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Abstract:  

 

It has long been noted that women in STEM fields have poor quality networks compared to men. 

In this article, we question whether the network deficits women face are insurmountable. Using 

data on more than 3,500 scientists over a twenty year period, we study the influence of scientific 

productivity on the status of scientists’ network affiliates. We find that scientists have greater 

access to high status affiliates as their productivity improves, and that women receive greater 

gains to their networks from productivity than men. Our findings suggest differential returns to 

productivity by gender, and highlight the benefits women’s networks receive when organizations 

use objective criteria like productivity, versus ascribed characteristics such as gender, in network 

allocation decisions. 

 

One Sentence Summary:  

The results of this paper show that when scientific productivity is used as a basis for allocating 

scientists to high quality networks, this has a disproportionately positive effect on the networks 

of women. 
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Main Text:  

 A well-recognized problem within STEM fields is that women have poor quality networks 

compared to their male counterparts. Research shows women in scientific arenas lack networks, 

including social ties to mentors and role models that prompt scientific career pursuits (1, 2). Women 

that enter scientific domains are often remiss of networks that generate visibility, social support and 

legitimacy required for scientific careers (3, 4). As a result, poor quality networks contribute to the 

“leaky pipeline” in science, whereby women retreat from STEM fields at various points during their 

careers.  

Studies suggest men’s and women’s networks differ for a number of reasons. Some studies 

suggest women invest less time developing professional relationships due to competing domestic 

responsibilities (5). Other studies suggest even if women could devote more time to developing 

professional relationships, it would matter little because they face exclusion in networks (6, 7).  Due 

to homophily, or the well-established phenomenon of “birds of a feather flocking together,” male 

scientists have a natural tendency to form relationships with other men, leading women to be isolated 

in male-dominated fields (8). Additionally, research from social psychology on stereotypes suggest 

women face difficulty gaining access to networks because they are believed to be less useful network 

exchange partners than men (9,10). 

Existing research has led to important insights about why networks differ for men and 

women.  Yet we know little about the basis through which networks for women improve.  In this 

article we question whether the network deficits women face are insurmountable, and investigate a 

pathway through which women can ‘catch up’ to men in network quality. If there are means through 

which women catch up to men in social resources, it would be important to have evidence along this 

score.  For instance, if returns differ for women and men across behaviors that improve networks, 

these would be important to reveal.   
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The notion that men and women have differential returns to behavior has long been noted in 

literature on labor markets (11, 12). Research on labor markets suggests women receive lower wages 

than men because employers may (non-consciously) use gender as a proxy for undesired conduct, 

such as early exit from the workforce or a lack of commitment to the workplace. However, an 

attribute that conveys information about the quality of workers – i.e. a signal like education – yields 

differential returns to men and women (13). For example, women receive greater improvements in 

wages than men when they possess high quality signals such as a higher-educational degree (14, 15). 

Using a similar logic, we expect men and women have differential improvements to networks 

in the presence of a quality signal.  In scientific and technical fields, competency is associated with 

masculinity, and as a result women may be implicitly viewed as less legitimate members of STEM 

professions (2, 16). Because of these biases a signal of quality – i.e. scientific productivity – is a 

more notable attribute for women. We test the hypothesis that scientists are allocated to higher 

quality networks as their productivity improves, but that the influence of productivity on network 

quality is stronger for women than men. 

 We test our hypothesis by investigating how scientists are allocated to collaborative teams.  

Teams are increasingly important for the production of knowledge in both industry and academia 

(17). Studying teams as a type of collaboration network is common in network studies (18). Teams 

provide opportunities for scientists to acquire new knowledge and skills as they exchange 

information and ideas with peers, and are a particularly important type of network for women. Given 

homophily in informal networks such as friendship or task advice networks, teams offer social 

resources to women that might otherwise be difficult for them to obtain (19-21).  

The data for the study comes from the patent records of a R&D organization in the chemical 

industry.  We investigate the influence of a focal scientist’s scientific productivity on the status of the 
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team members he or she collaborates with on projects.  Team member status is an indication of the 

quality of a focal scientist’s network affiliates or team members. Research indicates that when work 

is done in collaboration with high status team members, it is viewed as more legitimate and valuable 

than work done with low status individuals (22).  Additionally, work done in collaboration with high 

status affiliates is more visible, leading to increased resources for the production of knowledge (23). 

