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Abstract

The local economy predicted what nineteenth-century French women invented. Their life
course predicted when. I link 1,076 women who patented between 1791 and 1900 to genealogical
records to examine both questions. The linkage reveals a geographic distortion: 80 percent
of patent addresses fall in Paris, but civil records show that many of these women lived
and married elsewhere. Using birth departments rather than patent addresses, I find that
women patented in industries where local women already worked: the gender composition of
employment, not its total size, was the dominant predictor of sector choice. Married women
first patented at a median age of 41.5, roughly 12 years later than single women. Among
mothers, the first patent followed the last recorded birth by a median of 11 years, and no
department-level measure of female economic activity detectably narrowed the marriage gap.
Among mothers observable through age 50, women who came of age around the 1844 patent
reform patented about four years earlier than earlier cohorts. Most of this shift reflects earlier
completion of childbearing and a shorter post-childbearing gap consistent with the institutional
changes that followed.
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1 Introduction

Between 1791 and 1900, 4,165 French women filed nearly 7,000 patents (Merouani, 2026; Merouani
and Perrin, 2026b).! They invented in textiles, chemistry, clothing, machinery, and domestic goods.
They patented as young as their twenties and as late as their seventies. Patent records identify
what these women invented and when they filed, but they do not capture the local labor markets
and family lives that may have shaped the direction and timing of invention. Why did a woman in
Alsace patent a textile innovation while a woman in Provence patented a chemical process? What
shaped the age at which they first filed?

I cannot answer these questions from patent files alone, because they do not contain the biographical
evidence that Chanteux (2023, 2024) identify as missing from the study of French women’s invention.
I fill that biographical gap by linking patent records to genealogical sources, producing 1,076
demographic profiles that include birth years, marriage timing, geographic origins, children, and
death years. The linkage also exposes a geographic distortion in the patent record: 80 percent of
patent addresses fall in Paris, but civil records reveal that many of these women lived and married
elsewhere in France. The gap arises because France’s centralized filing system routed applications
through Paris-based agents, whose addresses replaced inventors’ own (Galvez-Behar, 2019). The
result is a Paris bias in the administrative record, not a Parisian concentration of women’s lives. 1
use birth locations rather than patent addresses to identify where inventors came from.

Gendered occupational knowledge, not industrial scale, predicted what women invented. If ag-
glomeration alone mattered, women should have patented in the largest local sectors. If gendered
occupational knowledge mattered, women should have patented in local sectors with a higher female
employment share. I estimate a conditional logit comparing industries within each inventor’s birth
department. The data support the second prediction: the female employment share of a local
sector predicted patenting in that sector, while total sector size did not. Marie Massart, born in
Haut-Rhin where textiles dominated women’s employment, patented a textile innovation. Marie

1This count includes only individual women and excludes female-led firms. When those firms are included, the
total exceeds 4,300 entities.



Louise Trouilhas, born in Bouches-du-Rhone where the local soap industry put women in contact
with industrial chemistry, patented a chemical process. What mattered was not the size of a nearby
industry but the share of women in its workforce.

The local economy predicted what women invented, but marriage, childbearing, and cohort predicted
when they patented. If local conditions had helped married women combine domestic duties with
productive work, the marriage gap should have been smaller where female industrial employment
was higher. It was not. Married women patented roughly 12 years later than single women,
regardless of local female industrial employment. Nor did literacy, urbanization, wage gaps, or
other department-level conditions predict earlier first patenting. But while the marriage gap held
across departments, the age at first patent fell across cohorts. The generation that came of age
around the 1844 patent reform patented about four years earlier than its predecessors. This shift
coincided with the long-run French fertility transition (Perrin, 2022b). It also coincided with
three institutional changes: annual installments for patent fees after 1844 (Galvez-Behar, 2019),
expanding girls’ education (Perrin, 2022a), and greater financial autonomy for married women after
the 1880s (Lewis, 1980; McMillan, 2000).

This paper makes three contributions. First, I build a new dataset linking 1,076 nineteenth-century
French women inventors to their genealogical records, to my knowledge the first such linkage in the
French context. The data also show that patent addresses in centralized filing systems should not be
treated as residential proxies, a finding relevant to any study that maps the geography of innovation
from administrative records. Second, I use this dataset to extend the geography-of-innovation
literature (Akcigit et al., 2017; Bell et al., 2019), which has focused on twentieth-century men, to
women during industrialization. Third, I connect patent timing to the child-penalty literature (Kim
and Moser, 2025; Kleven et al., 2019), documenting that among mothers, first patents typically
followed the end of childbearing. The results also provide evidence on whether mothers withdrew
from productive work or intensified it as children grew older (Tilly and Scott, 1989; You, 2020)
and on how technological change restructured women’s work (Humphries and Schneider, 2019;
Schneider, 2026).

The geography and timing results are strong associations, not causal estimates. I measure local
exposure by birth department, but the results are similar or stronger when I assign married inventors
to their marriage department and unmarried inventors to their birth department, because marriage
records usually place them closer to the patent date. The industrial structure comes from a single
1860 cross-section. The geography results therefore reflect which departments were industrialized
at mid-century, not the specific industrial conditions each woman faced when she was young.
The timing results describe women who eventually patented, not the full effect of marriage and
childbearing on the probability of ever patenting.

Section 2 provides background on the French patent system and lays out the competing mechanisms.
Section 3 describes the data and linking methodology. Section 4 establishes the geographic origins
of women inventors. Section 5 examines whether local industry predicted the direction of women’s
patents. Section 6 documents life-cycle timing and its relationship to marriage and childbearing.
Section 7 concludes.

2 Invention, work, and the life course

The French patent system was formally open to women, but filing a patent required fees, technical
knowledge, and legal autonomy that women accumulated slowly and unevenly over their lives.
Understanding who patented, in which sectors, and at what age requires separating two questions.
The first is about direction: what shaped the sectors in which women patented? The second is
about timing: what shaped when in their lives women filed their first patent?

2.1 The patent system

The revolutionary laws of 1791 created a registration regime that rejected preliminary examination
of patent applications and imposed no formal restrictions by gender, age, or civil status. In practice,
an unofficial examination by the Comité consultatif des Arts et des Manufactures operated before
1844, but the 1844 reform made the openness explicit: Article 5 declared the formalities applicable
to “whoever wishes to take out a patent,” and an accompanying instruction specified that the



administration must issue patents even when the applicant was a married woman, a minor, or a
legally incapacitated person (Merouani and Perrin, 2024). In Britain, by contrast, married women’s
property rights were restricted by coverture until the reforms of 1870 and 1882 (Khan, 2020).

The system was costly. Under the 1791 regime, a five-year patent cost 300 francs, roughly two
hundred days’ wages for an average mid-century worker (Galvez-Behar, 2019; Nuvolari et al., 2023).
The 1844 reform raised total fees but spread payment over the patent’s duration at 100 francs
per year, a sum within reach of artisans and small entrepreneurs (Galvez-Behar, 2019). The 1844
Act also required patentees to exploit their invention in France; a patent that was not put into
production could be revoked (Galvez-Behar, 2019). Filing was therefore not merely an intellectual
claim but a commitment to commercialize. Merouani and Perrin (2026b) show that the 1844 reform
is associated with a 40 percent increase in the likelihood of a patent being filed by a woman. Among
women patentees with known occupations, 44 percent belonged to higher social classes, but 31
percent held medium-skill jobs and 25 percent came from lower-skilled backgrounds, a breadth
that contrasts with late-nineteenth-century Sweden, where patenting was concentrated in a small
industrial elite (Berger and Prawitz, 2024).

Applications were processed in Paris, often through professional agents who handled the filing
procedures on behalf of inventors and whose addresses ended up on the patent record (Galvez-Behar,
2019). Patentees outside Paris routinely listed their Parisian agent’s address rather than their
own. Galvez-Behar (2019) reports that over 53 percent of patentees in the early 1840s gave Paris
addresses; whether the same distortion applied to women inventors throughout the century has not
been established.

The stakes of this distortion extend beyond the present sample because patent records are the
standard source for mapping the geography of innovation (Akcigit et al., 2017; Nuvolari and
Vasta, 2017). In countries with decentralized filing, such as Italy, patent addresses reliably indicate
residence (Nuvolari and Vasta, 2017). In France, all filing passed through Paris, and Nuvolari
et al. (2023), studying patents from 1791 to 1844, note that the resulting concentration in the
Seine department likely overstates the capital’s true share. Once Paris is set aside, the spatial
distribution of patenting follows the North-East/South-West development gradient (Braudel, 1984;
Dupin, 1826). Whether women’s patents suffered the same geographic distortion across the full
nineteenth century has not been examined.

Women’s legal position under the Napoleonic Code was one of subordination to fathers and husbands,
but practice diverged from theory. Married women needed their husbands’ permission to manage
property or conduct business, yet they developed strategies to work around these restrictions. Khan
(2016), drawing on patent and exhibition records, shows that middle-class French women were
extensively engaged in entrepreneurship and innovation, and that their commercial efforts were
significantly enhanced by association with family firms. This pattern was not confined to patenting:
studies of Lille and Paris and a broader review of the entrepreneurial literature find women running
businesses across a wide range of trades (Baijot and Le Chapelain, 2022; Craig, 2016, 2020).

The legal regime created friction, not prohibition. Chanteux (2024), studying the full population of
French female patentees from 1791 to 1900, finds that 79 percent filed their patents individually
and that married women were the most represented group, filing 46 percent of all female patents
despite their legal subordination under the Civil Code. Marriage could have constrained women’s
patenting through legal and family obligations, but could also have provided capital, commercial
contacts, and access to family enterprises. Beginning in the 1880s, a sequence of reforms gave
women progressively greater financial autonomy, culminating in the 1907 law granting married
women control over their own earnings (Lewis, 1980; McMillan, 2000).

2.2 What shaped the direction of invention?

Women in nineteenth-century France did not participate uniformly across the economy. Data from
the Enquéte Industrielle of 1860—-65 show that women represented more than half of workers in the
Clothing and Textiles sectors. Textiles alone employed over 40 percent of all industrial workers in
France; together with food processing, these two most productive sectors accounted for 62 percent
of total industrial production value in 1860 (Merouani and Perrin, 2026b). This concentration
reflected the gendered division of labor, legal constraints on married women’s economic activity,
social norms, and the structure of local industry (Tilly and Scott, 1989). Strong occupational



segregation characterized nineteenth-century France: Grantham (2012), exploiting the 1851 French
census, shows that women dominated textiles and clothing trades in rural northern France while
men dominated construction, agricultural crafts, and transport. Similar patterns hold for industrial
Britain (Burnette, 2011).

The segregation was demand-driven. You (2020), exploiting the complete 1881 census of England
and Wales, finds that the industry mix of a woman’s parish mattered more than her family
circumstances: married women in cotton districts worked at seven times the rate of those in
agricultural areas, and even among women in the same life stage whose husbands held the same
occupation, participation differed sharply between cotton and mining parishes. Boter and Woltjer
(2020) reach the same conclusion for the Netherlands, showing that sectoral shifts in local labor
markets account for a large share of the decline in Dutch unmarried women’s participation between
1812 and 1929, and Boter (2021) confirms that local labor market structure was the dominant force
shaping unmarried women’s employment decisions.

Two channels could have shaped the sectors in which women patented. The first is gendered
occupational knowledge. Women could have acquired sector-specific practical knowledge through
their own employment, through household production, or through family enterprises. These routes
differ in institutional detail but share a common logic: each gave women hands-on experience with
the materials and processes of a specific industry. Arrow (1962) proposed that workers learn to
improve their processes through the act of production itself; Mokyr (2005) adds that much of the
knowledge embedded in techniques is tacit and transmitted through direct contact rather than
written codification. Mokyr distinguishes between the epistemic base, the scientific understanding
of why a technique works, and competence, the practical ability to execute it. Most practitioners
needed only competence, which could be acquired through sustained engagement with production
rather than through formal schooling.

I take from them a narrower claim: that such hands-on engagement with a sector could have given
women sector-specific practical knowledge that positioned them to develop patentable improvements.
Khan (2016) shows that women’s commercial efforts were enhanced by family firms, and Merouani
(2026) finds that 35.8 percent of women’s collaborative ties involved a surname match indicating a
family connection, versus 8.8 percent for men. A woman working in her family’s textile enterprise
still accumulated textile-specific knowledge; the family firm was a route through which gendered
occupational exposure operated, not an alternative to it.

The depth of this engagement shows in the patent record: Khan (2016) finds that wives and widows
in manufacturing firms were repeat patentees more often than other women, and Merouani and
Perrin (2026a) extend the pattern to the full population of nineteenth-century French women
inventors, who filed 16.8 percent more patents when affiliated with a firm.

If this channel dominates, the female employment share of local sectors, not their overall size,
should predict the direction of women’s patents. A department with many women in textiles should
produce women who patent in textiles; a department where textiles employed mostly men should
not, even if the sector was large.

The second channel is agglomeration. Bell et al. (2019) show that children who grow up exposed
to more inventors are themselves more likely to become inventors; Bell et al. (2016), using the
same data, demonstrate that the association runs through specific technology classes rather than
innovation in general. If the same logic applied in nineteenth-century France, proximity to a large
industry should have been enough to spur invention in it regardless of workforce composition.
Total employment should predict women’s patenting, and the female employment share should
add nothing once industry size is controlled for. Living in a department with a large textile sector
meant encountering textile products, techniques, and practitioners in daily life, even for women
who did not work in textiles themselves.

2.3 What shaped the timing of patenting?

Most women in the patent database invented only once (Merouani, 2026; Merouani and Perrin,
2026b). The relevant question is therefore not how inventive output varied over a career but at what
point in the life course a woman filed her first patent. Several forces may have shaped that timing.
Filing fees, market opportunities, and the moment at which an invention became commercially



valuable all could have mattered. I focus on two: human capital accumulation, and marriage and
childbearing.

The first force is human capital accumulation: the years required to acquire sector-specific know-how,
learn the patenting procedures, and gain access to the information networks needed to file a patent.
French industrialization relied more heavily on artisanal production, small-scale manufacturing,
and workshop-based innovation than on the factory system (Landes, 1969; O’Brien and Keyder,
1978). Invention in this context plausibly required what Mokyr (2005) calls prescriptive knowledge:
the practical know-how for working with specific materials and processes, much of it tacit and
transmitted through direct contact. If the relevant knowledge was sector-specific and largely tacit,
acquiring it would have taken years of hands-on experience regardless of marital status. The
time required should have varied across sectors if knowledge requirements differed: sectors where
domestic skills provided a head start may have required fewer years than sectors demanding more
formal or specialized knowledge.

Filing a patent also required knowledge of procedures and access to information about the centralized
system (Galvez-Behar, 2019); Merouani (2026) shows that women faced an access barrier to
collaborative networks, with 76.5 percent of women inventors being network isolates compared to
68.8 percent of men. Occupational knowledge and network access together set a minimum age for
first patenting that applied regardless of family status.

A mid-life peak in inventive output is not peculiar to any single country or period. Sarada et al.
(2019), linking American patent grantees to census records from 1870 to 1940, find that inventors
were persistently about 41 years old on average, a relative age premium that remained stable for
seven decades. By contrast, Jung and Ejermo (2014), using population-wide data on Swedish
inventors filing at the European Patent Office between 1985 and 2007, find an overall average age
in the early forties that varies by technology and period.

The second force is marriage and childbearing: the life-course demands that could delay or interrupt
a woman’s path to a first patent. In the 1851 French census, married women with children under
three had a labor force participation rate of 60 percent, compared with 68 percent for other married
women of the same age (Grantham, 2012). Twentieth-century French survey data capture the
interruption pattern directly: three-quarters of married women aged 40 to 44 who had participated
in the labor force had stepped away from their professional lives for more than a year (Riboud,
1985). Goldin (2006) distinguishes “jobs” defined by current circumstances from “careers” defined
by long-run identity and human capital investment. She identifies children as the most important
factor related to women’s out-of-work spells in the former. I apply that distinction to the nineteenth-
century women in my sample: child-rearing cut into the time they could devote to paid work and
invention.

Humphries and Weisdorf (2015), constructing two long-run wage series for English women from
1260 to 1850, show that the gap widened specifically when industrialization moved work from
flexible, home-based arrangements into rigid schedules that demanded continuous hours outside
the home. Women who could commit to annual service contracts as farm or domestic servants,
typically young and unmarried, kept pace with unskilled men; women confined to casual day-work
compatible with childcare fell permanently behind after 1750. The wage gap was driven by the
structure of work, not by a loss of skill.

