) (0.0599) (0.0601) (0.2912) (0.0577) (0.0578) 

Distance=2 0.67176*** 0.66524*** 0.67811*** 0.59072*** 0.57731*** 0.59000*** 

 (0.0777) (0.0273) (0.0275) (0.0731) (0.0263) (0.0264) 

Distance=3 0.26722*** 0.23788*** 0.26015*** 0.24478*** 0.21679*** 0.23847*** 

 (0.0224) (0.0122) (0.0126) (0.0215) (0.0117) (0.0121) 

Distance=4 0.08590*** 0.06235*** 0.08675*** 0.07970*** 0.05710*** 0.08054*** 

 (0.0074) (0.0066) (0.0071) (0.0072) (0.0063) (0.0069) 

Distance=5 0.01936*** 0.00273 0.02050*** 0.01780*** 0.00215 0.01910*** 

 (0.0037) (0.0046) (0.0050) (0.0036) (0.0044) (0.0048) 

Characteristics of the Closest Innovators 

Female -0.00167 0.00112 -0.01064* -0.00285 -0.00041 -0.01067* 

 (0.0046) (0.0054) (0.0057) (0.0044) (0.0052) (0.0055) 

Asian -0.02137*** -0.02141*** 0.00443 -0.01857*** -0.01884** 0.00520 

 (0.0067) (0.0080) (0.0086) (0.0065) (0.0077) (0.0083) 

Black -0.03710 -0.04819 -0.03840 -0.03087 -0.03511 -0.02751 

 (0.0260) (0.0379) (0.0394) (0.0259) (0.0365) (0.0379) 

Hispanic 0.02611** 0.03511*** 0.01458 0.01921* 0.02613** 0.00483 

 (0.0119) (0.0115) (0.0122) (0.0112) (0.0111) (0.0118) 

Career age  -0.00479*** -0.00444*** -0.00108 -0.00440*** -0.00413*** -0.00103 

 (0.0006) (0.0007) (0.0007) (0.0006) (0.0006) (0.0007) 

Career age squared 0.00010*** 0.00010*** 0.00003* 0.00009*** 0.00009*** 0.00003* 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Characteristics of potential adopters 

Female -0.02356***   -0.02234***   

 (0.0034)   (0.0032)   

Asian -0.00678   -0.00957**   

 (0.0050)   (0.0048)   

Black -0.02396   -0.01881   

 (0.0162)   (0.0162)   

Hispanic 0.00616   0.00591   
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 (0.0094)   (0.0091)   

Career age  -0.00024   -0.00027   

 (0.0004)   (0.0004)   

Career age squared -0.00003***   -0.00003***   

 (0.0000)   (0.0000)   

Indiv. f.e. No Yes Yes No Yes Yes 

Term f.e. No No Yes No No Yes 

N 3,152,579 3,033,040 3,033,014 3,152,579 3,033,040 3,033,014 

R squared 0.002 0.073 0.076 0.001 0.071 0.074 

Notes: The outcome variable in Columns (1)-(3) is a binary variable on adoption or not, and that in Columns (4)-(6) 

is a binary variable for independent adoption or not. Independent adoption means that a potential adopter uses the idea 

in an article that is not coauthored with any of the original innovators of the idea. Adoption is measured by whether a 

person adopts each new idea within 5 years. All estimated coefficients are multiplied by 100. The sample is restricted 

to ideas that were introduced by a single team in their year of introduction. 
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Appendix Table 2. Gender and network distance, single team ideas 

 Adoption Independent adoption 

 (1) （2） （3） (4) 

Distance=1 3.52532*** 3.68176*** 2.48066*** 2.44739*** 

 (0.0642) (0.0741) (0.0618) (0.0713) 

Distance=2 0.69027*** 0.76546*** 0.61920*** 0.71487*** 

 (0.0292) (0.0333) (0.0281) (0.0320) 

Distance=3 0.26371*** 0.27506*** 0.24204*** 0.25643*** 

 (0.0133) (0.0151) (0.0128) (0.0145) 

Distance=4 0.08857*** 0.09369*** 0.08213*** 0.08601*** 

 (0.0075) (0.0084) (0.0072) (0.0081) 

Distance=5 0.02365*** 0.02578*** 0.02181*** 0.02444*** 

 (0.0052) (0.0059) (0.0050) (0.0057) 

FI -0.00330 -0.00363 -0.00294 -0.00255 

 (0.0067) (0.0077) (0.0064) (0.0074) 

FI*Distance=1 0.16604 -0.58539*** -0.52749*** -1.57705*** 

 (0.1815) (0.2203) (0.1747) (0.2120) 

FI*Distance=2 -0.09978 -0.03172 -0.24352*** -0.27501*** 

 (0.0838) (0.0969) (0.0807) (0.0933) 

