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Why Are There So Few Female Inventors?∗

Atte Pudas†
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Abstract

Only a small fraction of inventors are women. Using Finnish administrative data linked to patent

records, I show that educational and occupational sorting explain roughly half of the gender gap in

patenting. The remaining half arises because women patent less than men in nearly all occupations,

even after controlling for education, high school grades, and employing firm. Career effects of

parenthood are a key mechanism: using a matched-control event-study design, I find that mothers’

annual patenting rates decline by 78% after their first childbirth, with partial long-term recovery,

whereas fathers’ patenting rates increase persistently by roughly 10%.
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1 Introduction

Over recent decades, gender gaps have narrowed across several aspects, including employ-

ment, hours worked, and earnings (Goldin, 2006; Olivetti and Petrongolo, 2016). Women’s

representation in STEM (science, technology, engineering, and mathematics) has also in-

creased. Nonetheless, sizable gaps remain. In 2017, women accounted for 34% of tertiary

graduates in STEM fields globally (Schmuck, 2017), and by 2024, the share of women in

STEM occupations stood at only 28% (Kali Pal et al., 2024). In innovation, the gender

divide is even more pronounced: the share of female patent inventors rose from less than

5% in 1980 to only 13% in Europe and the U.S. by 2019 (Toole et al., 2020; EPO, 2022).

Thus, a clear disparity persists between the number of women with competencies to inno-

vate and women’s representation among inventors, suggesting crucial differences in the career

trajectories of potential male and female innovators.

This paper makes the following key contributions to understanding these differences.

First, I decompose the gender gap in patenting into two parts: the part attributable to ed-

ucational and occupational sorting, and the unexplained part, reflecting differences between

equally qualified women and men working in the same finely defined occupations. While

the sorting channel has been extensively studied, the more puzzling differences within occu-

pations remain poorly understood. This paper provides the first comprehensive analysis of

these differences across a complete set of occupations. Second, I shed light on the underlying

mechanisms by presenting new population-level evidence on the differential long-term effects

of parenthood on women’s and men’s patenting activity and careers in patent-intensive occu-

pations, using a matched-control event-study design. My analysis draws on detailed Finnish

administrative data linked to European Patent Office patent application records.

Why women remain underrepresented among inventors is an important economic question

for two main reasons. First, some women with high inventive potential may never become

inventors, resulting in the so-called “lost Marie Curies” (Bell et al., 2019; Hoisl et al., 2022).

A higher number of female inventors could, therefore, increase not only the quantity but also

1



the quality of inventions, spurring growth through an improved allocation of talent (Hsieh

et al., 2019; Brouillette, forthcoming). Second, the gender imbalance in innovation shapes

what is invented and who benefits from it, as female innovators are more likely to address

needs specific to women (Koning et al., 2021; Einiö et al., Forthcoming).

Moreover, the gender gap in innovation is closely tied to broader gender differences in

the labor market, such as gender segregation in education and occupations, particularly in

STEM (e.g., Kahn and Ginther, 2017; Speer, 2023), and women’s higher exit rates from

science and engineering careers (Preston, 1994; Hunt, 2016). Inventors also earn substantial

returns from patenting (Toivanen and Väänänen, 2012; Aghion et al., 2018; Kline et al.,

2019), linking women’s underrepresentation in innovation to gender differences in earnings

and earnings growth (e.g., Bertrand et al., 2010; Goldin, 2014; Blau and Kahn, 2017; Goldin

et al., 2017; Hospido et al., 2022).

My findings are as follows. Women’s annual probability of filing a patent application

is 88% lower than men’s. Education and occupation fixed effects explain roughly 50% of

this gap, reflecting the fact that men are more likely to sort into patent-intensive fields of

education and occupations, such as many engineering professions.1 The underexplored part

of the gap — the remaining 50% — stems from women patenting less than men within

the education–occupation cells.2 I perform a threefold Oaxaca–Blinder decomposition to

highlight the complementary nature of the sorting and within-cell disparities. The interaction

term in the decomposition accounts for 58% of the total gender gap, indicating that the gap

is strongly driven by men being disproportionately represented in fields and occupations

where they also patent at higher rates than women. These findings carry an important

policy implication: although encouraging female participation in STEM and patent-intensive

occupations is essential for expanding the pool of potential inventors and fostering innovation,

1Consistent with previous studies linking STEM participation to inventive activity (e.g., Hunt et al.,
2013; Toivanen and Väänänen, 2016; Hoisl et al., 2022).

2I distinguish track-specific education and occupations at a granular level by classifying fields of study at
the 3-digit level (ISCED-2011), education levels at the 2-digit level (e.g., separating academic and vocational
secondary education), and occupations at the most detailed 4- or 5-digit level.
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such policies alone are insufficient, as substantial within-occupation gender disparities persist.

To illustrate the pervasiveness of these disparities, I estimate the gender patenting gaps

separately for each narrowly defined occupation. About 55% of occupations with any patent-

ing activity have had only male inventors, and just 5% have had only female inventors.

Among the remaining 40% of occupations in which both women and men have patented,

women patent at lower rates in 84% of cases, and the largest gaps appear in the most

patent-intensive occupations. The estimated within-occupation gender gaps remain largely

unexplained after controlling for age, education, high school grades, and firm fixed effects,

indicating that differences in potential experience, competencies, general ability, and em-

ployers’ innovation capacity cannot fully account for them. For example, among research

and development managers — the most inventor-intensive occupation — women are roughly

2.8 percentage points (76%) less likely to patent than men, whose annual patenting rate is

3.7%. After accounting for the covariates listed above, 1.5 percentage points (54%) of the

gap remains unexplained.

Multiple mechanisms may underlie these gender differences. Career disruptions due to

childrearing may be particularly detrimental to inventive productivity, given its reliance on

up-to-date expertise and collaboration. I study the effects of parenthood on patenting activ-

ity using an event-study design that compares the patenting trajectories of parents with those

of closely matched childless individuals. I find that women’s annual patenting rates decline

by roughly 78% after their first childbirth, followed by a slow recovery. However, the recovery

appears to remain imperfect: the average gap is still around -20% more than 15 years after

the first childbirth, although the estimate is not statistically significant. Cumulatively, over

the 15 years following the first childbirth, mothers lose roughly six years’ worth of patenting

relative to their pre-childbirth annual patenting rate. The decline in patenting is associated

with mothers shifting into less patent-intensive occupations. However, the observed occu-

pational shifts are not able to explain the decline in mothers’ patenting, suggesting that

parenthood affects mothers’ inventive productivity primarily through adjustments within
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occupations. These adjustments may include, for instance, reduced discretionary effort de-

voted to innovation or shifts towards less inventive tasks and roles that are easier to combine

with family life.

In contrast, men’s annual patenting rates rise persistently by around 10% on average

after becoming fathers, resulting in a 15-year cumulative increase of 1.6 times their pre-

parenthood annual rate. Part of this fatherhood premium appears to reflect fathers’ higher

long-term employment rates relative to the matched childless men. Importantly, I also find

substantial gender patenting gaps between future parents already before they have children,

as well as between childless women and men. Even after controlling for age, education, and

occupation, the gender patenting gap among individuals without children still amounts to

almost 50% of the gap among parents. Taken together, my results indicate that the unequal

career consequences of parenthood are a key driver of the gender gap in patenting, but cannot

fully explain it.

Finally, while this paper focuses on the extensive margin of patenting, I also document a

gender gap in patent grant rates of about 4.5 percentage points (7%), conditional on filing,

consistent with prior U.S.-based evidence on gendered frictions and biases in the patenting

process (Jensen et al., 2018; Aneja et al., 2024; Gavrilova-Zoutman and Juranek, 2025;

Pairolero et al., 2025). Differences in grant rates may contribute to the broader disparities

in innovation: if potential female inventors anticipate a lower likelihood of success, they may

be discouraged from innovating in the first place. Grant rate differences may also reflect

variation in application quality. However, I examine a range of patent quality indicators

and find mixed evidence of gender differences: female inventors’ patents receive, on average,

fewer citations than those by male inventors, whereas measures such as patent family size,

technological scope, originality, and radicalness indicate that they are highly comparable in

quality. Furthermore, interpreting the observed differences in citations is complicated by the

possibility that patents by female inventors may be undercited relative to their quality and

relevance (Hochberg et al., Forthcoming; Li and Liu, Forthcoming).
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Prior work and contributions. The first main contribution of this paper is to provide

the first comprehensive analysis of the within-occupation gender differences in patenting and

their role in perpetuating the underrepresentation of women in innovation. Prior literature

emphasizes the gendered effects of early-life exposure to innovation and role models, which

disproportionately favor boys over girls (Bell et al., 2019; Hoisl et al., 2022; Aghion et al.,

2023; Breda et al., 2023), as well as women’s underrepresentation in STEM education (Jung

and Ejermo, 2014; Toivanen and Väänänen, 2016; Aghion et al., 2017; Bianchi and Giorcelli,

2020) as key drivers of the gender gap in innovation. Later stages of potential inventors’

careers, beyond education, have received less attention. A notable exception is Hunt et al.

(2013), who document a strong link between the gender patenting gap and the underrep-

resentation of STEM-educated women in patent-intensive job tasks. A handful of papers

also document gender disparities in patenting within a single, specific occupational group,

namely, academic scientists (Thursby and Thursby, 2005; Whittington and Smith-Doerr,

2005; Ding et al., 2006; Whittington and Smith-Doerr, 2008; Whittington, 2011; Ceci et al.,

2014). Understanding the points in potential inventors’ careers at which the gender gap in

innovation emerges is essential for effectively designing and targeting policies to strengthen

women’s participation in innovation.

My second main contribution is to provide new population-level evidence on the long-

term effects of parenthood on inventing activity. Prior evidence on parenthood’s impact

on patenting is scarce, with notable exceptions including Whittington (2011) and Kim and

Moser (2021), who provide suggestive evidence that motherhood is associated with declines

in inventive productivity. In addition, in a contemporaneous independent study, Mueller

et al. (2026) examine the more short-term effects of parenthood on patenting using German

data and find adverse effects on women’s inventive productivity that are consistent with my

findings, albeit smaller in magnitude. I contribute to the extensive literature on the career

costs of children (e.g., Angelov et al., 2016; Lundborg et al., 2017; Kleven et al., 2019a,b; Kim

and Moser, 2025) by showing that the adverse effects of parenthood experienced by mothers
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extend to inventive productivity, beyond what can be explained by changes in labor market

attachment and occupational mobility. My findings on the increases in fathers’ patenting

rates also complement the often-overlooked evidence of “fatherhood premia” in labor market

outcomes (Lundberg and Rose, 2000; Correll et al., 2007; Killewald, 2013; Goldin et al., 2024).

My findings highlight the key role of parenthood in driving the gender gap in patent-

ing and contribute to the growing body of evidence on the mechanisms underlying gender

disparities in innovation, including gender differences in monetary incentives (Toivanen and

Väänänen, 2012; Hoisl and Mariani, 2017), gendered within-firm frictions and barriers in

the innovation processes (Chien and Grennan, 2024), gender differences in risk and compe-

tition aversion (e.g., Gneezy et al., 2003; Niederle and Vesterlund, 2007; Booth and Nolen,

2012), gender biases and discrimination in crediting inventors (Ross et al., 2022), women’s

lower patent grant rates (Jensen et al., 2018; Aneja et al., 2024; Gavrilova-Zoutman and

Juranek, 2025; Pairolero et al., 2025), and female inventors’ lower recognition in terms of

patent citations (Hochberg et al., Forthcoming; Li and Liu, Forthcoming). My results on

mothers’ shifts into less-inventive occupations also contribute to the limited evidence on how

parenthood differentially shapes occupational choices by gender (Tannenbaum and Timpe,

2025; Liu, 2025).

2 Data and Institutional Context

I use individual-year level administrative data on Finland’s permanent resident population

from the FOLK basic, FOLK degree, and FOLK employment modules, covering the period

1987–2019 (Statistics Finland, 2026a,c,d). The data, provided by Statistics Finland, include

detailed information on variables such as education level and field, occupation, and employer

firm, and all datasets can be merged using encrypted individual identifiers. Occupation codes

are available annually from 2004 through 2018; accordingly, the decomposition analysis in

Section 5 is based on data from this period. Other relevant variables are available for all

years. Variable values are measured at the end of each year. I also use data on high
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school matriculation examination results for the years 1967–2017 (Statistics Finland, 2026e),

allowing me to observe which final exams individuals took in high school and the grades they

received.3 In addition, I use data that link children born in 1970 or later to their parents

(Statistics Finland, 2026b), allowing me to track individuals’ parental status and the timing

of their children’s births. For the analysis of the impacts of parenthood in Section 6, I will

utilize the full panel length 1987–2019.

Throughout the paper, I categorize occupations at the most detailed four-digit or five-

digit level. In addition, I distinguish fields of study at the 3-digit level (compatible with

ISCED-2011) and educational levels at the 2-digit level (e.g., differentiating between high

school and vocational secondary education). When I use the term ‘college’, I refer to all

tertiary-level degrees, including doctoral degrees. In this paper, STEM refers to the follow-

ing broad fields of study: (i) natural sciences, mathematics, and statistics; (ii) information

and communication technologies; (iii) engineering, manufacturing, and construction; and

(iv) three subfields of health: medicine, pharmacy, medical diagnostics, and treatment tech-

nology.

Furthermore, I use patent application data from the European Patent Office (EPO),

obtained from PATSTAT, to identify Finnish patent inventors and track their patenting

activity. The data include all inventors listed on EPO patent applications filed between 1978

and 2019, with a corresponding address in Finland. The inventors are linked to the register

data using information on their names, addresses, and their employers’ names and addresses

(see Supplemental Appendix B for details). We successfully link an individual in the register

data to about 90% of inventor–patent observations, with no evidence of systematic gender

differences in linkage success. I define an inventor as an individual who is named on at least

one patent application, regardless of whether the application is ultimately granted.4

3See Supplemental Appendix A for details of the school system in Finland.
4Since I define inventorship based on all patent applications, both rejected and granted, the main results

are not affected by the lower patent grant rates of female inventors (as documented by Jensen et al., 2018;
Aneja et al., 2024; Gavrilova-Zoutman and Juranek, 2025; Pairolero et al., 2025). I present evidence of
gender differences in patent grant rates among Finnish inventors in Section 5.
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The decision to use Finnish data stems from Finland being one of the few countries

where patent data can be linked to individual-level register data. However, Finland also

provides an intriguing context for studying gender differences in patenting, as the institu-

tional environment itself does not inherently support such disparities. As a Nordic welfare

state with globally high levels of gender equality (e.g., Hausmann et al., 2009) and an ed-

ucation system that is fundamentally free of charge up to and including the doctoral level,

the barriers to education and career opportunities are low. In addition, discrimination based

on gender is prohibited by law. However, notable gender disparities still persist, including

strong segregation in both educational fields and occupations, as well as a clear gender pay

gap (Statistics Finland, 2021). In addition, Finnish women’s careers are disproportionately

affected by parenthood compared to men’s, with long-term “child penalties” broadly similar

to those in other Nordic countries (Kleven et al., 2019a; Sieppi and Pehkonen, 2019).

3 Inventiveness of Occupations

I refer to my baseline measure of occupational inventiveness as ‘inventor intensity’, defined

as the average annual number of patenting workers in a given occupation divided by the

average total number of workers in that occupation. Thus, inventor intensity captures the

average annual rate at which individuals in a particular occupation are listed as inventors on

patent applications. I distinguish occupations using the most specific occupation code level

available (See Supplemental Appendix C for the details).

In Section 5, I analyze the gender patenting gaps across all occupations involved in

patenting. Before that, it is useful to examine the characteristics of the most patenting-

active occupations. Table 1 displays the occupations that fall within the top 5% of the

inventor intensity distribution.5 These occupations are predominantly related to engineering

5I exclude three small occupations with fewer than four unique inventors during 2004–2018 from Table
1. In these cases, measured inventor intensity arguably reflects the patenting activity of a very small number
of specific individuals rather than occupational inventiveness. For completeness, however, I impose no such
restrictions in the analysis in Section 5.
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and information technologies, as well as chemistry, pharmacy, and medicine, underscoring

the strong link between STEM fields and patenting. The table displays both the overall

and gender-specific inventor intensities for each occupation. In addition, the two rightmost

columns present the absolute and relative gender gaps in inventor intensity, showing that

women are less likely to patent in 90% of the most inventor-intensive occupations. On aver-

age, for every thousand workers, there are 7.55 fewer female inventors than male inventors,

which translates to women patenting 53% less frequently in these occupations. Over 80%

of these occupations are male-dominated (see Supplemental Appendix Table A.1 for work-

force composition), but notable exceptions exist, such as “chemists” and “pharmacologists,

pathologists, and related professionals”, where women are the majority.

Table 1 here

It is important to note that, due to the low number of female inventors, the inventor

intensity of most occupations is dominated by the patenting activity of men. Women also

tend to patent more in certain technology sectors, such as chemistry, compared to fields like

mechanical engineering (EPO, 2022). Nevertheless, it seems that the most inventor-intensive

occupations are relatively similar for women and men. Supplemental Appendix Table A.2

compares the pooled ranking of occupations by their inventor intensity and the placement

of these occupations in the corresponding rankings of women and men. For instance, the

twenty occupations with the highest female patenting activity all fall within the top 5% of

occupations ranked by overall inventor intensity.