The organization for the study, ChemCo (a pseudonym), was selected after conducting 

interviews with its R&D managers. We learned from ChemCo’s R&D managers that scientists in the 

organization do not choose team members but rather are assigned to projects and teams by 

supervisors. This is an important aspect of this research context, because it removes the possibility 

that scientists’ relational preferences determine their work teams. Our data is on all scientists in the 

organization that worked on teams from 1980-2000. The data set is comprised of 3,575 unique 

scientists in the organization and we study their placement into 8,718 teams. 

To study the impact of a focal scientist’s productivity on the status of her network affiliates, 

we construct a status measure that indicates the degree to which other scientists in the organization 

have previously cited the affiliate’s (i.e. team member’s) work.  This is consistent with a definition of 

status as the degree to which an individual is the object of deference by others (24). We adopt a 

measure of affiliate status using patent citations. In the realm of technology creation, citing a patent 

is an indication that another’s work has been fundamental to one’s own ideas (25).  Our measure of 

network affiliate status is the degree to which any other scientists at ChemCo cite the team member’s 

patents.  We define the status of a team member as follows: 
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where Dit is the status of the team member i at time t, and Cjit is coded a 1 when the team 

member i is cited by another inventor j within the organization during the interval t, and Lt is the total 

number of patent citations accruing to all inventors during the interval t.  The restriction 𝑖 ≠ 𝑗 

removes self-citations.  We measure status using the citations by inventors at ChemCo in the five 

years prior to a scientist being placed into a team (i.e. the first five year window is 1975-1979).  We 

aggregated network affiliate status to the focal scientist level by measuring the maximum status of the 

team members with whom a scientist is placed whenever the focal scientist is placed on a new team 

(see the supplemental materials for the additional analysis using the average status of team 

members). The maximum status of team members has a mean value of 8 x 10-4 indicating that on 

average, focal scientists were placed into networks where the highest status affiliate received 0.08% 

of all patents citations made in the prior five years.  As an example, Figure 1 displays the 

collaborative team networks of two scientists from our data. 

Figure 1. Network Diagrams of Collaborative Team Networks

 

 

Diagram of team member networks for two scientists in the data set.  The status of each of the team 

members is given next to each node (multiplied by 103).The grey shaded circles indicate the focal scientists 

and the red circles indicate their network affiliates. 

 

Scientist A Scientist B 
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Our productivity measure is the number of patents that accrued to a scientist prior to his or 

her placement on a scientific team (26, 27).  The female variable is dichotomous variable equal to 

one if an inventor is a women, and zero otherwise.  Consist with prior gender studies (28), we 

consulted name books to classify scientists by gender (see the supplementary materials for additional 

discussion on identifying and classifying scientists and the covariates included in the analysis). 

We used propensity score matching to rebalance the sample before analyzing the data. In this 

sample, approximately 7% of the scientists are women. Further assessments of the subsamples by 

gender indicate that significant differences exist in the tenure, productivity, and the size of teams in 

which scientists were placed (p < 0.01, χ2 test), which could bias the results if left unaddressed. A 

propensity score approach using nearest neighbor matching with caliper (ɛ < 0.25ơp) was used to 

rebalance the sample (29).  Post-matching χ2 tests reveal no meaningful differences in covariates 

across groups in the balanced sample. Figure 2 below provides plots of propensity scores before and 

after matching. 

Figure 2. Kernel Density Plots of the Estimated Propensity Score for Full and Matched Data 

    Full Data                            Matched Data
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Table 1 shows our results.  The models are run using OLS with control variables and year 

dummy variables.  Consistent with our hypothesis, the first set of models (1a and 2a) show a strong 

and statistically significant effect of productivity on the status of scientists’ affiliates on teams (p < 

0.01). A one-standard deviation increase in the number of patents a scientist has leads to a 8.7% and 

14.1% standard deviation increase in maximum status of team affiliates in the models using the 

unbalanced and balanced samples, respectively.  The results indicate there is no main effect for 

gender.  As stated previously, scientists did not get to choose their collaborative team networks based 

on relational preferences, which may have dampened a gender main effect.   