Burnette and Stanfors (2012) find that in the Swedish cigar industry of 1898, mothers earned
six percent higher hourly wages than childless women. Cigar-making skills were portable across
employers, so continuous tenure at one firm earned no premium; a woman who left to raise children
could return to any factory without losing earning power. Stanfors et al. (2014), using the same
data but comparing women to men, show that career breaks did reduce women’s accumulated
experience, but that the cost depended on the pay system: among piece-rate workers, where
individual output was directly measurable, differences in experience and job assignment explained
the entire gender wage gap; among time-rate workers, where employers set wages by custom,
discrimination accounted for the rest. Where work allowed skill to be demonstrated individually,
career interruptions consumed time without permanently eroding capability. Humphries and
Schneider (2019), drawing on records of English spinners in putting-out networks, spinning schools,
and parish accounts, find the same pattern in spinning: married and widowed spinners produced
within 25 percent of single spinners, a gap small enough to indicate that married women, driven by



economic necessity, worked near full-time.

Kleven et al. (2019) establish the child penalty as a general feature of women’s economic lives using
Danish administrative data from 1980 to 2013. Women’s earnings fall sharply at the first birth and
stabilize at a 19 percent long-run penalty that persists for at least twenty years, grows by 7 to 10
percentage points per additional child, and holds after controlling for education. Women whose
own mothers worked more relative to their fathers face substantially smaller penalties, suggesting
that preferences over family and career are shaped in childhood.

Studies of career scientists corroborate the timing mechanism: Kim and Moser (2025), studying
US academic scientists active in 1956 with publications tracked from 1900 to 1970, show that
scientist-mothers experience a publication decline lasting roughly seven years, beginning around
age 32 when the median first child would have been about one year old, with recovery in the early
forties. The tenure gap is large, with only 27 percent of mothers achieving tenure compared with
46 percent of women without children. Publication declines grow with family size, reaching 54
percent for mothers of three or more children versus 37 percent for those with one or two. The
timing pattern, a concentrated disruption during the early-childhood years followed by recovery,
is consistent with what Grantham (2012) documents for working women in mid-century France.
Whittington (2011), studying US doctorate-level scientists from 1990 to 2001, finds a motherhood
penalty on the probability of patenting in academia but not in industry. The penalty disappears
once prior patenting experience is controlled for, suggesting that the barrier was access to the
commercial process rather than a loss of productive capacity.

What happened after childbearing ended is less settled. Tilly and Scott (1989), studying nineteenth-
century textile towns in England and France, describe a substitution in which children entered the
workforce and mothers withdrew to manage the household. You (2020) finds the opposite: mothers
intensified their labor force participation as children reached working age, because working-class
families sought to use as many laborers as possible to enlarge the household budget. Which pattern
characterized nineteenth-century French women inventors has not been established.

Marriage was not purely a source of delay. It could also provide resources that offset delay,
particularly through family-firm association and the commercial networks that came with it (Craig,
2020; Khan, 2016). Whether marriage on balance delayed or helped a first patent is an empirical
question. The answer may also have depended on where a woman lived. Zijdeman et al. (2014),
using a sample of over 53,000 marriage records from the TRA genealogical project? spanning 95
French departments between 1860 and 1986, find that about 60 percent of brides reported an
occupation at marriage between 1860 and 1950, with persistent regional differences. Perrin (2022a),
constructing a gender gap index for 86 French departments in the 1850s, confirms that departments
with higher shares of women in industry displayed significantly greater gender equality. Departments
where more women were commercially active offered more examples of women combining productive
work with family life.

2.4 Two tests

These mechanisms make distinct predictions that the linked data can evaluate.

The direction of invention (the technology classes women chose to patent in). The two channels
imply different predictions about what feature of local industry matters. Gendered occupational
knowledge predicts that the female employment share of local sectors, not their overall size, should
determine where women patented. Agglomeration predicts the opposite: total industry size should
suffice, and the gender composition of the workforce should add nothing.

The timing of patenting. The child penalty and local economic conditions make different
predictions about what determines when women filed their first patent. If the child penalty operated
mainly through household-level time demands, the age gap between married and unmarried inventors
should be similar regardless of where they lived. If instead local conditions reduced the penalty, the
gap should have been smaller in departments where more women were commercially active, because
the norms, networks, and infrastructure that supported women’s work may have shortened the

2The TRA is a French historical demography survey that traces the descendants of all men in mainland France
whose surnames begin with the letters T, R, A and who married between 1803 and 1832; the initials designate the
surname filter, not an acronym.



delay from child-rearing to first patent. The linked data can also distinguish between two accounts
of what happened after the childbearing years. If Tilly and Scott’s substitution (1989) holds, the
timing of a first patent should not track the end of childbearing. If instead You’s intensification
(2020) holds, married women should patent predominantly after their last recorded birth.

3 Linking inventors to demographic records

The French patent record tells us who filed but not who these women were. It gives a name, an
address, and a marital status at the moment of filing. It does not tell us when the inventor was
born, where she came from, whom she married, or when she died. To my knowledge, no prior study
has recovered this information at scale for historical female inventors in France. The country lacks a
digitized national civil registry for this period, and existing work on women’s invention stops at the
patent document itself and some qualitative work (Chanteux, 2023; Merouani and Perrin, 2024).

I close this gap. I build, to my knowledge, the first individual-level demographic dataset for
women who patented in France between 1791 and 1900. I take the 4,165 women identified by
Merouani (2026) from the French Patent Database (Merouani and Perrin, 2026b),® and match
each to collaborative genealogical databases that aggregate millions of birth, marriage, and death
records transcribed by archivists and private individuals from departmental archives. The dataset
covers birth year, marriage timing, geographic origin, and death year.

3.1 Search strategy and data collection

Not all inventors are equally traceable. Married women with a recorded maiden name (1,286, 30.9
percent) are far easier to locate than single women, because French naming conventions provide
more information: a married woman typically appears in records with both her maiden name and
her marital surname, and the fact of marriage narrows the temporal window. Widows provide even
more information, since both a marriage and a husband’s death must precede the patent. Single
women (1,202, 28.9 percent) appear with only a birth surname and given name, offering fewer
handholds for disambiguation. A third group, the largest (1,677, 40.3 percent), falls between these
extremes: married women whose patent records provide a marital surname but no maiden name,
because the applicant did not supply one on the patent document.

I build three separate search strategies, each tailored to the identifying information available, and
tighten acceptance thresholds as the information weakens. This graduated design is the paper’s
main methodological contribution: a uniform rule would either admit false positives among poorly
identified women or, if set strict enough to prevent them, discard many valid links. Of the 4,165
inventors, 1,212 have the three pieces needed for the most precise searching: a marital surname, a
maiden name, and a first name. For these women, I construct targeted search URLs encoding the
maiden name, given name, and spouse surname as standardized parameters. For single women, I
search using only the birth surname and given name. For married women without a maiden name,
I search using the marital surname and given name. I save the HTML of each search results page
and parse it to extract names, event dates and places, source types, and relationship context. The
full URL specification and parsed field list appear in Section A.1.

3.2 Linking algorithm

A single search may return dozens or hundreds of results: different people with similar names, or
different records about the same person recorded inconsistently across archival sources. I solve this
through a four-stage process, shown in Figure 1. I describe the process as it applies to married
women with maiden names, the group with the richest identifying information.

I first eliminate implausible records using hard criteria: minimum name similarity, age-at-patenting
bounds (14 to 85), and death-before-patent checks. Reported ages below 14 or above 85 are almost
always linkage errors rather than true filings, because a child younger than 14 is unlikely to have
filed a patent under her own name, and an inventor older than 85 would lie at the extreme upper

, .

3The full database contains roughly 4,300 female patenting entities. I exclude approximately 150 family firms
(e.g., “Nicod veuve et fils”) that appear under a woman’s name but represent a collective enterprise rather than an
individual inventor.
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Output: 1,076 linked demographic profiles

Figure 1: Linking pipeline. Of 4,165 female inventors, 415 are excluded because the patent record
lists no given name. The remaining 3,750 enter one of three algorithms tailored to the identifying
information available. Each algorithm filters, scores, clusters, and votes on candidate matches to
produce a single best-fit demographic profile per inventor.



tail of nineteenth-century longevity. I flag records from unreliable sources but do not immediately
discard them, because they may provide useful context at later stages.

Each surviving record receives a quality score combining five dimensions: name match, spouse
match, place consistency, source reliability, and temporal plausibility. Each ranges from near-zero to
1.0. A multiplicative model combines them, ensuring that a record must score well on all dimensions
to receive meaningful weight.

Records about the same person may appear across multiple archival sources with slight variations.
I group compatible records into clusters via union-find, blocking by spouse surname and enforcing
temporal agreement within tolerance windows. Two records are compatible if their birth, marriage,
and death years either agree within narrow tolerances or at least one is missing, so that records with
partial information can still contribute to a cluster. Each cluster represents a distinct biographical
hypothesis about who the inventor was.

For each cluster, I compute a consensus biography through weighted hierarchical voting: reliable
sources first for years, year-consistent records first for places. I apply plausibility vetoes to the
consensus and rank surviving clusters by total weight. Results are classified as high quality, medium
quality, or ambiguous based on internal agreement and the gap between competing clusters. The full
algorithmic specification, including filtering thresholds, scoring components, clustering mechanics,
and consensus rules, appears in Section A.2.

I run the married-with-maiden algorithm (leftmost branch of Figure 1) in two sequential passes.
A strict pass using exact-name searches produces 676 links. A second nonstrict pass, restricted
to inventors with recorded maiden names, captures 61 more by allowing name variants. The
married-with-maiden total is 737.

3.3 Extending to single and no-maiden women

Single women present a harder linking problem because they appear with only a birth surname and
given name. I adapt the same four-stage architecture but replace the spouse signal with parent
names as the primary genealogical anchor (middle branch of Figure 1). Parent names serve the
same disambiguation role: a record naming the same father and mother as other records in the
cluster is far more likely to describe the same person, because parent-name coincidences across
unrelated individuals are rare. Because the algorithm lacks an independent spouse signal, every
link must earn promotion through at least one independent signal beyond the base score, such as a
rare name, a geographic match, or records from official civil registers. Only promoted links are
retained, all classified as high quality. This yields 236 linked single inventors.

Some married inventors lack a recorded maiden name. Searching with only the marital surname
creates a circularity: every record returned has a husband with that surname because the surname
was the search term. The husband’s given name, however, was not part of the search, so agreement
on it across records is genuine evidence. For Marie Thibaulot, I retain a cluster of 43 candidate
records, all of which name her husband Augustin. I treat that full agreement as strong evidence
that the records describe one woman rather than several women sharing the same marital surname.
I require 70 percent agreement on the spouse’s given name and apply the strictest thresholds of
the three algorithms (rightmost branch of Figure 1). All 103 surviving links are high quality. Full
adaptation details for both groups appear in Section A.3.

3.4 Sample composition and validation

The three algorithms together produce 1,076 linked demographic profiles: 737 married women with
maiden names (676 strict, 61 nonstrict), 236 single women, and 103 married women without maiden
names. Of these, 86 percent are high quality. The guiding principle is that acceptance thresholds
tighten as identifying information weakens: the less I know from the patent record, the more I
demand from the genealogical evidence.

I assess accuracy through stratified manual verification of 60 inventors covering both married and
single women, oversampling difficult cases using a risk score that combines eight signals of matching
difficulty. I independently verify each sampled inventor’s dates against original document scans
in departmental archives and patent filings, reading the handwritten records directly rather than
relying on transcribed metadata. The full sampling procedure and estimator appear in Section A.4.



The algorithm performs well. Accuracy reaches 96 percent for birth years, 96 percent for marriage
years, and 90 percent for death years, using a two-year tolerance, standard in historical demography.*
These rates understate accuracy in the full sample, because the validation design deliberately
oversamples the hardest cases. Of 50 birth comparisons, 2 exceed this tolerance, and the largest
discrepancy (14 years) reflects an error in the transcribed source data rather than a near miss.
Marriage dates prove easiest to verify, likely because French marriage records are well-preserved
and spouses provide a strong disambiguating signal.

The 1,076 linked inventors are a selected group, but the selection is subtler than one might expect.
At the patent level, Merouani and Perrin (2026b) find that 45 percent of women patentees were
married, with single and widowed women in roughly equal shares of about 27 percent each, close to
the population distribution of marital status in nineteenth-century France. After deduplication, the
proportions are 47 percent married, 30 percent single, and 23 percent widowed. Classifying each
linked inventor by the status on her first patent gives 51 percent married, 25 percent widowed, and
24 percent single.

Throughout the paper, I group inventors as ever-married if any patent in their record lists them as
married or widowed, and as single if all patents record them as demoiselle. Twenty-six women filed
patents under more than one status (e.g., as demoiselle on an early patent and dame on a later one);
the first-patent percentages above count them as single, but the ever-married grouping includes
them because their patent record confirms a marriage. This gives 840 ever-married and 236 single
inventors. All analytical comparisons between married and single women use this ever-married
definition unless otherwise noted.

Even for linked women, demographic data are incomplete. Birth years are available for 934 of 1,076
(86.8 percent), marriage years for 774 of 840 ever-married women (92.1 percent), and death years for
only 576 (53.5 percent). The scarcity of death information likely reflects how genealogical databases
are built. Charpentier and Gallic (2020) show that collaborative genealogies are constructed
primarily through ascending research, in which genealogists trace lineages backward from a known
individual; this method systematically favors direct-line ancestors and underrepresents collateral
branches, women, and infant deaths. Birth and marriage records establish lineage connections;
death records do not, and are less systematically recorded as a result.

The linked samples could mislead if the linking process pulled disproportionately from certain
industries. I check for this by comparing the sectoral and occupational composition of each linked
sample to its reference population; the full distributions appear in Figure A.1 and Figure A.3.

Table 1 reports the results for ever-married women. Of the 20 sector-level comparisons, 19 fail
to reject equality at the 5 percent level. The one exception is Office Articles (p = 0.048). The
omnibus chi-squared statistic is 26.9 with 19 degrees of freedom (p = 0.107), so I cannot reject
the null that the two distributions are the same. Given 20 row-level comparisons, one rejection
at the 5 percent level is not by itself surprising, so the omnibus test is more informative than any
single row. Table 2 shows that the linked single sample tracks its reference population even more
closely: no individual sector difference reaches significance at the 10 percent level, and the omnibus
chi-squared is 11.3 (p = 0.914). Occupational composition tells a similar story, with modest shifts
concentrated in the smaller categories; the full skill and HISCO distributions appear in Figure A.3
and Figure A.4. The complete distributional evidence behind these balance tests is in Section A.5.

The linking process did not detectably distort the sectoral composition of either sample. The few
deviations, Office Articles in the married sample and the Elite share in the small single sample,
should be kept in mind but are not large enough to undermine comparisons across the major
technological or skill categories. The balance test covers sectors and occupations but not geography
or birth cohort. Women with common surnames or from departments with sparser genealogical
coverage are likely underrepresented in the linked sample, because name ambiguity and record
scarcity make linking harder for precisely these groups.

The contribution is a new dataset and a linkage method for studying French women inventors, a
population whose demographic histories have not been available at scale. I recover these histories
without ready digitized census microdata for research, and the same logic can apply to any country
where patent records identify names and genealogical databases preserve vital records. Differences

495 percent Clopper-Pearson exact binomial confidence intervals: birth [86, 100], marriage [84, 99], death [73, 98].
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Table 1: Sectoral balance: ever-married or widowed women (N = 2,963) versus linked ever-married
women (N = 840). Diff. is the linked share minus the reference share in percentage points. P-values
from two-proportion z-tests. The chi-squared test at the bottom tests equality of the full 20-sector
distribution.

Ever married/widowed  Linked married Diff.  p-value
(N =2,963) (N =840)

Agriculture 2.46 2.86 +0.39 0.523
Food Processing 5.06 4.76 -0.30 0.724
Railways 0.88 0.48 -0.40 0.246
Textiles 10.26 11.55 +1.29 0.283
Machinery 7.15 8.33 +1.18 0.250
Marine & Navigation 1.01 0.36 -0.66 0.071*
Construction 3.64 3.10 -0.55 0.446
Mining & Metallurgy 1.96 1.90 -0.05 0.922
Domestic Economy 5.43 3.93 -1.51 0.080*
Road Transport 3.14 2.26 -0.88 0.185
Weaponry 0.57 0.71 40.14 0.643
Precision Instruments 3.54 429 40.74 0.315
Ceramics 1.92 2.50 40.58 0.298
Chemistry 7.86 8.69 40.83 0.437
Lighting & Heating 5.77 4.64 -1.13 0.206
Clothing 20.49 19.29 -1.20 0.445
Industrial Arts 4.25 4.29  40.03 0.966
Office Articles 3.91 548 +1.56  0.048**
Medicine & Hygiene 5.16 4.76 -0.40 0.640
Paris Articles & Misc. 5.50 5.83 40.33 0.711
x? test (19 d.f.) = 26.92 0.107

Notes: Each cell shows the share (%) of women in the group whose first patent falls in the given
sector. “Diff.” is linked minus reference. p-values are from two-proportion z-tests (row-level) and
a x? goodness-of-fit test (omnibus). *p < 0.10, *p < 0.05, **p < 0.01.