4 Gender Inventor Gap and Supply of Potential Inventors

Figure 1 characterizes the gender differences in the likelihood of becoming an inventor and

the supply of potential inventors. Panel A shows the probability of becoming an inventor

for the full birth cohorts of 1962–1982, as well as for three subpopulations of STEM college

graduates: (i) all STEM graduates, (ii) those employed at least once in a top 5% inventor-
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intensive occupation, and (iii) those who pursued a career in these occupations for at least

five consecutive years. Panel B displays the share of women in these samples.

Figure 1 here

Going from left to right in Figure 1 and increasing the characteristics associated with

patenting, the following key patterns emerge: (i) the probability of becoming an inventor

increases substantially for both women and men; (ii) the relative increases are larger for

women, and the female-to-male inventorship likelihood ratio increases from 0.15 to 0.66; (iii)

the absolute gender gap, however, increases from about 12 to 48 inventors per thousand

individuals, and importantly; (iv) the share of women decreases from 49% to just 16%.6

These findings highlight the two main factors driving the shortage of female inventors.

First, the low representation of women among potential inventors with a high probability

of patenting, specifically, STEM-educated individuals employed in inventor-intensive occu-

pations. Second, even among these potential inventors, women are only about two-thirds as

likely as men to become inventors. More generally, the first factor reflects gender segregation

in education and occupations, while the second illustrates differences between women and

men with similar education and occupations. In the next section, I decompose the gender

gap in patenting into the contributions of these two factors.

5 Decomposing the Gender Gap in Patenting

As the baseline decomposition approach, I estimate a simple gender gap equation using panel

data for the prime working age population aged 25–65 over the 2004–2018 period:7

6Being an inventor is rare: in total, there are 1,617 female inventors and 11,046 male inventors in the
1962–1982 birth cohorts (see Supplemental Appendix Table A.3).

7In the main estimation sample, I exclude observations with missing occupation or firm information,
which may arise from unemployment, full-time studying, staying home with children, retirement, or other
non-employment reasons. As a robustness check, I re-estimate the model, including these observations and
assigning them to “missing” categories. These observations comprise roughly 31% of the expanded sample.
The results are reported in Supplemental Appendix Table A.4. Annual patenting rates decline to 0.013%
for women and 0.110% for men, reflecting the rarity of patenting outside employment. Relaxing the sample
does not affect the main conclusions.
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yit = α+ γWomani + λt +X′
itβ + εit, (1)

where for individual i in calendar year t, the outcome variable yit is defined as either (i) an

indicator for filing a patent application in a given year (including both granted and rejected

applications), or (ii) an indicator for filing a patent application that is later granted.8 The

former indicator captures individual-level inventive activity, while the latter additionally re-

flects potential gender disparities in the patent examination process and variation in patent

application quality. Calendar year fixed effects are denoted by λt. Depending on the specifi-

cation, X′
it include baseline controls — indicator variables for age, native language (Finnish,

Swedish, or other), and employment status at the end of the year (employed versus other)

— as well as fixed effects for education level by field, occupation, employer firm, and high

school matriculation exam grades in mathematics and the mother tongue, which serve as

proxies for general ability.9 The constant term is denoted by α, and εit is the error term.

I estimate the model using ordinary least squares (OLS), with standard errors clustered at

the individual level.

The gender gap estimate γ captures the portion of the raw gender difference in an-

nual patenting probabilities that is not explained by differences in covariates, such as the

allocation of women and men across fields of study and occupations. Note that the coef-

ficient γ is equivalent to the unexplained component in a corresponding “pooled” twofold

Oaxaca–Blinder decomposition, where the coefficients from a regression pooling women and

men, as in Equation (1), serve as the reference coefficient structure.10

8I assign the patent grant indicator to the filing year, rather than the grant year, to capture the inventor’s
occupation at the time the invention was finalized. At the EPO, the typical lag between filing and grant is
three to five years (EPO, 2025a). I observe the grant status as of 2023. This allows me to capture grant
outcomes for most applications filed through 2018, the final year of the estimation sample.

9I control for indicator variables capturing matriculation examination grades in mathematics (basic and
advanced levels separately) and in mother tongue and literature (a compulsory exam for all high school
students). I include categories for individuals who did not take the mathematics exam or did not complete
high school to retain them in the sample. While high school grades are imperfect proxies for ability, achieving
a high grade in advanced mathematics is positively associated with the likelihood of patenting, even after
controlling for occupation and education (estimates available upon request).

10The Oaxaca–Blinder decomposition dates back to the seminal contributions of Blinder (1973) and
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Table 2, Panel A, reports the estimated gender gap, γ̂, in the annual probability of filing a

patent application. I scale the coefficients by 100 for readability. The gender-gap coefficient

in Column 1 indicates that women’s patenting rate is 0.133 percentage points (pp.) lower

than men’s. The small magnitude reflects the rarity of patenting: the constant term implies

an average annual filing probability of 0.151% for men. Relative to this baseline, women’s

annual patenting probability (0.018%) is 88% lower. Adding the baseline controls and fixed

effects for education and occupation to the specification absorbs roughly 50% of the raw

gender gap, as γ̂ declines to -0.0671 (Col. 2). The education and occupation fixed effects

absorb the portion of the gender patenting gap that arises from men being disproportionately

concentrated in fields of education and occupations with higher patenting activity, such as

many engineering fields and professions. The remaining unexplained gender gap reflects

differences between men and women within the same education-occupation cells. The pooled

twofold Oaxaca–Blinder decomposition corresponding to Column 2 in Table 2, reported in

Supplemental Appendix Table A.5, indicates that occupational sorting accounts for 82% of

the explained part of the gender gap, while differences in education contribute roughly 15%.

Table 2 here

Including firm fixed effects in the regression has only a modest impact on the gender gap

estimate once education and occupation are controlled for.11 Firm fixed effects account for

the possibility that equally qualified women and men may sort into firms with different levels

Oaxaca (1973). The pooled twofold Oaxaca–Blinder decomposition of a mean gender gap R (e.g., gender gap

in patenting probability) is given by R =
(
X̄M − X̄W

)′
β̂∗+X̄ ′

M (β̂M−β̂∗)+X̄ ′
W (β̂∗−β̂W ), where X̄g are mean

covariate values for gender g ∈ {W,M}, β̂g are coefficients for the covariates from gender-specific regressions

of the outcome (e.g., patenting dummy) on the covariates, and β̂∗ are coefficients from a pooled regression
combining women and men and including a gender dummy. The first term of the decomposition captures the
part of the gap explained by differences in covariate means (e.g., differences in the allocation of women and
men across occupations). The remaining two terms capture the unexplained part, driven by differences in
coefficients (e.g., different patenting rates for women and men within occupations). Supplemental Appendix
Section D.2 provides the derivations and shows that the unexplained component is captured by the coefficient
on the gender dummy in the pooled regression, such as γ in Equation (1). Table A.5 reports the results of
the pooled twofold Oaxaca-Blinder decomposition corresponding to Table 2, Column (2).

11Between 2004 and 2018, at least one inventor filed a patent in 3,353 firms, representing 0.6% of all
observed firm IDs. On average, 458 firms per year had at least one inventor patenting (min 398, max 502),
while an average of 181 firms per year had at least two inventors patenting (min 164, max 194).
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of innovation capacity and activity.12 The estimated gender gap becomes slightly larger when

firm effects are included (-0.0734 in Col. 3 versus -0.0671 in Col. 2), consistent with women

being more, rather than less, concentrated in patent-active firms. Overall, the results indicate

that within-firm differences are more salient than sorting to firms in explaining the gender

patenting gap within education–occupation cells. Furthermore, including indicator variables

for high school grades does not notably alter the gender gap estimate once education and

occupation are controlled for (-0.0646 in Col. 4 versus -0.0671 in Col. 2). This suggests that

the gender patenting gap within education-occupation cells is not explained by differences

in general ability among those sorted into these groups.

I complement the main regression results presented in Table 2, Column 2, with a corre-

sponding threefold Oaxaca–Blinder decomposition to obtain a more nuanced understanding

of the joint contributions of between- and within-occupation gender differences. I present

the decomposition using the women’s coefficient structure as the reference point. Then, the

decomposition of the raw gender patenting gap R is given by (Supplemental Appendix D.3

presents the derivations):

R = E(YM)− E(YW )

=
(
E(XM)− E(XW )

)′
βW + E(XW )′(βM − βW ) +

(
E(XM)− E(XW )

)′
(βM − βW ),

(2)

where Yg is the outcome variable for gender g ∈ {M,W}. Denoting covariate sample averages

with X̄g and the estimated gender-specific coefficient vectors on the covariates with β̂g, the

decomposition can be estimated as:

R = (X̄M − X̄W )′β̂W︸ ︷︷ ︸
≡ Q (”endowments”)

+ X̄ ′
W (β̂M − β̂W )︸ ︷︷ ︸

≡ C (”coefficients”)

+(X̄M − X̄W )′(β̂M − β̂W )︸ ︷︷ ︸
≡ I (”interaction”)

. (3)

The raw gap is decomposed into three components: endowments (Q), coefficients (C),

12A sometimes overlooked fact is that company employees produce the majority of patents. Between 2004
and 2018, 91% of Finnish inventors listed on EPO patent applications were company employees in the filing
year, while only 5% were entrepreneurs.

13



and interaction (I). Using women as the reference group frames the decomposition from their

perspective. Q measures the portion of the gender gap explained by differences in observed

characteristics, evaluated at women’s coefficient values — that is, the expected change in

women’s mean outcome if women had men’s characteristics (e.g., the same allocation of

occupations), holding women’s coefficients fixed. C captures the part attributable to differ-

ences in coefficients — the expected change in women’s mean outcome if women had men’s

coefficients (e.g., similar patenting rates within occupations), holding women’s characteris-

tics fixed. I represents the interaction term, accounting for the simultaneous presence of

differences in both characteristics and “returns” to these characteristics.

The results of the decomposition are reported in Table 3.13 Looking at Column 1.1, the

raw gender gap (R) in patent-filing probability (reported as men − women) is again 0.133 pp.

Differences in covariates (Q) account for 0.033 pp. (25%) of this gap, with occupation fixed

effects contributing the vast majority, 0.0305 pp. (91.5% of Q). Differences in coefficients

(C) account for 0.022 pp. (16.7%) of the raw gap.14 The interaction term (I) is the largest

component, accounting for 0.078 pp. (58.3%) of the raw gap, with occupation fixed effects

contributing the most, 0.060 pp. (77.3% of I). Thus, the majority of the gap can be attributed

to men receiving higher “returns” on the characteristics they are also more likely to possess.

For example, men are both overrepresented in engineering occupations and simultaneously

exhibit substantially higher patenting rates within these occupations.

Table 3 here

Differences in grant rates and patent quality. Differences in patenting success may

contribute to the gender gap in innovation participation if potential female inventors antic-

ipate a lower likelihood of successfully obtaining a patent. Table 2, Panel B, reports the

13The underlying gender-specific regressions in the decomposition use the same sample and follow the
specification in Table 2, Column 2, explaining the patent-filing dummy with baseline controls, education-
level-by-field fixed effects, and occupation fixed effects.

14The decomposition of the “coefficients” part into contributions from different coefficient groups is mean-
ingfully interpretable only for variables with a natural zero point (Jann, 2008), and is therefore omitted.
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gender gap estimates for the probability of filing a patent application that is later granted.

At the EPO, about 60% of applications are granted on average (EPO, 2025b). Consistently,

the raw annual probability of filing at least one patent application that is eventually granted

is 0.093% for men (constant in Col. 1), which is roughly 61.5% of their raw filing prob-

ability reported in Panel A. For women, the results indicate a raw probability of filing a

later-granted patent of 0.0103% (0.0930 − 0.0827), which is roughly 57% of their raw filing

probability obtained from Panel A. Thus, the results indicate a roughly 4.5 pp. (7%) gender

gap in the patent grant rates. This gap is explained by the covariates to a similar extent

as the gender gap in filing rates in Panel A. The Oaxaca-Blinder decomposition results for

the later-granted patent filings, reported in Columns 2.1 and 2.2 of Table 3, also lead to

conclusions that closely mirror those for the overall filing probability discussed above.

Differences in grant rates may reflect differences in the quality of applications. I further

examine gender differences in grant rates and multiple measures of patent quality drawn from

the prior literature using the full inventor-patent data spanning 1987–2019. The analysis,

results, and discussions are presented in Supplemental Appendix E and Table A.6. In sum-

mary, patent applications by female inventors have significantly lower grant rates and receive

fewer citations than those by male inventors, even after controlling for multiple application-

and inventor-level characteristics. Notably, female inventors are more than 50% less likely to

have a “breakthrough” patent, defined as a patent in the top 1% of received citations within

an EPO filing-year–technology-field cohort.

These results align with the prior evidence from the U.S. and are not necessarily straight-

forward to interpret. While lower grant rates may reflect differences in application quality,

they may also be driven by female inventors’ lower persistence following initial rejection

(Aneja et al., 2024), inadequate access to support in the application process (Pairolero et al.,

2025), and gender biases among patent examiners (Jensen et al., 2018; Gavrilova-Zoutman

and Juranek, 2025). In addition, while citations reflect technological impact and patents’

economic value (e.g., Trajtenberg, 1990; Harhoff et al., 1999; Hall et al., 2005), patents from
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female inventors may also be undercited relative to comparable patents by male inventors

(Hochberg et al., Forthcoming; Li and Liu, Forthcoming).

Moreover, I find that for other proxies of patent quality — patent family size and variables

that capture patents’ technological scope, originality, and radicalness — the raw differences

favor female inventors, and once the control variables are included, the gender differences

effectively disappear. Composite indices of patent quality likewise indicate only very modest

gender differences. Taken together, my findings on gender differences in patent quality are

mixed but indicate modest rather than large differences.15

Gender patenting gaps across occupations. The results above reveal a large average

gender gap in patenting within occupations. To analyze the pervasiveness of these within-

occupation differences, I estimate the regression model in Equation (1) separately for each

occupation in which both men and women have engaged in patenting. The data include 462

occupation titles with any patenting activity: 185 have had both male and female inventors,

253 have seen patenting exclusively by men, and only 24 exclusively by women.16 I estimate

the model both without controls and with fixed effects for calendar year, age, native language,

education level by field, and high school grades. The former specification captures the raw

gender gaps, whereas the latter estimates the ‘penalties’ associated with being a woman

relative to men with the same occupation, potential experience, education, and ability, as

proxied by high school performance.

Figure 2 displays the estimated gender gap coefficients for each occupation.17 Panel

15My estimates for patent citations and patent family size are consistent in sign and broadly similar in
magnitude to those of Hoisl and Mariani (2017), who analyze a sample of inventors and patents across 23
countries, albeit using somewhat different regression specifications. They conclude that female inventors’
patents do not appear to be lower in quality than those of their male counterparts.

16Since I observe occupations only at the end of the year, there may be some measurement error in linking
occupations to patenting. Some inventors may file patents before changing occupation within the same year,
leading to misassignment. Using data from the previous year would reduce this error but also introduce
another issue for individuals who first switch occupations and then patent within the same year. This
limitation is unlikely to substantially affect the results, as occupations are relatively stable: over the 15 years
from 2004 to 2018, the average inventor held 3.7 different occupation titles. Nonetheless, this measurement
issue may partly explain the large number of occupations with very low patenting activity, which may also
reflect rare cases of individuals patenting independently while working in unrelated jobs.

17I exclude a single occupation from the figure with an average workforce size below 30, as the estimate’s
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A displays the raw gender gaps. Panel B displays the estimates from the specification

with the controls. The horizontal axis orders the occupations by male workers’ raw annual

probability of patenting, providing a natural benchmark for interpreting the magnitude of

the estimates.18 Occupations are categorized by their main occupational group: managers,

professionals, technicians and associate professionals, and other workers.19

Figure 2 here

The estimates highlight the following key findings. First, patenting activity is highly

concentrated in a small subset of occupations, with most occupations exhibiting low rates

of patenting. The majority of occupations with high patenting activity are classified as pro-

fessionals, except for the second-rightmost estimate, which corresponds to R&D managers.

Second, women are less likely than men to patent in a clear majority of occupations. Fur-

thermore, the coefficients in panel B of Figure 2 indicate that, particularly at higher levels

of patenting activity, the gender gaps remain largely statistically significant even after con-

trolling for worker characteristics: of the 185 occupations, 156 (84%) have a negative gender

gap coefficient (82 of which are statistically significant at the 5% level, 44 also at the 0.1%

level), while the remaining 29 have a positive point estimate (none of which is statistically

significant at the 5% level).

Third, comparing the estimates with men’s patenting probabilities on the horizontal

axis shows that the gender gaps are sizeable. For example, the rightmost coefficient of -

2.75 pp. in Figure 2, Panel A, corresponds to chemists, among whom men have an annual

probability of patenting of roughly 4%. This implies that female chemists have approximately

wide confidence intervals would reduce the readability of the figures.
18Supplemental Appendix Figures A.1 and A.2 present the occupation-specific gender gap estimates or-

dered by total inventor intensity and by the share of men in each occupation, respectively. Total inventor
intensity closely mirrors men’s patenting probability. When ordered by the share of male workers, no clear
pattern in gender patenting gaps emerges. Occupations with the largest gaps (and the highest patenting ac-
tivity) tend to have a high share of male workers. However, even in patenting-active occupations dominated
by women, the gender gap coefficients are systematically negative or indistinguishable from zero.

