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Abstract

Using thousands of essays written by 11-year-olds in 1969, we construct an index
measuring children’s conformity to gender norms. We link this index to outcomes over
the life-cycle. Conditional on age-11 covariates, a one standard deviation increase in our
index predicts a 4% decline in lifetime earnings for girls, associated with lower wages and
fewer hours worked. We find no statistically significant association for boys. Education,
occupation, and family formation account for 40% of the earnings decline observed among

girls.
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1 Introduction

Despite a narrowing gender earnings gap, considerable differences in earnings between men and
women remain (Goldin, 2021). Women’s conformity to prevailing gender norms can potentially
play a substantive role in explaining such earnings differences (Fortin, 2005; Bertrand, 2020;
Boelmann et al., 2025).1 In this paper, we use novel text data — thousands of essays written
by 11-year-old children in 1969 — to construct an index of gender conformity, which measures
the extent to which children imagine their future to conform to gender norms at the time. We
link these essays to panel data that tracks their writers’ lives from birth to retirement.

We find that, conditional on a rich set of age-11 characteristics including family background
variables, as well as cognitive and non-cognitive skills, girls who exhibit one standard deviation
stronger feminine conformity in their essays have 4% lower lifetime earnings due to both lower
wages and fewer hours worked. In contrast, there is no significant association between our mea-
sure and lifetime earnings for boys. Text that relates to hobbies and home life is particularly
predictive of lifetime earnings for girls. Overall, 40% of the association between earnings and
conformity for girls can be explained by a combination of lower educational attainment, selec-
tion into lower-paid occupations, and family formation of girls who display stronger feminine
conformity.

Our data come from the National Child Development Study (NCDS), which is an ongoing
panel survey containing almost the entire population of Britain born in a particular week in
1958. At age 11, all respondents were asked to write an essay, during school hours, about the
life they imagined having at age 25. While early analyses described a sub-sample of the essays
(Richardson et al. (1976), Elliott (2010)), the full sample of essays has recently been digitized
by the Centre for Longitudinal Studies (CLS). The occurrence of certain topics in these essays

has been shown to be predictive of later life outcomes such as health, cognition, and income

1Following Brenge (2022), we define gender norms as society’s perceptions of how women and men should
behave in general within society. Gender conformity is the act of adhering, through one’s own actions and
behaviors, to the prevailing gender norms in society. Relatedly, feminine conformity refers to adhering to
prevailing female gender norms. Whilst gender norms in a given society tend to be fixed at a given point in
time, the degree to which individuals conform to those norms differ.



(Pongiglione et al., 2020; Wielgoszewska et al., 2022; Kern et al., 2022).

In this paper, we extract a measure of gender conformity from children’s essays using
natural language processing. The assumption underlying our measurement of conformity is
that girls (boys) conform more strongly to prevalent gender norms if the content and style of
their essay are associated with females (males). For example, describing family and housework
(as opposed to career and football) is more typically feminine. Whilst we account extensively for
measurable differences in circumstances which may constrain girls’ opportunities (e.g. due to
family background or geographic differences), we remain agnostic as to whether the association
between gender conformity and earnings arises from differential preferences, including those
shaped by social identity (Akerlof and Kranton, 2000), or from the differential constraints that
the review by Olivetti et al. (2024) emphasizes. As they discuss, women and men typically face
differential trade-offs between family and career rooted in gender roles within the household
that are shaped by wider societal norms, with implications for job sorting, job search, and
earnings. We discuss how both preferences and constraints could rationalize our findings using
a model of education choice and time allocation.

To estimate a measure of feminine conformity, we first manually correct over 100,000
spelling mistakes in the essay data. Then, to measure how ‘feminine’ or ‘masculine’ individual
words were at the time the essays were written, we apply a method proposed by Kozlowski
et al. (2019) and train a Word-Embedding Model using the Google Books Ngram Corpus
(Lin et al. (2012)). We use over 140,000 books written in British English during the first 21
years of the writers’ lives (between 1958 and 1978). The Word-Embedding Model infers the
femininity of words from their association with unambiguously gendered words like “women”,
“girl”, “she”, “her” etc. Using this measure of how feminine individual words are, we measure
gender conformity of an essay using the prevalence of these gendered words in the children’s
essays.

Holding age-11 measured skills and other characteristics constant, girls who write essays
with one standard deviation stronger feminine conformity have 4% lower lifetime earnings. This

is due to both lower wages and fewer hours of work across the lifecycle. There is no statistically



significant association for boys. We do not interpret these associations as causal, but instead
as conditional associations that are robust to the inclusion of a large number of additional
covariates.