Table 2: Sectoral balance: single women (N = 1,202) versus linked single women (N = 236). Diff.
is the linked share minus the reference share in percentage points. P-values from two-proportion
z-tests. The chi-squared test at the bottom tests equality of the full 20-sector distribution.

Single  Linked single Diff.  p-value

(N =1,202) (N =236)
Agriculture 1.66 1.69 +0.03 0.973
Food Processing 3.74 4.24  40.49 0.718
Railways 1.50 1.69 +0.20 0.821
Textiles 9.90 13.14  +3.24 0.137
Machinery 5.57 5.51 -0.07 0.968
Marine & Navigation 0.67 0.85 +40.18 0.759
Construction 3.49 4.66 +1.17 0.384
Mining & Metallurgy 1.16 1.27 +40.11 0.890
Domestic Economy 5.99 4.24 -1.75 0.288
Road Transport 3.66 2.54 -1.12 0.391
Weaponry 0.67 0.42 -0.24 0.667
Precision Instruments 291 2.12 -0.79 0.498
Ceramics 1.66 2.12 4045 0.625
Chemistry 5.99 8.05 +2.06 0.235
Lighting & Heating 5.07 4.66 -0.41 0.790
Clothing 24.96 25.42 4047 0.880
Industrial Arts 5.99 5.93 -0.06 0.973
Office Articles 4.41 3.81 -0.60 0.680
Medicine & Hygiene 4.74 2.97 -1.78 0.226
Paris Articles & Misc. 6.24 4.66 -1.58 0.350
x? test (19 d.f.) = 11.28 0.914

Notes: Each cell shows the share (%) of women in the group whose first patent
falls in the given sector. “Diff.” is linked minus reference. p-values are from two-
proportion z-tests (row-level) and a x? goodness-of-fit test (omnibus). *p < 0.10,
*p < 0.05, **p < 0.01.
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in naming conventions and record quality will affect feasibility, because the algorithm calibrates
what it demands to what each inventor’s record provides.

4 Geographic origins
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Figure 2: Spatial patterns of birth, marriage, death, and patent locations among linked French
women inventors, 1791-1900

4.1 Patent addresses and residential locations

French patent records required an address but no proof of domicile (Loi du 5 juillet 1844, art. 5-6).°
If these addresses reflect where inventors lived, they are valuable evidence about the geography of
innovation. If they reflect administrative convenience, they distort the picture. In my linked sample,
80 percent of patent addresses fall in Paris. Studies of Italy and the United States find geographic
concentration in patenting, but it is dispersed across regions or states rather than funneled through
a single city (Akcigit et al., 2017; Nuvolari and Vasta, 2017). The French concentration in Paris

5Patent addresses are often taken at face value in studies of the geography of innovation, even with known biases
due to assignee-provided addresses.
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Table 3: Distance from marriage location to patent address by group

Group N Mean (km) Median (km) % < 50km % > 200km
Parisian Residents 333 1.0 0.0 100.0% 0.0%
Paris-Address Non-Parisians 247 247.9 212.7 6.1% 56.3%
Non-Paris Residents 136 66.6 1.6 69.9% 11.0%

Notes: Distances calculated using geodesic formula. Sample restricted to married inventors with
valid marriage and patent coordinates.

is an artifact of centralized filing, not evidence of where inventors lived. The civil records tell
a different story: births are widely distributed across France, and only 47 percent of marriages
occurred in Paris. I test this divergence directly by comparing marriage locations with patent
addresses for 727 married inventors.

I stratify inventors based on where they married and where they filed patents. This produces four
groups:

 Parisian Residents (333 inventors, 46 percent): Married in Paris, patent address in Paris

e Outward Migrants (11 inventors, 2 percent): Married in Paris, patent address outside Paris

o Paris-Address Non-Parisians (247 inventors, 34 percent): Married outside Paris, patent address
in Paris

o Non-Paris Residents (136 inventors, 19 percent): Married outside Paris, patent address outside
Paris

Table 3 shows the distances between marriage and patent locations for each group. Parisian
Residents have a median distance of 0.0 km. Non-Paris Residents have a median of 1.6 km, with
69.9 percent within 50 km of their marriage location. Both patterns are consistent with residential
addresses. Paris-Address Non-Parisians show a median of 212.7 km and a mean of 247.9 km. This
gap is the key evidence: women who married outside Paris but listed Paris patent addresses had
married, on average, hundreds of kilometres from where they filed (see Section B.1 for the full
forensic analysis, including Figure B.1, Table B.1, and Table B.2).

Patent agents explain part of this pattern. Among inventors married outside Paris, 77.6 percent
of those with listed agents have Paris addresses, compared to 50.8 percent of those without
agents (difference: 26.7 percentage points, p < 0.001). Under nineteenth-century French patent law,
applications were processed through a central office in Paris and could be submitted by a mandataire
whose address appeared in the records (Galvez-Behar, 2019). This institutional centralization
contrasts with Italy, where applications were lodged via local prefetture and patents were assigned
using inventors’ stated residences (Nuvolari and Vasta, 2017). Death records suggest that at least
8.1 percent of inventors may have used Paris addresses without permanently residing there (detailed
evidence in Section B.1).

Addresses outside Paris appear more reliable, and Figure 2 shows why this matters. Birth and
marriage locations reveal geographic dispersion that patent addresses hide. Lyon, Bordeaux, and
Marseille remain on the patent map but shrink relative to Paris. The many smaller cities that dot
the civil record maps vanish entirely.® For the analyses that follow, I use birth departments rather
than patent addresses to locate inventors’ geographic origins.

4.2 The North-South gradient

The birth maps in Figure 2 hint at a feature of nineteenth-century French economic geography:
the divide between the more developed North-East and the agricultural South-West, first mapped
by Dupin (1826) and later refined by Braudel (1984, pp. 337-43). Nuvolari et al. (2023) use
the Braudel line (Rouen to Geneva) to characterize the spatial concentration of French patenting
between 1791 and 1844. A dummy for departments north of this line is a strong predictor of women’s
inventor rates in my data (p < 0.001, R? = 0.28), and the Dupin line (St. Malo to Geneva) performs
similarly (R? = 0.29; see Table B.3 in the appendix). Women inventors came disproportionately
from the more developed half of France, a pattern consistent with the broader economic geography

6Figure B.2 traces the full geographic flows across birth, marriage, and death.
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of the period. But this aggregate geographic gradient is a blunt instrument. Whether local industry
shaped the direction of women’s inventive activity requires a different approach.

5 Local industry and the direction of invention

The previous sections establish that women inventors’ origins were geographically dispersed, that
patent addresses overstate Paris concentration, and that rates were still higher in the more developed
North-East than in the agricultural South-West (Table B.3). These findings describe where women
came from. They do not explain whether the local economy also predicted the direction of inventive
activity. I now turn to this question.

Women’s patents span twenty technology classes, including textiles, clothing, chemistry, machinery,
and domestic goods. Did a woman from a textile department patent in textiles? Did a woman
from a chemistry department patent in chemistry? If so, the local economy did not merely produce
inventors; it also predicted what they invented. The hypothesized channel is local industrial
knowledge. A woman who spent years working with specific materials and processes could develop
the practical understanding needed to improve them, even without formal schooling. An alternative
is pure agglomeration: departments with large industries produce more inventors in those industries
regardless of gender composition. The empirical challenge is to separate the two.

I test this using the 1860 department-level industrial survey, which records female and male
employment shares across sixteen manufacturing sectors for all ninety metropolitan departments. I
construct a concordance mapping each of the twenty patent technology classes to the most closely
corresponding of the sixteen 1860 industries, then ask whether inventors systematically patent in
industries that are concentrated in their birth departments.

5.1 The technology-class match

The simplest test asks whether inventors tend to come from departments that specialize in their
patent technology class, without imposing any model on how they choose among industries. If no
such concentration exists, there is nothing to decompose.

The concordance has three levels of certainty: eight technology classes where the mapping is
unambiguous (Clothing maps to the survey Clothing industry, Textiles to Textiles, Chemistry to
Chemicals, and so on), three technology classes that map directly but use a different variable format
in the survey (Agriculture, Railways, Road Transport), and seven technology classes (273 inventors,
35 percent of the sample) where the mapping requires judgment. For these seven, the twenty major
patent classes are too coarse to assign a single survey industry, so I use the finer-grained minor-class
classification (98 subcategories nested hierarchically within the twenty major classes) to assign each
inventor to the most appropriate 1860 industry at the individual level. For example, the Machinery
major class contains both sewing-machine and metal-working-tool patents; the minor class identifies
which. Seven inventors hold sewing-machine patents (minor class 05.7) and are assigned to the
survey Textiles industry rather than Metallurgy; within Domestic Economy, nineteen hold furniture
patents (minor class 09.4) and are assigned to Furnishings. I exclude Weaponry (six inventors) as
too small for any statistical test. The full concordance, with inventor counts and rationale for each
mapping, appears in Table~C.1 in the appendix.”

For each department d and industry s, I compute the female Location Quotient (LQ):

e/ 2, €as

Y €asl 2y, s

LQY, =

where ei . is the share of the department’s female working-age population (15 to 65) employed
in industry s, as recorded in the 1860 industrial survey. A value above one indicates that the

"This analysis requires a known birth department, which restricts the sample to the 790 inventors (73 percent of
the linked sample) whose birth location could be assigned to a metropolitan French department. The remaining
inventors either have no recorded birth location or were born outside metropolitan France. The restricted subsample
closely resembles the full sample on marital status (80 versus 78 percent married), technology class distribution
(clothing 20 versus 21 percent, textiles 12 versus 12 percent), and birth decade.
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department employs women in that sector at an above-average rate. For each of the 453 inventors
in the eight directly mapped technology classes with birth-department data, I look up the LQ of her
birth department in her patent’s concordance-mapped industry (452 have non-missing LQ values; 1
inventor is in a department with zero recorded employment in her matched industry).

A concrete case illustrates the measure. Marie Massart née Roellinger was born in Haut-Rhin,
the Alsatian textile heartland where cottage spinning and weaving pervaded rural households
and women moved seasonally between farm labor and textile work (Harvey, 2000), producing
employment figures that exceed 100 percent of the female working-age population in the industrial
survey.® Textiles accounts for 98 percent of Haut-Rhin’s female industrial employment, compared
with 71 percent nationally; the resulting LQ is 1.39. In 1889, at age 35, Massart patented a “new
product called Enamel Fabric, and its manufacturing processes” (1BB199376), a textile innovation
rooted in the industry that surrounded her from childhood. Her match score of 1.39 says that her
birth department was 39 percent more specialized in her patent technology class than the national
average.

Across all 452 inventors with valid match scores, the mean is 1.71: on average, the industry matched
to an inventor’s patent had a female employment share in her birth department 71 percent above
that industry’s national average. The median, however, is 0.61: more than half of inventors come
from departments where their patent technology class is not especially concentrated, with a tail
of strongly matched department-inventor pairs pulling the mean upward. A median below one is
not evidence against the hypothesis. It reflects the dominance of clothing and textiles, the two
largest patent classes, whose female employment was so broadly distributed across France that few
departments were highly specialized in them. In contrast, industries such as chemicals or lighting,
where female employment was more geographically uneven, are the ones that generate the high
match scores driving the mean.

The average match score could be high by coincidence if inventors simply cluster in large departments
that employ many workers in every sector. To test this, I keep every inventor in her birth department
but randomly reassign which technology class she “patented” in. Under this shuffling, Massart
would still come from Haut-Rhin, but might be assigned to ceramics instead of textiles; Haut-Rhin
has zero women in ceramics, so her match score would drop to zero. I repeat this 10,000 times
and recompute the average match score in each permutation. The observed mean (1.71) exceeds
99.2 percent of permuted means, yielding a one-sided empirical p-value of 0.0078.% The same test
using male employment shares also rejects the null (empirical p = 0.0094). The full permutation
results, including stratified and decomposition variants, appear in Table C.2 and Figure C.3 in
the appendix. The concentration is detectable only when the concordance is clean: extending the
test to all technology classes, including the seven that require judgment-call mappings, produces a
non-significant result (p = 0.575), consistent with measurement error in the mapping rather than
the absence of an underlying association.

The permutation test establishes that inventors are geographically concentrated in departments that
specialize in their patent technology classes, but it cannot distinguish whether this concentration
reflects female employment specifically or local industry in general. Female and male employment
are 97 percent correlated across departments: a department with many women in textiles almost
invariably has many men in textiles as well. Any comparison across departments faces this same
collinearity.

5.2 Women invented where women worked

The conditional logit sidesteps this collinearity by changing the unit of comparison. Instead of
asking whether textile departments produce more textile inventors, it asks whether, within a
given department, an inventor patents in the sector where women are concentrated rather than in

8The 1860 Enquéte Industrielle, conducted by the Statistique Générale de la France between 1860 and 1865,
enumerated workers (ouvriers) by establishment and industry branch, recording counts and daily wages separately
for men, women, and children (Chanut et al., 2000). The survey counted positions at establishments, not unique
individuals. Because many women in textile regions moved seasonally between agricultural and industrial work
(Harvey, 2000), the same woman could appear in multiple sectors, producing employment figures that exceed 100
percent of the female working-age population.

9The result does not reflect compositional differences in sector choice between single and ever-married women.
Shuffling sectors within marital-status strata, rather than pooling, yields z = 2.631 and p = 0.0096, nearly identical
to the unstratified test.
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the sectors where they are not. This within-department comparison absorbs all department-level
confounders (wealth, culture, infrastructure, overall industrialization) because they are identical
for every sector choice facing the same inventor. Sub-department heterogeneity remains outside
the comparison: neighborhoods of the same city could differ in schools or workshops, and rural
communes could differ from urban centers within a department. The remaining variation runs
across sectors within each department, where industry size and gender composition can move
independently. Unlike across departments, where female and male employment rise and fall in
lockstep, within a given department one sector can be large and female-dominated while another is
large and male-dominated. This is the variation that separates the gendered-knowledge channel
from pure agglomeration.

5.2.1 The female employment share dominates

The model treats each inventor’s patent technology class as a discrete choice among the industries
available in her birth department.'? It assumes every inventor could have patented in any industry
in the choice set; in practice, a woman’s skills constrained her to a narrower set, and the coefficients
represent the average pattern across all inventors, not a prediction about any individual inventor’s
choice.

For each of the 453 inventors in the eight directly mapped technology classes, I construct a choice set
of twelve industry alternatives (the eight mapped industries, with Mining and Metallurgy entered
as separate alternatives, plus three industries that no inventor chose but that represent plausible
alternatives: Leather, Wood, and Construction) and observe the department’s female and male
employment rates in each sector.!’ The model estimates how these employment rates affect the
probability that an inventor patents in a given industry. Because the comparison runs across sectors
within the same inventor, everything about that inventor, her age, her marital status, her birth
decade, the wealth of her department, drops out. Only the characteristics that differ across sectors
can explain her choice.

I estimate three specifications that build from the raw female association to the preferred decom-
position of size and female share (Table 4). Model (1) includes only female employment. Model
(2) adds male employment to control for overall sector size. Model (3), the preferred specification,
decomposes employment into total industry size and the female employment share:

exp(fB; TotalEmpdi’S + B, FemShare, )

Hy = sl d) 2es exp(f, TotalEmp,, , + 3, FemShare,, )

where y; = s indicates that inventor ¢ from department d; patents in industry s, TotalEmp ds is
total employment (female plus male) in industry s in department d, and FemShare, , is the female
share of that total. Here, § is the twelve-industry choice set described above, and k indexes the
alternatives in that set. The denominator is the conditional-logit normalizing term: it adds the
exponentiated index over all twelve possible industries so that the predicted probabilities sum to one
for inventor i. The coefficient 8, captures agglomeration: do larger industries attract more patents
regardless of gender composition? The coeflicient 3, captures the gendered channel: conditional
on industry size, do sectors with a higher share of female workers attract disproportionately more
women’s patents?