19The main occupational groups are based on the first digit of the occupation code. Occupations clas-
sified as “managers” or “professionals” correspond to ISCO skill level 4, while “technicians and associate
professionals” fall under skill level 3. The “other” group includes occupations at skill levels 1 and 2.
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69% lower probability of patenting than male chemists. After accounting for the individual

characteristics, about 2.5 pp. (91%) of this gap remains unexplained.

Fourth, the negative relationship between the estimated gender gaps and men’s patenting

probabilities is near linear, indicating that although women are also more likely to patent

in occupations where men patent at higher rates, men retain a relatively stable proportional

advantage. Supplemental Appendix Figure A.3 further illustrates this point by displaying

the gender gap coefficients by occupation, scaled by men’s patenting probability. Among the

most inventor-intensive 5% of occupations, the relative gender gap averages around -50%.

Finally, to account for sorting into firms, I estimate a specification that includes firm fixed

effects in addition to the individual-level controls, separately for each occupation. Supple-

mental Appendix Figure A.4 shows that the gender gap coefficients remain either essentially

unchanged or shift modestly toward zero. The broader pattern persists, but a larger share

of estimates are insignificant: of the 185 occupations, 141 have negative point estimates (55

of which are statistically significant at the 5% level, 31 also at the 0.1% level), while the

remaining 44 have positive coefficients (none of which are significant at the 5% level).

6 Parenthood and the Gender Gap in Patenting

In general, parenthood has a large and persistent negative impact on women’s labor market

outcomes, such as earnings, hours worked, labor force participation, and wage rates (e.g.,

Angelov et al., 2016; Lundborg et al., 2017; Kleven et al., 2019a,b). In contrast, men are

generally either virtually unaffected or experience what is often referred to as a “fatherhood

premium.” Multiple papers have documented such a premium in career outcomes, such

as earnings, arguing that it may arise from employers’ favorable assessments of fathers as

workers, as well as from men’s heightened motivation and social pressure to work harder to

provide for their families (Korenman and Neumark, 1991; Lundberg and Rose, 2000; Correll

et al., 2007; Killewald, 2013; Goldin et al., 2024).

Career interruptions due to child-rearing may have particularly negative consequences for
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inventive productivity, given its reliance on up-to-date expertise and team-based collabora-

tion. Career breaks may weaken professional networks and diminish individuals’ engagement

with the latest developments in their field. In addition, mothers may seek tasks that offer

predictable hours and flexible arrangements, such as part-time or remote work, which are

easier to manage alongside parental responsibilities (Goldin, 2014; Goldin and Katz, 2016;

Wiswall and Zafar, 2018; Kleven et al., 2019b).20 Inventive roles may not easily accom-

modate such arrangements, as they may require extended and unpredictable hours — for

example, during time-sensitive experiments in a wet lab.

To examine how parenthood affects inventive productivity, I estimate a matched-control

event-study model separately for women and men, comparing trends in patenting activity

between parents and comparable childless individuals.21 Although the decision to have chil-

dren is endogenous, a child’s arrival may generate changes in parents’ patenting activity that

are orthogonal to unobserved determinants that affect patenting more smoothly over time.

For instance, women who choose to have children may differ in their inherent preferences

for pursuing innovation relative to women who choose to remain childless; however, such

differences would be expected to shape patenting activity more smoothly over time rather

than producing sudden shifts at the time of childbirth. A potential threat to identification

is that the timing of the first childbirth is not random. For instance, women may choose to

have children after their inventive productivity has begun to decline. Reassuringly, I find no

evidence of such patterns: neither the raw means nor the event-study estimates in Figure 3

20Time-use surveys conducted in Finland (e.g., Statistics Finland, 2009) and across various European
countries (Craig and Mullan, 2011; Garćıa-Mainar et al., 2011) indicate that mothers devote more time than
fathers to childcare and related housework, such as cleaning.

21Using matched childless individuals as the control group for parents (following, e.g., Casarico and Lat-
tanzio, 2023; Kim and Moser, 2025) enables me to construct and transparently display benchmark outcome
trajectories for parents, capturing, in particular, gender-specific age trends. Alternative control group op-
tions include not-yet-parents or using fathers as a control group for mothers. While using not-yet-parents
could help mitigate concerns about unobserved differences between parents and the benchmark group, it
would confine benchmark observations to the period before the first childbirth, which, particularly for moth-
ers, restricts the observations to relatively young ages. Using fathers as a control group for mothers would
be problematic in the presence of substantial gender differences in patenting trends, as observed in Figure 3,
Panel A. Moreover, having a control group of childless men for fathers makes it possible to analyze the dy-
namics of patenting around the birth of a first child for men as well, which is important for a comprehensive
understanding of how parenthood shapes men’s and women’s careers differently.
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indicate a pre-birth decline in patenting.

My analysis uses panel data from 1987–2019 on individuals born in 1950 or later, observed

at ages 19–65, who had their first child between 1991 and 2019.22 One year before the

birth of their first child, I match each parent to a childless individual exactly on calendar

year, gender, age, 2-digit education level, 3-digit field of study, mother tongue (Finnish,

Swedish, or other), and employment status (employed or other). Then, within the exactly

matched strata, each parent is paired with the nearest neighbor childless individual based on a

propensity score estimated using a logit model. The logit model includes 3-digit industry and

region-of-residence indicators measured in the matching year, as well as employment status

and taxable income in each of the four years preceding the parents’ first childbirth.23 Given

the smaller number of childless individuals than parents, I allow each childless individual to

be matched with multiple parents across different matching years.24 About 73% of mothers

and 79% of fathers are successfully matched, corresponding to roughly 534,000 matched

mother–childless woman pairs and 578,000 father–childless man pairs.

Using this matched sample, I estimate the following equation separately for men and

women:

wiyt =
∑
h∈T
h̸=−1

1{t = h} ·
(
ϕt + δtParenti

)
+ αi + ρy + ξa(i,y) + εiyt, (4)

where wiyt denotes the outcome variable (e.g., an indicator for filing a patent application)

for individual i in calendar year y and event year t (years from the first childbirth). For the

22The sample is limited to individuals born in 1950 or later because childbirth data are only available
from 1970 onward, which introduces increasing measurement error in child count for earlier cohorts. Using
treatment cohorts from 1991 onward ensures that a pre-parenthood period of at least four years is observable
for all individuals and can be used for matching.

23Industry classification at the 3-digit level distinguishes between relatively specific sub-industries. For
example, 2-digit industry “manufacture of chemicals and chemical products” includes 3-digit categories such
as “manufacture of basic chemicals”, “manufacture of pesticides and other agrochemical products”, and
“manufacture of pharmaceuticals, medicinal chemicals and botanical products”.

24Within a matching year, the matching is without replacement, to limit the number of duplicate bench-
mark individuals. The presence of duplicate individual observations is accounted for when clustering standard
errors. Supplemental Appendix Table A.8 displays the number of duplicate benchmark individuals in the
estimation sample.
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childless benchmark individuals, t is defined as years from the birth of the matched parent’s

first child.25 Parenti is an indicator for ever having children in the data. The specification

includes individual fixed effects αi, which absorb unobserved individual heterogeneity that

is constant over time, calendar year fixed effects ρy, which control for business cycle effects,

and 3-year age bins ξa(i,y), which control for life-cycle effects. The coefficients ϕt capture

the average within-individual outcome trajectory of the benchmark individuals relative to

the reference year (t = −1), net of controls. The coefficients of interest, δt, capture the

dynamic differences in the outcome trajectories between parents and their matched childless

counterparts. The set T encompasses the event window from t = −5 to t = 15, as well as

binned endpoint periods for t ≤ −6 and t ≥ 16. I apply two-way clustering at the individual

and match levels to account for dependencies between benchmark individual duplicates and

within matched parent–childless individual pairs.

Figure 3, Panel A, displays the raw annual probabilities of filing a patent application

in the estimation sample. Figure 3, Panel B, reports the event-study estimates (δ̂t) for

women and men. I scale the estimates by 100 for readability. The pre-treatment trends

for mothers and childless women evolve in a parallel manner, supporting the validity of

the empirical strategy. Following the first childbirth, mothers’ patenting rates begin to

decline. The decrease occurs gradually over the first two years, consistent with the fact

that many patent applications filed during this period likely stem from innovation efforts

undertaken before parenthood. The decline in patenting activity is considerable: the average

annual decrease from childbirth to 15 years afterward is 0.009 pp., with the largest drop of

roughly 0.018 pp. occurring two years after the first childbirth. Relative to the reference-year

(t = −1) patenting probability for mothers (0.023%), these correspond to roughly 39% and

25As discussed by e.g., Schmieder et al. (2023) and Wing et al. (2024), when I select an explicit benchmark
individual for each parent and track them relative to the same event year, I compare the outcome trajectories
of parents only to those of matched non-parents, thereby avoiding comparisons between earlier- and later-
treated individuals and the resulting complications that arise in two-way fixed effects models (as shown by
De Chaisemartin and d’Haultfoeuille, 2020; Goodman-Bacon, 2021). In addition, using one-to-one matching
ensures a constant parent-to-childless individual ratio of one across all treatment cohorts, thereby avoiding
the complications from varying treated-to-control ratios noted by Wing et al. (2024).
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78% decreases, respectively, as shown by Figure 4. The upward trajectory of the estimates

beginning around two years after childbirth suggests that mothers’ patenting rates gradually

recover. However, the negative long-term estimates, although statistically insignificant at

the 5% level, suggest that the recovery may remain incomplete: the rightmost estimate in

Figure 4 shows that the average gap remains around -20% even more than 15 years after the

first childbirth.

Figures 3 and 4 here

In contrast, fathers’ patenting trajectories initially parallel those of childless men, with no

noticeable divergence until about 3–5 years after the birth of the first child. At that point,

fathers’ patenting rates rise significantly. On average, fathers’ annual patenting increases

by 0.014 pp. relative to the matched childless men over the 15 years following childbirth,

corresponding to a 10% increase relative to their reference-year mean. The largest increases

occur 5 to 9 years after childbirth, amounting to roughly a 20% rise. Notably, the average

15-year increase in patenting for fathers relative to their reference-year mean is roughly four

times smaller than the corresponding decline for mothers.

Given the potentially multi-year gap between the start of an innovation project and

patent filing, the lagged increases in patenting are consistent with fathers experiencing a

fatherhood premium in their innovation productivity after their child’s birth. As noted

above, this premium may reflect both employers’ favorable perceptions of fathers as workers

and men’s increased motivation and pressure to increase effort and advance in their careers

after having children, potentially leading to a higher proportion of fathers in inventive roles

and greater patenting activity. Furthermore, the differing timing of changes in mothers’ and

fathers’ patenting activity is consistent with differences in the underlying mechanisms: for

mothers, childbirth causes an immediate career disruption, whereas for fathers, status- and

motivation-related changes may emerge more gradually.

The shifts in mothers’ and fathers’ patenting activity accumulate over time. Setting aside

estimation uncertainty for a moment, the cumulative sum of the point estimates in Figure 3,
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Panel B, suggests that mothers experience an overall decline in patenting of close to 0.15 pp.

during the 15 years following their first childbirth, which is 6.3 times their reference-period

patenting rate, as illustrated by Supplemental Appendix Figure A.5. In other words, the

15-year cumulative loss for mothers is equivalent to roughly six years of patenting at their

pre-parenthood patenting rate. By contrast, fathers exhibit a cumulative 15-year increase of

roughly 0.23 pp., 1.6 times their baseline patenting rate.

These findings suggest that the asymmetric effects of parenthood play a pivotal role in

perpetuating the gender gap in innovation. However, as Figure 3, Panel A, shows, future

mothers’ patenting rates already lag behind future fathers’ before parenthood, and women

patent clearly less than men even among childless individuals. The regression analysis in

Supplemental Appendix F reinforces this point, showing that even after controlling for age,

education, high school grades, and occupation, the patenting gap among individuals with-

out children amounts to roughly 48% of the gap observed between mothers and fathers.

Parenthood thus amplifies gender disparities in patenting, but cannot fully explain them.

Disentangling mechanisms. Part of the drop in mothers’ patenting rates may be driven

by a nearly 20 pp. decline in their employment rate after the first childbirth, with a slow

recovery.26 However, mothers may also become less innovation-active conditional on remain-

ing employed, both due to transitions to less inventive occupations and to reduced patenting

while remaining in the same occupation. Similarly, part of the estimated fatherhood pre-

26Supplemental Appendix Figure A.6 displays the raw employment rates in the estimation sample. Match-
ing on pre-parenthood employment variables is crucial for constructing a credible control group of childless
individuals in the presence of selection into parenthood. A related concern, however, is regression toward the
mean (RTM): the employment rates of childless controls may drift toward a lower average in the post period
once they are no longer required to match the positively selected future parents. Some RTM may indeed be
present in the estimation sample, as the employment rates of, in particular, childless men drop by around
5 pp. at t = 0. However, several pieces of evidence suggest that RTM is unlikely to explain my findings
on patenting rates. First, employment among childless men declines at t = 0 and then stabilizes, whereas
the estimated “fatherhood premium” in patenting rates emerges only later, around five years after the first
child. Moreover, the raw patterns in Figure 3, Panel A, indicate that the fatherhood premium is driven
by increases in fathers’ patenting rates, rather than declines among childless men. Finally, the estimated
fatherhood premium persists, although it declines, when the sample is restricted to employed individuals
(see Supplemental Appendix Figures A.7 and A.8). Overall, the event-study estimates of patenting rates
appear to be driven primarily by changes in outcomes among parents, rather than by shifts in the control
group.
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mium may reflect fathers’ higher employment rates relative to childless men.

To disentangle these channels, I first re-estimate parents’ patenting responses using a

sample that includes only individual-year observations in which the individual is employed.27

Supplementary Appendix Figure A.7 displays raw patenting rates conditional on employment

status, while Figure A.8 presents the event-study estimates comparing the unrestricted sam-

ple with the sample restricted to employed individuals. Consistent with the fact that fewer

than 3% of patents are filed in years of non-employment, mean patenting rates increase.

For mothers, the event-study estimates change only slightly. Thus, the decline in patenting

does not appear to be driven by reduced labor market attachment, but rather by a fall in

patenting activity among those who remain employed. For fathers, the positive estimates

are attenuated, consistent with part of the fatherhood premium, particularly in the long run,

reflecting higher employment.

To assess whether the decline in mothers’ patenting rates is driven by a shift toward

less-inventive occupations, I re-estimate the regression model using occupational inventor

intensity as the outcome.28 Figure 5 shows that, conditional on working, mothers’ occu-

pational inventor-intensiveness gradually decreases after the first childbirth, relative to the

occupations of the matched childless women. Relative to mothers’ reference-year mean (0.5

inventors per 1000 workers), the decline in occupational inventiveness 10 years after the first

child is around 18%.29 For fathers, if anything, the occupational inventor intensity increases

modestly compared to childless men, by around 2% relative to the reference-year mean (1.4

27An individual’s employment status is determined by whether they earned wages in the last week of the
year. This exercise should be viewed as descriptive, as employment is a potential outcome of parenthood.

28As described in Section 3, inventor intensity is defined as the mean number of inventors per thousand
workers within each narrowly defined occupation over 2004–2018, and is therefore time-invariant within
occupations. Inventor intensity is very low in most occupations: the threshold to be included in the top 5%
is 3.8 inventors per 1000 workers (see Table 1). Moreover, for roughly half of all occupations, the measure
equals zero, indicating that no workers in those occupations have patented. Occupation codes are observed
in 1990, 1993, 1995, 2000, and annually from 2004 to 2018; accordingly, the estimation sample in Figures
5 and A.9 is restricted to these years. The raw means of parents’ and benchmark individuals’ occupations’
inventor-intensity within the estimation window are shown in Supplemental Appendix Figure A.9.

29Similarly, relative to their reference-year mean, mothers’ likelihood of holding a top 5% inventor-
intensive occupation decreases by roughly 20% by 10 years after the first child and remains at that level
thereafter (see Supplemental Appendix Figure A.10).
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inventors per 1,000 workers). These results suggest that, unlike fathers, mothers sort into

less patent-active occupations following the birth of their first child.

Figure 5 here

However, the extent to which these occupational changes explain the motherhood penalty

in patenting appears limited. I estimate a reweighted version of the event-study model in

which the mothers and fathers are weighted to exactly match the occupational distributions

of the matched childless women and men, respectively, in each event period t.30 Supplemental

Appendix Figure A.11 presents the results, comparing the estimates between the weighted

and the corresponding unweighted specifications.31 The dynamic coefficients for mothers and

fathers change minimally after balancing the occupational distribution. This stability indi-

cates that although mothers do move into less inventor-intensive occupations, the transitions

of the observed magnitude are not able to explain the decline in their patenting. Most of

the divergence in inventive activity appears to occur within occupations, potentially through

changes in tasks, roles, projects, discretionary effort devoted to innovation, working hours,

or other within-occupation adjustments.32

Robustness and complementary outcomes. I test the robustness of the results to an

alternative event-study specification, a sample restricted to fully observed parent cohorts, and

a relaxed matching criterion. In addition, I present results for three complementary outcome

30I construct the occupation–period-specific weights separately for mothers and fathers. First, I compute
the share of parents and childless benchmark individuals in each occupation o and event period t by gender
g. The weights for parents of gender g in given o and t are then defined as the ratio of the gender-specific
childless share to the parent share. Intuitively, if a relatively larger (smaller) share of benchmark individuals
than parents has occupation o in period t, the observations of parents in that occupation and period are
upweighted (downweighted). For fully balanced occupations that, e.g., 1% of both fathers and childless men
have in a given period, the weight equals 1. Benchmark individuals always have a weight of 1, and the
weights are normalized so that the mean is 1 within each period.