Table 1. Ordinary Least Squares Models of Network Affiliate Status 

 
All coefficients and standard errors are multiplied by 104. 
Robust standard errors are in parentheses;  
Significance levels are: **p < 0.01; *p < 0.05, †p < 0.1 (two-tailed hypothesis tests) 

 

 Next, we turn our attention to whether gender amplifies the relationship between productivity 

and placement onto teams with high status affiliates.  In the models we include an interaction term 

between a female dummy variable and scientific productivity.  Our results show that women receive 

greater returns to productivity than men, as indicated by the positive and statistically significant 

interaction effect (p < 0.01, see the supplementary analysis for robustness checks).   We show the 

(1a) (1b) (2a) (2b)

Productivity 0.40 ** 0.37 ** 0.53 * 0.28 †

(0.06)    (0.06)    (0.12)    (0.15)    

Female 0.78 -0.69 1.22 -0.20

(0.93)    (1.01)    (1.31)    (1.40)    

Female x Productivity 0.61 ** 0.64 *

(0.18)    (0.23)    

Constant -5.48 ** -5.46 ** -5.50 † -5.29 †

(0.32)    (0.32)    (2.92) (2.91)

Scientist Controls Yes Yes Yes Yes

Patent Controls Yes Yes Yes Yes

Year Dummy Variables Yes Yes Yes Yes

N 8718 8718 1012 1012

Max Status                                    

(Unbalanced Sample)

Max Status                               

(Balanced Sample)
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nature of this interaction effect in Figure 3. The interaction graphs suggest that prior to patenting, 

women may be start off with a disadvantage in being placed with high status network affiliates, but 

this advantage diminishes as productivity improves.  

Figure 3. Effect of Gender and Productivity on Network Affiliate Status 

 

 

 

 In conclusion, most prior research on gender and networks has focused on why network 

differences for men and women exist.  This article takes a different approach by examining the way 

in which structural disparities are lessened. Using logic similar to signaling theory in labor 

economics, we hypothesize and show that scientific productivity has a comparatively more positive 

impact on networks for women than men. 

This study not only provides insights into how women’s networks improve but important 

implications for policy.  The findings of this study are consistent with research suggesting that 

women benefit when organizations and institutions formalize workplace procedures (30). For 

example, studies have found women are more likely to receive salary increases when organizations 

provide formal guidelines for raises and hold supervisors accountable for executing these guidelines 

(31). In a similar vein, our results suggest that formal policies emphasizing objective criteria such as 

productivity in network allocation decisions rather than ascribed characteristics such as gender have a 
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disproportionately positive effect on women’s networks, shedding light on how such policies may 

help to lessen or even eradicate gender gaps in social resources. 
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Supplementary Materials: 

 

Materials and Methods 

 

We investigate the allocation of scientists into collaborative team networks at ChemCo (a 

pseudonym), a company in the chemicals industry.  The chemicals industry attracts a relatively high 

proportion of women scientists, and women have a stronger track record of patenting in the 

chemicals industry than in other comparable industries (28). From 1977-1996 the largest share of 

utility patents granted to women was in the area of chemical technologies, and there were a greater 

portion of women this technology space than in electrical and mechanical technologies combined 

(see Figure S1). 

Three main criteria were used to select our research setting.  First, the organization that we 

chose needed to have multiple observations of the allocation of scientists to collaborative team 

networks. Second, we needed to study an organization that employed enough women to yield 

statistical power for our analysis.  Finally, we sought an organization that placed scientists into 

collaborative team networks to work on projects through sorting processes that were executed by 

R&D managers rather than the scientists themselves. The last criterion reduced the possibility that 

relational preferences were determining scientists’ teams.   

The first author of the study had contacts at Chemco and therefore could arrange interviews 

with R&D directors in the organization.  The interviews with R&D directors indicated that Chemco 

fit the criteria for the study. First, the organization’s managers were responsible for allocating 

scientists to collaborative team networks. Second, the organization had a long history of employing 

female scientists.  Third, the managers indicated that patent records submitted to the United States 

Patent and Trademark Office (USPTO) containing the names of scientists on projects captured the 

majority of the R&D activity in the organization.  That is, the organization’s IP strategy involved 
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submitting all technological inventions to the USPTO for patent approval. The managers suggested 

that by gathering archival data on patent records we would have collaborative work histories of 

scientists in their organization. 