Both channels operate. Total employment is positive and significant (8; = 0.0102, p < 0.001):
larger industries attract more patents. The female employment share is also positive and significant
(By = 1.82, p < 0.001): conditional on industry size, sectors with a higher share of female workers
attract disproportionately more women’s patents. To compare magnitudes, I standardize both

10The conditional logit is the natural model when the outcome is a choice among discrete alternatives rather than
a continuous variable.

HSurvey-based employment shares likely undercount women’s actual economic engagement, particularly in home-
based textile work where women were invisible to establishment surveys. Chiswick and Robinson (2021), reclassifying
women in the 1860 United States census who lived with self-employed relatives as unreported family workers, estimate
that true female labor force participation was 57 percent, more than three times the official 16 percent. If similar
undercounting affected the French Enquéte Industrielle and disproportionately affected sectors with high female
employment, the measured association would be attenuated; the positive coefficient I find would then understate the
true relationship.
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Table 4: Conditional logit: industry choice as a function of local employment. Model (1) includes
female employment only. Model (2) includes both female and male. Model (3) decomposes into
total employment and the female employment share.

(1) (2) (3)
Female employment — 0.0246*** 0.0722%**
(0.0067) (0.0291)
Male employment -0.0526%**
(0.0293)
Total employment 0.0102%***
(0.0024)
Feminization share 1.8217%**
(0.3429)
Log-likelihood -1100.95 -1074.24 -1068.53
N 5436 5436 5436
Wald (8 = B,,) x2=4.588, p=0.0322

Note: Conditional logit with inventor-level fixed effects. Choice set includes
nine Tier-1 industries (eight patent classes, with Mining and Metallurgy as sepa-
rate alternatives) plus three additional sectors (12 total). Cluster-bootstrapped
standard errors in parentheses (999 replications, resampling the 86 birth de-
partments with replacement). Significance from bootstrap percentile confidence
intervals. *** p<0.01, ** p<0.05, * p<0.10. Robustness across concordance
tiers, subsamples, and alternative estimators reported in Table 5.

coefficients so that a one-standard-deviation increase in each variable is comparable. On this scale,
the point estimate of the female employment share (0.49) is approximately twice as large as that of
total employment (0.25), though this ratio inherits uncertainty from both coefficients. The gender
composition of the workforce is the dominant predictor of where women patented.!?

Model (2) is consistent with this decomposition. The female employment coefficient is positive
(8 = 0.0722) while the male employment coefficient is negative (5 = —0.0526). The negative male
coefficient does not mean that male employment actively discourages women’s invention. It reflects
the fact that sectors with high male employment relative to female employment, such as mining
and construction, had very few women workers in the 1860 industrial survey and produced almost
no women’s patents. In a sector like textiles, where both female and male employment are high,
the positive female coefficient and the negative male coefficient pull in opposite directions; the net
effect is positive because the female coefficient is larger in absolute value. The two coefficients are
opposite in sign and statistically distinguishable from each other (bootstrapped Wald x? = 4.6,
p = 0.0322): female employment attracts women’s patents into a sector while male employment
does not.

A concrete case illustrates the within-department comparison. Marie Josephe Thevenet née Gruyer
was born in Isére, where three industries employed women: Clothing (88 percent female), Chemicals
(35 percent), and Food processing (10 percent). Thevenet patented an “automatic mounting system
for umbrellas, parasols, and sunshades” (1BB121740), an invention squarely in the Clothing industry
where women in her department were concentrated.

5.2.2 The result survives measurement and model checks

The model asks whether this pattern holds systematically: across all inventors, did women patent
in the sector that was more female within their own department? The answer is yes. The gendered
channel is robust across alternative samples and concordances, though the coefficient shrinks
when the concordance includes less certain technology-class mappings. I re-estimate the preferred

12A]1 inventors born in the same department see the same employment figures, so the 453 inventors are not truly
independent observations. The effective sample size is closer to 86 departments. To account for this, I compute
standard errors in Table 4 by repeatedly resampling entire departments (999 bootstrap replications). I assess
significance from bootstrap percentile confidence intervals rather than from dividing the coefficient by the bootstrap
standard error, because the bootstrap distribution is skewed and the standard error, which assumes symmetry,
overstates the uncertainty around coefficients whose bootstrap distributions are concentrated away from zero. This
correction is severe for Models (1) and (2), where raw worker counts scale with department size: standard errors
increase roughly fivefold (e.g., 0.0291 vs. 0.0067 for female employment). The correction is milder for Model (3),
where standard errors roughly double. The reason is that the female employment share captures the composition of
each sector’s workforce, not its size, and this composition differs across sectors even within the same department. All
coefficients remain significant after this correction; see Section C.3.
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Table 5: Re-estimation of the conditional logit across sample variants. Each row is a separate
estimation on the indicated sample or concordance.

Total employment  Fem. employment share N

8 direct sectors (baseline) +0.0102** +1.82%* 453
+ agriculture, transport (11 sectors) +0.0054** +1.68%* 509
+ judgment-call sectors (17 sectors) +0.0033 +1.01% 785
Excluding Paris-born inventors +0.0082*** +1.51%* 343
Born 1840-1880 only +0.0087** +1.64** 191
Proximate department +0.0124** +1.97** 551
Mixed logit (random coeff., ITA) +0.0128** +2.33" 440

Note: Each row re-estimates the preferred conditional logit decomposition (Table 4, col. 3) on the
indicated sample or concordance. Total employment is total sectoral employment (female plus male);
Fem. employment share is the female share of that total. All rows use department-level cluster
bootstrap (999 replications); significance from bootstrap percentile confidence intervals. *p<0.05;
**p<0.01; **p<0.001. Last row: mixed logit with normally distributed random coefficients (model-based
inference).

decomposition from Table 4 on seven variants; Table 5 reports the coefficients from each, with
department-level cluster bootstrap inference throughout.

The concordance tiers in Table 5 trace the effect of measurement error. The eight directly mapped
sectors produce a female employment share coefficient of 1.82. Adding three sectors with clean
but indirect survey mappings (agriculture, transport) reduces it modestly to 1.676. Adding the
seven sectors that require judgment-call mappings produces a larger drop to 1.012. This decline is
what measurement error produces. If the gendered channel were genuinely weaker in the added
sectors, the coefficient should change regardless of mapping quality; instead, it falls in proportion
to how uncertain the mapping is. I treat the eleven-sector concordance as preferred because it adds
unambiguous mappings while avoiding the noise from judgment-call technology classes.

The remaining robustness checks in Table 5 confirm stability. Excluding the 199 Paris-born inventors
preserves the result (N = 343). Assigning each inventor to the department of her most recent civil
event before patenting, rather than her birth department, increases the female employment share
coefficient from 1.82 to 1.97 (N = 551); the birth-department estimate is conservative.

The conditional logit assumes that adding or removing a sector from the choice set does not change
the relative odds of choosing among the remaining sectors. This assumption is unlikely to hold
when textiles and clothing, the two most feminized sectors, are closely related: a woman choosing
between them is not choosing between independent alternatives in the way that a woman choosing
between textiles and mining would be. Formal tests reject this independence assumption for 4 of 7
testable sectors at the 5 percent level.

I address this with a mixed logit that allows the responsiveness to female employment to vary
across inventors rather than assuming all women respond identically. The mean coefficient is 2.33
(p < 0.001), larger than the baseline estimate of 1.82, and the spread across inventors is substantial
(SD = 3.13). The mixed logit, which relaxes the independence assumption, produces a larger
coefficient than the baseline. The sign and significance survive; the larger magnitude may also
partly reflect the mixed logit’s assumption that inventor responses follow a normal distribution.
Full details appear in Section C.4.

A separate concern is temporal distance: local industrial structure is observed in 1860, but inventors
were born between 1764 and 1881. A woman born in 1790 acquired her practical knowledge decades
before the industrial survey, and her department’s industrial structure may have shifted in the
interim. I test whether the female employment share effect weakens for women whose formative
years fell far from 1860. The effect does weaken mildly for distant cohorts, but the net effect at
the sample’s mean distance of 18 years remains close to the baseline (1.81 versus 1.82). Splitting
the sample confirms this: inventors within twenty years of 1860 (N = 284) produce a coefficient
of 2.01; those twenty to forty years away (N = 139) produce 1.89. Both are highly significant. 61
percent of the sample falls in the first group. The results reflect long-lasting regional patterns in
which industries employed women, not the conditions of any single year (Zijdeman et al., 2014).
Full details appear in Section C.5.
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5.2.3 The match reflects local knowledge rather than agent sorting or migration

The sector-level breakdown (Figure C.1 in the appendix) shows which industries drive the result:
Lighting, Chemicals, and Clothing show strong geographical concentration, while textiles falls
below one because textile employment was so widespread nationally that no department was truly
specialized in it.

The pattern extends beyond Massart’s Alsatian textiles and Thevenet’s Isérois accessories. In
Bouches-du-Rhéne, home to the Marseille soap industry where 2.2 percent of women worked in
chemicals (compared with 0.2 percent nationally), Marie Louise Trouilhas née Dreveton patented a
process for “manufacturing salt, soda, and potash crystals extracted from olive marc” (1BA8574)
at age 47 in 1839. Olive marc was a byproduct of the region’s olive oil production, and Trouilhas
turned it into a patentable chemical process. Across three departments, three industries, and three
women, the same logic holds: each invented in the sector where women in her locality worked.

One alternative mechanism is agent sorting: patent agents in Paris may have specialized by
technology class, and if a textile agent recruited clients from textile departments, the observed
match could reflect agent networks rather than inventor knowledge. The conditional logit conditions
on the inventor’s department, so agent sorting would need to operate at the department-sector
level to produce the pattern. Excluding inventors born in Paris, where the patent office and agents
were concentrated, preserves the result. A direct test also finds no relationship: department-level
female industrial employment does not predict whether an inventor used a patent agent (p = 0.35).
Women who sought agents may have differed from those who did not, but the absence of any
department-level association makes it unlikely that agent networks drive the sector match.

A further test exploits inventors who moved between departments. Among the 80 who moved
to Paris, sector matching is stronger in their destination than their origin (70.0 percent positive,
Wilcoxon p = 0.0001), consistent with Paris offering high female employment across virtually every
sector. The 45 non-Paris movers show no such pattern, though the subsample is too small for
reliable inference. A conditional logit that includes employment shares from both the birth and
marriage departments as competing predictors suggests that marriage-department employment
dominates for movers, though the small number of movers makes this evidence suggestive rather
than definitive (Section C.7). For women who moved, the proximate department is the more relevant
unit of exposure; I use birth department for the main analysis because it is available for a larger
sample, because birth and marriage department coincide for non-movers, and because long-distance
moves between non-Parisian departments were uncommon in nineteenth-century France.

Occupation data, where available, confirms that at least part of the knowledge channel ran through
own-work experience. Among the 70 clothing inventors for whom a profession is recorded, at
least half list a directly clothing-related trade: corset makers, seamstresses, milliners. Others list
occupations outside clothing or generic descriptions such as “without profession” that do not indicate
industry experience. The conditional logit cannot isolate how women acquired that sector-specific
knowledge, because all plausible routes would generate the same statistical pattern. But the
occupation evidence establishes that women with hands-on experience in a trade patented in that
trade, consistent with the knowledge mechanism regardless of how that experience was acquired.
The conditional logit also cannot separate knowledge from access to production infrastructure. A
woman born in a textile department had both textile expertise and proximity to textile suppliers,
equipment, and distribution networks; the design identifies that gendered local industry predicted
sector choice but cannot determine whether the channel ran through what women knew or what
they could physically reach.

The local economy predicted which sectors women patented in. Whether it also predicted when
they first patented is the question I turn to next.

6 Life cycle of invention and family formation

6.1 The marriage divide and life-cycle timing

Married women patented at a median age of 41.5. Single women patented at 30.0 (Figure 3). That
12-year gap raises an immediate question: did marriage and childbearing set the clock on when
women invented? I trace the life-cycle patterns using 934 linked inventors for whom I observe both
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a birth year and the year of the first patent: 702 ever-married and 232 single; exercises that require
marriage dates use only the ever-married subsample.
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Figure 3: Age at first patent by marital status. Top panel: married or widowed inventors (N = 702,
mean = 42.3, median = 41.5). Bottom panel: single inventors (N = 232, mean = 32.6, median =
30.0). Single women filed their first patent roughly 12 years younger than married women. Both
panels use the same x-axis scale for direct comparison.

The two distributions barely overlap (Figure 3). Among married inventors, the interquartile range
spans 33 to 50; single women cluster a full decade earlier. The gap is not a matter of outliers: the
central masses occupy different decades of life entirely. Single women, unconstrained by marriage
and childbearing, patented at a median age of 30.0, younger than the 35-to-55 productive window
that Akcigit et al. (2017) identify for American inventors. Most married women filed in their forties.
The tension between family and invention was not peculiar to women: Akcigit et al. (2017) show
that American inventors also delayed marriage and had fewer children than the general population,
though in their case the delay fell on family formation rather than on productive work.

6.1.1 Marriage, invention, and death

Figure 4 places first patenting in the broader sequence of major life events for married women.
Among the 654 women with observed marriages, the mean age at first marriage is 24.0 years and
the median is 23.0. For the 702 married women with birth and patent dates, the mean age at
first patent is 42.3 and the median 41.5. Among the 438 married women for whom I observe a
death year, average lifespan is 68.0 years with a median of 70.0. The medians sketch a three-stage
sequence for married inventors: marriage in the early twenties, a first patent in the early forties, and
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Figure 4: Biographical milestones for married inventors. Comparison of age distributions for
marriage (N = 654), first patent (N = 702), and death (N = 438). Boxplots show the median (line),
mean (triangle), and interquartile range. The gap between marriage (mean 24.0) and first patent
(mean 42.3) averages 17.8 years.

death around age seventy. On average, women file their first patent about 17.8 years after marriage
and roughly 25.8 years before death; only 4.2 percent of married women patent before marrying
(Figure D.1 in the appendix shows the full distribution of marriage-to-patent lags). Invention was a
mid-life activity.

The dip-and-recovery pattern that Kim and Moser (2025) document for scientist-mothers (Section 2)
offers the closest parallel. The early-forties recovery in their data corresponds to the age at which
married women in this sample file their first patents. Jung and Ejermo (2014) report a consistent
pattern among contemporary Swedish inventors, where women patent at an average age of about
40.

The pattern matches the withdrawal-and-return sequence that Riboud (1985) documents for French
married women (Section 2). The practical knowledge involved was sector-specific but not firm-
specific, so a long break from work need not have eroded it, as Burnette and Stanfors (2012) show
for women in the late nineteenth-century Swedish tobacco industry. The married inventors in this
sample appear to follow the same sequence: work before marriage, withdraw around childbearing,
and file a first patent in the early forties, roughly two decades after marriage.

In Goldin’s (2006) terms, these women’s intermittent attachment to production resembles “jobs”
rather than “careers.” But the sector-choice evidence in Section 5 points to durable sector-specific
knowledge. Women patent in the industries that employed women in their birth departments.
Goldin’s dichotomy does not anticipate this combination.?4

The mid-life average masks a split by productivity. One-time patentees (765 women) file their first
patent at a mean age of 40.8; serial patentees (two or more patents, N = 169) file their first patent
at 35.7, 5.1 years earlier (p < 0.001, Cohen’s d = 0.4; Figure D.2, Figure D.3, Figure D.4, and
Figure D.5 in the appendix). Single women were serial inventors at more than twice the rate of
married women (30.2 versus 14.1 percent, p < 0.001). Academic mothers achieve tenure at much

13See Merouani and Perrin (2022) for a review of the literature on gender, work, and development during
industrialization.

M4Khan (2016) documents cases of women who acquired deep technical expertise through family firms, including
metallurgy, oenology, and industrial chemistry.
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lower rates than women without children (Kim and Moser, 2025). Children were associated with
not only the timing of a first patent but also whether women patented more than once. Among the
101 single inventors who eventually married, 91.1 percent patented before marrying, with a mean
gap of 7.6 years between the first patent and the wedding. The sequencing suggests that these
women built inventive careers first and formed families second, though the correlation between
single status and serial patenting could also reflect selection: women with greater inventive ambition
may have delayed or forgone marriage.

6.2 The marriage gap is stable across economic environments

The gender composition of local industry predicted what women invented. Did it also predict when?
If departments with more female industrial employment offered denser networks of commercially
active women, or more opportunities to combine domestic duties with productive work, the
marriage gap, the age difference between married and single women at first patent, might shrink in
more industrialized places. The child-penalty literature predicts little response to such structural
advantages (Kleven et al., 2019); narrowing the gap would require a shift in gender norms or
workplace flexibility. Yet the department-level advantage documented by Perrin (2022a) did not
translate into an earlier start for married inventors.