31Including occupation fixed effects in the regression specification instead of weighting yields very similar
results (available upon request). The estimation sample is restricted to employed individuals in years with
observed occupation codes. Because occupation is itself a potential outcome of parenthood, this exercise is
purely descriptive.

32Unfortunately, I do not observe working hours.
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variables that capture the patenting intensive margin, grant rates, and patent quality, from

which the main results abstract.

First, I modify the specification by replacing individual fixed effects with a parent-status

indicator and substituting single-year age fixed effects for the 3-year age-bin dummies. This

specification uses within-group variation rather than relying solely on within-individual vari-

ation, and allows age effects to be modeled more flexibly. As such, the model more closely

follows traditional child-penalty specifications (see, e.g., Kleven et al., 2019b). The estimated

parental response patterns remain robust (see Supplemental Appendix Figure A.12).

Second, not all first-time parent cohorts from 1991–2019 are observed over the full es-

timation window t ∈ [−5, 15], because the panel is limited to the years 1987–2019.33 To

address concerns that changes in sample composition over the estimation window may affect

the results, I re-estimate the main specification using only always-observed cohorts, namely

parents whose first child was born between 1992 and 2004. The main patterns and conclu-

sions remain robust, though the estimates are less precise, reflecting the reduced sample size

(see Supplemental Appendix Figure A.13).

Third, I relax the matching procedure by matching parents and childless control indi-

viduals exactly on gender, age, broad 1-digit education level, broad 1-digit field of study,

mother tongue, and employment status in the matching year. This relaxed criterion al-

lows me to match more than 99% of parents in the 1991–2019 parent cohorts, yielding true

population-level estimates. The estimates based on this sample largely mirror the main find-

ings (see Supplemental Appendix Figures A.14). However, the point estimates suggest that

the decline in mothers’ patenting activity at t = 2 is somewhat smaller, roughly 65%.

Supplemental Appendix Figures A.15 and A.16 show the estimated impacts of parenthood

using the number of annual patent filings as the outcome. The estimated patterns change

only modestly relative to the main results using a filing indicator; inventors submit a single

patent application per year in 70% of cases. However, the long-term point estimates are

33Supplemental Appendix Table A.7 illustrates when each cohort is observed within the estimation win-
dow.
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closer to zero for men, suggesting that although fathers maintain higher patenting frequency

relative to childless men, the advantage on the intensive margin does not persist.

Supplemental Appendix Figures A.17 and A.18 present results using an indicator for filing

a patent application that is eventually granted as the outcome. Relative to their reference-

year mean, point estimates suggest mothers experience a broadly similar decline in granted

patent filing rates as in total filing rates. For fathers, the advantage over childless men is

attenuated compared to total filing rates, suggesting that the fatherhood premium does not

extend to patenting success.

Finally, Supplemental Appendix Figure A.19 compares the main estimates against those

obtained using a patent-filing indicator weighted by filing-year–technology-sector adjusted

received citations.34 To facilitate comparisons, the figure presents estimates scaled by par-

ents’ reference-year means for each respective outcome. The citation-weighted indicator takes

the value 0 for no patents, 1 for filings with no forward citations, and 1 plus the number of

adjusted citations for filings with citations.35 Then, for instance, if the motherhood penalty

is larger with the citation-weighted indicator, this suggests that women not only patent less

but also produce lower-impact patents after childbirth. However, Figure A.19 shows no sys-

tematic differences in the estimates for mothers with and without reweighting. For fathers,

the estimated premiums appear to systematically decrease after reweighting, although the

differences are small. Nevertheless, the attenuation under citation weighting together with

the weaker premium in granted filings suggests that fathers’ higher filing propensity is not

matched by a proportional rise in patent quality.

34Received citations reflect invention’s technological impact and correlate with economic value (Trajten-
berg, 1990; Harhoff et al., 1999; Hall et al., 2005). I adjust received citations for filing year and technology
sector to account for differences in citation accumulation time and sectoral citation intensity. Specifically,
I estimate a Poisson fixed-effects model in which I explain the number of citations received by Finnish in-
ventors’ patent applications — measured as simple DOCDB family-to-family citations as of 2023 — with
technology-sector and filing-year fixed effects. I then use the model to predict the expected number of ci-
tations for each sector–year cell and divide observed citations by these predictions. The resulting measure
equals 0 for uncited patents, falls between 0 and 1 for patents cited less than predicted, and exceeds 1 for
patents cited more than predicted.

35If the inventor files multiple patents in the same year, the filing dummy is weighted with the mean of
the adjusted citations of those filings.
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7 Discussion on Other Potential Mechanisms

My results indicate the presence of additional relevant mechanisms within occupations and

firms underlying the gender gap in innovation, beyond the career consequences of parenthood.

Prior literature suggests several potential ones. Financial incentives to pursue innovation

may vary by gender. Bell et al. (2019) report a gender income gap of roughly 14% among

inventors. Hoisl and Mariani (2017) document a comparable gap, with more than half of it

unexplained by a rich set of inventor, job, and patent characteristics. Patent grants generate

monetary returns for inventors (Toivanen and Väänänen, 2012; Kline et al., 2019), linking

the gender gap in patent grant rates to lower expected returns to patenting for women. In

addition, Toivanen and Väänänen (2012) present evidence suggesting that female inventors

capture lower returns to patent grants than male inventors.

In addition, even within the same occupation, women may perform different tasks than

men (Fana et al., 2021; Pető and Reizer, 2021).36 Previous research indicates that these task

differences help explain occupational gender disparities, such as wage gaps (Stinebrickner

et al., 2018; Bizopoulou, 2019). Using survey data on U.S. college graduates’ job charac-

teristics, Hunt et al. (2013) shows that women’s underrepresentation in patent-intensive job

tasks is a key factor behind the gender gap in patenting.37

Women may encounter greater friction and barriers to innovation than men. Chien and

Grennan (2024) present evidence that female engineers at high-tech firms are substantially

less likely to have their early-stage inventions advanced to the patent application stage than

their male counterparts. Management practices and corporate culture seem to play a crucial

role in this disparity: women report receiving inadequate support from management during

the inventing process, as well as a lack of collaborators and advisors to evaluate the patent-

worthiness of their ideas. Relatedly, Aneja et al. (2024) find that majority-female inventor

36Parenthood may affect the types of tasks that women and men choose or are assigned to (Tannenbaum
and Timpe, 2025; Schulz and Zoch, 2025).

37However, Hunt et al. (2013) do not distinguish between occupations and job tasks, and do not study
the allocation of tasks within occupations.
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teams are more likely to abandon patent applications after an initial rejection, which the

authors primarily attribute to resource constraints and institutional factors, a view supported

also by the findings of Pairolero et al. (2025).

There may also be behavioral explanations for the gender patenting gap, such as risk and

competition aversion. Patenting and research tasks are arguably competitive and involve a

significant risk of failure, and typically take place in male-dominated fields and occupations.

Literature indicates that women are less willing to enter competitive environments than men

(Niederle and Vesterlund, 2007; Flory et al., 2015) and may perform worse in competition

(Gneezy et al., 2003; Gneezy and Rustichini, 2004), especially against men (Gneezy et al.,

2003; Niederle and Vesterlund, 2011). Moreover, women may have lower preferences for risk-

taking than men, especially in mixed-sex environments (Booth and Nolen, 2012).38 While

sorting into fields and occupations likely attenuates gender differences in risk tolerance and

competitiveness (e.g., Buser et al., 2014; Fouarge et al., 2014; Dillon, 2018), some within-

group differences may persist.

Finally, women may also face gender biases, discrimination, and exclusion, making it more

difficult for them to access inventor roles and receive recognition for their contributions. Ross

et al. (2022) document a 58% gap between men and women in the likelihood of being named

as an inventor on patents produced by their research teams, and a 13% gap in the probability

of being credited as an author on academic publications, both measured after controlling for

team members’ job titles, tenure in the team, and team fixed effects. Furthermore, recent

evidence suggests that female inventors’ patents are under-recognized, as measured by the

number of citations they receive, relative to their relevance (Hochberg et al., Forthcoming;

Li and Liu, Forthcoming).

38A substantial body of literature generally concludes that women tend to be more risk-averse than men
(see reviews in, e.g., Croson and Gneezy, 2009; Charness and Gneezy, 2012, and their references). However,
a less unanimous interpretation of the literature has also been made (Nelson, 2015).
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8 Conclusions

In this paper, I examine the forces driving the persistent gender divide in innovation, using

European Patent Office records linked to Finnish administrative data. The raw difference

is stark: women’s patenting rate is 88% lower than men’s. I show that roughly half of this

gap stems from educational and occupational gender segregation: men are more likely to

sort into patent-intensive domains, such as most engineering professions. The other half

reflects the more puzzling differences in patenting activity between women and men with

similar educational backgrounds working within the same narrowly defined occupations.

Women are less likely to patent in nearly every occupation, and accounting for differences

in potential experience, qualifications, general ability proxied by high school grades, and

sorting across firms with different innovation capacities leaves these within-occupation gaps

largely unexplained.

The asymmetric effects of parenthood are a key mechanism: using a matched-control

event-study design, I show that women’s patenting activity drops by approximately 78%

following the first childbirth, with evidence of partial recovery over the long term. The cu-

mulative 15-year decline for mothers is equivalent to roughly six years of patenting at their

pre-parenthood rate. Parenthood appears to affect mothers’ inventive productivity primar-

ily through adjustments within occupations, rather than through movements to less patent-

intensive occupations. These adjustments may include, for example, shifts to non-inventive

tasks and roles, or a reduction in discretionary effort devoted to innovation. Fathers, in

contrast, exhibit a sustained annual premium in their patenting rates of roughly 10%. How-

ever, I also find considerable gender differences in the patenting rates among future parents

before they have children, as well as among childless individuals. Together, my findings

indicate that the differential impacts of parenthood are a central driver of the gender gap in

innovation, though they cannot fully account for it.

The implications of my results are double-edged. On the one hand, they highlight the

importance of policies that encourage women to pursue male-dominated, patent-intensive
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fields, such as many STEM fields, to reduce gender disparities in patenting and unlock

women’s untapped inventive potential. Such policies could involve exposing students in

primary and secondary education to female role models through school visits or mentoring

programs, as well as implementing initiatives that make STEM fields more inclusive and

appealing to women. On the other hand, my results also indicate that these measures, while

valuable, are insufficient on their own, as substantial and pervasive disparities persist within

occupations and firms.

My findings further suggest that policies designed to reduce the disproportionate career

penalties of parenthood and promote a more equitable division of family responsibilities

could increase women’s inventive productivity and strengthen their representation among

inventors. Policymakers and employers seeking to foster innovation should consider whether

aspects of working conditions, workplace culture, and innovation processes are unnecessarily

difficult to combine with family life — or otherwise reinforce gender disparities — and result

in an inefficient use of women’s innovation potential. Further investigating why women

continue to lag behind men in patenting, even after entering patent-intensive occupations

and firms, remains a promising avenue for future research.
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Figure 1: Gender Inventor Gap and Supply of Potential Female Inventors

Notes. Panel A displays the share of female and male inventors among all women and men, respectively,
for the full population of birth cohorts from 1962 to 1982 and for the three subsamples of STEM college
graduates. Inventor shares are expressed as the number of inventors per thousand individuals. The female-to-
male likelihood ratios are displayed below each bar for every sample. Panel B displays the share of women in
the samples. The number of individuals and inventors in the samples is reported in Supplemental Appendix
Table A.3. Inventorship is determined using EPO patent application data from 1978 to 2019. Occupations
are observed between 2004 and 2018.
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Figure 2: Gender Patenting Gaps by Occupation

Notes. This figure presents the occupation-specific gender gap coefficients, along with their 95% confidence
intervals. The coefficients are estimated with the regression model in Equation (1) separately for each
occupation. The estimation sample comprises individuals observed in 2004–2018 at ages 25–65. Panel A
displays the raw gender gaps. Panel B displays estimates from a specification that includes fixed effects for
calendar year, age, native language, high school grades, and education level by field. The horizontal axis
orders occupations by the patenting probability of male workers.
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(A) Raw Means in the Matched Sample
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(B) Dynamic DID Estimates
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Figure 3: Changes in Annual Patenting Rates Around the First Childbirth

Notes. Panel A displays the raw probabilities of patenting for parents and matched benchmark individuals in
the estimation window, expressed as percentages. Panel B plots point estimates and 95% confidence intervals,
estimated separately for women and men using the dynamic DID model in Eq. (4). For readability, the
estimates are scaled by 100 and should be interpreted in percentage points. The outcome variable is an
indicator for filing a patent application in a given year. The model includes calendar-year, individual, and
3-year age-bin fixed effects. The sample comprises matched parent–childless pairs from cohorts born in 1950
or later, observed from 1987 to 2019. Standard errors are clustered at the individual and the matched-pair
levels.
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Figure 4: Scaled Dynamic DID Estimates from Figure 3, Panel B

Notes. This figure displays the dynamic DID estimates from Figure 3, Panel B, scaled by the parents’
reference year (t = −1) patenting rate. The outcome variable is an indicator for filing a patent application
in a given year. The dynamic DID estimates are estimated separately for women and men using the model
in Eq. (4). The model includes calendar-year, individual, and 3-year age-bin fixed effects. The estimation
sample consists of the matched parent–childless individual pairs from cohorts born in 1950 or later, observed
from 1987 to 2019. Standard errors are clustered at the individual and the matched-pair levels.
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(B) Scaled Dynamic DID Estimates from Panel A
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Figure 5: Changes in Occupational Inventiveness Around the First Childbirth:
Inventors per 1000 Workers

Notes. The outcome variable is the mean number of inventors per thousand workers in the occupation held
by the individual in a given year. The outcome is an occupation-specific mean calculated using information
over the years 2004–2018, as described in Section 3. Panel A plots point estimates and 95% confidence
intervals, estimated separately for women and men using the dynamic DID model in Eq. (4). Panel B scales
the estimates from Panel A by the parents’ reference year (t = −1) outcome level. The model includes
calendar-year, individual, and 3-year age-bin fixed effects. The sample comprises matched parent–childless
pairs from cohorts born in 1950 or later, observed from 1987 to 2019. Standard errors are clustered at the
individual and the matched-pair levels.
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Table 1: Top 5% Inventor-Intensive Occupations

Mean total
inventors
per 1,000
workers (I)

Mean female
inventors
per 1,000

female workers (Iw)

Mean male
inventors
per 1,000

male workers (Im)

Women less
likely to
patent
(0/1)

Absolute
gender gap:
Iw − Im

Relative
gender gap:
(Iw − Im)/Im

1. Research and development managers 31.5 9.8 37.5 1 -27.7 -0.74
2. Telecommunications researchers 25.4 16.3 26.9 1 -10.5 -0.39
3. Chemists 25.3 12.8 40.4 1 -27.6 -0.68
4. Pharmacologists, pathologists and related professionals 25.0 22.3 31.3 1 -9.0 -0.29
5. Electronics and telecommunications engineers 24.9 13.0 26.7 1 -13.7 -0.51
6. Chemical engineers 22.6 17.9 24.6 1 -6.7 -0.27
7. Information technology researchers 18.8 7.1 21.4 1 -14.3 -0.67
8. Physicists and astronomers 18.6 6.5 22.2 1 -15.8 -0.71
9. Telecommunications engineers 18.2 9.4 19.8 1 -10.4 -0.52
10. Professors 16.6 5.9 20.4 1 -14.5 -0.71
11. Electrical engineers 15.9 8.2 16.6 1 -8.4 -0.50
12. Social science and related professionals 15.8 0.0 24.5 1 -24.5 -1.00
13. Mining engineers, metallurgists and related professionals 14.0 17.5 13.3 0 4.2 0.32
14. Physical and engineering science associate professionals 12.6 5.9 14.6 1 -8.7 -0.60
15. Electronics engineers 12.0 4.9 13.0 1 -8.2 -0.63
16. Health professionals (except nursing) 11.9 9.8 15.2 1 -5.4 -0.35
17. Mechanical engineers 10.8 3.0 11.4 1 -8.4 -0.73
18. Chemical engineering technicians 9.5 10.0 9.3 0 0.7 0.08
19. Mining and metallurgical technicians 9.0 11.2 8.3 0 2.9 0.35
20. Architects, engineers and related professionals not elsewhere classified 8.9 8.5 9.0 1 -0.5 -0.05
21. Health professionals (except nursing) not elsewhere classified 8.8 5.8 20.1 1 -14.3 -0.71
22. Electronics and telecommunications technicians 8.4 5.5 9.1 1 -3.6 -0.40
23. Biologists, botanists, zoologists and related professionals 8.2 6.7 10.8 1 -4.1 -0.38
24. Production and operations managers in manufacturing 7.9 2.1 8.5 1 -6.3 -0.75
25. Manufacturing managers 7.3 1.5 8.1 1 -6.6 -0.81
26. Electronics engineering technicians 6.9 3.4 7.7 1 -4.2 -0.55
27. Engineering professionals not elsewhere classified 6.6 3.4 7.6 1 -4.2 -0.55
28. Wood processing and chemical engineering technicians 6.6 9.0 5.8 0 3.2 0.56
29. Industrial and production engineers 6.5 3.2 7.4 1 -4.2 -0.57
30. Chemical and physical science technicians 6.3 2.6 9.6 1 -7.0 -0.73
31. Environmental engineers 6.2 2.7 10.3 1 -7.6 -0.74
32. Product and garment designers 5.7 1.8 10.9 1 -9.1 -0.84
33. Electrical engineering technicians 5.4 2.0 5.7 1 -3.7 -0.65
34. Computer network professionals 5.1 1.1 6.0 1 -4.9 -0.81
35. Managers of small enterprises in manufacturing 5.0 0.6 5.7 1 -5.1 -0.89
36. Other specialist managers not elsewhere classified 4.4 1.7 5.1 1 -3.4 -0.67
37. Mechanical engineering technicians 4.3 1.8 4.5 1 -2.6 -0.59
38. Policy and planning managers 4.2 2.0 4.9 1 -2.9 -0.60
39. Managers of small enterprises of business services enterprises 3.9 0.8 5.0 1 -4.2 -0.84
40. Information and communications technology service managers 3.9 0.3 4.4 1 -4.1 -0.93
41. Assistants and part-time lecturers (university) 3.8 1.4 5.8 1 -4.3 -0.75