To uncover what explains the association between gender conformity and lower lifetime
earnings for girls, we perform mediation analysis. This allows us to estimate how much of the
association between lifetime earnings and feminine conformity is explained by feminine confor-
mity affecting educational attainment, occupational choices, and family formation decisions. A
one standard deviation increase in our index of gender conformity predicts a 1.1 percentage
point lower probability of attaining a university degree and a 1.2 percentage point decrease in
the probability of entering a professional occupation. Girls who conform more strongly to femi-
nine gender norms are also more likely to have children. 40% of the association between lifetime
earnings and gender conformity is mediated by education, occupation, and family formation.

In the final part of the paper, we consider what determines gender conformity. We find
that girls with better cognitive skills and those who grew up in regions with higher female
employment and educational attainment display less conformity with prevalent gender norms.

Our paper is among the first to study the extent to which young children internalize
prevailing gender norms. We measure this using information on whether girls expect to conform
to these norms in their own future lives. This is in contrast to three existing approaches in the
literature on measuring the association between (mostly) feminine gender norms and outcomes.
The first is to proxy a woman’s feminine adherence to norms using those prevalent in her country
of birth, since these norms have been found to persist across generations (Alesina et al., 2013).
Examples of this approach include Ferndndez and Fogli (2009), Boelmann et al. (2025), and
Ichino et al. (2026), who use data on migrants to the US, within Germany, and to Sweden
respectively, to study how gender norms from a woman’s country of origin influence labor
market and household decisions. These papers find that such norms have significant explanatory
power for women’s labor supply and the division of household labor, even after migration to
countries with different economic and institutional conditions. A second prominent approach in

the literature is to directly measure attitudes towards, and conformity with, gender norms. For

4



example, Vella (1998), Fortin (2005), and Cavapozzi et al. (2021) all use survey questions which
ask individuals the extent to which they agree with a set of statements about the role of women
and men in society. They nd a strong negative relationship between support for traditional
gender norms and women's labor supply. Field et al. (2021) measure survey respondents'
preferences and beliefs about whether women should work outside the home (in addition to
their perceptions of community norms) and show how experimentally shifting those beliefs can
increase female labor supply. Banan et al. (2023) study gender non-conformity among young
girls and boys by investigating di erences in their stated preferences over hobbies, time use, and
school subjects and linking these measures to outcomes in adulthood. A third group of papers
focuses on more indirect evidence of the existence of gender norms and conformity to them.
For instance, Bertrand et al. (2015) nd that the density of a wife's share of earned household
income exhibits a sharp drop when it exceeds 0.5 among married couples in the US. This is
consistent with the view that gender norms induce an aversion to the wife earning more than
her husband. Bursztyn et al. (2017) show that gender norms pose a trade-o for single women
too. Using two eld-experiments among MBA students in the US, they show that single women
avoid career-enhancing actions which signal traits such as ambition and assertiveness, so as to
increase their chance of nding a male partner. Wiswall and Zafar (2018) nd that females have
stronger preferences for certain workplace amenities using surveys of undergraduate students.
These preferences can explain 25% of the early-career gender wage gap.

Our index, constructed using open-ended text in childhood essays, is distinct and has
three advantages relative to the above approaches. First, we measure gender conformity at a
young age,before career and family decisions are made. Thus, our study is less susceptible to
reverse causality resulting from labor market outcomes a ecting reported gender attitudes or
justi cation bias (Black et al., 2017). Second, because respondents were asked to write about
their future and not prompted to consider gender, our approach avoids their being primed. This
alleviates concerns about social desirability bias or experimenter demand e ects (Bertrand and
Mullainathan (2001); De Quidt et al. (2019)), which can a ect studies of gender norms based on

survey measures. Third, we link our measure of gender conformity to skills and circumstances



in early childhood as well as outcomes through di erent stages of adulthood. This allows us to
study both the determinants and consequences of gender conformity.

By studying the language of children at a large scale, we add to a recent literature in
economics which uses text as data. Previously, sources of texts have ranged over political
speeches (Gentzkow et al., 2019), newspaper articles (Cag et al., 2020), nancial disclosures
(Hanley and Hoberg, 2019), patent lings (Kelly et al., 2021), online message boards (\Wu, 2020),
transcripts from policymaker committees (Hansen et al., 2018), and college syllabi (Biasi and
Ma, 2022). Our work is a novel application of a methodology proposed in Kozlowski et al.
(2019), who use texts written between 1900 to 1999 to study how the various dimensions of
social class (gender, a uence, education etc.) have evolved over the twentieth century. Ash
et al. (2024) build on this same methodology using published opinions from circuit courts in
the US to obtain measures of judges' gender bias.

Two related studies which use natural language processing are Adukia et al. (2023), who
study the race and gender representations contained in children's books, and Michalopoulos and
Xue (2021), who study folklore tales. Our paper complements both of these studies in that we
show how children, the main consumers of such texts, have already internalized gender-based
norms at a young age, and in a way which matters for their lifetime outcomes.