I regress age at first patent on the birth department’s share of women in industry, controlling
for birth-decade fixed effects and clustering standard errors by birth department (86 clusters; full
results in Table 6). The share of women in industry has no detectable effect on the age at first
patent in any specification (p = 0.9669). Comparing two departments that differ by 9.5 percentage
points in female industrial employment (one standard deviation) shifts the predicted patenting age
by less than two weeks. Marriage, by contrast, shifts the entire distribution by 7.5 years (p < 0.001;
R? increases from 0.35 to 0.39 when the married indicator enters).

Table 6: OLS regressions of age at first patent on department-level characteristics. Standard errors
clustered by birth department. All models include birth-decade fixed effects.

M1 M2 M3 M4 M5 M6 M7 M8
FemIndLFP -0.002 0.020 0.003 0.006 0.007 0.015 0.002
(0.026)  (0.072) (0.078) (0.094) (0.080) (0.075) (0.076)
Female literacy -0.025 -0.020 -0.020 -0.028 -0.058 -0.029 -0.030
(0.025) (0.025) (0.025) (0.023)  (0.047) (0.025) (0.025)
Urban share -0.043 -0.036 -0.036 -0.035 -0.038 0.014 0.013
(0.044) (0.045) (0.045) (0.034)  (0.049) (0.069) (0.069)
Density 0.000 0.000 0.000 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000)  (0.000) (0.000) (0.000)
Married T.H51TFRX 7.660%F* 7.628%F* 7. 656%F*
(0.989) (2.495) (0.971) (0.974)
Married x FemIndLFP -0.004
(0.063)
Wage gap (ind.) 6.390 7.573
(8.371)  (9.709)
Girls school enroll. 4.123
(4.936)
Protestant share -0.095 -0.082
(0.088) (0.087)
Mortality gap -12.165 -12.137
(10.453) (10.044)
Net migration -47.245 -43.184
(41.155) (41.329)
Wage gap (agri.) 8.068 8.372
(8.674) (8.303)
Soil quality 0.031
(0.036)
N 790 780 780 780 780 780 780 780
R? 0.346 0.345 0.394 0.394 0.346 0.346 0.397 0.398
Birth-decade FEs Yes Yes Yes Yes Yes Yes Yes Yes
Clustered SEs Dept Dept Dept Dept Dept Dept Dept Dept

Note: Dependent variable is age at first patent. Standard errors clustered by birth department in parentheses. *** p<0.01,
** p<0.05, * p<0.10. All models include birth-decade fixed effects. Models 5-6 omit the marital status indicator to isolate
the department-level channel. Models 7-8 add demographic, cultural, and geographic variables; no department-level variable
reaches significance in any specification.
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The marriage gap was no smaller in more industrialized departments. I test this by interacting
the married indicator with female industrial employment; the interaction coefficient is near zero
(p = 0.9476). To put a bound on what the data can rule out: comparing a department at the 25th
percentile of female employment to one at the 75th percentile, the 95 percent confidence interval
on the difference in the marriage gap runs from -1.5 to 1.4 years. The data are precise enough
to detect a narrowing of 2.1 years or larger, roughly 27 percent of the 7.5-year gap; any smaller
effect would remain undetected. A married woman born in a heavily industrialized department like
Nord waited just as long to patent as one born in a rural department like Lozére (Figure C.2 in the
appendix confirms this visually: the predicted age gap between married and single women is the
same whether female industrial employment is low, medium, or high).

Ten additional department-level variables tell the same story. Female literacy, urbanization,
population density, industrial and agricultural wage gaps, girls’ school enrollment, Protestant share,
mortality gap, net migration, and soil quality all produce coefficients indistinguishable from zero.
None reaches significance at the 10 percent level in any specification. Even within individual sectors,
sector-specific female employment does not predict when women patent (clothing p = 0.8295,
textiles p = 0.8773, chemistry p = 0.5041). Because all inventors in a department share the same
employment figures, standard errors could understate the true uncertainty. A wild cluster bootstrap
that resamples at the department level confirms these null results (bootstrap p = 0.7698).

Marriage shifted the age at first patent by roughly 7.5 years, but no department-level variable
narrowed this gap. The gap’s stability across departments fits an account in which children
consumed time rather than eroded skills (Burnette and Stanfors, 2012): if the delay came from
the demands of child-rearing, it should not vary with the structure of local industry. This null has
two interpretations. Local economic conditions may genuinely not have affected how long married
women waited to patent. But I observe only women who eventually patented, so if local conditions
affected whether married women patented at all rather than when, the marriage gap would appear
stable across departments even if conditions mattered at the extensive margin.

6.3 Childbearing and patenting

I now examine the relationship between fertility and the timing of patenting, using the 694 ever-
married women for whom I observe a birth year and children data from the genealogical sources:
477 mothers with recorded birth dates for at least one child and 208 with no recorded children.'®
These sources capture children registered in the linked genealogical records, which may fall short of
a woman’s completed fertility when stillbirths or early infant deaths went unrecorded. I cannot test
whether the inventors without recorded children differ systematically from those with fertility data,
because the genealogical coverage that produces children records is not independent of region or
record quality.

6.3.1 Family size and the childbearing window

Most ever-married inventors had small families. About 30.0 percent had no recorded children, 36.9
percent had one or two, and only 33.1 percent had three or more (the full distribution appears
in Figure D.6 in the appendix). The mean is 2.0 recorded children; the maximum observed is 9.
I exclude the small number of cases with ten or more because these likely reflect data errors or
unusually high infant mortality, both of which distort the timing calculations.

Childbearing occupied a well-defined window. Among the 477 mothers with recorded birth dates,
the mean age at first birth is 24.6 and the mean age at last birth is 30.6 (Figure 5).!® The
interquartile range for first births spans 21 to 27; for last births, 26 to 35. The average active
childbearing span is 6.0 years.'”

15A small number of women have recorded children but lack individual birth-year data for those children. These
women appear in the family-size analysis but not in the timing analysis, which is why the mother and no-recorded-
children counts do not sum exactly to the total. “No recorded children” does not mean biologically childless: these
are women for whom the genealogical sources contain no birth records, whether because they bore no children,
because infants died before registration, or because the records did not survive. Comparisons between mothers and
women with no recorded children should be read with this caveat.

16The full distributions of maternal age at first and last birth appear in Figure D.7 in the appendix.

7This average includes mothers of one child, for whom the span is zero by definition. Among mothers of two or
more children, the mean span is longer. These figures are consistent with demographic patterns in nineteenth-century
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Figure 5: Fertility window and first patent. Maternal age at first birth, last birth, and first patent
(N = 477). Invention typically begins after the active childbearing window has closed, with an
average gap of 11.6 years between the last birth and the first patent.

6.3.2 The timing of patenting relative to childbearing

For most mothers, invention followed childbearing. Among mothers with recorded birth dates, 94.5
percent filed their first patent after the birth of their first child, and 83.2 percent after the birth of
their last child.'® The average mother gave birth to her last child at age 30.6 and filed her first
patent at age 42.2, a mean gap of 11.6 years (median 11; Figure 6 shows the full distribution). Only
13 percent of mothers patented during the active childbearing years, and just 3.6 percent patented
before becoming mothers at all.

Women rarely combined active childbearing with patenting (Figure 5). The timing is consistent
with the withdrawal-and-return pattern described above. The median mother bore her last child
at 30 and filed her first patent at 41, leaving a gap of several years after the most intensive phase
of child-rearing had passed. The presence of children under three reduced married women’s labor
force participation in 1851 France (Grantham, 2012); academic mothers’ publications fell during
the early-childhood years and recovered as children aged (Kim and Moser, 2025). The 11-year
median gap between the last birth and the first patent is consistent with mothers returning to
productive work once their youngest children had passed the years of most intensive care. Because
genealogical birth records may be incomplete, I use the last observed birth in the linked sources
rather than a verified complete fertility history; any under-recording would lengthen the measured
gap mechanically.

6.3.3 Family size and the timing of invention

Recorded family size does not clearly predict the age at first patent in this sample. Among the 694
ever-married women with fertility data, the correlation between recorded family size and age at
first patent is close to zero (r = 0.02, p = 0.64; Figure D.9 in the appendix). Women with five or
six recorded children filed their first patents at roughly the same age as women with one or two.
Recorded family sizes in genealogical records can understate completed fertility, since stillbirths and
early infant deaths often went unrecorded; this measurement error could make any true relationship
between completed fertility and patenting age harder to detect.

France, where marriage typically occurred in the mid-twenties and childbearing continued into the late thirties for
women who had multiple children (Desjardins et al., 1994; Perrin, 2022b).
18Fjigure D.8 in the appendix plots each mother’s age at first birth against her age at first patent.
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Figure 6: Years from last birth to first patent. Distribution of years elapsed between the last birth
and the first patent. The median lag is 11 years, with 83.2% of mothers patenting only after their
last child was born.

In other settings, additional children compound the penalty on women’s productive lives, both in
earnings among Danish women (Kleven et al., 2019) and in publications among academic mothers
(Kim and Moser, 2025). The weak gradient observed here could reflect knowledge that did not
erode as families grew, but women whom additional children prevented from ever patenting are
absent from these records. Family size is also endogenous: women with family-firm support may
have had both more children and more resources to sustain inventive activity, so the observed
pattern could reflect offsetting forces rather than the absence of a constraint.

Because the observed age at first patent rises little with recorded family size, the gap between the
last recorded birth and the first patent mechanically shrinks with additional children: a woman with
six recorded children has her last recorded birth at a later age than a woman with two, but both
patent at roughly the same observed age, so less time separates the last recorded birth from the
patent. The shrinking gap is not a separate finding; it follows from the weak association between
recorded family size and age at first patent in this sample.!® Figure D.10 in the appendix displays
the pattern.

First patenting occurred earlier in later birth cohorts. Among mothers born in 1835 or earlier, the
mean age at first patent was 48; among those born after, 37. This 11-year gap overstates the true
change: later-born mothers cannot be observed at the late ages their predecessors reached, because
the analysis window ends in 1900. A woman born in 1860, for example, cannot file a first patent
after age 40. If I instead compare only mothers observable over ages 20 to 50, the gap shrinks to
about 4 years for the generation that came of age around the 1844 patent reform (n = 274; see
Section D.4).

Two broader changes in French society coincided with this shift. The first is the French fertility
transition, during which age at first marriage fell across the nineteenth century (Perrin, 2022b) and,
in family reconstitutions from four villages in the Haut-Jura, age at last birth fell steadily across
cohorts (Desjardins et al., 1994). The second is a sequence of institutional changes: the 1844 patent
reform, which spread patent fees across the patent’s duration in annual installments (Galvez-Behar,
2019); expanding girls’ education in the decades that followed (Perrin, 2022a); and reforms from
the 1880s onwards that gave married women progressively greater financial autonomy (Lewis, 1980;

19Recorded child mortality does not account for the pattern. The incidence of recorded child loss rises steeply with
recorded family size (Figure D.11 in the appendix), but adding the count of children who died before age five to the
regression leaves the family-size coefficient little changed; see Figure D.12 in the appendix. This control operates
within the recorded sample: births never registered cannot be included.
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McMillan, 2000).

In the observed sample, recorded family size was only weakly related to the age at first patent.
This specific pattern is not decisive on its own: fertility records may undercount, and I observe
only women who eventually patented, not women whom additional children may have kept out
of the patent record. The broader pattern of mothers returning to inventive activity after their
childbearing years remains consistent with children consuming time rather than eroding the sector-
specific knowledge these women had acquired through work. This interpretation cannot rule out
that part of the delay reflects the time women needed to secure the resources and, for married
women, the legal capacity to file in their own names. Nor did local economic conditions shorten
the wait: the gap between the last birth and the first patent was unrelated to female industrial
employment (p = 0.78). This timing parallels evidence that mothers intensified recorded market
work as children entered employment, rather than withdrawing from market work (You, 2020; cf.
Tilly and Scott, 1989).

Recorded family size was only weakly related to timing, but it does correlate with sector choice.
Among mothers, 30 percent patented in textiles, chemistry, or machinery, compared to 24 percent
of women with no recorded children; the pattern reverses in clothing and medicine (20 versus 31
percent; see Section D.3 in the appendix). These differences should not be read as evidence that
the local-industry mechanism differs by family status. Interacting the female employment share
with a mother indicator in the conditional logit produces a coeflicient that is small and statistically
indistinguishable from zero (p = 0.94). The direction channel operated similarly for mothers and
for women with no recorded children.

7 Concluding discussion

I began by asking why women patented in particular sectors and at particular moments of their
lives. The evidence in Section 5 and Section 6 gives a two-part answer. What women invented was
associated with the gendered structure of local industry. When they patented was associated with
marriage, childbearing, and birth cohort.

For sector choice, female employment in the local economy was central. Within departments, the
female employment share of local employment was the dominant predictor, roughly twice as strong
as total industry size. This result extends the geography-of-innovation literature (Akcigit et al.,
2017; Bell et al., 2019). Bell et al. (2019) identify that exposure pattern, but they cannot separate
whether the channel runs through knowledge transfer, role-model effects, or access to specialized
networks. I provide evidence consistent with the labor market as one such channel: women patented
in the sectors that employed women in their birth departments, and the gendered composition of
local employment predicted sector choice. The pattern points to occupational knowledge rooted in
the industries that employed women locally.

The same local economy, measured at the department level, showed no detectable relationship with
when women first patented. Married women patented a median of 12 years later than single women,
but no department-level measure of female economic activity narrowed this gap. The parallel with
modern evidence is informative: just as generous Danish family policies have not eliminated the
contemporary child penalty (Kleven et al., 2019), nineteenth-century industrial structure did not
narrow the marriage gap in this sample.

But while the marriage gap was stable across departments, patent timing did shift across cohorts.
The generation that came of age around the 1844 patent reform patented about four years earlier
than its predecessors. Two broader changes show up in this shift: the French fertility transition
(Perrin, 2022b) and the institutional changes that followed the 1844 reform (Galvez-Behar, 2019).
Differences in local industry across departments left the marriage gap unchanged, but these broader
changes coincide with the cohort shift.

The stability of the marriage gap could also partly reflect the sample restriction to eventual
patentees: if childbearing rather than the local economy determined when women could intensify
productive work, only those who reached that point appear in the data. These women’s combination
of intermittent attachment and durable sector-specific knowledge does not fit cleanly into Goldin’s
(2006) jobs/careers dichotomy. Over a third of women inventors’ collaborative ties involved family
connections (Merouani, 2026), suggesting that family enterprises were one route through which
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women acquired sector-specific knowledge despite working intermittently. Regardless of how they
first acquired it, the relevant knowledge was tied to the industries that employed women locally
and survived the childbearing years.

The fertility evidence sharpens this interpretation. Most mothers patented only after childbearing
ended, with a median gap of 11 years between the last recorded birth and the first patent. In the
observed sample, recorded family size was only weakly related to the age at first patent, but two
limits caution against reading this as a true absence of a child-penalty gradient: genealogical records
undercount completed fertility, and I observe only women who eventually patented, not those
whom additional children kept out of the patent record altogether. Nineteenth-century artisanal
production also differs from the modern academic setting in which a family-size penalty has been
documented (Kim and Moser, 2025): knowledge obsolescence at the research frontier, laboratory
schedules that demand continuous hours, and a tenure clock that imposes a fixed deadline have no
close counterpart in nineteenth-century invention. The pattern I can defend here is narrower than
a null contrast: among eventual patentees, the timing of the first patent did not rise steeply with
the number of recorded children.

Among women who eventually patented, I find no evidence that craft and artisanal knowledge
eroded when they stepped away from production. Artisanal skills were sector-specific rather than
firm-specific, so career interruptions did not permanently penalize returning workers (Burnette and
Stanfors, 2012). But durability alone did not guarantee a return to invention. Schneider (2026)
shows that the mechanization of spinning in Britain destroyed roughly 700,000 part-time jobs
held by women and children, whose hand-spinning skills were made redundant by mechanization,
producing large-scale and long-term unemployment and underemployment. The French women
who patented had both durable knowledge and surviving local industries in which to apply it.
French patent law imposed no deadline on when to file, but it did require patentees to exploit their
invention once granted, otherwise the patent could be revoked (Galvez-Behar, 2019); a woman
would file only when she was both knowledgeable enough to develop a patentable improvement and
able to put it into production. Among eventual patentees, first patents clustered after last births,
but this pattern cannot identify women kept out of the patent record by permanent withdrawal or
by additional childbearing (Section 6).