Column average 11.53 6.34 13.88 0.90 -7.55 -0.53

Notes. This table describes the inventor intensity of occupations that fall in the top 5% of the inventor-
intensity distribution. The means are calculated using the years 2004–2018 and workers aged 25–65. See
Supplementary Appendix C for calculation details and Supplementary Appendix Table A.1 for occupation
sizes and gender compositions.
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Table 2: Gender Patenting Gap

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

Panel A. Outcome = patent filing dummy

Woman -0.1333∗∗∗ -0.0671∗∗∗ -0.0734∗∗∗ -0.0646∗∗∗

(0.0020) (0.0023) (0.0026) (0.0024)

% of Woman in
Column (1) explained

50% 45% 52%

Constant term 0.1513∗∗∗ 0.1183∗∗∗ 0.1214∗∗∗ 0.1082∗∗∗

(0.0019) (0.0017) (0.0018) (0.0020)

Adj. R2 0.0005 0.0202 0.0466 0.0203

Panel B. Outcome = later-granted patent filing dummy

Woman -0.0827∗∗∗ -0.0405∗∗∗ -0.0455∗∗∗ -0.0393∗∗∗

(0.0015) (0.0017) (0.0019) (0.0017)

% of Woman in
Column (1) explained

51% 45% 53%

Constant term 0.0930∗∗∗ 0.0719∗∗∗ 0.0744∗∗∗ 0.0655∗∗∗

(0.0014) (0.0013) (0.0013) (0.0015)

Adj. R2 0.0003 0.0129 0.0310 0.0130

Baseline Controls - Yes Yes Yes

Education level × field FE - Yes Yes Yes

Occupation FE - Yes Yes Yes

Firm FE - - Yes -

High school grade FE - - - Yes

Notes. This table provides the estimated gender gap coefficients γ̂ from regression specifications described in
Equation (1), estimated with OLS. The coefficients and standard errors are multiplied by 100 and rounded
to four decimal places. The dependent variable in Panel A is a patent filing indicator. In Panel B, the
outcome is a patent grant indicator, defined as 1 in the year the later-granted patent is filed and 0 otherwise.
The estimation sample is a panel of individuals observed between 2004 and 2018, aged 25–65. The baseline
controls include indicator variables for calendar year, age, native language, and employment. Educational
fields are classified at the 3-digit level (ISCED-2011), and educational levels at the 2-digit level. Occupations
are categorized at the most detailed 4-digit or 5-digit level. Standard errors are clustered at the individual
level. The number of observations in each regression is 30,275,290. ∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1
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Table 3: Threefold Oaxaca–Blinder Decomposition (Female Reference)

(1.1) (1.2) (2.1) (2.2)
Outcome: Patent filing Granted patent filing

Coefficient SE Coefficient SE
Panel A. Decomposition
Male Mean 0.1513∗∗∗ (0.0019) 0.0930∗∗∗ (0.0014)
Female Mean 0.0180∗∗∗ (0.0006) 0.0102∗∗∗ (0.0004)
Raw gap (R) 0.1333∗∗∗ (0.0020) 0.0827∗∗∗ (0.0015)

Endowments (Q) 0.0333∗∗∗ (0.0023) 0.0200∗∗∗ (0.0016)
Contributions
Baseline controls 0.0005∗∗∗ (0.0001) 0.0003∗∗∗ (0.0001)
Education level × field FEs 0.0023 (0.0021) 0.0022 (0.0015)
Occupation FEs 0.0305∗∗∗ (0.0021) 0.0175∗∗∗ (0.0016)

Coefficients (C) 0.0222∗∗∗ (0.0017) 0.0131∗∗∗ (0.0012)

Interaction (I) 0.0778∗∗∗ (0.0031) 0.0496∗∗∗ (0.0022)
Contributions
Baseline controls 0.0025∗∗∗ (0.0002) 0.0014∗∗∗ (0.0001)
Education level × field FEs 0.0152∗∗∗ (0.0036) 0.0095∗∗∗ (0.0025)
Occupation FEs 0.0601∗∗∗ (0.0035) 0.0387∗∗∗ (0.0025)

Panel B. Relative contributions
% of the raw gap
Endowments 25.0 24.2
Coefficients 16.7 15.8
Interaction 58.3 60.0

Relative contributions to total endowments (%)
Baseline controls 1.6 1.5
Education level × field FEs 6.9 11.0
Occupation FEs 91.5 87.5

Relative contributions to total interaction (%)
Baseline controls 3.2 2.8
Education level × field FEs 19.5 19.2
Occupation FEs 77.3 78.0

Notes. This table displays the estimated threefold Oaxaca-Blinder decomposition as in Equation (3). All
coefficients and standard errors are multiplied by 100 and rounded to four decimal places. The decomposi-
tion is implemented using the oaxaca package in Stata (Jann, 2008). The estimation sample is a panel of
individuals observed between 2004 and 2018, aged 25–65. In Columns 1.1 and 1.2, the dependent variable
is a patent filing indicator. In Columns 2.1 and 2.2, the outcome is a patent grant indicator, defined as 1 in
the year the later-granted patent is filed and 0 otherwise. The baseline controls include indicator variables
for calendar year, age, native language, and employment. Educational fields are classified at the 3-digit level
(ISCED-2011), and educational levels at the 2-digit level. Occupations are categorized at the most detailed
4-digit or 5-digit level. Standard errors are clustered at the individual level. Number of male observations
is 15,198,437; Number of female observations is 15,076,853. ∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1.
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A School System in Finland

Education is fundamentally free of charge in Finland. The school system starts with com-

pulsory basic education at age 7. After nine grades, individuals can apply to high school

or vocational education. High school studies culminate in the matriculation examination,

which is a standardized nationwide set of separate subject-specific final exams. The final

examinations are graded on a 7-point scale, with the lowest grade indicating a failing score.1

The grades are based on students’ performance relative to all other test takers nationwide

(e.g., the top 5% receive the highest grade). The final exams include subjects such as mother

tongue and literature, mathematics (basic or advanced level), foreign languages, humanities

such as history, and natural sciences such as physics or chemistry. Only the final exam

for mother tongue and literature has always been mandatory. Otherwise, the students can

choose, with some restrictions, which exams to take. To be eligible for a final exam, a student

must have completed all compulsory courses in the subject. Additionally, performing well

on the exam usually necessitates knowledge gained from elective courses. Consequently, the

final exams students choose to take are closely aligned with the courses they took, and their

performance on these exams should strongly reflect their overall learning throughout high

school.

After completing secondary education, individuals can apply to universities and universi-

ties of applied sciences, which I will collectively refer to as ‘college’ in this paper. During the

years studied in this paper, most applicants to specific degree programs were required to pass

a program-specific entrance exam. Applicants were then ranked based on their performance

in this exam and prior academic achievements, typically their matriculation exam grades in

program-related subjects. Entry into many degree programs, including many STEM fields,

is competitive. Thus, students aiming for an engineering degree, for example, benefit from

excelling in subjects like advanced mathematics, physics, and chemistry in high school.

1The grades are (from lowest to highest) as follows: I, A, B, C, M, E, and L. Originally, the grading
system included only four grades, I, A, C and L. Grades B and M were introduced in 1970, and E in 1996.
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B Linking Inventors to Register Data

I obtain data on Finnish patent inventors and applicants from the OECD REGPAT Database

(Maraut et al., 2008). The database fully derives the European Patent Office’s (EPO)

Worldwide Statistical Patent Database (PATSTAT Global).

Inventors were linked to Finnish register data by Statistics Finland (SF) using the infor-

mation available in the patent applications: inventors’ full names, corresponding addresses

(including postal codes, street names, and numbers), patent applicant firm names and ad-

dresses, and the year of the patent application. The primary challenges in linking inventors

arise from two factors: (i) common names, which correspond to a large number of individu-

als in the register data, and (ii) significant variations in the format of names and addresses

between patent applications and the register data. As a result, effective linking requires

cleaning the name and address data and interpreting correct matches based on information

about addresses and employers, in addition to the inventor names.

I combine the results of two matching efforts to create a dataset of Finnish inventors in

EPO patent applications filed between 1978 and 2019, linked to register data. Each linked

inventor is assigned a unique encrypted ID number, which connects them to all individual-

level datasets of SF.

The first matching was conducted in 2013, in which inventors from patent applications

filed between 1978 and 2012 were linked to the register data by a civil servant at SF. The

resulting matched inventor data has been used in several published papers (Aghion et al.,

2017, 2018, 2022, 2023). This process used the aforementioned patent information along with

corresponding non-encrypted name and address data from SF’s databases. Essentially, the

civil servant cleaned the raw names and addresses in the patent data and used them to exact

matching. Various combinations of matching variables were employed, with the matching

year also sometimes differing from the patent application year (e.g., matching an inventor

in a 2005 patent with the firm name and address data from 2004 or 2006). The list of all

variable combinations and the corresponding matching rates can be provided upon request.
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The second round of matching was carried out in 2024 for patent applications filed be-

tween 1978 and 2019. The matching was performed by an employee of SF using a matching al-

gorithm developed for this purpose (Berge, 2023). Comprehensive documentation and all cor-

responding R-code for the algorithm are publicly available in GitHub lrberge/linking winst.

The algorithm utilizes the same information from the inventor and register data as the first

matching, but uses more advanced name cleaning and Bayesian match quality assessment

algorithms. The algorithm is designed to be transparent and stringent in determining which

matches are considered accurate.

I combine the results from the two matching efforts for the overlapping period 1978–2012.

The combined matching successfully identifies a match in the register data for 93% of the

inventor-patent observations in the overlapping period. The two rounds of matching appear

to be complementary. For 63% of the matched inventor-patent observations, both matching

rounds identified the same individual in the register data; 21% were linked solely by the old

matching, and 14% exclusively by the new matching. Importantly, only 1.3% of the matches

are such that the two matching rounds link different individuals in the register data to the

same inventor-patent observation (in which case at least one of the matches must be a false

positive). In these cases, I retain the result from the more recent matching.

Several factors likely account for the differences between the results of the first and second

matching rounds. First, for the last application cohorts in the first matching round, some

patent applications had not yet been published in 2013 and were therefore not included

in the patent dataset, meaning they were only observed in the second matching round.2

Second, during the initial matching round, the civil servant developed several combinations of

matching variables, some of which were less stringent than those applied by the more recent

algorithm. The civil servant also utilized his knowledge of Finnish naming conventions,

including the fact that many streets have both Finnish and Swedish names. Third, the

thorough name data cleaning in the more recent matching algorithm may have enabled

2After the expiry of 18 months from the date of filing or the earliest priority date, the EPO applications
are published as soon as possible (EPO, 2026).
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the identification of matches that were previously missed. Fourth, the register data may

have been supplemented and refined retrospectively. Given these considerations, and in the

absence of evidence indicating a substantial presence of false positive matches, I combine the

results from both matching rounds.

In total, for EPO patent applications filed between 1978 and 2019, the combined matching

successfully identifies a person in the register data for 90% (79,446) of all inventor-patent

observations with a reported correspondence address in Finland, corresponding to 22,557

unique matched Finnish inventors. The match rates may be slightly downward-biased be-

cause some inventors may list a correspondence address in Finland (e.g., a company address)

without actually residing there permanently, in which case they do not appear in Finnish

register data. At the patent application level, all inventors were matched in roughly 80% of

the patent applications; in 14% of the patents, some, but not all, inventors were matched;

and in the remaining 6% of patent applications, no inventor matches were found.

Directly evaluating match rates by gender is not possible, as gender is not recorded in

patent data and is only observed after successful linkage to register data. In general, we

are not aware of any reason to expect the name- and address-based matching to perform

differently by gender. However, one potential source of differential match quality is surname

changes following marriage, which are substantially more common among women in Finland

than among men. That said, any resulting bias is likely to be small. For name changes after

marriage to affect the matching, a specific sequence of events must occur: an inventor would

need to file a patent application before marriage in the same year, report their pre-marriage

surname in the application, and then appear under a different surname in the register data

in the same year. We expect such cases to be rare in practice.

If name changes were causing a substantial number of female inventors to go unmatched,

we would expect to observe a missing mass of patents and inventors in women’s marriage

years relative to men in the linked data. However, we do not observe such a pattern. The

patents filed in the year of marriage constitute approximately 2.4% of all men’s patent filings
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between 1987 and 2019. For female inventors, the corresponding share is very similar, 2.3%.

When calculated based on the number of inventors who filed a patent each year, the marriage-

year shares are 2.3% for men and 2.6% for women. Thus, filing a patent and getting married

in the same year is rare, and we observe no notable gender differences in its frequency in the

linked data. In conclusion, we find no evidence of systematic bias in linking female inventors

to the register data.

C Occupational Inventor-Intensity

I define the inventor intensity of occupations as follows. For each year and occupation, I

first count the number of individuals listed as inventors on at least one patent application

filed in the given year. So, importantly, I do not calculate the annual number of persons in a

given occupation who have ever patented, but the number of persons who file a patent while

having the given occupation. Therefore, the same inventor can be counted multiple times for

multiple occupations if she patents in several years and occupations. Then, I calculate the

mean annual number of these inventors for each occupation over the years 2004–2018, the

years for which the occupation and patenting data are available annually. To calculate the

inventor intensity, I then divide the mean number of inventors by the corresponding mean

number of all workers in the given occupation.

Essentially, I distinguish occupations at the finest 4-digit level (ISCO-compatible) or

national 5-digit level when available. More precisely, I distinguish occupations by their name

(at the finest occupation level) in the data. I use the occupation names as they are more

stable in the data across years than occupation codes — the occupation classification was

updated in 2010, and as a result, some occupations received new codes (while the occupation

name did not necessarily change), and some occupations were combined into bigger units or

divided into smaller units with new codes. However, also the occupation names of effectively

the same occupations may have changed. Therefore, the number of years each occupation

name appears in the data varies.
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If I wanted to follow individuals’ occupations over time, I would have to use a crosswalk

between the two occupation classifications. However, for the purposes of the analyses in this

paper, it is not a threat if the effectively same occupation appears twice with two different

names. Also, even with a crosswalk between the two classifications, it is not clear how to

allocate workers to, for example, two occupations in the old (new) classification that are

combined into a single occupation in the new (old) classification.

D Oaxaca–Blinder Decomposition

D.1 Setup

The Oaxaca–Blinder decomposition is a counterfactual decomposition method widely used

to analyze mean differences between groups (dating back to Blinder, 1973; Oaxaca, 1973).

Following Jann (2008), consider two groups, M (men) and W (women). Let Y denote the

outcome (e.g., a patent filing indicator), X the vector of covariates including a constant, and

ε the error term. Define a linear model:

Yg = X ′
gβg + εg, g ∈ {M,W}. (A.1)

Assume E[εg] = 0 and E[βg] = βg. Then, taking expectations gives

E(Yg) = E(Xg)
′βg. (A.2)

Thus, the mean gender difference in the outcomes can be expressed as

R = E(YM)− E(YW ) = E(XM)′βM − E(XW )′βW . (A.3)
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D.2 Twofold Oaxaca–Blinder Decomposition

Introducing a reference coefficient vector β∗, we can add and subtract the terms E(XM)′β∗

and E(XW )′β∗ to Eq. (A.3) and reorganize:

R = E(XM)′βM − E(XW )′βW

= E(XM)′βM − E(XW )′βW + E(XM)′β∗ − E(XM)′β∗ + E(XW )′β∗ − E(XW )′β∗

=
(
E(XM)− E(XW )

)′
β∗ + E(XM)′(βM − β∗) + E(XW )′(β∗ − βW )

(A.4)

Replacing the expected value of the covariates E(Xg) by the sample average X̄g, and denoting

the estimated coefficient vectors by β̂, the decomposition can be estimated as

R =
(
X̄M − X̄W

)′
β̂∗︸ ︷︷ ︸

≡ E (”explained”)

+ X̄ ′
M(β̂M − β̂∗) + X̄ ′

W (β̂∗ − β̂W )︸ ︷︷ ︸
≡ U (”unexplained”)

. (A.5)

This expression represents the twofold Oaxaca–Blinder decomposition, where the first com-

ponent E captures the part of the gender gap explained by differences in covariate means

evaluated at the reference coefficient vector β∗, and the second component U captures the

unexplained component due to gender differences in coefficients (and potential effects of

unobserved variables).