Our paper proceeds as follows. Section 2 introduces our data. Section 3 discusses how we

estimate gender conformity. Section 4 contains our results. Section 5 concludes.

2 Data

Our data come from the National Child Development Study (NCDSY. The data cover almost
all children born in Great Britain in the third week of March 1958 and follows them to this day.
The purpose of the NCDS survey was to gain a broad understanding of children's health and
development. It is unique in that it provides information on skills and development in early

childhood as well as on work, family, and earnings over the working life throughout adulthood.

2The National Child Development Study is provided by the Centre for Longitudinal Studies (2023a) at the
Institute of Education, University College London.



The initial survey at birth was followed by subsequent surveys at ages: 7, 11, 16, 23, 33,
42, 46, 50, and 55. The data from childhood includes measures of cognitive and non-cognitive
skills, family circumstances, and parental income. Later waves of the study record educational

attainment, family formation (child-bearing, marriage etc.), earnings, and hours of work.

2.1 The Essays

The age 11 (1969) NCDS survey included a set of written exercises, conducted in cohort mem-
bers' school classrooms. It included assessments of reading, arithmetic, and general ability, as
well as questions about their interests. In addition, NCDS cohort members were assigned 30
minutes to write an essay on what they imagined their lives would be like at 25 (Centre for

Longitudinal Studies, 2018). The essay instruction was:

Imagine you are now 25 years old. Write about the life you are leading, your inter-

ests, your home life and your work at the age of 25.

The essay was administered at the end of a test booklet that included the cognitive as-
sessments, with a total allocated time for the booklet to be 3 hours. Testing was supervised
by class teachers, and it was recommended that it be spread over two days (Richardson et al.,
1976).

Panel A of Table 1 provides summary statistics on the full sample of 10,511 essays, which
we then split into the 5,091 essays written by girls and 5,420 written by boys. Panel B presents
summary statistics for our analysis sample of 4,056 girls and 4,030 boys.

Relative to boys, girls write essays that are about 25% longer on average, and that have
fewer spelling mistakes. The length of essays and number of spelling mistakes is similar in our
analysis sample as in the full sample of essays.

Figure 1 shows the 80 most frequently used words by gender (excluding articles and pro-
nouns). The essays span diverse topics including sport, domestic chores, career choice, and

family life, with clear gender di erences in emphasis.

3We do not use the information from the age 46 survey, as it was a limited telephone-based survey.
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Table 1: Describing the Essays

Mean Standard 25th 50th 75th
Deviation Percentile Percentile Percentile

Panel A: Full Essay Sample

Full Sample .
Essay Length (words) 198.7 107.1 123.0 182.0 257.0
Spelling Mistakes 10.0 8.5 4.0 8.0 13.0
Girls Full Sample .
Essay Length (words) 223.7 113.8 143.0 207.0 286.0
Spelling Mistakes 9.4 7.9 4.0 7.0 12.0
Boys Full Sample .
Essay Length (words) 175.3 94.6 108.0 160.0 226.0
Spelling Mistakes 10.7 8.9 5.0 8.0 14.0

Panel B: Analysis Sample
Full Analysis Sample

Essay Length (words) 202.1 107.4 126.0 186.0 260.0
Spelling Mistakes 10.0 8.4 4.0 8.0 13.0
Girls Analysis Sample .
Essay Length (words) 225.7 114.2 144.0 211.0 288.0
Spelling Mistakes 9.3 7.9 4.0 7.0 12.0
Boys Analysis Sample .
Essay Length (words) 178.3 94.3 112.0 163.0 228.0
Spelling Mistakes 10.6 8.8 5.0 8.0 14.0

Notes: The full sample is 10,511 essays, which is the total number of digitized essays in the NCDS data.
There are 5,091 essays written by girls and 5,420 written by boys. Our analysis sample of essays refers to the
4,056 (4,030) essays written by girls (boys), for whom we have data in adulthood and at least 1 month of
employment information. We report essay length (after spelling correction) and spelling mistakes. The

di erence in mean essay length between those in our analysis sample versus those excluded is statistically
signi cant at the 1% level for boys and at the 5% level for girls (p-value is Q000 for boys and 0006 for girls) {
essays in our analysis sample are longer, on average. The p-value of the di erence in mean spelling mistakes
for those included versus excluded from our analysis sample isT86 for boys and 0831 for girls.

2.2 Childhood Data

At ages 7, 11, and 16, we observe comprehensive data on the NCDS cohort members. These
include: several measures of cognitive and non-cognitive skills, geographic variables, and family
background variables such as parental education, parental income, sibling composition and

family stability. We discuss each of these variables below.