Data Source – Archival Analysis 

We began with the patent records of the firm from data that was made publicly available 

through the National Bureau of Economic Research that included the names of inventors on patents 

(32).  We gathered the patent records of patents applied for at ChemCo from 1980-2000. Next we 

identified unique scientists at ChemCo.  On patent records the same person may appear with slightly 

different names, initials, or surnames.  Before using the patent data, researchers commonly apply a 

name-matching algorithm to identify focal scientists in the sample and assign them unique IDs (33).  

We began by identifying possible unique name IDs using Soundex, a SAS program that matches 

names phonetically. This program is used to identify errors and name misspellings in patent data. 

The Soundex program provided a first-cut of possible matches to inspect further by indicating 

which scientists had the same first and last names. Scientists at ChemCo were located in multiple 

cities and towns within the U.S.  We followed prior approaches to identifying unique inventors on 

patents and assigned inventors the same unique identification number based on their name, city, and 

frequency of their name in the overall U.S. population (34). We assigned inventors in our sample the 

same unique inventor ID if either of these two conditions were met. 

1) The inventors had the same first, middle, and last names and city/town. 

 

2) The inventors were located in different cities/towns, but had the same first and last 

names, and the frequency of their first and last names both occur in less than 0.01% of 

the population.  
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Sometimes researchers require unique scientists not only match on names and location, but 

also according to patent technology classes, co-inventors, or citation patterns (34).  A difference in 

our study is that we investigate the networks of inventors within a single organization. This increases 

our confidence that when inventors appear with the same full name and are in the same city, or have 

a very rare name even if they are located at a different cities or towns, that they are the same 

inventor. Our matching procedure yielded 3,575 unique inventors on ChemCo patents during the 

twenty-year period.  

We constructed a cross-sectional pooled data set of inventor-patent observations.  Each of a 

focal scientist’s patents was linked to him or her in order of the patent application date.  Patent 

application dates a good indication of when work occurred.  See Figure S2 for an example of how the 

data set is arranged. 

Dependent Variables 

The dependent variable is the status of a focal scientist’s network affiliates or teammates on a 

patent, and was constructed as specified above. We measure the maximum status of the team 

members with whom a scientist is placed whenever the scientist (focal actor) is placed on a new 

team. Additionally, we measured the average status of team members each time the scientist (focal 

actor) is placed on a new team. 

Explanatory Variables 

Our scientific productivity measure is the number of patents that accrued to a scientist prior to 

his or her placement on a scientific team. The USPTO grants patents to inventors only when they 

have developed technologies, products, and processes that are both novel and useful as assessed by 

patent examiners.  Research suggests the number of patents is a key measure of scientific 

performance within industrial settings (26, 27). A primary goal of scientists in industry is to 



14 
 

commercialize technologies.  USPTO grants patents to inventor only when they have developed 

technologies that are novel and useful as assessed by patent examiners.  Furthermore, our interviews 

with the R&D managers suggested patent productivity is a meaningful way in which scientists in this 

organization are assessed.  That is, interviews suggested that managers in the organization viewed 

success in developing patentable technologies as an important metric when evaluating the 

performance of scientists. 

Of the 8,718 focal scientist-team observations in our data set, 34% of the time scientists had 

no prior patents before being placed on a project, 17% of the time scientists had one patent, and the 

remainder of the time they had two or more.  The maximum status of team members has a mean 

value of 8 x 10-4 (average status a mean value of 5 x 10-4) meaning that on average, scientists were 

placed into networks where the highest status affiliate received 0.08% of all patent citations made in 

the prior five years.   

The female variable is dichotomous variable equal to one if an inventor is a women, and zero 

otherwise.  Consist with prior studies of gender (26) we consulted name books (35) to classify 

scientists’ gender. The authors and a research assistant classified each of the names.  Where there 

were disagreements we concluded that names were too ambiguous or androgynous, so these 

scientists were dropped from the analysis.  There were 248 female scientists, or 7% of the scientists 

in the data.  