The choice of the reference coefficient structure affects the decomposition results. For

example, using male coefficients as the reference structure (β∗ ≡ βM) yields different results

than using female coefficients (β∗ ≡ βW ). To define a single meaningful reference structure,

I adopt a “pooled” approach, in which β∗ is estimated with a regression that pools men and

women and includes a gender indicator variable:

Y = β0 +X ′β∗ + γ1{g = W}+ ε. (A.6)

Note that this specification is similar to the gender gap regression in Eq. (1). The un-

derlying assumption of the pooled approach is that the inclusion of the gender indicator
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sufficiently removes systematic gender-specific effects from the estimated coefficients, so that

β∗ represents a coefficient structure that is applicable to both men and women. Compared

with using male or female coefficients as the counterfactual, the pooled reference structure

arguably provides a more balanced assessment of the portion of the gender gap attributable

to gender differences in covariates. The use of pooled regression coefficients as a “nondis-

criminatory” reference has been advocated by, e.g., Neumark (1988) and Fortin (2008). See

also Jann (2008) and Fortin et al. (2011) for further discussions.

Note that the coefficient γ from the pooled regression in Eq. (A.6) directly captures the

unexplained part of the pooled twofold Oaxaca-Blinder decomposition. To see this, use Eq.

(A.6) to express the mean gender gap:

R = E(YM)− E(YW )

= E(β0 +X ′
Mβ∗ + ε)− E(β0 +X ′

Wβ∗ + γ + ε)

= β0 + E(XM)′β∗ − β0 − E(XW )′β∗ − γ

=
(
E(XM)− E(XW )

)′
β∗ − γ,

(A.7)

which can be estimated as: (
X̄M − X̄W

)′
β̂∗ − γ̂. (A.8)

Now −γ̂ corresponds to the unexplained component U in Eq. (A.5). To directly see this,

compare the gender gap estimate of -0.0671 in Table 2, Panel A, Column 2, to the total

unexplained estimate of 0.0671 in the pooled twofold decomposition presented in Table A.5,

Column 1.1.3 The gender gap regression reported in Table 2, Panel A, Column 2, and the

underlying regressions of the decomposition in Table A.5, Columns 1.1 and 1.2, are based

on the same sample and include an identical set of covariates. In both cases, the patent-

filing indicator is explained by baseline controls (year, age, language, and main activity fixed

effects) and education-level-by-field and occupation fixed effects. As a result, the gender gap

3The sign of the regression coefficient depends on whether the gender indicator is defined to take the
value of 1 for women or for men.
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regression and the pooled twofold decomposition yield equivalent estimates.

Table A.5, Columns 1.1 and 1.2, show that the raw patenting rate is 0.1333 percent-

age points higher for men, and roughly half (0.0662 percentage points) of this gap can be

explained by differences in observable characteristics (E), while the remaining half (0.0671

percentage points) is unexplained (U). The explained component is driven primarily by differ-

ences in occupational sorting, which alone accounts for 0.0554 percentage points (or 82.2%)

of it. Differences in education contribute a more modest share (0.0102 percentage points, or

15.4%), while baseline controls play only a minor role. Using the later-granted patent filing

dummy as the outcome, the decomposition results reported in Table A.5, Columns 2.1 and

2.2, yield conclusions that closely align with those for the overall patent filing gender gap

discussed above.

The explained component in the twofold decomposition can be divided into contributions

from different covariate groups, as the total explained component is a sum of the individual

contributions:

E = (X̄M − X̄W )′ β̂∗ = (X̄1M − X̄1W ) β̂∗
1 + (X̄2M − X̄2W ) β̂∗

2 + · · · , (A.9)

where X̄g1, X̄g2, . . . denote the mean values of the individual covariates for gender g, and

β̂g1, β̂g2, . . . are the corresponding estimated coefficients. Each term in the sum represents

the contribution of the gender difference in a specific covariate: the first term captures the

differences in X̄1, the second term captures differences in X̄2, and so on, and these terms

can be grouped. The unexplained part can be similarly decomposed. However, unlike the

explained component, the decomposition of the unexplained part into contributions from

different coefficient groups is only meaningfully interpretable for variables with a natural

zero point (Jann, 2008). Thus, the detailed decomposition of the unexplained part is not

reported in Table A.5.
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D.3 Threefold Oaxaca–Blinder Decomposition

To derive the threefold Oaxaca-Blinder decomposition, consider the mean gender gap R in

Eq. (A.3). Adding and subtracting the term E(XM)′βW and reorganizing yields:

R = E(XM)′βM − E(XW )′βW

= E(XM)′βM − E(XW )′βW + E(XM)′βW − E(XM)′βW

=
(
E(XM)− E(XW )

)′
βW + E(XM)′(βM − βW )

(A.10)

Further adding and subtracting E(XW )′(βM − βW ) and reorganizing yields:

R =
(
E(XM)− E(XW )

)′
βW + E(XM)′(βM − βW ) + E(XW )′(βM − βW )− E(XW )′(βM − βW )

=
(
E(XM)− E(XW )

)′
βW + E(XW )′(βM − βW ) +

(
E(XM)− E(XW )

)′
(βM − βW ).

(A.11)

Replacing population expectations with sample averages X̄g and denoting the estimated

coefficient vectors with β̂g, the decomposition can be estimated as

R = (X̄M − X̄W )′β̂W︸ ︷︷ ︸
≡ Q (”endowments”)

+ X̄ ′
W (β̂M − β̂W )︸ ︷︷ ︸

≡ C (”coefficients”)

+(X̄M − X̄W )′(β̂M − β̂W )︸ ︷︷ ︸
≡ I (”interaction”)

. (A.12)

This is the threefold Oaxaca-Blinder decomposition, using women as the reference group.4

Here, Q measures the portion of the gender gap explained by differences in observed charac-

teristics between men and women, evaluated at women’s coefficient values. In other words,

the expected change in women’s mean outcome if women had men’s predictor levels, keeping

their coefficients constant. Component C captures the part of the gender gap attributable to

differences in coefficients, that is, the expected change in women’s mean outcome if women

had men’s coefficients, keeping women’s predictor levels fixed. I represents the interaction

term, accounting for the simultaneous presence of differences in both characteristics and

coefficients.

4The decomposition can also be reversed to reflect men’s viewpoint:
R = (X̄M − X̄W )′β̂M + X̄ ′

M (β̂M − β̂W ) + (X̄M − X̄W )′(β̂M − β̂W )
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E Gender, Patent Grant Rates, and Quality Measures

Measuring patent quality and value is a notoriously challenging task. I examine gender

differences in patent quality across multiple measures proposed in the existing literature,

using inventor–patent-level data on all European Patent Office (EPO) applications filed by

Finnish inventors between 1987 and 2019. I begin the analysis by studying patent grant

rates, using the applications’ grant status as of 2023. In addition, I investigate several

complementary measures intended to reflect the multiple facets of patent quality and value.

Since inventions are typically developed in teams — about 69% of patent applications in

the estimation sample list multiple inventors — the same patent may be linked to multiple

inventors. The median inventor team size in the data is 2, and the mean is 2.57.5 In

addition, some inventors contribute to many patents: while the median inventor files just

one application over the sample period, the mean is 3.55. To account for the resulting

dependence structure, I use two-way clustered standard errors at the patent application and

inventor levels in the regression model presented below.

As the baseline measure, I use the number of received family-to-family citations, defined

as the number of distinct DOCDB simple patent families that, by 2023, cite at least one

publication or application belonging to the DOCDB simple family of the focal application.

A patent family refers to the collection of jurisdictions in which protection for the same

invention has been sought through related patent applications. Thus, family-to-family ci-

tations effectively capture invention-to-invention citations. Citations reflect the invention’s

impact on subsequent innovation and also serve as a proxy for the patent’s economic value

(e.g., Trajtenberg, 1990; Harhoff et al., 1999; Hall et al., 2005). In the regression analysis, I

control for filing year, technology sector (5 categories), and the inventor’s 3-digit employer

industry to account for business cycles, time since filing, and sectoral differences in citation

5Team size counts all inventors, including foreign inventors not linked to the register data. When
restricted to inventors linked to Finnish register data (which determines the size of patent clusters in the
regression model), multiple inventors appear in 65% of patent applications, the median number of inventors
is 2, and the mean is 2.1.
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accumulation and grant rates.

In addition, I use patent family size, measured as the size of the simple DOCDB family

of the focal patent application. Patent family size reflects the geographical scope of the

sought patent protection for the invention. Larger patent families are associated with higher

(potential) economic value of the patent (e.g., Harhoff et al., 2003).

Furthermore, I use several patent-quality indicators provided by the OECD, constructed

from data covering the full universe of EPO patent documents. The data on quality indicators

is available online for researchers (OECD, 2026). See Squicciarini et al. (2013) for detailed

definitions and discussions on these indicators, as well as related references.

First, I use an indicator for a ”breakthrough” invention that equals 1 if the patent belongs

to the top 1% of the forward-citation (received citations) distribution within its filing-year–

technology-field cohort.6 Only citations up to 5 years after patent publication are considered.

Second, I examine patent scope, a measure of technological breadth proxied by the num-

ber of distinct 4-digit International Patent Classification (IPC) subclasses assigned to the

invention. A greater number of distinct 4-digit IPC classes indicates a broader technological

scope and, consequently, higher potential technological and economic value of the patent

(Lerner, 1994).

Third, I employ an originality index, which measures the breadth of the technology fields

on which the focal patent relies, as indicated by the IPC classes in the backward citations

(prior patents the focal patent cites). The index is defined as follows. For focal patent p, let

spj be the share of its backward citations that fall into 4-digit IPC class j. The index is given

by Originalityp = 1 −
∑np

j=1 s
2
pj, where np is the total number of IPC classes represented

among the patents cited by p. The index approaches 0 when all citations lie in a single

class and increases toward 1 as citations are spread more evenly across many classes. Higher

originality values indicate that the focal patent draws on knowledge from a more diverse set

of technology fields, which may indicate a more original invention (Trajtenberg et al., 1997).

6There are 35 technology fields in the EPO’s patent classification.
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Fourth, I use a radicalness index that captures the extent to which a patent draws on

technologies outside its own IPC classes, and thus the extent to which the invention departs

from existing inventions (Shane, 2001). Radicalness is strongly positively correlated with

patent originality as defined above (Squicciarini et al., 2013). Radicalness is defined as the

share of distinct 4-digit IPC classes appearing in the focal patent’s backward citations that

are not among the IPC classes assigned to the focal patent itself; that is, the number of

distinct cited IPC classes outside the focal patent’s own classes divided by the total number

of distinct IPC classes in its backward citations. The index takes values between 0 and

1. An important caveat, however, is that the measure is backward-looking: it reflects the

technological breadth of the prior art on which the patent builds, but does not indicate

whether the focal patent is itself distinctive relative to other contemporaneous inventions.

Finally, I integrate two composite indicators into the analysis, introduced in Squicciarini

et al. (2013) and building on Lanjouw and Schankerman (2004): Patent Quality Index 4 and

6. These composite measures are experimental and should be interpreted with caution, but

they are useful in summarizing the gender differences in patent quality. Also importantly,

these indices are constructed only for granted patents. The indices are linear combinations

of the respective components, with each component receiving equal weight. All components

of the indices are normalized within the filing year and technological field. The Quality

Index 4 combines forward citations (within five years from publication), patent family size,

number of patent claims, and the generality index.7 The Quality Index 6 extends this set

by additionally including the number of backward citations and the grant lag index, which

captures the duration of the examination process. A higher index value indicates a higher

composite quality of the patent application.

Using these patent quality indicators, I estimate the following gender gap regression

specification:

7Patent claims define the legal scope of protection, as enforceable rights extend only to what is specified
in them. The number and content of claims, therefore, determine the breadth of patent protection.
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yip = α+ γWomani + λt +X′
pσ +X′

ipβ + εip, (A.13)

where yip is the outcome variable for inventor i and patent application j. I denote the con-

stant term with α, Womani is a female indicator, X′
p includes application-level controls,

X′
ip includes inventor-level controls, and εip is the error term. The application-level con-

trols include filing-year fixed effects, broad technology-sector indicators (5 categories), and

inventor-team size indicators (binning teams of sizes 6–9 and ≥10).8 The inventor-level con-

trols (measured in the patent’s filing year) include age fixed effects, 2-digit education level by

3-digit field-of-education fixed effects, and 3-digit employer industry fixed effects. I estimate

the model with the OLS. For forward citation count and patent family size, I also present

results from a corresponding Poisson regression model.

Table A.6 reports the results across the outcomes specified above. The table reports the

gender gap estimate γ̂ (also as a percentage of the male inventors’ raw outcome mean) and

the constant term. Column (1) shows raw mean gender differences, Column (2) adds patent-

level controls, and Column (3) further adds inventor-level controls. Thus, the coefficients for

the constant term in Column (1) always show the raw outcome mean for the male inventors.

The results in Panels 1–4 indicate that female inventors have systematically lower patent

grant probabilities and receive fewer citations than male inventors. The grant rate is 8.8%

lower for female inventors, and about half of this difference persists after adding the control

variables. Applications by female inventors receive 5.2% fewer citations on average than

those by male inventors, but the raw difference is not statistically significant. However, con-

ditional on the patent- and inventor-level controls, the estimated gap more than doubles and

becomes strongly significant. This indicates that, compared with male inventors with simi-

lar potential experience and educational background in the same industry, female inventors’

patents filed in the same year receive fewer citations on average. The lower citations are also

8The five broad technology sectors are: (i) electrical engineering, (ii) instruments (includes e.g., mea-
surement and analytics technologies); (iii) chemistry, (iv) mechanical engineering, and (v) other fields (EPO,
2025).
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reflected in the differences in the probability of filing a “breakthrough” patent. Notably, the

unconditional probability of a breakthrough patent is roughly 54% lower for female inventors

compared to male inventors. Furthermore, conditioning on the covariates only widens the

gap.

However, for the other proxies of patent quality in Panels 5–10, the gender gap is reversed:

female inventors’ patents have, on average, larger patent family size, broader technological

scope, and are more original and radical. The raw means are 7% to 24% higher for female

inventors, and while controlling for patent application characteristics reduces these differ-

ences, they generally remain significantly positive. However, once inventor-level controls are

included, the gender differences effectively disappear. Finally, in Panels 11 and 12, the com-

posite quality indices indicate differences of less than 2% between female and male inventors’

granted patents once the control variables are included in the regression.

In conclusion, the results on gender differences in patent quality are mixed. On the

one hand, in grant rates and citations, female inventors have poorer outcomes. On the

other hand, across other quality measures, the average female inventor’s patent performs

better than the average patent by male inventors, although the differences disappear once

application- and inventor-level control variables are added to the regression specification.

Interpreting differences in grant rates and citations is further complicated by prior evidence

suggesting gender differences in the patent examination process that are not directly related

to underlying patent quality (Jensen et al., 2018; Gavrilova-Zoutman and Juranek, 2025;

Aneja et al., 2024; Pairolero et al., 2025), as well as gender biases in patent citation patterns

(Hochberg et al., Forthcoming; Li and Liu, Forthcoming).

F Parenthood and Patenting: Descriptive Regression Analysis

I describe the association between parenthood and patenting activity for women and men

using a simple regression. I use panel data on the full population of individuals born in 1950

or later, observed between ages 25 and 65 in the years 2004–2018, to estimate the following
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equation:9

Patentiy = α+ β0Womani + β1HasChidlreniy + β2HasChidlreniy ×Womani

+ λy +X′
iyδ + εiy,

(A.14)

whereHasChidlren is a indicator variable for whether individual i in calendar year y has any

children. Otherwise, the model is similar to Equation (1). The parameters of interest are β0,

which reflects the mean gender gap (women − men) in the annual probability of patenting

among individuals who do not have children (but may have them later); β1, which reflects

the association between having children and patenting among men (fathers − childless men);

and β2, which indicates how this association differs for women. In addition, the following

sums are informative: β1+β2 captures the association between having children and patenting

among women (mothers − childless women), and β0+β2 captures the gender gap in patenting

among parents (mothers − fathers).

The results are presented in Table A.9. The coefficients are scaled by 100 and inter-

preted as percentage point differences. Column (1) reports the raw gender gap estimate of

-0.1030 percentage points, which equals -88% compared to men’s raw mean indicated by the

constant term). Column (2) introduces the dummy for having children, interacted with the

female dummy, along with the baseline control variables (dummy variables for calendar year,

age, native language, and employment). The magnitude of the coefficient β̂0 decreases sub-

stantially from column (1) to column (2). However, a strong negative association remains,

indicating that being a woman is negatively associated with patenting activity among indi-

viduals without children. The coefficient β̂1 in Column (2) indicates that having children is

positively associated with men’s patenting rates, while for women, the sum β̂1+ β̂2 indicates

a negative association.