Cognitive Skills As part of the age 11 survey, cohort members took part in math, reading,

and drawing tests. We interpret the resulting test scores as noisy measures of unobserved,



Figure 1: Eighty Most Frequent Words, by Sex of Writer

(a) 80 Most-used (by females) Words (b) 80 Most-used (by males) words

Notes: The gure shows the 80 most frequently used male and female words in our analysis sample (8,086
essays with 17,000 distinct words ). The blue highlighted words are the ve most-used male words, and the
highlighted red words are the most-used female words. Words which occur more often have a larger font size.

underlying cognitive skill. Following previous literature (Heckman et al., 2013), we use a latent
factor model to combine these measures to a cognitive skill index which minimizes measurement
error (see Appendix B.2 for details). We standardize the cognitive skills index to have mean

zero and variance of 1. Higher values of the index re ect higher cognitive skills.

Non-Cognitive Skills Several papers have highlighted the importance of non-cognitive skills

in childhood for explaining lifetime outcomes (Heckman et al., 2006; Papageorge et al., 2024;
Todd and Zhang, 2020). Non-cognitive skills capture a child's social adjustment and temper-
ament. We have several teacher-reported measures of cohort members' behaviors at age 11,
which we consider noisy measures of latent non-cognitive skills. We use the same measures of
internalizing and externalizing behavior as Papageorge et al. (2024). To form indexes from these
measures, we use the same latent variables approach as we do for cognitive skills to construct
the indices for internalizing and externalizing behavior. Details on this procedure are also in

Appendix B.2*

Geographic Variables The survey records region of residence (of which there are 11) at age

11. We use these data to estimate region-level female employment and university-attendance

4More speci cally, for externalizing behavior, we use measures which record whether the cohort member
is unconcentrated, dgety, miserable, or destructive correlate negatively with the index, while measures which
record perceived obedience and socializing skill correlate positively. For internalizing behavior, we use measures
which record whether a child is anxious for acceptance or is hostile towards adults or children, writes o adults
and acts without regard for others.



rates using information on the mothers of NCDS cohort members using a leave-one-out measure
for each cohort member, excluding the mother of the cohort member of interest. The survey also
contains more detailed county of residence: “county' (of which there are 111) at age 16. In our
main empirical speci cation, we include county xed e ects, where we set a cohort member's
county to be missing if they moved region between age 11 and age 16, although all our results

are robust to using age 11 region of residence.

Family Background Variables Comprehensive data on parental income was collected when
the NCDS cohort members were 16. Parental income is the sum of father's earnings, mother's
earnings, and other income (net of taxes). More details are given in Appendix B.3.

We have information on years of schooling completed by each parent of an NCDS sample
member. Furthermore, the age 11 survey includes variables detailing a cohort member's birth
order and number and sex of siblings. The same survey wave contains information on the
educational aspirations that parents have for their children, measured by a survey item which
asks whether the parents hope their child will pursue further education. Finally, we observe

whether the cohort member's parents are divorced or separated.

2.3 Adulthood Data
At ages 23, 33, 42, 50, and 55 we observe outcomes in adulthood.

Earnings We observe gross weekly earnings in every survey wave, which we convert to a
monthly measure. We impute missing earnings by regressing earnings on an individual xed
e ect and educational attainment interacted with a survey wave xed-e ect. Using the NCDS
activity histories (which record employment status and type of work (part- or full-time) for
each month between ages 23 and age 55 surveys), we impute monthly earnings for the period
between interviews, setting earnings in a month equal to zero if an individual is recorded as
not being employed in that month. Our measure of lifetime earnings is the (undiscounted) sum
of all real monthly earnings between 23 and 55. For individuals who never worked between

ages 23-55, we set lifetime earnings to the rst percentile of earnings for each gender (which is
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non-zero), allowing those individuals to remain in the sample when we take logarithms.

Wages We de ne a measure of hourly wages at ages 23, 33, 42, 50, and 55, by dividing weekly
earnings by weekly hours of work. Using the same xed-e ects procedure as for earnings, we
impute hourly wages for non-interview months across all years. If a cohort member is not

employed in a given month, we set their wage to missing. Average hourly wages (across all
working months) over the life cycle are the simple mean of hourly wages between 23 and 55

inclusive (observed and imputed).

More information on how we construct lifetime earnings and wages is in Appendix B.

Labor Supply ~ We compute the share of time spent in employment using the NCDS activities
history by nding the fraction of months cohort members spent either in full- or part-time
employment. Total hours sums over all work hours between 23 and 55, computed assuming 40

hours/week for full-time work, 20 hours/week for part-time work, and 0 for those not working.

Educational Attainment Cohort members reported their highest level of educational qual-

i cation at age 33. We use this to de ne a categorical measure of education, distinguishing
between those who have compulsory education only (quali cations lower than O-levels), those
who have some post-compulsory education (leaving education with O-or A-levels), and those

who have a degree higher than A-levefs.