These findings depend on recovering where women actually lived. 80 percent of patent addresses
fall in Paris, but civil records show that only 47 percent of married women married there. Patent
agents account for part of the gap: among women who married outside Paris, those with listed
agents were far more likely to use Paris addresses. In centralized filing systems, the patent address
can reflect the filing channel rather than the inventor’s residence. Studies of inventive geography
that rely on such records inherit this bias. The linkage itself requires no digitized census microdata,
only patent records and a genealogical database covering vital events.

These conclusions rest on a linked sample: only women traceable in genealogical records appear in it.
Women with common surnames or poorly preserved local records are underrepresented, and death
dates are available for only 53.5 percent of the sample, which limits the lifespan analysis but does
not affect the main results on sector choice or patent timing. The conditional logit identifies the
female employment share as the dominant predictor of sector choice but cannot isolate the specific
pathway through which women acquired sector-specific knowledge. The design also does not reach
below the department, so within-department variation across neighborhoods remains outside the
comparison. The industrial structure comes from a single 1860 cross-section applied to women born
between 1764 and 1881; the results reflect long-lasting regional patterns rather than the specific
conditions each woman faced. Undercounting of women’s work is a known feature of historical
sources (Chiswick and Robinson, 2021); if the 1860 industrial survey disproportionately missed
women in female-dominated sectors, the positive coefficient would understate the true relationship.
I document robust empirical patterns, not causal effects.

Two extensions would sharpen the results. Linking widows’ husbands to death records would test
whether legal autonomy, gained when the husband died, rather than the end of childbearing triggered
the return to invention; if widows patented soon after bereavement rather than after their last child,
the timing mechanism would look more institutional than biological. Linking male inventors to the
same local employment data would test whether the direction channel is gendered. If men’s sector
choice was also predicted by the male employment share of their birth department’s industries, the
pattern I document is not specifically gendered; it is a general occupational knowledge channel
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that the gender composition of local industry happens to make visible. If instead total industry
size predicted men’s sector choice regardless of workforce composition, the gendered structure of
production would have shaped women’s inventive knowledge in a way it did not shape men’s.

To my knowledge, no prior study has linked women inventors to their genealogical records at scale.
By building that linkage, I move these women from names in administrative registers to people
with places, families, and life courses. I contribute a method as well as a dataset: the method
works in any country with comparable patent records and online genealogies. With these data, I
show that patent addresses in centralized filing systems cannot be read as residences, a distortion
that any map of innovation built from administrative records inherits. I extend the geography of
innovation: the female share of local employment, not the total size of local industry, predicted the
sectors in which women patented. I connect invention to the child-penalty literature by showing
that mothers usually patented after childbearing ended, and that local female economic activity did
not narrow the twelve-year marriage gap. Women’s invention was local in direction, but life-cycle
bound in timing. Practical knowledge linked the two.
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A Linking algorithm and sample validation

This appendix provides the full technical specification of the linking pipeline summarized in Section 3.

A.1 Data collection and filtering
A.1.1 Building searches and parsing results
For married women with maiden names, each search URL encodes the following parameters:

o Maiden name (surname field): the inventor’s birth surname, which should appear in birth
and marriage records.

o Given name (first name field): allows for variant spellings and compound names common in
the period.

¢ Spouse surname (spouse surname field): the marital surname, which filters results to women
married to men with that name.

¢ No spouse given name: I do not specify the husband’s given name, because this is rarely
recorded in patent documents. The male individual sharing the surname could also be a son
or other family member.

e Variant tolerance: the search interface permits minor spelling variations. I set this to no
variation, except to allow for additional given names.

For single women, I search using only the birth surname and given name, with no spouse fields.
For married women without a maiden name, I search using the marital surname in the surname
field and the inventor’s given name.

I save the HTML of each search results page locally and parse it to extract structured data. Each
result row contains a mix of visible text and HTML comments encoding metadata. I extract:

¢ Individual and spouse names: the name of the person in the record and any spouse name.

o Event years: birth, marriage, and death years, drawn from both explicit year fields and date
strings.

o Event locations: places associated with birth, marriage, death, and the record itself.

o Source metadata: the type of archival source (civil vital records, census, military, cemetery,
notarial, user-submitted family trees).

¢ Relationship context: whether the record describes the person directly, their spouse, a
parent, or a cited individual.

Some records provide only partial information; a marriage record may contain a marriage year
and place but no birth or death data. This variation in completeness is central to the challenge of
reconstructing biographies.

A.1.2 [Initial filtering rules

I eliminate records that are clearly implausible on hard criteria. I reject records whose given name
has no overlap with the inventor’s given name, because any plausible match must share at least one
name in common. I also reject records where the maiden surname similarity falls below 60 percent;
this threshold allows for spelling variants while excluding plainly different surnames. If a birth year
implies the inventor was younger than 14 or older than 85 when filing her first patent, I reject the
record. If a death year precedes the first patent by more than three years, or the last patent by
more than two years, I reject the record, because death dates drawn from cemetery registers or
family trees may carry recording errors of one to two years and because heirs occasionally filed
patents on behalf of a recently deceased inventor. When both birth and marriage years are present
and derive from high-confidence sources, I reject records implying marriage before age 14 or after
age 90.

These rules bind only when dates come from reliable sources such as civil vital records, military
records, or notarial acts. When dates derive from family trees or other user-submitted sources, I
flag the record as suspicious but allow it to proceed to the scoring stage.
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A.2 Record linking: scoring, clustering, and selection
A.2.1 Record-level scoring

For each surviving record, I compute a quality score with five components, each ranging from
near-zero to 1.0.

The first component measures name match quality. I compare the maiden surname and given
name in the record to those in the patent using a combination of Levenshtein ratio for surnames and
token-set overlap for given names. A perfect match on both receives 1.0; partial matches receive
intermediate scores between 0.2 and 1.0.

The second component measures spouse match quality. I compare the spouse surname in the
record to the marital surname from the patent. A perfect match scores 1.0, and if the spouse’s
given name also matches, the evidence is stronger. Partial matches score between 0.2 and 1.0.

The third component measures place consistency. I compare the department and country in
the patent’s address field to places mentioned in the record, including birth, marriage, death,
and record-keeping locations. Because patent addresses are unreliable (inventors often provide
temporary addresses in Paris or use patent agents’ addresses), I weight place match less heavily
than name and spouse match.

The fourth component measures source reliability. I classify each record’s archival source into a
reliability ladder: civil vital records receive weight 1.0, census and military records 0.7, notarial
records 0.6, cemetery registers 0.5, user-submitted family trees 0.45, and unknown sources 0.5.

The fifth component measures temporal plausibility. I evaluate whether event timing makes sense
relative to patent dates. A marriage year more than two years after the first patent is penalized,
since the patent indicates the woman was already married. Birth and death years must fall within
reasonable age-at-patenting bounds.

I combine the five components into a single row weight using a multiplicative model:

Wy = €XP (Z a; In(max((e, 51))>

where s, are the five component scores, «; are exponents controlling the relative importance of each
dimension, and ¢ = 107 prevents taking the logarithm of zero. The multiplicative form ensures
that a record must score reasonably well on all dimensions to receive meaningful weight. The «;
values and all other algorithm parameters are documented in the replication code.

A.2.2 Micro-clustering

Records about the same person may appear in multiple archival sources with slight variations in
spelling, dates, or places. I group them into clusters representing distinct biographical hypotheses.

I use a two-level blocking strategy. First, I partition records by normalized spouse surname
(removing accents and capitalization). Within each surname block, I further partition by a signature
of the spouse’s given name, capturing the first given name and, if multiple names are present, the
initial of the second. I merge signatures within each block if they are sufficiently similar, using a
token-set ratio threshold of 85 percent.

Within each block, I perform temporal micro-clustering. Two records are compatible if their effective
birth, marriage, and death years either agree within tolerance (plus or minus one year for birth and
death, plus or minus two years for marriage) or at least one is missing. I enforce strict agreement
only when both records provide high- or medium-confidence years for the same event.

I use a union-find algorithm to identify connected components of compatible records. Each
component becomes a candidate cluster. Clusters with full date information (strong anchors) take
precedence over those with only contextual information (weak anchors). Context-only clusters
survive only if no anchored clusters exist for the same inventor; otherwise, I attempt to attach their
records to nearby anchored clusters based on place and spouse-name similarity.
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A.2.3 Consensus-building and cluster selection

For each cluster, I compute a consensus biography through weighted hierarchical voting. For birth,
marriage, and death years, I first vote among high- and medium-confidence years from civil vital
records, military records, and similar reliable sources. If none exist, I fall back to low-confidence
years from family trees. For death years, cemetery records serve as a proxy when civil death records
are unavailable. I use a tolerance-aware mode calculation: two years are considered the same if they
fall within plus or minus one year for birth and death, or plus or minus two years for marriage. The
winning year is the one with the highest aggregate weight within its tolerance window. I record
both the consensus year and the share of total weight supporting it.

For places, I restrict the vote to records supporting the winning event year, ensuring that the
consensus birth place comes from records that agree on the birth year. If no place is available from
year-consistent records, I fall back to all records in the cluster. Place strings carrying structured
geographic information (commune, postal code, department, and country) receive three times the
voting weight, because they provide more precise and verifiable location data.

I then apply cluster-level vetoes: age at first patent must fall between 14 and 85, death must not
precede the first patent by more than three years or the last patent by more than two, and age at
marriage must fall between 14 and 90. A cluster producing an implausible consensus is discarded
entirely.

For each inventor, I rank surviving clusters by total weight (the sum of row weights after deduplication
by archival link). I select the highest-weighted cluster, with two caveats. First, if the gap between
the top two clusters is less than 15 percent, I flag the result as ambiguous; if the second cluster has
higher-confidence years, I may select it instead. Second, if the consensus birth or death year has
low internal agreement (share below 50 percent), I flag the result as medium quality rather than
high quality.

A.3 Algorithm adaptations
A.3.1 Single women

Single women appear in patent records with only a birth surname and given name. I adapt the
four-stage architecture by replacing the spouse signal with parent names as the primary genealogical
anchor. The parent match component receives the highest weight of any dimension (1.2, compared
to 1.0 for source reliability and name match). Parent names serve the same disambiguation role
as spouse names: a record naming the same father and mother as other records in the cluster is
far more likely to describe the same person, because parent-name coincidences across unrelated
individuals are rare.

In the clustering stage, I block records by normalized birth surname and sub-block by parent-name
signatures rather than spouse-name signatures. The similarity threshold adapts to context: when
one parent’s surname matches at 95 percent or higher across two records, I lower the threshold for
the other parent from 90 to 80 percent, because the strong match on one parent provides confidence
that a slight discrepancy on the other reflects transcription variation rather than a different family.

Because the single algorithm lacks the independent spouse signal, I impose a stricter quality gate.
A link starts as unconfirmed and must earn promotion through at least one independent signal:
the inventor’s name is rare enough that the search returned 50 or fewer results, the patent address
matches a non-Parisian genealogical location, the winning cluster contains records from official civil
registers, the cluster draws on five or more parent-linked records with a combined score above 2.0,
or a co-inventor’s given name matches a family member in the cluster. Only promoted links are
retained, all classified as high quality. There is no medium or ambiguous tier.

A.3.2 Married women without maiden names

Searching genealogical databases with only a marital surname creates a circularity problem: the
search returns women married to men with that surname, so the spouse-surname field trivially
matches the search term. The maiden name, which normally provides the independent check, is
unavailable.
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The key insight is that while the spouse surname is circular, the spouse’s given name is not. If
a search for women married to someone named “Dupont” returns thirty records, and twenty-one
name the husband “Jean,” that consistency is strong evidence those twenty-one records describe
one real woman. I require that at least 70 percent of records in the winning cluster agree on the
spouse’s given name.

Because this algorithm has the weakest identifying signal, I apply the strictest acceptance thresholds.
The maximum age at patent drops from 85 to 75. The minimum cluster weight rises from 1.0 to 1.5.
Every winning cluster must contain at least three records after deduplication, must hold at least 70
percent of the total weight across all clusters for that inventor, and must achieve at least 80 percent
internal consensus on its birth or death year. I require that the consensus include either a birth
year or a death year; clusters with only a marriage year are rejected, because without a temporal
anchor the match cannot be validated against patent dates. Searches returning more than 200
results after initial filtering are skipped entirely. All surviving links are classified as high quality.

A.4 Validation sampling design

I assess reliability through manual verification of a stratified sample of 60 inventors covering
both married and single women, designed to oversample difficult cases. Simple random sampling
would miss rare but informative failure modes, so I use a stratified design with known selection
probabilities.

I first construct a risk score for each inventor combining eight signals of matching difficulty: the
algorithm’s cluster score, name and spouse match quality, source reliability, missing dates, death
year confidence, number of competing clusters, reliance on user-contributed family trees, and
surname commonness. Higher scores indicate cases where the algorithm might struggle. I divide
inventors into four groups: edge cases (extremely common surnames, cemetery-only death records,
inventors missing both birth and death dates) and three risk-based groups among the remainder
(ambiguous: top 25 percent of risk; high: 40th to 75th percentile; medium: bottom 40 percent). I
draw the sample in two rounds of 30 inventors each, with more drawn from riskier strata in both
rounds. The second round extends coverage to single inventors linked through the maiden-name
algorithm, because these cases lack the spousal anchor that helps disambiguate married matches.

Within each stratum, I sample with probability proportional to risk, so an inventor with a risk
score of 0.8 is twice as likely to be selected as one with a score of 0.4. This ensures difficult cases
appear in the sample while maintaining known selection probabilities for every inventor.

For each sampled inventor, I independently verify birth, marriage, and death years against original
document scans in departmental archives, genealogical platforms, and original patent filings at
the INPI, reading the handwritten records directly rather than relying on transcribed metadata,
and without reference to the algorithm’s output. Patent documents prove especially useful for
confirming identity, because the original filings record the inventor’s marital status (“mademoiselle,”
“veuve,” “madame née”), domicile address, and co-inventors, all of which I cross-check against the
genealogical match. I compare the algorithm’s dates to this gold standard using a tolerance of
plus or minus two years for all three events, a standard accommodation in historical demography
for cemetery records that may record burial rather than death dates and for variation in how
individuals report ages across archival sources.

I report 95 percent Clopper-Pearson exact binomial confidence intervals for each event type, because
these intervals make no distributional assumptions and remain valid at small sample sizes.2°

20With 60 observations the intervals are informative: the lower bound for birth-year accuracy exceeds 86 percent.
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A.5 Linked-sample representativeness

This section provides the distributional comparisons that support the balance tests reported in the
main text (Table 1 and Table 2). I show the sectoral and occupational composition of each linked
sample alongside its reference population, and I disaggregate by marital status to check whether
the patterns differ across single, married, and widowed women.

A.5.1 Sectoral distribution across linked and reference groups
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Figure A.1: Sector distribution of women inventors’ first patents for five groups: all women in
the sample, women who were ever married or widowed, linked married or widowed women, single
women, and linked single women. Values show, for each group, the percentage of women whose
first recorded patent falls in each technological sector.

Figure A.1 shows the sector distribution of first patents across all 4,165 women in the sample,
the 2,963 ever married or widowed, the 840 linked ever-married, the 1,202 single, and the 236
linked single. The dominant sectors look similar across groups. Clothing accounts for 19 to 25
percent everywhere, with the variation running along marital-status lines rather than the linked-
versus-unlinked margin: 20.5 percent of the ever married or widowed and 19.3 percent of the linked
ever-married, 25.0 percent of the single and 25.4 percent of the linked single. Textiles ranges from
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10 to 13 percent across groups. Chemistry runs from about 6 to 9 percent. The sectors where the
linked samples depart most visibly from their reference populations, Office Articles and Domestic
Economy among married women, Textiles and Medicine and Hygiene among single women, are
discussed in the main text alongside the formal balance tests in Table 1 and Table 2.

A.5.2 Sectoral distribution by marital status
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Figure A.2: Sector distribution of women inventors’ first patents within marital-status groups. For
each marital-status category (Single, Married, Widow), the bars represent the share of women in
that category whose first recorded patent lies in each sector; percentages within each marital-status
group sum to 100.