In column (3), the inclusion of fixed effects for education, occupation, and high school

9The sample is limited to individuals born in 1950 or later because childbirth data are only available
from 1970 onward, which introduces increasing measurement error in child count for earlier cohorts. The
restriction on years reflects the availability of occupation data.
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grades reduces the magnitude of these estimates by roughly half, but the overall patterns

remain unchanged. The coefficient β̂0 shows that women without children are 0.0315 per-

centage points less likely to patent than childless men with the same age, education, high

school grades, and occupation. The sum β̂1+ β̂2 indicates that, compared to women without

children, mothers have an additional ‘penalty’ in patenting of 0.0072 percentage points. Fur-

thermore, the coefficient β̂1 indicates that fathers patent at a rate 0.0268 percentage points

higher than comparable childless men. Driven by the negative association for mothers and

the positive association for fathers, the difference between fathers and mothers is -0.0655

percentage points (the sum β̂0 + β̂2). The magnitude of the estimated gender patenting gap

among childless individuals amounts to roughly 48% of the gap between mothers and fathers

(β̂0 of -0.0315 versus the sum β̂0 + β̂2 of -0.0655).
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Figure A.1: Gender Patenting Gaps by Occupation, Sorted by Inventor Intensity

Notes. This figure shows the estimated gender patenting gaps and their 95% confidence intervals by oc-
cupation, ordering the occupations by the inventor intensity. The coefficients are estimated with a model
described in Equation (1), separately for each occupation. Figure A.1A shows the estimates from regres-
sions without control variables. Figure A.1B shows the estimates from regressions that control for indicator
variables for year, age, native language, education level by field, and high school matriculation examination
grades for mathematics and mother tongue. The estimation sample is a panel of individuals observed during
the years 2004–2018 at ages 25–65. I exclude a single occupation with an average workforce size below 30
from the figure, as the estimate’s wide confidence intervals would reduce the figure’s readability. Standard
errors are clustered at the individual level.
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Figure A.2: Gender Patenting Gaps by Occupation, Sorted by Male Share

Notes. This figure shows the estimated gender patenting gaps and their 95% confidence intervals by oc-
cupation, ordering the occupations by the average share of male workers. The coefficients are estimated
with a model described in Equation (1), separately for each occupation. Figure A.2A shows the estimates
from regressions without control variables. Figure A.2B shows the estimates from regressions that control
for indicator variables for year, age, native language, education level by field, and high school matriculation
examination grades for mathematics and mother tongue. The estimation sample is a panel of individuals
observed during the years 2004–2018 at ages 25–65. I exclude a single occupation with an average workforce
size below 30 from the figure, as the estimate’s wide confidence intervals would reduce the figure’s readability.
Standard errors are clustered at the individual level.
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(B) Top 5% Inventor-Intensive Occupations
No Controls

-1

-.5

0

.5

C
oe

ffi
ci

en
t o

n 
W

om
an

 / 
m

en
's

 p
ro

ba
bi

lit
y 

of
 p

at
en

tin
g

0 .01 .02 .03 .04
Unconditional annual probability of patenting for men

Managers Professionals Technicians and associate professionals Other
linear fit

Figure A.3: Gender Patenting Gaps by Occupation, Scaled by Men’s Patenting Probability

Notes. This figure displays the by-occupation unconditional gender patenting gaps from Figure 2, Panel A,
divided by men’s probability of patenting (which is displayed on the x-axis). Figure A.3A displays the scaled
estimates for all occupations with both male and female patenting activity, and Figure A.3B zooms into the
top 5% most inventor-intensive occupations.
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Figure A.4: Gender Patenting Gaps by Occupation, Controlling for Firm FEs

Notes. This figure shows the estimated gender patenting gaps and their 95% confidence intervals by occupa-
tion. The coefficients are estimated with a model described in Equation (1), separately for each occupation.
The regression specification includes indicator variables for year, age, native language, education level by
field, high school matriculation examination grades for mathematics and mother tongue, and firm. The
estimation sample is a panel of individuals observed during the years 2004–2018 at ages 25–65. I exclude a
single occupation from the figure with an average workforce size below 30, as the estimate’s wide confidence
intervals would reduce the readability of the figure. Standard errors are clustered at the individual level.
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(A) Cumulative Sum of the Point Estimates in Figure 3, Panel B
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(B) Cumulative Sum of the Point Estimates in Figure 3, Panel B
Scaled by Reference Year (t = −1) Mean Patenting Rates
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Figure A.5: Cumulative Changes in Patenting Rates Around First Childbirth

Notes. Figure A.5A displays the cumulative sums of the point estimates in Figure 3, Panel B, reported
in percentage points, illustrating the cumulative impact of parenthood on fathers’ and mothers’ patenting
rates. Figure A.5B scales the cumulative estimates for mothers and fathers by their patenting rates in the
reference period (t = −1).
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Figure A.6: Raw Employment Rates in the Matched Sample
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Figure A.7: Raw Patenting Rates Around First Childbirth, Conditional on Employment
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(A) Dynamic DID Estimates

-.06

-.04

-.02

0

.02

.04

.06

-5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ≥16
Years from the first child

Mothers Mothers, only employed Fathers Fathers, only employed

(B) Scaled Dynamic Dynamic DID Estimates from Panel A
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Figure A.8: Patenting Rates Around First Childbirth, All vs. Employed

Notes. Panel A plots point estimates and 95% confidence intervals, estimated separately for women and
men using the dynamic DID model in Eq. (4). The figure compares estimates from the unrestricted sample
(“mothers” and “fathers” in the legend) with those from a restricted sample that includes only individual-year
observations in which the individual is employed (“mothers, only employed” and “fathers, only employed”).
For readability, the estimates in Panel A are scaled by 100. Panel B scales the estimates in Panel A by
parents’ reference-year (t = −1) patenting rates. The estimation sample comprises matched parent–childless
pairs from treatment cohorts 1991–2019, born in 1950 or later, observed from 1987 to 2019. The outcome
variable is an indicator for filing a patent application in a given year. The model includes calendar-year,
individual, and 3-year age-bin fixed effects. Standard errors are clustered at the individual and the matched-
pair levels.
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Figure A.9: Mean Occupational Inventiveness: Inventors per 1000 Workers
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(A) Dynamic DID Estimates
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(B) Scaled Dynamic DID Estimates from Panel A
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Figure A.10: Changes in Occupational Inventiveness Around First Childbirth:
Pr(Top 5% Inventor-Intensive Occupation)

Notes. The outcome variable is an indicator for working in an occupation that falls within the top 5% in the
inventor-intensity distribution (as defined in Section 3). Panel A plots point estimates and 95% confidence
intervals, estimated separately for women and men using the dynamic DID model in Eq. (4). Panel B scales
the estimates from Panel A by the parents’ reference year (t = −1) outcome level. The model includes
calendar-year, individual, and 3-year age-bin fixed effects. The sample comprises matched parent–childless
pairs from cohorts born in 1950 or later, observed from 1987 to 2019. Standard errors are clustered at the
individual and the matched-pair levels.
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(A) Dynamic DID Estimates
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(B) Scaled Dynamic DID Estimates from Panel A
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Figure A.11: Patenting Rates Around First Childbirth:
Occupation-Weighted vs. Unweighted

Notes. Panel A plots point estimates and 95% confidence intervals, estimated separately for women and men
using the dynamic difference-in-differences model in Eq. (4), and compares results from the non-weighted
and weighted regression specifications. For readability, the estimates in Panel A are scaled by 100. Panel B
scales the estimates in Panel A by parents’ reference-year (t = −1) patenting rates. The estimation sample
comprises matched parent–childless pairs from cohorts born in 1950 or later, observed in the years 1990,
1993, 1995, 2000, and 2004–2018, when occupation codes are available. The outcome variable is an indicator
for filing a patent application in a given year. The regression model includes calendar-year, individual, and
3-year age-bin fixed effects. Standard errors are clustered at the individual and the matched-pair levels.
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(A) Dynamic DID Estimates

-.04

-.02

0

.02

.04

.06

-5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ≥16
Years from the first child

Mothers Fathers

Pe
rc

en
ta

ge
 p

oi
nt

 c
ha

ng
es

 re
la

tiv
e 

to
 t=

-1

(B) Scaled Dynamic DID Estimates from Panel A
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Figure A.12: Patenting Rates Around First Childbirth:
Alternative Regression Specification

Panel A plots point estimates and 95% confidence intervals, estimated separately for women and men using a
dynamic DID model including a parent-status dummy, calendar year fixed effects, and age fixed effects. For
readability, the estimates in Panel A are scaled by 100. Panel B scales the estimates in Panel A by parents’
reference-year (t = −1) patenting rates. The outcome variable is an indicator for filing a patent application
in a given year. Standard errors are clustered at the individual and the matched-pair levels.
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(A) Dynamic DID estimates

-.04

-.02

0

.02

.04

.06

-5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 ≥16
Years from the first child

Mothers Fathers

Pe
rc

en
ta

ge
 p

oi
nt

 c
ha

ng
es

 re
la

tiv
e 

to
 t=

-1

(B) Scaled Dynamic DID Estimates from Panel A
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Figure A.13: Changes in Annual Patenting Rates Around First Childbirth:
Sample Trimmed to Treatment Cohorts 1992–2004

Notes. Panel A plots point estimates and 95% confidence intervals, estimated separately for women and
men using a dynamic DID model including individual, calendar year, and 3-year age-bin fixed effects. For
readability, the estimates in Panel A are scaled by 100. Panel B scales the estimates in Panel A by parents’
reference-year (t = −1) patenting rates. The outcome variable is an indicator for filing a patent application
in a given year. Standard errors are clustered at the individual and the matched-pair levels. The sample
comprises matched parent–childless pairs from cohorts born in 1950 or later, observed from 1987 to 2019.
The sample is further restricted to parents who had their first child between 1992 and 2004, and thereby can
be observed throughout the estimation window t ∈ [−5, 15]. Parents are matched with childless individuals
as described in Section 6.
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(A) Dynamic DID estimates
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(B) Scaled Dynamic DID Estimates from Panel A
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Figure A.14: Changes in Annual Patenting Rates Around First Childbirth:
Relaxed Matching

Notes. Panel A plots point estimates and 95% confidence intervals, estimated separately for women and men
using a dynamic DID model specified in Eq. (4). For readability, the estimates in Panel A are scaled by
100. Panel B scales the estimates in Panel A by parents’ reference-year (t = −1) mean patenting rates. The
outcome variable is an indicator for filing a patent application in a given year. Standard errors are clustered
at the individual and the matched-pair levels. The sample comprises matched parent–childless pairs from
cohorts born in 1950 or later, observed from 1987 to 2019. Parents are matched with childless individuals
one year before their first child’s birth. The matching is exact by gender, age, mother tongue, education
level, and field (at the 1-digit level), and employment status.
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(A) Raw Means in the Matched Sample
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(B) Dynamic DID Estimates
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Figure A.15: Changes in the Number of Patent Filings Around First Childbirth

Notes. Panel A displays the raw probabilities of patenting for parents and matched benchmark individuals
in the estimation window, expressed as percentages. Panel B plots point estimates and 95% confidence
intervals, estimated separately for women and men using the dynamic DID model in Eq. (4). The outcome
variable is the number of patent filings in a given year. The model includes calendar-year, individual, and
3-year age-bin fixed effects. The sample comprises matched parent–childless pairs from cohorts born in 1950
or later, observed from 1987 to 2019. Standard errors are clustered at the individual and the matched-pair
levels.
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Figure A.16: Scaled Dynamic DID Estimates from Figure A.15B, Panel B

Notes. This figure displays the dynamic DID estimates from Figure 3, Panel B, scaled by the parents’
reference year (t = −1) patenting rate. The outcome variable is the number of patent filings in a given year.
The dynamic DID estimates are estimated separately for women and men using the model in Eq. (4). The
model includes calendar-year, individual, and 3-year age-bin fixed effects. The estimation sample consists
of the matched parent–childless individual pairs from cohorts born in 1950 or later, observed from 1987 to
2019. Standard errors are clustered at the individual and the matched-pair levels.
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(A) Raw Means in the Matched Sample
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(B) Dynamic DID Estimates
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Figure A.17: Changes in Annual Filing Rates of Subsequently Granted Patent Applications
Around First Childbirth

Notes. Panel A displays the raw probabilities of filing a later-granted patent application for parents and
matched benchmark individuals across the estimation window, expressed as percentages. Panel B plots point
estimates and 95% confidence intervals, estimated separately for women and men using the dynamic DID
model in Eq. (4). For readability, the estimates are scaled by 100. The outcome variable is the number of
patent filings in a given year. The model includes calendar-year, individual, and 3-year age-bin fixed effects.
The sample comprises matched parent–childless pairs from cohorts born in 1950 or later, observed from 1987
to 2019. Standard errors are clustered at the individual and the matched-pair levels.
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Figure A.18: Scaled Dynamic DID Estimates from Figure A.17, Panel B

Notes. This figure displays the dynamic DID estimates from Figure A.17, Panel B, scaled by the parents’
reference year (t = −1) patenting rate. The outcome variable is the number of patent filings in a given year.
The dynamic DID estimates are estimated separately for women and men using the model in Eq. (4). The
model includes calendar-year, individual, and 3-year age-bin fixed effects. The estimation sample consists
of the matched parent–childless individual pairs from cohorts born in 1950 or later, observed from 1987 to
2019. Standard errors are clustered at the individual and the matched-pair levels.
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Figure A.19: Patenting Rates Around First Childbirth:
Citation-Weighted vs. Unweighted

Notes. Panel A plots point estimates and 95% confidence intervals, estimated separately for women and men
using the dynamic difference-in-differences model in Eq. (4), and compares results from the non-weighted
and citation-weighted regression specifications. The estimates are scaled parents’ reference-year (t = −1)
mean patenting rates, and thus represent percentage changes relative to that baseline. The outcome variable
is an indicator for filing a patent application in a given year. The regression model includes calendar-year,
individual, and 3-year age-bin fixed effects. Standard errors are clustered at the individual and the matched-
pair levels.
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H Additional Tables

Table A.1: Top 5% Inventor-Intensive Occupations: Size and Workforce Composition

Mean
N workers

Female
workers
share

Male share
over 50%
(0/1)

Mean
N inventors

Female
inventors
share

Any female
inventors
(0/1)

1. Research and development managers 4,574 0.22 1 144.2 0.07 1
2. Telecommunications researchers 3,550 0.14 1 90.1 0.09 1
3. Chemists 1,757 0.55 0 44.5 0.28 1
4. Pharmacologists, pathologists and related professionals 214 0.70 0 5.3 0.62 1
5. Electronics and telecommunications engineers 11,083 0.14 1 275.5 0.07 1
6. Chemical engineers 4,325 0.29 1 97.9 0.23 1
7. Information technology researchers 882 0.18 1 16.6 0.07 1
8. Physicists and astronomers 991 0.23 1 18.5 0.08 1
9. Telecommunications engineers 1,059 0.16 1 19.2 0.08 1
10. Professors 2,404 0.27 1 39.9 0.10 1
11. Electrical engineers 7,097 0.08 1 113.1 0.04 1
12. Social science and related professionals 76 0.36 1 1.2 0.00 0
13. Mining engineers, metallurgists and related professionals 1,170 0.16 1 16.3 0.20 1
14. Physical and engineering science associate professionals 445 0.23 1 5.6 0.11 1
15. Electronics engineers 5,253 0.12 1 63.2 0.05 1
16. Health professionals (except nursing) 140 0.61 0 1.7 0.50 1
17. Mechanical engineers 14,550 0.07 1 156.7 0.02 1
18. Chemical engineering technicians 3,218 0.30 1 30.7 0.32 1
19. Mining and metallurgical technicians 1,094 0.21 1 9.8 0.27 1
20. Architects, engineers and related professionals not elsewhere classified 10,232 0.20 1 91.2 0.19 1
21. Health professionals (except nursing) not elsewhere classified 475 0.79 0 4.2 0.52 1
22. Electronics and telecommunications technicians 10,864 0.18 1 91.3 0.12 1
23. Biologists, botanists, zoologists and related professionals 2,580 0.62 0 21.3 0.50 1
24. Production and operations managers in manufacturing 5,449 0.09 1 43.2 0.02 1
25. Manufacturing managers 9,737 0.13 1 70.8 0.03 1
26. Electronics engineering technicians 4,034 0.17 1 28.0 0.08 1
27. Engineering professionals not elsewhere classified 8,570 0.24 1 56.7 0.12 1
28. Wood processing and chemical engineering technicians 5,525 0.25 1 36.5 0.34 1
29. Industrial and production engineers 4,325 0.21 1 28.1 0.10 1
30. Chemical and physical science technicians 273 0.47 1 1.7 0.19 1
31. Environmental engineers 462 0.53 0 2.9 0.23 1
32. Product and garment designers 1,303 0.57 0 7.4 0.18 1
33. Electrical engineering technicians 5,229 0.08 1 28.3 0.03 1
34. Computer network professionals 635 0.18 1 3.3 0.04 1
35. Managers of small enterprises in manufacturing 1,936 0.14 1 9.7 0.02 1
36. Other specialist managers not elsewhere classified 2,886 0.21 1 12.7 0.08 1
37. Mechanical engineering technicians 17,144 0.06 1 73.6 0.03 1
38. Policy and planning managers 1,407 0.24 1 5.9 0.11 1
39. Managers of small enterprises of business services enterprises 6,121 0.27 1 23.8 0.06 1
40. Information and communications technology service managers 5,048 0.14 1 19.4 0.01 1
41. Assistants and part-time lecturers (university) 2,869 0.45 1 10.9 0.17 1

Column average 4,170 0.27 0.83 44.4 0.16 0.98

Notes. This table extends Table 1 and displays the numbers of workers and inventors, and the share of
women in these groups, for the top 5% inventor-intensive occupations. The means are calculated using the
years 2004–2018 and workers aged 25–65.
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Table A.2: Top 5% Inventor-Intensive Occupations: Gender Ranking Comparison

Occupation name
Pooled
ranking

Placement in
women’s ranking

Placement in
men’s ranking

Research and development managers 1 10 2

Telecommunications researchers 2 4 4

Chemists 3 6 1

Pharmacologists, pathologists and related professionals 4 1 3

Electronics and telecommunications engineers 5 5 5

Chemical engineers 6 2 6

Information technology researchers 7 15 9

Physicists and astronomers 8 17 8

Telecommunications engineers 9 11 12

Professors 10 18 10

Electrical engineers 11 14 13

Social science and related professionals 12 - 7

Mining engineers, metallurgists and related professionals 13 3 16

Physical and engineering science associate professionals 14 19 15

Electronics engineers 15 22 17

Health professionals (except nursing) 16 9 14

Mechanical engineers 17 26 18

Chemical engineering technicians 18 8 23

Mining and metallurgical technicians 19 7 27

Architects, engineers and related professionals not elsewhere classified 20 13 25

Health professionals (except nursing) not elsewhere classified 21 20 11

Electronics and telecommunications technicians 22 21 24

Biologists, botanists, zoologists and related professionals 23 16 20

Production and operations managers in manufacturing 24 31 26

Manufacturing managers 25 37 28

Electronics engineering technicians 26 23 29

Engineering professionals not elsewhere classified 27 24 30

Wood processing and chemical engineering technicians 28 12 33

Industrial and production engineers 29 25 31

Chemical and physical science technicians 30 30 22

Environmental engineers 31 29 21

Product and garment designers 32 35 19

Electrical engineering technicians 33 32 36
Computer network professionals 34 44 32
Managers of small enterprises in manufacturing 35 63 37
Other specialist managers not elsewhere classified 36 36 41
Mechanical engineering technicians 37 34 48
Policy and planning managers 38 33 44
Managers of small enterprises of business services enterprises 39 50 42
Information and communications technology service managers 40 81 49
Assistants and part-time lecturers (university) 41 38 34

Notes. This table compares the position of each top 5% inventor-intensive occupation in the pooled ranking
with its respective placement in the rankings for women and men. The ranking for women is based on
the ratio of female inventors to female workers, with an analogous metric applied for men. An empty
cell indicates that there are no female inventors in the given occupation. The top 10 inventor-intensive
occupations are highlighted in green with circles, ranks 11–20 in yellow with squares, and ranks 21–30 in
orange with diamonds.
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Table A.3: Sample Sizes and Likelihood Ratios for Birth Cohorts 1962–1982 in Figure 1

Women Men

Full population

N all
N inventors
Inventors per thousand

746,059
1,617
2.2

786,877
11,046
14.0

Likelihood ratio women/men 0.15

STEM college

N all
N inventors
Inventors per thousand

55,421
1,283
23.2

126,351
8,633
68.3

Likelihood ratio women/men 0.34

STEM college & top 5% invent. occup.