Family Formation We observe whether a cohort member is married, as well as how many

children they have, at ages 23, 33, 42, 50, and 55.

Occupation  For an NCDS cohort member's occupation, we use the age 33 occupational clas-
si cations constructed by Gregg (2012), which in turn are based on the Standard Occupational
Classi cation 2000 (SOC2000) by the O ce of National Statistics in the UK. Occupations
are classi ed into four categories, based on the standard coding of social class: professional,

administrative (non-manual and skilled), manual, and elementary (unskilled).

50-levels were exams typically taken at age 16; A-levels are typically taken at age 18.
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Quality of Life and Health At age 55, cohort members were asked about their quality
of life, mental health and physical health. The NCDS data includes a derived index for each
of these three outcomes. Details on their construction are given in Appendix B.5. For our

analysis, we standardize these indexes to have mean zero and variance one.

2.4 Sample Selection

The NCDS panel data contains 10,511 essays. For the purpose of estimating our index of
gender conformity, we use all available essaysOur analysis sample, which we use across alll

our regressions, is formed of individuals: (i) who wrote essays, (ii) who were surveyed at least
once in adulthood, and (iii) whose employment status was observed at least once in adulthood.
Our nal sample consists of 8,086 individuals, of whom 4,056 are girls and 4,030 are boys.

Appendix B.1 provides details, including a breakdown of attrition in the NCDS surveys.

3 An Index of Feminine Conformity

A key contribution of this paper is our novel measure of feminine conformity, constructed from
the age-11 NCDS essays. We measure feminine conformity based on the extent to which words
in each essay are associated with femininity. Our word embedding model identi es a word as
feminine if it frequently appears in context with unambiguously gendered words like \she,"
\her," and \woman," in a large corpus of books. For example, words like “cooking', “baby’, or
“sister' would be considered more feminine than writing about work and football, because, at
least, in books written around the time our respondents wrote their essays, the former words
more commonly appeared alongside \she,"” \her," and \woman".

This section describes construction of our index of feminine conformity, provides descriptive
information about our index, and provides evidence of its validity. The following two points are
noteworthy for interpreting what we measure. First, we capture the extent to which children's

imagined futures conform to gender norms prevalerdt the time the essays were writterfin

6Goodman et al. (2017) show that 13,675 of the 15,335 NCDS cohort members who participated in the age
11 wave wrote essays and that the characteristics of the essay writers are largely representative of the population.
Ultimately, among 13,675 essays, 10,551 were successfully digitized; the remainder could not be digitized due
to the micro che being missing or illegible.
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1969). Because the roles, norms, and activities that are typically associated with being feminine
di er across time (Kleven and Landais, 2017; Kozlowski et al., 2019), we evaluate the gender
associations of an essay's content relative to texts written in Britain between 1958 and 1978.
Second, our feminine conformity index captures how much children's attitudes towards their
own future are in line with traditional norms; it does not capture what they think other men

or women should do in generdl.

3.1 A Roadmap for Estimating Gender Conformity

Our procedure has six steps, which we list here and explain in the subsequent subsections.
First, we correct over 100,000 spelling errors across the 10,511 essays. Second, we represent
each essay as a set of word counts. Third, using a Word Embedding Model, we assign each
word in the essays a vector value that encodes its meaning and contextual associations, so that
similar words, and words used in similar contexts, have similar vectors. Fourth, using pairs
of unambiguously gendered words (e.g., woman{man, girl{boy, female{male) and the Word
Embedding Model, we construct a \gender dimension". This is the average of 10 vectors, each
representing (‘feminine word'{"masculine word') and essentially gives us an axis in the vector
space that captures the direction from masculine to feminine. Fifth, we project the vector for
each word in the essays onto the gender dimension to determine its femininity or masculinity.
Sixth, we multiply projection values with how many times each word appears in an essay and
sum over words. We then standardize this to mean zero and variance one, yielding our index

of gender conformity. In what follows, we explain this procedure in more detdlil.

" Another recent approach is Banan et al. (2023), who measure gender conformity using information on the
gender composition of a child's friendship group and whether their current hobbies align with gender norms.

8This contrasts with recent work on eliciting individuals' perceptions of social norms (Gauri et al., 2019;
Bursztyn et al., 2020; Dhar et al., 2022).

9Appendix C provides justi cation and validation on each of these steps, with speci cs on implementation
and how to replicate our procedure.
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3.2 Estimating Gender Conformity

3.2.1 Step 1: Digitization, spelling correction, and pre-processing

The original NCDS essays from 1969 were handwritten. In 2018, the Centre for Longitudinal
Studies digitized the essays, redacting names and other potentially identifying information.