Control Variables 

We include several control variables that may affect the relationship between scientific 

productivity and the allocation of individuals into teams with high status individuals.  We control for 

tenure which we measure as the difference in years between the application year on a patent, and the 

year that an inventor first appears in the data (assessed by looking at the patent records starting in the 
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five year window prior to the study).  Additionally, we include a measure of the average tenure of 

teammates to address cohort effects. Namely, it may be the case that individuals are grouped with 

affiliates merely because they entered the organization during a similar time period, not because their 

scientific productivity generates this access. 

We additionally control for the frequency of patents within patent class.   The number of 

patents applied for varies across patent classes.  The USPTO divides patents into approximately 400 

main technology classes.  Patents may be more prolific in certain tech classes because they are a 

major priority for the organization.  The patent class inventors work in influences their likelihood of 

developing new technologies and the status of inventors they work with on projects. Additionally, 

since the likelihood of being paired with high-status affiliates goes up with more collaborators, we 

control for team size.  Finally, in order to account for variability across time we include year 

dummies in the models.  Descriptive statistics for the variables in the analysis are shown in Table S1. 

Analysis 

We use OLS regression analysis to assess the hypotheses.  Our results are robust to a number 

of specifications. In robustness checks we clustered standard errors by focal scientists given they may 

appear multiple times in our data. Also we modeled relationships using generalized estimating 

equation (GEE) models with a specification that corrected for correlation within subjects.  These 

robustness checks did not substantively change our results, so we present OLS models with robust 

standard errors below. 

After analyzing the entire sample, we performed propensity score matching to rebalance it.  

In the full sample approximately 7% of the scientists are women, and assessments of the subsamples 

indicate that significant differences exist in the tenure, productivity, and size of teams across the 

gender subgroups (p < 0.01, χ2 test). A propensity score approach using nearest neighbor matching 
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with caliper (ɛ < 0.25ơp) was used to rebalance the sample (27).  Post-matching χ2 tests reveal no 

meaningful differences in covariates across groups in the balanced sample. Figure 2 in the main 

document shows the kernel density plots of estimated propensity scores before and after matching. 

Results 

Our results are shown in Table S2 and S3 for the unbalanced and balanced samples, 

respectively. We provide results for the regression of the maximum status and average status of 

network affiliates on the explanatory variables and covariates (columns 1a, 2a, 3a, and 4a). These 

supplementary tables correspond to Table 1 in the main document, but show the full set of 

coefficients for the variables (except the year dummies which are available upon request).  

Consistent with our hypothesis, the first set of models show a strong and statistically 

significant effect of productivity on the status of scientists’ affiliates (p < 0.01). A one-standard 

deviation increase in the number of patents a scientist has leads to a 8.7% and 14.1% standard 

deviation increase in maximum status of team affiliates in the unbalanced and balanced samples, 

respectively.  The results indicate there is no main effect for gender.  As stated earlier, scientists did 

not get to choose their networks based on relational preferences, which may have dampened a main 

effect for gender.   

The interaction effects are shown in the second column for each of the analyses (columns 1b, 

2b, 3b, and 4b).  Each of these models indicates that there is a positive and statistically significant 

interaction effect.  Productivity has stronger impact on being placed into teams with high status 

affiliates for women than men.  The interaction effect is shown graphically in Figure 3 of the main 

document.  
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Figure S1.  Share of Patents Granted to Women by Technology Area 

 

Caption: As reported in the U.S. Commerce Report, Buttons to Biotech, 1998. 
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Figure S2. Hypothetical Example of Data for a Focal Scientist 

Patent No. For Scientist Focal Scientist Team Members/Affiliates  

1 Anne S. (7840) John D. (9543), Richard K. (6431) 

2 Anne S. (7840) Robert J.(3354), William S.(5397) 

3 Anne S. (7840) Chris T. (4581), Han B. (6291) 

4 Anne S. (7840) Sarah C. (4513), Richard S. (5680) 
Caption:  A hypothetical example of how a scientist, her patents, and her teammates appear in the data. The focal 

scientist’s unique ID number and the unique ID numbers for her affiliates appear in parentheses. 
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Table S1. Descriptive Statistics  