N all
N inventors
Inventors per thousand

19,797
1,134
57.3

79,432
8,062
101.5

Likelihood ratio women/men 0.56

STEM college & top 5% invent. occup for 5+ cons. years

N all
N inventors
Inventors per thousand

8,368
799
95.5

43,898
8,062
143.9

Likelihood ratio women/men 0.66

Notes: This table presents the sample sizes, inventors per thousand, and the corresponding likelihood ratios
for the full population of birth cohorts from 1962 to 1982, as well as for the three STEM college graduate
subsamples shown in Figure 1. Inventorship is determined using EPO patent application data from 1978 to
2019. Occupations are observed between 2004 and 2018.
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Table A.4: Gender Patenting Gap:
Including Observations with Missing Occupation or Firm Information

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

Panel A. Outcome = patent filing dummy

Woman -0.0967∗∗∗ -0.0458∗∗∗ -0.0473∗∗∗ -0.0437∗∗∗

(0.0014) (0.0015) (0.0016) (0.0015)

% of Woman in
Column (1) explained

53% 51% 55%

Constant term 0.1098∗∗∗ 0.0845∗∗∗ 0.0769∗∗∗ 0.0853∗∗∗

(0.0013) (0.0011) (0.0013) (0.0012)

Adj. R2 0.0004 0.0186 0.0439 0.0188

Panel B. Outcome = granted patent filing dummy

Woman -0.0597∗∗∗ -0.0272∗∗∗ -0.0288∗∗∗ -0.0261∗∗∗

(0.0010) (0.0011) (0.0011) (0.0011)

% of Woman in
Column (1) explained

54% 52% 56%

Constant term 0.0671∗∗∗ 0.0510∗∗∗ 0.0518∗∗∗ 0.0462∗∗∗

(0.0010) (0.0008) (0.0009) (0.0010)

Adj. R2 0.0002 0.0119 0.0293 0.0120

Baseline Controls - Yes Yes Yes

Education level × field FE - Yes Yes Yes

Occupation FE - Yes Yes Yes

Firm FE - - Yes -

High school grade FE - - - Yes

Notes. This table provides the estimated gender gap coefficients γ̂ from regression specifications described in
equation (1), estimated with OLS. All coefficients and standard errors are multiplied by 100 and rounded to
four decimal places. The estimation sample is a panel of individuals observed between 2004 and 2018, aged
25–65. Observations with missing firm or occupation information are included in the estimation sample and
assigned to ”missing” categories. The dependent variable in Panel A is a patent filing indicator. In Panel
B, the outcome is a patent grant indicator, defined as 1 in the year the later-granted patent is filed and 0
otherwise. The baseline controls include fixed effects for calendar year, age, and native language, as well as
an employment dummy. Educational fields are classified at the 3-digit level (ISCED-2011) and education
levels at the 2-digit level. Occupations are categorized at the most detailed 4-digit or 5-digit level. Standard
errors are clustered at the individual level. The number of observations in each regression is 43,684,360.
∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1
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Table A.5: Twofold Pooled Oaxaca–Blinder Decomposition of the Gender Patenting Gap,
Corresponding to Table 2, Column (2)

(1.1) (1.2) (2.1) (2.2)
Outcome: Patent filing Granted patent filing

Coefficient SE Coefficient SE
Panel A: Decomposition
Male mean 0.1513∗∗∗ (0.0019) 0.0930∗∗∗ (0.0014)
Female mean 0.0180∗∗∗ (0.0006) 0.0102∗∗∗ (0.0004)
Raw gap (R) 0.1333∗∗∗ (0.0020) 0.0827∗∗∗ (0.0015)

Explained (E) 0.0662∗∗∗ (0.0017) 0.0422∗∗∗ (0.0013)
Contributions:
Baseline controls 0.0016∗∗∗ (0.0001) 0.0008∗∗∗ (0.0001)
Education level × field FEs 0.0102∗∗∗ (0.0015) 0.0072∗∗∗ (0.0011)
Occupation FEs 0.0544∗∗∗ (0.0015) 0.0342∗∗∗ (0.0011)

Unexplained (U) 0.0671∗∗∗ (0.0023) 0.0405∗∗∗ (0.0017)

Panel B: Relative contributions
% of the raw gap
Explained 49.7 51.0
Unexplained 50.3 49.0

Relative contributions to the total explained (%)
Baseline controls 2.4 2.0
Education level × field FEs 15.4 17.1
Occupation FEs 82.2 80.9

Notes: This table displays the estimated pooled twofold Oaxaca-Blinder decomposition as in Equation
(A.5). All coefficients and standard errors are multiplied by 100 and rounded to four decimal places. The
decomposition was implemented using the oaxaca package in Stata (Jann, 2008). Fixed effects are normalized
to ensure that the results are invariant to the choice of omitted categories. The estimation sample is a panel
of individuals observed between 2004 and 2018, aged 25–65. In Columns (1.1) and (1.2), the dependent
variable is a patent filing indicator. In Columns (2.1) and (2.2), the outcome is a patent grant indicator,
defined as 1 in the year the later-granted patent is filed and 0 otherwise. The baseline controls include
indicator variables for calendar year, age, native language, and employment. Educational fields are classified
at the 3-digit level (ISCED-2011), and educational levels at the 2-digit level. Occupations are categorized at
the most detailed 4-digit or 5-digit level. Standard errors are clustered at the individual level. The pooled
sample comprises 30,275,290 observations, of which 15,198,437 correspond to men and 15,076,853 to women.
p < 0.1.∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1.

44



Table A.6: Gender Differences in Patent Characteristics

(1) (2) (3)

Specification: Raw difference + Patent controls + Individual controls

1. Patent granted (0/1)

Woman -0.0498*** -0.0507*** -0.0250***

(0.0108) (0.0106) (0.0095)

Constant 0.5643*** 0.5643*** 0.5620***

(0.0044) (0.0037) (0.0034)

Woman as % of Col. (1) Constant -8.8% -9.0% -4.4%

Observations 72,302 72,302 72,302

2. Number of received family-to-family citations

Woman -0.9910 -1.1071 -2.8689***

(0.8168) (0.7793) (0.7973)

Constant 19.0652*** 19.0759*** 19.2386***

(0.4214) (0.3748) (0.3603)

Woman as % of Col. (1) Constant -5.2% -5.8% -15.0%

Observations 72,302 72,302 72,302

3. Number of received family-to-family citations (Poisson model)

Woman -0.0535 -0.0436 -0.1231***

(0.0447) (0.0394) (0.0380)

Constant 2.9480*** 3.1909*** 3.2554**

(0.0221) (0.0184) (0.0170)

Woman in % -5.2% -4.3% -11.6%

Table continues on the next page
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Observations 72,294 72,294 72,294

4. Breakthrough (0/1)

Woman -0.0027*** -0.0037*** -0.0044***

(0.0010) (0.0011) (0.0012)

Constant 0.0050*** 0.0051*** 0.0051***

(0.0007) (0.0007) (0.0006)

Woman as % of Col. (1) Constant -54.0% -74.0% -88.0%

Observations 72,302 72,302 72,302

5. Patent family size

Woman 1.6832*** 0.3483* 0.0304

(0.2081) (0.1842) (0.1700)

Constant 6.9814*** 7.1047*** 7.1341***

(0.0763) (0.0709) (0.0647)

Woman as % of Col. (1) Constant 24.1% 5.0% 0.4%

Observations 72,302 72,302 72,302

6. Patent family size (Poisson model)

Woman 0.2160*** 0.0394* 0.0026

(0.0247) (0.0221) (0.0198)

Constant 1.9433*** 1.9952*** 2.0221***

(0.0109) (0.0100) (0.0090)

Woman in % 24.1% 4.0% 0.3%

Observations 72,302 72,302 72,302

7. Patent scope

Woman 0.3329*** 0.1117*** 0.0169

Table continues on the next page
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(0.0362) (0.0316) (0.0276)

Constant 1.9482*** 1.9686*** 1.9774***

(0.0113) (0.0107) (0.0097)

Woman as % of Col. (1) Constant 17.1% 5.7% 0.9%

Observations 72,291 72,291 72,291

9. Originality

Woman 0.0485*** 0.0176*** 0.0010

(0.0048) (0.0046) (0.0042)

Constant 0.7141*** 0.7169*** 0.7184***

(0.0018) (0.0017) (0.0016)

Woman as % of Col. (1) Constant 6.8% 2.5% 0.1%

Observations 70,511 70,511 70,511

10. Radicalness

Woman 0.0273*** 0.0142** 0.0030

(0.0065) (0.0062) (0.0059)

Constant 0.3265*** 0.3277*** 0.3287***

(0.0025) (0.0025) (0.0023)

Woman as % of Col. (1) Constant 8.4% 4.4% 0.9%

Observations 72,291 72,291 72,291

11. Quality Index 4

Woman 0.0190*** 0.0013 -0.0030

(0.0043) (0.0042) (0.0034)

Constant 0.2782*** 0.2797*** 0.2801***

(0.0015) (0.0015) (0.0013)

Table continues on the next page
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Woman as % of Col. (1) Constant 6.8% 0.5% -1.1%

Observations 42,535 42,535 42,535

12. Quality Index 6

Woman 0.0001 -0.0067** -0.0063**

(0.0032) (0.0031) (0.0025)

Constant 0.3208*** 0.3214*** 0.3214***

(0.0011) (0.0011) (0.0009)

Woman as % of Col. (1) Constant 0.0% -2.1% -2.0%

Observations 42,535 42,535 42,535

Patent controls No Yes Yes

Individual controls No No Yes

Notes. This table reports the coefficients for the female indicator across patent-quality measures. The

outcomes and the regression model are defined in Supplemental Appendix E. Column (1) shows raw gender

differences; Column (2) adds patent application-level controls: filing-year fixed effects, broad technology-

sector indicators (5 categories), and inventor-team size indicators; Column (3) further adds inventor-level

controls: age fixed effects, 2-digit education level by 3-digit field-of-education fixed effects, and 3-digit

employer industry fixed effects. The Poisson model coefficients are converted to percentage changes as

100 ∗ (eγ − 1), where γ denotes the estimated coefficient from the Poisson model. Standard errors, clustered

two-way at the patent application and inventor levels, are in parentheses. ∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1

48



Table A.7: Observation Window by Treatment Cohort

Cohort Event Time (t)

-5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

1991 x x x x x x x x x x x x x x x x x x x x
1992 x x x x x x x x x x x x x x x x x x x x x
1993 x x x x x x x x x x x x x x x x x x x x x
1994 x x x x x x x x x x x x x x x x x x x x x
1995 x x x x x x x x x x x x x x x x x x x x x
1996 x x x x x x x x x x x x x x x x x x x x x
1997 x x x x x x x x x x x x x x x x x x x x x
1998 x x x x x x x x x x x x x x x x x x x x x
1999 x x x x x x x x x x x x x x x x x x x x x
2000 x x x x x x x x x x x x x x x x x x x x x
2001 x x x x x x x x x x x x x x x x x x x x x
2002 x x x x x x x x x x x x x x x x x x x x x
2003 x x x x x x x x x x x x x x x x x x x x x
2004 x x x x x x x x x x x x x x x x x x x x x
2005 x x x x x x x x x x x x x x x x x x x x
2006 x x x x x x x x x x x x x x x x x x x
2007 x x x x x x x x x x x x x x x x x x
2008 x x x x x x x x x x x x x x x x x
2009 x x x x x x x x x x x x x x x x
2010 x x x x x x x x x x x x x x x
2011 x x x x x x x x x x x x x x
2012 x x x x x x x x x x x x x
2013 x x x x x x x x x x x x
2014 x x x x x x x x x x x
2015 x x x x x x x x x x
2016 x x x x x x x x x
2017 x x x x x x x x
2018 x x x x x x x
2019 x x x x x x

Notes. This table shows the observed event-time periods within the estimation window t ∈ [−5, 15] for the
treatment cohorts (year of the first childbirth) from 1991 to 2019 in the panel data covering 1987 to 2019.
An ’x’ indicates that a given treatment cohort is observed at the corresponding event period t (years from
the first childbirth). Treatment cohorts 1992–2004 are observed throughout the estimation window.
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Table A.8: Number of Benchmark Individual Copies in the Matched Estimation Sample

(1) (2) (3) (4)
Number of Number of unique Number of Total number of

copies benchmark individuals duplicates benchmark individuals

1 254,528 0 254,528
2 124,629 124,629 249,258
3 70,690 141,380 212,070
4 39,421 118,263 157,684
5 20,686 82,744 103,430
6 10,349 51,745 62,094
7 5,133 30,798 35,931
8 2,446 17,122 19,568
9 1,136 9,088 10,224
10 492 4,428 4,920
11 202 2,020 2,222
12 60 660 720
13 14 168 182
14 2 26 28

Total 529,788 583,071 1,112,859

Notes. This table shows the number of benchmark individual copies in the matched parent–childless indi-
vidual estimation sample. Column 1 categorizes the benchmark individuals by copy count; Column 2 shows
the number of unique benchmark individuals in each group; Column 3 shows the number of benchmark
individual duplicates in each group; and Column 4 shows the total (unique + duplicates).
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Table A.9: Gender Patenting Gap and Parenthood

(1) (2) (3)

Variable Coef. Outcome: patent dummy

Woman β̂0 -0.1030∗∗∗ -0.0680∗∗∗ -0.0315∗∗∗

(0.0015) (0.0018) (0.0019)

HasChildren β̂1 0.0479∗∗∗ 0.0268∗∗∗

(0.0027) (0.0026)

HasChildren × Woman β̂2 -0.0642∗∗∗ -0.0340∗∗∗

(0.0029) (0.0027)

Constant 0.1173∗∗∗ 0.0919∗∗∗ 0.0693∗∗∗

(0.0015) (0.0018) (0.0019)

β̂1 + β̂2 -0.0163∗∗∗ -0.0072∗∗∗

(0.0011) (0.0011)

β̂0 + β̂2 -0.1323∗∗∗ -0.0655∗∗∗

(0.0024) (0.0024)

Adj. R2 0.0004 0.0007 0.193

Observations 39,932,367 39,932,367 39,932,367

Baseline controls - Yes Yes

Education level × field FE - - Yes

Occupation FE - - Yes

High school grades FE - - Yes

Notes. This table presents results from three different specifications of Equation (A.14), estimated with
OLS. All coefficients and standard errors are multiplied by 100 and rounded to four decimal places. The
dependent variable in each regression is a patent filing indicator. The baseline controls include indicator
variables for calendar year, age, native language, and employment. Educational fields are classified at the
3-digit level (ISCED-2011), and educational levels at the 2-digit level. Occupations are categorized at the
most detailed 4-digit or 5-digit level. The estimation sample is a panel of individuals born in 1950 or
later, observed in 1995, 2000, and 2004–2018 at ages 18–65. I retain observations with missing occupation
information and assign them to a “missing” category. Robust standard errors are clustered at the individual
level. ∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1
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