To make our essays usable for text analysis, we correct spelling mistakes in the essays.
First, we identify (potentially) misspelled words using the UK English dictionary in Python's
pyenchant library. A team of undergraduate research assistants then manually correct any
words that are indeed misspelled. Correcting misspelled words individually allows us to main-

tain the essay's original structure and message which spell-check software may misinterpret.
3.2.2 Step 2: Representation of essays as counts of words

After removing punctuation and stop words (e.g., articles and pronouns), we count individual
words (1-grams). To capture negation, we also include 2-grams beginning with \not" or \no,"
allowing us to distinguish, for example, \married" or \wife" from \not married" or \no wife".

We discuss how we deal with negations in Step 3.

Table 2: Example - Bag of Words

friend husband married not married

2 1 1 1

Table 2 illustrates our Bag of Words procedure using the sentences: \My friend is not
married. Does your friend have a husband?" We drop stop words (\my, is, does, your, have,
a"), count 1-grams (\friend, married, husband"), and add the 2-gram \not married.” Other
2-grams (e.g., \friend married") are ignored. Our representation of the essays follows the same
logic. We construct a matrix with over 18,000 1-grams (and 2-gram negations) and associated

counts per essay.
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3.2.3 Step 3: Assign vector value to words using a Word-Embedding Model

We train a Word-Embedding Model (WEM) to assign a numerical vector to each 1-gram in our
Bag of Words matrix. WEMSs represent words as high-dimensional, real-valued vectors. Words
with similar meanings and/or association receive similar vector values, allowing relationships
between them to be quanti ed using linear algebra (Mikolov et al., 2013).

Several o -the-shelf WEMs are available. However, we are not aware of any that are
speci c to the time period when the essays were written. Since word meanings and associations
potentially change over time, we opt to train our own WEM. To do so, we rst download the
5-grams contained in Google Books N-grams Version 2 ddta The corpus contains 8 million
books, of which over 1.5 million are written in British English; of those, over 140,000 were
written between 1958 and 1978. Following Mikolov et al. (2013), we feed these texts into
Google's skip-gram Word2Vec algorithrit whose purpose is to predict, for any given word,
adjacent words in a sentence. For example, given the word “girl,” the algorithm learns to
predict nearby words like “the,' "wore,' “dress': words that frequently appear in its context. To
accomplish this prediction, the algorithm undertakes unsupervised learning to identify patterns
in the input texts such as word co-occurrence, spacing and ordering. These patterns are encoded
in a word-embedding model, which is a by-product of training the algorithm, such that each
word across the texts is assigned a numerical vector.

A crucial aspect of the training procedure that we choose is the dimensionality of the vector
values that are assigned to words. There is a trade-o involved in this choice. The higher the
dimensionality we allow for, the more nuanced the word relationships encoded by the algorithm,
but the lower the precision of the vector values assigned to each word. We specify that each

word in the Google Books N-grams data be represented by a (30Q@) vector, following prior

10This data is publicly available at: storage.googleapis.com/books/ngrams/books/datasetsv2.html.

1Speci cally, we use the English 5-grams dataset. We train our WEM using long phrases (with up to ve
words) because this improves the algorithm's ability to detect text patterns. The algorithm ultimately assigns
vector-values to individual words though, making it natural for us to restrict our attention to 1-grams and select
2-grams from the essays.

12\We choose the skip-gram class of algorithms because they have been shown to perform best when trained
on a lot of text data which contains words that are used infrequently (Sabra and Sabeeh, 2020).
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research and simulations which nd that this vector size allows for nuance in words' meanings
but still provides precision (Patel and Bhattacharyya, 2017).

These 300-dimensional individual word vectors are hard to interpret, but they generate
intuitive structures. For example, consider the wordking; man; woman; queen each of
which is associated with the vector values (e.gking). It turns out that our WEM produces
the following insight: king + (woman man) queen These sorts of analogies are common
to WEMs (Pennington et al., 2014) and we exploit this feature in step 5 of our procedure.

So far, we have focused on 1-grams but our Bag of Words also includes 2-grams begin-
ning with \not" or \no." We assign such 2-grams a projection value equal to 2 times the
projection value of the second word in that 2-gram, e ectively reversing its gender association.
For instance, we would assign the 2-gram \not marry" a projection value of 2 times that for

\marry", so that negating a feminine word produces a masculine association.
3.2.4 Step 4: Constructing a Gender Dimension