Figure A.2 breaks the full inventor population out by marital status at the time of the first patent.
Single women show the highest concentration in Clothing, at about 25 percent, compared to 22
percent for married women and 16 percent for widows. Widows are more heavily represented in
Textiles (about 13 percent versus 10 percent for single women and 9 percent for married women),
Chemistry (about 9 percent versus 6 percent for single women), and Machinery (about 8 percent
versus 6 percent). These patterns may reflect changing economic circumstances after a husband’s
death, but the differences do not dominate the overall distribution: Clothing remains the largest
sector for all three groups.
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A.5.3 Skill distribution (HISCLASS)

Panel A: Skill distribution (observed) by group
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Panel B: Skill distribution (observed) within marital-status groups

35 0 Single
;\i I Married
& 30 B Widow
9]
3
o 25
=t
5
220
s
g
g 15
g
5
B 10
8
g 5
0
O I I I — I

Elite White collar Medium skilled Farmer Low/Unskilled

Figure A.3: Occupation-based profiles of women inventors (observed skill level). Panel A compares
the skill distribution across five groups: all women inventors with occupation data (N = 876),
women ever married or widowed (N = 583), linked ever-married women (N = 170), single women
(N = 293), and linked single women (N = 61). Panel B shows how skill distribution varies by
marital status (single, married, widow) within the full sample. Both panels display only women for
whom occupation information was recorded in patent applications, which represents a minority of
all inventors.

Figure A.3 reports the HISCLASS skill distribution of women inventors. Panel A covers the five
comparison groups used throughout this paper. White collar workers make up the largest category
in nearly every group, ranging from about 31 percent among linked ever-married women to about
36 percent among single women. Medium skilled workers come second, at roughly 29 to 36 percent.
Low or unskilled workers account for 21 to 28 percent. The linked ever-married sample shifts
modestly from white collar toward medium skilled work relative to the broader married and widowed
population, a pattern consistent with women in occupations with more common names being harder
to link. The linked single sample broadly mirrors the full single population in the two largest
categories but shows a sharp drop in Elite representation, from about 12 to 5 percent. With only
61 observations carrying occupation data, this estimate is imprecise.

Panel B disaggregates the full population by marital status. Single and married women look similar,
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with white collar workers at about 35 to 36 percent. Widows stand apart: the white collar share
falls to about 30 percent and the low or unskilled share rises to about 28 percent, compared to

about 19 percent for married women. This likely reflects changes in economic position after a
husband’s death.

A.5.4 Major HISCO distribution
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Figure A.4: Occupation-based profiles of women inventors (observed Major HISCO). Panel A
compares the distribution across five groups: all women inventors with occupation data (N = 876),
women ever married or widowed (N = 583), linked ever-married women (N = 170), single women
(N = 293), and linked single women (N = 61). Panel B shows the distribution within marital-status
groups for the full sample.

Figure A.4 reports the Major HISCO distribution across the same five groups and by marital
status. Production and related workers (Major HISCO 7/8/9) dominate everywhere, accounting for
roughly 47 to 61 percent of women with recorded occupations. Professional and technical workers
(0/1) come second in most groups, at about 10 to 17 percent. The linked ever-married sample
has a somewhat lower professional and technical share (about 11 percent) than the ever married
or widowed population (about 14 percent) and a correspondingly higher production share (about
55 versus 54 percent). The linked single sample shows the largest shift: production workers rise
to about 61 percent and professional and technical workers fall to about 10 percent. As with the
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HISCLASS comparisons in Figure A.3, the small sample sizes counsel against reading too much
into these differences.
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B Geography

B.1 Patent address reliability: detailed evidence

This section provides detailed evidence supporting the address-reliability findings reported in
Section 4.

Table B.1 reports the cross-tabulation of marriage locations and patent addresses. Among the 383
inventors who married outside Paris, 64.5 percent have patent addresses in Paris. Among the 344
inventors who married in Paris, 96.8 percent have Paris patent addresses. Patent addresses are
systematically concentrated in Paris regardless of where women married.

Table B.1: Marriage location vs. patent address

Marriage Location  Patent in Paris  Patent Outside Paris  Total

Paris 333 (96.8%) 11 (3.2%) 344
Outside Paris 247 (64.5%) 136 (35.5%) 383
Total 580 147 727

Notes: Sample restricted to 727 married inventors with valid marriage
and patent location data. Percentages shown are row percentages. Paris is
defined as department 75 (Seine).

Table 3 and Figure B.1 reinforce this pattern. Parisian Residents (both in Paris) show a median
distance of 0.0 kilometres, as expected for residential addresses. Non-Paris Residents (both outside
Paris) show a median of 1.6 kilometres and a mean of 66.6 kilometres, with 69.9 percent of inventors
within 50 kilometres of their marriage location. These distances are consistent with addresses that
reflect residence.

Paris-Address Non-Parisians (married outside Paris, patent in Paris) tell a different story. The
median distance is 212.7 kilometres and the mean is 247.9 kilometres. Only 6.1 percent of inventors
filed patents within 50 kilometres of where they married, and 56.3 percent filed from locations more
than 200 kilometres away. Department-level match rates show a similar pattern: 100.0 percent
of Parisian Residents match at the department level, 71.3 percent of Non-Paris Residents match,
but 0 percent of Paris-Address Non-Parisians match by definition, since their marriage and patent
departments differ and patents are concentrated in Paris.

Table B.2 refines this classification by incorporating death locations to distinguish genuine migrants
from administrative users. These patterns indicate that patent addresses do not simply reflect
residential locations. Not all of the 64.5 percent of inventors married outside Paris who list
Paris patent addresses migrated to the capital. The question is which of the 247 Paris-Address
Non-Parisians genuinely migrated to Paris and which used Paris addresses for administrative
convenience.

Death records provide one way to distinguish genuine migrants from administrative users of Paris
addresses. Among the 127 Paris-Address Non-Parisians for whom I observe death locations, roughly
half died in Paris (68) and roughly half died outside Paris (59). Those who died in Paris likely
migrated to the capital at some point after marriage. Those who died outside Paris show no
evidence of permanent migration, yet they still filed patents with Paris addresses.

I label these subgroups Confirmed Migrants and Administrative Users. Neither label is definitive:
dying in Paris does not prove residence at the time of patenting, and dying outside Paris does not
rule out temporary residence in the capital. But the Administrative Users are the more informative
group. These 59 women married outside Paris, listed Paris addresses on their patents, and died
outside Paris. The median distance from marriage location to patent address is 265.3 kilometres,
and the median time from marriage to patent filing is 20 years. The profile is consistent with
long-term residents of other departments who used Paris addresses for administrative purposes
rather than genuine migrants.

Patent agents explain part of this pattern. Among inventors married outside Paris, 77.6 percent of
those with listed patent agents have Paris addresses, compared to 50.8 percent of those without
agents (difference: 26.7 percentage points, p < 0.001). Even among inventors without listed
patent agents, half used Paris addresses despite marrying elsewhere, pointing to widespread use
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of Paris-based intermediaries, including lawyers, family members, and business contacts, beyond
officially recorded patent agents.

Table B.2: Refined classification of inventors by Paris connection

Group N % of Sample Interpretation

Parisian Residents 333 45.8%  Married, patented, and (when observed) died in Paris
Confirmed Migrants 68 9.4%  Married outside Paris, patented in Paris, died in Paris
Administrative Users 59 8.1%  Married outside Paris, patented in Paris, died outside Paris
Unknown Trajectory 120 16.5%  Married outside Paris, patented in Paris, death unobserved
Non-Paris Residents 136 18.7%  Married and patented outside Paris

Other 11 1.5%  Other combinations or missing data

Total 727 100.0%

Notes: Death location observed for 388 inventors (53% of sample). Administrative Users labeled as such because temporary
Paris residence during patenting cannot be ruled out.

Administrative Users represent a lower bound on non-residential patent addresses: at least 8.1
percent of inventors used Paris addresses without residing there permanently, under the assumption
that death location reflects long-term residence. If the 120 inventors in the Unknown Trajectory
group resemble the observed Paris-Address Non-Parisians, approximately 56 additional inventors
used Paris addresses without permanently relocating, yielding an upper bound of 15.8 percent.
This extrapolation assumes that inventors with unobserved deaths resemble those with observed
deaths, which may not hold if Paris deaths are differentially recorded.

The 136 Non-Paris Residents (both married and patented outside Paris) provide a useful benchmark,
though the group is not homogeneous. Among the 97 who married and patented in the same
department, the median distance is 0.8 kilometres and the mean is 8.4 kilometres, consistent with
addresses that reflect residence. The remaining 39 married in one department and patented in
another, with a median distance of 128.9 kilometres, consistent with the minority of long-distance
internal moves documented in the demographic literature. Outside the Paris administrative orbit,
patent addresses track residential locations for the majority of inventors.

The contrast with Paris-Address Non-Parisians is sharp. Non-Paris Residents who stayed within
their department show a median distance of 0.8 kilometres; Paris-Address Non-Parisians show
212.7 kilometres. This difference is consistent with the Paris patent system, rather than residential
location alone, driving patent address patterns.

The 236 single inventors in the linked sample cannot enter this marriage-based test, but birth
location provides a weaker anchor, because birth precedes patenting by several decades and allows
substantial life-course migration. Even so, the same pattern appears: 78 percent have Paris patent
addresses while only 13 percent were born in Paris, and the median distance from birth to patent
address is 249.0 kilometres (N = 203). The divergence between civil records and patent addresses
in this independent group corroborates the pattern observed among married women.

Three limitations bear on these estimates. I observe death locations for only 53 percent of the
sample, and deaths in Paris may be better documented than deaths outside the capital, which would
bias the Administrative Users count downward. I cannot distinguish temporary Parisian residence
during patent filing from purely administrative use of Paris addresses. And marriage location is
an imperfect proxy for residence at the time of patenting, because the median 19-year gap from
marriage to patent for Paris-Address Non-Parisians allows substantial life-course migration.?!

21Quantitative studies using genealogical, civil-registration, and linked microdata suggest that nineteenth-century
French families were typically clustered in relatively small areas, with a minority undertaking long-distance moves.
Using collaborative genealogies, Charpentier and Gallic (2018) find that for descendants of individuals born 1800-1804,
about 62% of children are born in exactly the same commune as their ancestor and a further 19% within 20 km,
leaving roughly 18% as long-distance migrants. Studies of the 3,000 Families Survey show similar patterns: among
5,627 women, only 55 are observed moving between vital events, and of these 55 female migrants 30 move less than 12
km; for men, 486 of 888 migrants move less than 12 km and 701 less than 50 km (Bonneuil et al., 2008). Kesztenbaum
(2008), using life-event locations and military registers, shows that half of families have a mean distance to the family
barycentre below 4 km and classifies family “territories” with low dispersion (0-4 km) and medium dispersion (4-20
km), indicating that many life events occur within a narrow radius. Long-distance migration to cities was nonetheless
important, particularly for women entering urban domestic service: McBride (1977) argues that domestic service was
“the most important spur, outside of marriage, to feminine urban migration,” and documents substantial long-range
flows of young women from rural Brittany, Normandy, Alpine regions and other departments into Paris and Lyon.
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Despite these limitations, the evidence consistently points in one direction: patent addresses
systematically over-represent Paris. Comparing Paris death rates (62 percent) to Paris patent
addresses (80 percent) suggests a bias on the order of 17 percentage points. The institutional
explanation is straightforward. Under the nineteenth-century French patent laws, applications
were filed with a central office in Paris and could be submitted by the inventor or by a mandataire
(agent or representative). Galvez-Behar (2019) notes that many applicants from outside Paris used
Paris-based agents whose addresses appeared in the records. This centralized filing, which Section 4
contrasts with the decentralized Italian system, likely produced the systematic address patterns I
observe.
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Figure B.1: How far is a patent address from where the inventor married? Geodesic distances (km)
between each inventor’s marriage location and her patent address, stratified by whether marriage
and patent fell inside or outside Paris (department 75, Seine). Panel A: both events in Paris (median
0.0 km). Panel B: married outside Paris but patent address in Paris (median 212.7 km). Panel C:
both events outside Paris (median 1.6 km). If patent addresses reflect residence, all three panels
should cluster near zero. The wide dispersion in Panel B suggests that many Paris patent addresses
do not correspond to the inventor’s place of residence. Sample restricted to married inventors with
valid coordinates for both locations.

These studies together suggest that short-distance moves and sedentariness were common, while long-distance urban
migration characterized a selected minority, such as servants, rather than the median woman.
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B.2 Migration pathways
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Figure B.2: Geographic flows for 1,076 linked French women inventors, 1791-1900. Flow widths are
proportional to the number of women on each path. Of the 201 women classified as Unknown at
marriage, 135 are single with no marriage record; the remaining 66 are married or widowed whose
marriage location could not be geocoded. The large Unknown share at death (47 percent) reflects
the scarcity of death records in genealogical sources. Paris is a 0.3-degree radius around the city
center; other regions partition metropolitan France.
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B.3 The North-South divide

Section 4 documented the North-East/South-West development gradient first mapped by Dupin
(1826) and refined by Braudel (1984). Nuvolari et al. (2023) use the Braudel line (Rouen to Geneva)
to characterize the spatial concentration of French patenting between 1791 and 1844. I test whether
this divide predicts women’s inventor rates.

I classify each department as North or South of two lines: the Dupin line (St. Malo to Geneva) and
the Braudel line (Rouen to Geneva), based on the latitude of the department’s inventor-weighted
centroid relative to the line equation. The two classifications agree for 90 percent of departments.

Table B.3: Women inventor rates and the North-South divide. Dependent variable is inventors per
100,000 female residents (1861). Paris excluded.

Dependent variable: Inventors per 100,000 Women
(1) Baseline (2) + Braudel (3) 4+ Dupin (4) Braudel only (5) Dupin only

Female literacy rate 0.042** 0.027 0.023
(0.014) (0.015) (0.020)
Share women in agriculture -0.048 -0.041 -0.044
(0.029) (0.034) (0.035)
North of Braudel line 1.176 2.770™*
(1.009) (0.478)
North of Dupin line 1.111 2.639**
(1.304) (0.465)
Observations 81 81 81 84 84
R? 0.344 0.366 0.358 0.279 0.293
Note: *p<0.05; **p<0.01; **p<0.001

Note: Dependent variable is women inventors per 100,000 female residents (1861). Robust standard errors (HC1) in parentheses.
The Braudel line runs from Rouen to Geneva; the Dupin line from St. Malo to Geneva. Departments are classified as North or
South based on the latitude of their inventor-weighted centroid relative to the line. Paris (Seine) excluded from all models.

Both lines are strongly significant when entered alone (Braudel p < 0.001, R? = 0.28; Dupin
p < 0.001, R? = 0.29), confirming that the North-South divide predicts inventor rates. When
department-level literacy and agricultural employment are added as controls, both lines become
insignificant (Braudel p = 0.24; Dupin p = 0.39), suggesting that these continuous measures already
capture most of the North-South gradient in inventor production.
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C Local industry and invention: supplementary materials

C.1 Patent technology class to 1860 industry concordance

Table C.1: Patent technology class to 1860 industry concordance.

Patent Sector N Tier 1860 Industry Rationale

Food Processing 37 1 Food processing Direct match

Textiles 97 1  Textiles Direct match

Construction 26 1 Building Direct match

Mining & Metal- 13 1  Mining + Metal- Direct match

lurgy lurgy

Ceramics 16 1 Ceramics Direct match

Chemistry 72 1 Chemicals Direct match

Lighting & Heating 37 1  Lighting Direct match

Clothing 155 1  Clothing Direct match

Agriculture 27 2 Agriculture Direct match

Railways 7 2  Transport Railway transport

Marine & Naviga- 4 2 Transport Maritime transport

tion

Road Transport 18 2 Transport Road transport

Machinery 58 3  Metallurgy Metal-working machinery
Domestic Economy 33 3  Furnishings Household furnishings
Precision Instru- 31 3  Science & art Precision instruments/science
ments

Industrial Arts 40 3  Science & art Artistic/scientific instruments
Office Articles 43 3  Science & art Education/scientific equipment
Medicine & Hygiene 33 3 Chemicals Pharmaceuticals/chemicals
Paris Articles & 38 3  Luxury goods Luxury goods (Paris special-

Misc.

ties)

Note: Tier 1 = direct semantic match between patent sector and 1860 census industry. Tier 2 = clean indirect
mapping (agriculture, transport). Tier 3 = judgment call, validated by minor patent class data. N = number of
inventors in birth-department sample (total = 785). “11. Weaponry” excluded (N<10).

Table~C.1 maps each of the twenty patent technology classes to the most closely corresponding
1860 industrial survey category. The 1860 Enquéte Industrielle records sixteen manufacturing
sectors under their original French names. Throughout this paper I use English translations:
Textile (Textiles), Extractive (Mining), Métallurgie (Metallurgy), Construction (Construction),
Cuir (Leather), Bois (Wood), Céramique (Ceramics), Chimique (Chemicals), Batiment (Building),
Eclairage (Lighting), Ameublement (Furnishings), Habillement (Clothing), Alimentation (Food
processing), Transport (Transport), Science et art (Science & art), Luze (Luxury goods).