Variable  Mean Std. Dev. Min Max 

Maximum Affiliate Status  0.08 0.30 0.00 8.47 

Average Affiliate Status  0.05 0.22 0.00 7.58 

Productivity  3.98 6.60 0 90 

Female  0.06 0.23 0 1 

Patent Class Frequency   2.88 2.58                 0.01          8.28 

Scientist Tenure  4.53 5.93 0 27 

Avg. Tenure of Network Affiliates 4.45 4.88 0 27 

Size of Team  2.15 1.59 1 16 

Caption: N=8718. The status variables are multiplied by 100. 
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Table S2. OLS Regressions of Status of Network Affiliates (Unbalanced Sample) 

 Maximum Status of 

Affiliates 

 Average Status of  

Affiliates 

 1a  1b  2a  2b  

Female 0.78  -0.69  0.56  -0.51  

 (0.93)  (1.01)  (0.54)  (0.59)  

Size of Team 2.44 ** 2.45 ** 0.10  0.11  

 (0.16)  (0.16)  (0.06)  (0.06)  

Patent Class Frequency 0.57 ** 0.56 ** 0.25 ** 0.25 ** 

 (0.08)  (0.08)  (0.05)  (0.05)  

Scientist Tenure -0.08  -0.07  -0.06  -0.05  

 (0.05)  (0.05)  (0.04)  (0.04)  

Avg. Tenure of Network Affiliates 1.41 ** 1.41 ** 0.99 ** 0.99 ** 

 (0.07)  (0.07)  (0.06)  (0.06)  

Productivity 0.40 ** 0.37 ** 0.25 ** 0.23 ** 

 (0.06)  (0.06)  (0.05)  (0.05)  

Female x Productivity   0.61 **   0.44 ** 

   (0.18)    (0.14)  

Constant -5.48 ** -5.46 ** -1.29 ** -1.28 ** 

 (0.32)  (0.32)  (0.15)  (0.15)  

         

Year Dummy Variables Yes  Yes  Yes  Yes  

R-Squared 0.08  0.08  0.06  0.06  

N 8718  8718  8718  8718  

         

All coefficients and standard errors are multiplied by 104. 

Robust standard errors are in parentheses;  

Significance levels are: **p < 0.01; *p < 0.05, †p < 0.1 (two-tailed hypothesis tests) 
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Table S3. OLS Regressions of Status of Network Affiliates (Balanced Sample) 

 
Maximum Status of 

Affiliates 

Average Status of 

Affiliates    

   3a   3b   4a   4b   

 Female 1.22 

 

-0.20 

 

0.59 

 

-0.54 

  

 

(1.31) 

 

(1.40) 

 

(0.80) 

 

(0.85) 

  Team Size 1.87 ** 1.93 ** -0.08 

 

-0.03 

  

 

(0.35) 

 

(0.35) 

 

(0.22) 

 

(0.22) 

  Patent Class Frequency 0.61 * 0.60 * 0.15 

 

0.15 

  

 

(0.25) 

 

(0.25) 

 

(0.16) 

 

(0.15) 

  Scientist Tenure 0.09 

 

0.09 

 

0.11 

 

0.11 

  

 

(0.21) 

 

(0.21) 

 

(0.13) 

 

(0.13) 

  Avg. Tenure of Network 

Affiliates 1.42 ** 1.44 ** 0.89 ** 0.90 ** 

 

 

(0.14) 

 

(0.14) 

 

(0.09) 

 

(0.09) 

  Productivity 0.53 ** 0.28 † 0.32 ** 0.12 

  

 

(0.12) 

 

(0.15) 

 

(0.07) 

 

(0.09) 

  Female x Productivity 

  

0.64 ** 

  

0.51 ** 

 

   

(0.23) 

   

(0.14) 

  Constant -5.50 † -5.29 † -0.98 

 

-0.82 

  

 

(2.92) 

 

(2.91) 

 

(1.79) 

 

(1.78) 

  

          Year Dummy Variables Yes 

 

Yes 

 

Yes 

 

Yes 

  R-Squared 0.18 

 

0.19 

 

0.16 

 

0.17 

  N 1012 

 

1012 

 

1012 

 

1012 

  All coefficients and standard errors are multiplied by 104. 

Robust standard errors are in parentheses;  

Significance levels are: **p < 0.01; *p < 0.05, †p < 0.1 (two-tailed hypothesis tests) 

 