Kozlowski et al. (2019) argues that the reasokinig +( woman man) queens that (woman
man) acts as a \gender dimension". Adding woman man) to king has the e ect of starting

at king, and moving in the direction of femininity. Not only iskifig +( woman man) queen
but king + (fermale male) also approximately equalsgueen This suggests that the \gender
dimension" is captured not only by (woman man), but also by other antonym pairs like
(fermale male), (heér him) etc. More generally, we can approximate Kozlowski et al. (2019)'s
\gender dimension" using any pair(s) of words whose semantic di erence corresponds to the

feminine-masculine distinction. We draw on these arguments to constructgender dimension

13The factor of 2 operates in two steps: the rst 1 cancels out the positive (feminine) association of
\marry,” while the second 1 creates an equal but opposite (masculine) association for \not marry," re ecting
that avoiding marriage runs counter to traditional feminine norms. We show that our results are robust to an
alternative way of dealing with negations, in which we simply drop all sentences that contain the word "no’, the
word “not', or the string "n't".
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vector, GD by taking the average of the vector values of 10 pairs of gender words:

GD 1—10 (woman man)+( women men) +(she he)+(her His)+(her him)

+(hérs His)+ (gitl boy +(gifls boy9 + (fermlale male) + (feminine  masculine) :

We use antonym pairs (e.g., woman{man, she{he) rather than separate male and female
dimensions, following established practices in the word embedding literature (Mikolov et al.,
2013; Kozlowski et al., 2019). This approach addresses a fundamental measurement challenge:
words like \woman" and \man" appear in contexts that relate to people generally, not just
to gender. Without di erencing, embedding vectors con ate gender-speci ¢ associations with
broader human associations. By di erencing antonym pairs, we isolate the component capturing
feminine versus masculine associations, as shared human-related associations are eliminated.

We further motivate and validate our gender dimension vector in Appendix C.3.
3.2.5 Step 5: Determining the gender associations of words

We now turn to measuring the gender association of 1-grams in our essays. Using the vector

values we assigned to each word in step three, we project each word's vector onto the gender

dimension vector,GD, by calculating the cosine similarity, which is a common way of measuring

how similar words (or in this case a word an&D) are in vector space (Sabra and Sabeeh, 2020).
For example, to compute the gender association of \married,” we projecharfied onto

GD using their dot product
mar“t‘iedT GD = married; GD;+ married, GD,+ :::+ marriedzgy GD3qg

Normalizing this dot product by the lengths of both vectors yields the cosine similarity, which
ranges from -1 to 1. Positive values indicate feminine associations, negative values indicate
masculine associations, and larger absolute values indicate stronger associations. In our WEM,
the cosine similarity of married with GD is 0.12.

To illustrate this step, Figure 2 plots projections of: (i) the 15 most feminine words (with

17



Figure 2: Projecting Words onto the Gender Vector

Note: The gure shows cosine similarity scores between words and the gender dimension vector, with
similarity on the x-axis and words on the y-axis. Words with a cosine similarity between [ 0:1;0:1] are
neutral. Words with cosine similarity greater (less) than 0:1 ( 0:1) are classi ed as feminine (masculine)
words. Blue dots indicate the 15 most feminine words, green dots indicate 15 most masculine words, orange
dots indicate 10 neutral words

the most positive projection values), (ii) the 15 most masculine words (with the most negative

projection values) and (iii) 10 neutral words (such that their projection ontoGD is zero), all
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taken from our essays data. These projections largely align with an intuitive judgment of the
gender-connotation of the listed words, e.g. the wordiressand ladies have a strong feminine

association, whereas the wordarmy and team have a strong male association.
3.2.6 Step 6: Constructing an essay-level measure of gender conformity

At this stage, we drop neutral words from our Bag of Words matrix to focus on words with a
meaningful gender association. We do this by standardizing the projection values for all words
in our Bag of Words representation and dropping those that have standardized projections less
than one standard deviation away from zero. We also drop words which occur fewer than 200
times across our corpus of 10,511 essays. This is to avoid the index being driven by rarely used,
or still misspelled, words. Our results are robust to both these decisions (see Section 4.4).
Finally, to move from a word-level to an essay-level measure, we sum the counts of each
word weighted by its projection value for each essay. We then regress this weighted sum on
a quadratic of the number of words in each essay, and take the residual, to remove the mean
relationship between essay length and the weighted sum. We standardize these residuals and

winsorize them at the 1st and 99th percentile to arrive at our index of feminine conformity.