Direct mappings are unambiguous: patent class Clothing maps to survey industry Clothing, Textiles
to Textiles, and so on. Three additional technology classes map directly but appear under a different
variable format in the survey: agriculture is recorded separately from the sixteen manufacturing
sectors, and transport aggregates three patent categories.

The remaining seven technology classes involve judgment calls guided by patent minor-class data.
For these, I use the minor patent classification (98 minor classes) to assign individual inventors
to the most appropriate 1860 industry rather than forcing a single mapping for the entire major
class. For example, a sewing-machine patent (minor class 05.7) is assigned to Textiles rather than
Metallurgy, and a furniture patent (minor class 09.4) is assigned to Furnishings rather than a
generic category. Funeral objects (minor class 19.5, ten inventors) have no clear 1860 counterpart
and are excluded from the minor-class concordance variant.
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C.2 Permutation test results

Table C.2: Permutation tests for Location Quotient match scores. 10,000 permutations. One-sided
empirical p-values.

Tier 1 All Tiers
Observed 7 P Observed Z P
Female LQ 1.7076 2.639 0.008*** 1.6122 -0.288 0.575
Male LQ 1.7425 2.576  0.009%** 1.9001 -0.158  0.545
FemShare 0.6399 -0.972 0.833
Residual 2.417 1.529 0.064*
Non-Paris 1.4608 1.794 0.044**

Paris only 2.4751 1.498 0.178

Note: 10,000 permutations. One-sided p-values. *** p<0.01, ** p<0.05, * p<0.10.
FemShare and Residual use female employment share and OLS residuals (female on
male employment) instead of LQ.

Table C.2 reports all permutation test variants. The core test uses the female Location Quotient for
inventors in the eight directly mapped technology classes (10,000 permutations). Additional rows
show the male LQ (which also rejects the null, because female and male employment are correlated
at 7 = 0.97 across departments), the female employment share (FemShare = female/(female4-male),
which does not reject the null because the permutation test cannot separate the gendered component
using across-department variation), the OLS residual (female employment regressed on male, then
residuals used as match scores; marginally significant at p = 0.064), and the Paris split. The
Paris-only result is not significant (p = 0.178), consistent with Paris having diversified industry
across all sectors.
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C.3 Conditional logit: cluster bootstrap and leave-one-out

Standard errors in the conditional logit are based on individual likelihood contributions. Because
inventors from the same department share identical employment rates, the effective number of
independent observations is closer to the 86 departments with inventors than the 453 individuals.
I implement a department-level cluster bootstrap with 999 replications, resampling departments
with replacement. Table C.3 compares the default and bootstrapped standard errors for Model (2)
(female and male employment).

Table C.3: Cluster bootstrap standard errors for Model (2). Confidence intervals and p-values from
bootstrap percentile method (999 replications).

Coefficient Default SE Bootstrap SE Inflation 95% CI p

Btem (+0.0722) 0.007 0.029 4.3x [0.0445, 0.1684] 0.0000

Bmale (-0.0526) 0.007 0.029 4.2x [-0.1485, 0.0000
-0.0259]

The standard errors inflate by a factor of approximately five. Both coefficients remain significant:
the bootstrap percentile 95% confidence intervals exclude zero for both the female employment
coefficient ([0.0445, 0.1684]) and the male employment coefficient ([-0.1485, -0.0259]). The coefficient
was negative in all 999 replications. The two coefficients are statistically distinguishable from each
other (bootstrapped Wald x? = 4.6, p = 0.0322). The main text focuses on the preferred Model
(3) decomposition, which is robust to clustering in every variant (Table 5). All robustness rows in
Table 5 use the same department-level cluster bootstrap. The Wald test for Model (2), which asks
whether S, and (., are distinguishable, is significant in the baseline (p = 0.0322) and in the
larger robustness variants, but loses power in smaller subsamples where only 191 to 343 inventors
are spread across fewer departments. The preferred female employment share coefficient, which
captures the gendered composition of local industry rather than the absolute magnitudes that the
Wald test contrasts, remains significant in every variant.

A leave-one-out exercise drops each industry from the choice set and re-estimates Model (2).
Table C.4 reports the results.

Table C.4: Leave-one-out exercise for Model (2). Each row drops one industry from the choice set
and re-estimates.

Dropped industry Bfem A from baseline N inventors
None (baseline) 0.072 — 453
Food processing 0.077 +0.005 416
Building 0.074 +0.002 427
Ceramics 0.072 -0.000 437
Chemicals 0.077 +0.004 381
Lighting 0.076 +0.004 416
Mining & metallurgy 0.070 -0.002 440
Clothing 0.171 +0.098 298
Textiles 0.080 +0.008 356

Dropping any sector except Clothing produces B, estimates between 0.069 and 0.080. Dropping
Clothing (the largest sector, 298 of 453 inventors) increases the coefficient to 0.171. This increase
means that the remaining sectors display an even stronger gendered pattern; Clothing moderates
the aggregate estimate because its large mass dilutes the cross-sectoral variation. The sign and
significance are stable regardless of which sector is excluded.

C.4 ITA and mixed logit

The independence of irrelevant alternatives (IIA) requires that the ratio of choice probabilities
between any two sectors is unaffected by the inclusion or exclusion of other sectors. A Hausman-
McFadden test rejects this assumption for 4 of 7 testable sectors at the 5 percent level: Clothing,
Ceramics, Chemicals, and Food processing. I estimate a mixed logit that draws each inventor’s
female employment share coefficient from a normal distribution and estimates the mean and
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standard deviation across the sample via simulated maximum likelihood, relaxing ITA without
requiring the researcher to impose a nesting structure.

Under the mixed logit (N = 440), the mean female employment share coefficient is 2.33 (SE = 0.28,
p < 0.001), larger than the conditional logit estimate of 1.82. The standard deviation across
inventors is 3.13, confirming meaningful heterogeneity in responsiveness to local female employment.
The mean effect is unambiguously positive.
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C.5 Temporal mismatch

I test for temporal mismatch by interacting the female employment share with the absolute distance
between each inventor’s approximate year of knowledge acquisition (birth year plus twenty) and
1860. The interaction coefficient is negative (8 = —0.03, p = 0.037): the female employment
share effect does weaken for cohorts born far from 1860. The main effect remains large (5 = 2.36,
p < 0.001), and the net effect at the sample’s mean distance of 18 years is 1.81, close to the baseline
estimate of 1.82.

Splitting the sample confirms this pattern. Inventors whose exposure falls within twenty years of
1860 (born 1820 to 1860, N = 284) produce a female employment share coefficient of 2.01; those
twenty to forty years away (N = 139) produce 1.89. Both are highly significant and similar in
magnitude. 61 percent of the analysis sample falls within twenty years of 1860, and the result holds
across both cohorts that are large enough to estimate precisely.
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C.6 Technology-class heterogeneity
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Figure C.1: Mean Location Quotient by technology class for the eight directly mapped industries.
Blue circles: female LQ. Orange diamonds: male LQ. The dashed line marks LQ = 1 (no specializa-
tion).

Lighting (N = 37) shows the strongest geographical concentration (mean female LQ = 3.41).
Chemicals (N = 72, LQ = 2.47) and Clothing (N = 155, LQ = 1.68) also exceed one. Textiles (N =
96, LQ = 0.85) and Ceramics (N = 16, LQ = 0.41) fall below one: their inventors do not come from
departments where these sectors are especially concentrated. The textile result reflects the fact
that textile employment was so widespread nationally that no department was truly specialized in
it. The conditional logit, which exploits within-department variation in gender composition rather
than across-department specialization, still identifies textile as female-dominated relative to other
sectors.

52



C.7 Movers: detailed results

Among the 671 inventors with both birth and marriage departments, 245 are movers and 426
are stayers (birth department equals marriage department). I classify movers into three groups:
134 moved to Paris (born outside, married in department 75), 88 moved between two non-Paris
departments, and 23 moved from Paris to a department outside the capital.

The conditional logit horse race includes employment shares from both the birth and marriage
departments as competing predictors. For all movers with directly mapped sectors, the marriage-
department coefficient is 5 = 0.042 (p < 0.001) and the birth-department coefficient is 8 = 0.003
(p = 0.63), with a Wald test rejecting equality (p = 0.0002). For the 46 non-Paris movers alone,
the marriage coefficient weakens to 8 = 0.021 (p = 0.091) and the Wald test fails to reject equality
(p = 0.617). The small non-Paris subsample limits statistical power: with 46 inventors and twelve
alternatives, the effective variation for identifying the birth-versus-marriage distinction is limited.

53



C.8 Timing regressions

Table 6 reports the eight timing regressions. Models 1 through 4 progressively add controls. The
share of women in industry has no effect in any specification (smallest p = 0.78). The married
indicator adds 7.5 years to the predicted age (p < 0.001) and increases R? from 0.35 to 0.39; all
department-level variables add no explanatory power. Models 5 and 6 replace or supplement female
industrial employment with the gender wage gap and girls’ school enrollment, neither of which
reaches significance. Models 5 and 6 omit the married indicator to isolate the department-level
channel; the lower R? relative to Models 3 and 4 reflects this exclusion, not any explanatory power
of the department variables. Models 7 and 8 extend the baseline (Model 3) with demographic,
cultural, and geographic variables: Protestant share, mortality gap, net migration, agricultural
wage gap, and soil quality. None reaches significance. The R? rises from 0.39 to 0.398, confirming
that these additional variables add no explanatory power beyond the marital status indicator and
birth-decade fixed effects.

Sector-specific timing regressions confirm the aggregate null. Among the 155 clothing inventors, the
habillement employment rate in the birth department is unrelated to age at first patent (p = 0.83).
The same holds for textile inventors (p = 0.88) and chemistry inventors (p = 0.50). A wild cluster
bootstrap using Rademacher weights (999 replications) returns p = 0.77 for the female industrial
employment coefficient in Model 3, confirming that the null is not an artifact of the asymptotic
clustered standard error approximation.

44

R +

40

+ Married
=~ Unmarried

Mean Age at First Patent
[SY]
N

I
Low Medium High
Female Industrial Employment Tercile

Figure C.2: Predicted age at first patent by marital status and female industrial employment
tercile. The parallel lines confirm that the marriage gap is constant across levels of department-level
industrialization.
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C.9 Permutation distribution figure
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Figure C.3: Permutation distributions of mean Location Quotient match scores. Left: female
employment. Right: male employment. Red dashed lines show observed values.
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D Life cycle and childbearing

D.1 Supplementary life-cycle figures

These figures document the distributional detail behind the lifecycle findings in the main text,
including the marriage-to-patent lag, the productivity split by starting age, and sectoral variation
in patenting age.

== Year of Marriage
== Median Lag: 16.0 years

~

After
Marriage

Before
Marriage

Percent of Inventors (%)
(O8]

I
—20 0 20 40 60
Years relative to Marriage (0 = Marriage Year)

Figure D.1: The innovation lag (married inventors only). Distribution of years elapsed between
marriage and first patent (N = 659). Positive values indicate patenting after marriage. The median
lag is 16.0 years, with 95.8 percent of inventors patenting post-nuptially.
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Serial inventors (2+) start 5.1 years earlier on average
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Figure D.2: Age at first patent by productivity class. Boxplots comparing starting age of one-time
patent holders vs. serial inventors (24 patents). Serial inventors filed their first patent substantially
younger. Sample sizes shown on x-axis.
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Figure D.3: Starting age density: one-time vs. serial patentees. Kernel density estimates show that
the density peaks differ: serial inventors concentrate in the late twenties and early thirties, one-time
patentees in the forties.
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Figure D.4: Years lived after first patent by productivity class. Average remaining lifespan after first
patent with 95 percent confidence intervals. Serial inventors lived longer after their first invention
than one-time holders, consistent with their younger age at first patent.
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Figure D.5: Age at first patent by technology class. Boxplots of age distribution across 20 technology
classes. Among sectors with at least 25 observations, Clothing shows the youngest profile and
Chemistry the oldest, consistent with differences in human capital requirements and barriers to
entry. Sample sizes shown on y-axis.
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D.2 Supplementary childbearing figures

These figures document the fertility and timing patterns analyzed in the main text, including family

size distributions, the childbearing window, the intersection of motherhood and invention, and the
role of child mortality.

30

All Inventors (N=694)
== Mean: 2.0
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Number of Recorded Children

Figure D.6: Distribution of family size. Histogram of recorded number of children for all linked
inventors (N = 694). The sample includes women with no recorded children (30.0 percent) and
excludes outliers with more than 9 children to minimize measurement error.
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Figure D.7: The childbearing window. Distribution of maternal age at first and last birth for the
sub-sample of mothers (N = 477). The average active childbearing span is 6.0 years.
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Figure D.8: Intersection of motherhood and invention. Scatter plot of age at first birth versus
age at first patent. Points above the diagonal dashed line represent women who patented after
becoming mothers (94.5 percent); points below indicate pre-maternal invention.
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Figure D.9: Recorded family size and age at first patent. Scatter plot of recorded number of
children versus age at first patent. The observed regression line (r = 0.02, p = 0.64) is close to flat,
indicating that recorded family size was only weakly associated with when women patented in this

sample.
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Figure D.10: Recorded family size and the post-childbearing gap. Relationship between recorded
number of children and years elapsed from the last recorded birth to the first patent (r = —0.24,
p < 0.001). The negative relationship is an arithmetic consequence of the observed pattern in
Figure D.9: more recorded children push the last recorded birth later while the observed age at
first patent remains roughly constant.
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Figure D.11: Child mortality incidence by family size. The share of mothers who experienced at
least one child death before age five, by number of recorded children. The incidence rises steeply
with family size, from 4 percent among mothers of one child to over 67 percent among mothers of
seven or more. N counts shown above each bar.
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Figure D.12: Child mortality and the post-childbearing gap. The relationship between recorded
family size and the gap from the last recorded birth to the first patent, with mothers separated
by whether they experienced recorded child loss before age five. Both groups exhibit the negative
slope that follows mechanically from the observed pattern in Figure D.9, though the no-loss group
(blue, solid line) has a steeper decline. The gap is shorter for mothers who experienced recorded
child loss at every family size, but this difference is not statistically significant once recorded family

size is controlled.
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D.3 Sectoral selection by family status

Recorded family size is only weakly related to patent counts (mean 1.42 for women with no recorded
children, 1.39 for small families, 1.43 for large families; p = 0.937). The sample lacks power to rule
out moderate effects, and recorded family size itself can understate completed fertility. Family
status does, however, correlate with sector choice. Figure D.13 compares the sectoral distribution
of first patents for mothers and women with no recorded children across the ten largest technology
classes. Women with no recorded children concentrate in Clothing and Medicine & Hygiene (31
percent of their patents versus 20 percent for mothers), while mothers are overrepresented in
Textiles, Chemistry, and Machinery (30 percent versus 24 percent).

These differences do not overturn the main finding that most women, regardless of family status,
patented in mid-life. They do suggest that motherhood shifted the sectoral mix toward fields
requiring more specialized technical knowledge. Whether this reflects self-selection, changes in
household circumstances, or differences in access to production facilities remains open.
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Figure D.13: Sectoral selection by maternal status. Comparison of the technological distribution of
first patents for mothers versus women with no recorded children. Women with no recorded children
are relatively more concentrated in Clothing and Medicine, while mothers are overrepresented in
Textiles, Chemistry, and Machinery.



Table D.1: Pre/post-1835 cohort means in the age-capped balanced sample of mothers (N = 274)

Variable Pre-1835 (n = 117) Post-1835 (n = 157) Difference
Age at first marriage 23.1 22.5 0.6
Age at last birth 31.2 29.1 2.1
Age at first patent 39.8 36.1 3.7
Gap (last birth to first patent) 8.7 7.0 1.7

Notes: Complete-case sample of mothers observable over ages 20 through 50 who filed their first patent
by age 50. Differences are pre minus post, so positive values mean the pre-1835 mean is older.

D.4 Observation-window truncation and the corrected cohort comparison

The patent data cover inventions filed between 1791 and 1900. Women in the linked sample are
born between 1764 and 1881. Because the analysis window ends in 1900, later-born cohorts are
observed over a shorter portion of adult life than earlier-born cohorts. A woman born in 1820
can be observed filing a first patent at any age from 20 to 80; a woman born in 1870 can only be
observed up to age 30. Raw cohort means therefore overstate the shift in age at first patent.

To correct for this, I restrict the comparison to mothers whose observation window covers ages
20 through 50 and who filed their first patent by age 50. Pre-1835 and post-1835 cohorts then
contribute evidence over the same age range. Table D.1 reports the pre/post means of the life-cycle
events relevant to patenting in this balanced sample.

The corrected comparison supports the narrower claim in the main text: within a common
observation window, post-1835 mothers filed their first patents about four years earlier.
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