FI*Distance=3 -0.02636 -0.01366 -0.02703 -0.03166 

 (0.0369) (0.0428) (0.0355) (0.0412) 

FI*Distance=4 -0.01139 0.00476 -0.00977 0.00543 

 (0.0192) (0.0222) (0.0185) (0.0214) 

FI*Distance=5 -0.02279* -0.01456 -0.01937 -0.01306 

 (0.0134) (0.0156) (0.0129) (0.0150) 

FA*Distance=1  -0.62784***  0.13540 

  (0.1484)  (0.1429) 

FA*Distance=2  -0.32670***  -0.41629*** 

  (0.0691)  (0.0665) 

FA*Distance=3  -0.04796  -0.06097** 

  (0.0303)  (0.0292) 

FA*Distance=4  -0.02134  -0.01657 

  (0.0162)  (0.0156) 

FA*Distance=5  -0.00881  -0.01102 

  (0.0113)  (0.0109) 

FA*FI  0.00085  -0.00181 

  (0.0143)  (0.0138) 

FA*FI*Distance=1  2.43089***  3.15004*** 
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  (0.3904)  (0.3758) 

FA*FI*Distance=2  -0.23771  0.16181 

  (0.1931)  (0.1859) 

FA*FI*Distance=3  -0.04627  0.02082 

  (0.0840)  (0.0809) 

FA*FI*Distance=4  -0.06224  -0.05895 

  (0.0435)  (0.0419) 

FA*FI*Distance=5  -0.03100  -0.02356 

  (0.0302)  (0.0290) 

N 3,033,014 3,033,014 3,033,014 3,033,014 

R squared 0.076 0.076 0.074 0.074 

Notes: The outcome variable in Columns (1)-(2) is a binary variable on adoption or not, and that in Columns (3)-(4) 

is a binary variable for independent adoption or not. Independent adoption means that a potential adopter uses the idea 

in an article that is not coauthored with any of the original innovators of the idea. Adoption is measured by whether a 

person adopts each new idea within 5 years. FI and MI indicate the gender of the closest innovator. FA and MA 

indicate the gender of a potential adopter. All estimated coefficients are multiplied by 100. All regressions control for 

individual fixed effects and idea fixed effects. The sample is restricted to ideas that were introduced by a single team 

in their year of introduction. 
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The following tables provide robustness checks using the outcome variable for adoption within 

10 years following the introduction of new ideas. 

Appendix Table 3. Baseline regressions (adoption within 10 years) 

 Adoption Independent adoption 

 (1) （2） （3） （4） （5） (6） 

Distance=1 6.47232*** 6.56447*** 6.38140*** 4.33168*** 4.43425*** 4.25607*** 

 (0.2786) (0.0637) (0.0635) (0.2322) (0.0620) (0.0619) 

Distance=2 2.25819*** 2.18658*** 2.07066*** 1.99516*** 1.93206*** 1.82402*** 

 (0.0781) (0.0284) (0.0285) (0.0738) (0.0276) (0.0277) 

Distance=3 0.74240*** 0.65922*** 0.61870*** 0.67850*** 0.59834*** 0.56142*** 

 (0.0213) (0.0129) (0.0134) (0.0205) (0.0125) (0.0130) 

Distance=4 0.22104*** 0.16413*** 0.17732*** 0.20854*** 0.15287*** 0.16664*** 

 (0.0076) (0.0073) (0.0080) (0.0074) (0.0071) (0.0078) 

Distance=5 0.05295*** 0.01569*** 0.04208*** 0.04887*** 0.01289** 0.03896*** 

 (0.0045) (0.0054) (0.0058) (0.0044) (0.0052) (0.0057) 

Characteristics of the Closest Innovators 

Female -0.03883*** -0.03011*** -0.00941 -0.03783*** -0.02930*** -0.00997 

 (0.0057) (0.0066) (0.0069) (0.0055) (0.0064) (0.0068) 

Asian -0.11076*** -0.13698*** -0.02917*** -0.10609*** -0.13205*** -0.02932*** 

 (0.0087) (0.0099) (0.0106) (0.0084) (0.0096) (0.0103) 

Black 0.01766 0.02571 0.03498 0.02792 0.03547 0.04237 

 (0.0512) (0.0500) (0.0511) (0.0507) (0.0487) (0.0498) 

Hispanic -0.03507*** -0.03485** -0.00082 -0.03290*** -0.03255** -0.00279 

 (0.0125) (0.0143) (0.0151) (0.0122) (0.0139) (0.0147) 

Career age  -0.02189*** -0.01989*** -0.00469*** -0.02108*** -0.01935*** -0.00497*** 

 (0.0008) (0.0008) (0.0009) (0.0008) (0.0008) (0.0009) 

Career age squared 0.00043*** 0.00042*** 0.00011*** 0.00041*** 0.00040*** 0.00011*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Characteristics of potential adopters 

Female -0.07183***   -0.06770***   

 (0.0044)   (0.0043)   

Asian -0.01699**   -0.01658***   

 (0.0066)   (0.0064)   

Black -0.04235*   -0.02917   

 (0.0239)   (0.0238)   

Hispanic -0.03240***   -0.03172***   

 (0.0110)   (0.0107)   
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Career age  0.00183***   0.00199***   

 (0.0005)   (0.0005)   

Career age squared -0.00017***   -0.00017***   

 (0.0000)   (0.0000)   

Indiv. f.e. No Yes Yes No Yes Yes 

Term f.e. No No Yes No No Yes 

N 7,417,387 7,312,328 7,312,294 7,417,387 7,312,328 7,312,294 
R squared 0.003 0.043 0.054 0.002 0.041 0.052 

Notes: The outcome variable in Columns (1)-(3) is a binary variable on adoption or not, and that in Columns (4)-(6) 

is a binary variable for independent adoption or not. Independent adoption means that a potential adopter uses the idea 

in an article that is not coauthored with any of the original innovators of the idea. Adoption is measured by whether a 

person adopts each new idea within 10 years. All estimated coefficients are multiplied by 100.  
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Appendix Table 4. Gender and network distance (adoption within 10 years) 

 Adoption 
  (1) （2） （3） (4) 

Distance=1 6.54984*** 6.77339*** 4.38007*** 4.56841*** 

 (0.0679) (0.0782) (0.0661) (0.0762) 

Distance=2 2.09161*** 2.17466*** 1.84556*** 1.92167*** 

 (0.0304) (0.0348) (0.0296) (0.0339) 

Distance=3 0.62850*** 0.66606*** 0.57042*** 0.60807*** 

 (0.0142) (0.0162) (0.0138) (0.0158) 

Distance=4 0.18126*** 0.18830*** 0.17054*** 0.17804*** 

 (0.0084) (0.0095) (0.0082) (0.0092) 

Distance=5 0.04296*** 0.03815*** 0.03954*** 0.03495*** 

 (0.0061) (0.0070) (0.0060) (0.0068) 

FI*Distance=1 -1.36499*** -1.65844*** -1.00936*** -1.27984*** 

 (0.1913) (0.2286) (0.1863) (0.2227) 

FI*Distance=2 -0.15936* -0.00276 -0.16445** -0.03512 

 (0.0846) (0.0976) (0.0824) (0.0950) 

FI*Distance=3 -0.06436* -0.04312 -0.05869 -0.03276 

 (0.0374) (0.0437) (0.0364) (0.0425) 

FI*Distance=4 -0.01760 -0.04027* -0.01796 -0.04433* 

 (0.0206) (0.0242) (0.0201) (0.0235) 

FI*Distance=5 0.00451 0.02497 0.00642 0.02681 

 (0.0155) (0.0181) (0.0151) (0.0177) 

FI -0.00154 -0.00143 -0.00284 -0.00291 

 (0.0085) (0.0098) (0.0083) (0.0096) 

FA*Distance=1  -0.90788***  -0.76478*** 

  (0.1575)  (0.1534) 

FA*Distance=2  -0.34305***  -0.31437*** 

  (0.0704)  (0.0686) 

FA*Distance=3  -0.15175***  -0.15220*** 

  (0.0317)  (0.0309) 

FA*Distance=4  -0.02752  -0.02939* 

  (0.0177)  (0.0172) 

FA*Distance=5  0.01890  0.01799 

  (0.0130)  (0.0127) 

FA*FI  -0.00086  -0.00018 

  (0.0183)  (0.0178) 

FA*FI*Distance=1  1.12978***  1.02682** 
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  (0.4184)  (0.4076) 

FA*FI*Distance=2  -0.61730***  -0.50882*** 

  (0.1955)  (0.1905) 

FA*FI*Distance=3  -0.06688  -0.08398 

  (0.0842)  (0.0821) 

FA*FI*Distance=4  0.08324*  0.09685** 

  (0.0461)  (0.0449) 

FA*FI*Distance=5  -0.07570**  -0.07538** 

  (0.0345)  (0.0336) 

N 7,312,294 7,312,294 7,312,294 7,312,294 

R squared 0.054 0.054 0.052 0.052 

Notes: The outcome variable in Columns (1)-(2) is a binary variable on adoption or not, and that in Columns (3)-(4) 

is a binary variable for independent adoption or not. Independent adoption means that a potential adopter uses the idea 

in an article that is not coauthored with any of the original innovators of the idea. Adoption is measured by whether a 

person adopts each new idea within 10 years. FI and MI indicate the gender of the closest innovator. FA and MA 

indicate the gender of a potential adopter. All estimated coefficients are multiplied by 100. All regressions control for 

individual fixed effects and idea fixed effects.  
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