3.3 Describing our Index

Figure 3 plots the distribution of our feminine conformity index for the full sample of essay
writers. Girls (boys) tend to write essays that more closely conform with feminine (masculine)
gender norms. The mean of the index for girls is 0.32, which is statistically di erent from
the mean of -0.32 for boys at the 1% signi cance level. Interestingly, the girls' essays also
display more dispersion than the boys' essays, with standard deviations of 1.01 for girls and
0.71 for boys. This is partly explained by the fact that boys use fewer gendered words overall
(15.9 on average compared to 24.3 for girls), which mechanically limits the variation in their
conformity scores. Moreover, boys use relatively little feminine-coded vocabulary: even the
top 10% most feminine boys use only 18.3 feminine-conforming words on average, fewer than

the overall average for girls. By contrast, the top 10% most feminine girls use 35.1. At the
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Figure 3: Distribution of the Feminine Conformity Index for boys and girls

Notes: This graph shows the distribution of the feminine conformity index for boys and girls using the full
sample of essays, that is 5,419 boys' essays and 5,091 girls essays. Higher values of the feminine conformity
index indicate a greater association with feminine norms.

masculine end, the most masculine-conforming girls and boys look much more similar (31.6
and 27.9 respectively). In short, girls' essays span a wide range from masculine to highly
feminine language, producing varied mixes of feminine- and masculine-conforming words across
the distribution. Boys' essays, by contrast, are compressed: even the most feminine among

them use little feminine-coded vocabulary, limiting the variation in conformity scores.

Drivers  Words that are more \gendered" (either more masculine or feminine) or that appear
more frequently in an essay, will matter most for an essay's index value. To investigate which
words drive the variation in our feminine conformity index for the full sample, we use a LASSO
approach. Using our feminine conformity index as the outcome and counts of all essay words
weighted by their projection values as the regressors, we nd that the twenty most important
n-grams for predicting our index are: husband, female, time, girl, home, mother, day, wife,
school, male, house, went, baby, team, job, hair, sister, tea, married. It is reassuring that many

of these words might be considered gendered. See Appendix C.4.5 for more detalils.
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Example Essay To better x ideas on what our index captures, we present an example essay

below!*

\ There was a pile of washing waiting to be done in the laundry basket waiting for
me to wash. Oh how | wish | was young | thought to myself. Just as | had the water
in the washer | heard my ve month old baby crying in her pram outside. It was

her bottle time | have to leave every thing to get her bottle ready. As soon a | had
fed her my husband came home for his dinner. It had to be a ham (sand/samwhich)

samwidgch today so | could get my washing done quicker. T...]

Consistent with a casual read of this essay, which is in line with traditionally female gender
roles, it has a feminine conformity index value of 0.91, which is close to two thirds of a standard

deviation more feminine than the mean female essay (which equals 0.32).

Validation Checks  To ensure our index is indeed capturing conformity with female gender
norms, we perform several validation checks. First, we compare the projection values from our
trained WEM to the ratings of gender-connotations of 360 words by 540 psychology students
in a study by Jenkins et al. (1958). We nd a correlation of 0.58 between our projection values
and the student ratings, validating that our WEM captures gender associations in a manner
consistent with human judgment from the period when the essays were written. Our method
also produces a wider distribution of gender scores across words than Jenkins et al. (1958),
suggesting it may capture more granular gender associations. See Appendix C.4 for details.
Next, we correlate our index of feminine conformity with leisure activities that NCDS sam-
ple members engage in at age 11. These are commonly used measures of gender conformity,
shown to be di erent across sexes (Su et al., 2009; Banan et al., 2023). Figure A.1 reassuringly
demonstrates that our index correlates positively with typically \feminine" activities { cook-
ing, sewing, knitting, helping at home { and correlates negatively with typically \masculine"

activities such as making models and playing sport. Finally, we correlate our index with three

14We are grateful to the Centre for Longitudinal Studies Data Access Committee for permission to reproduce
this excerpt. All essay les can be downloaded from the UK data archive (https://www.data-archive.ac.uk/)
on acceptance of the terms of use.
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guestions asked at the age-16 wave, on plans for marriage and a family. We nd that cohort
members who write a feminine-conforming essay are more likely to want to get married and

start a family earlier, and to want a larger family. These are presented in Appendix A.3.

4 Results

4.1 Lifetime Earnings and Feminine Conformity

For earnings, labor supply and wages, we use OLS to estimate the following regressions:

Yi = o+ i1FeminineConformityindex + ,Cogll+ sinternll; + 4Externll; + X+ u Q)

wherey; is one of the following: log of lifetime earnings, log of average hourly wage, log of total
hours worked over the life cycle, or share of working life spent in employment. Our coe cient
of interest is ;. We report three speci cations for each outcome, by gender. The rstis a
univariate regression of outcome on the feminine conformity index. The second includes cogni-
tive and two non-cognitive skill indices (for internalizing and externalizing behavior) measured
at age 11, Cogll Internll; and Externll, which are known to be important in explaining
lifetime earnings and human capital accumulation (Cunha et al., 2010; Papageorge et al., 2024).
The main speci cation includes a vector of controlsX;: parents' age, education and income,
parents' aspirations for their child's education, number and sex composition of siblings, birth
order and family stability. We also include county xed e ects in our main speci cation to
partial out geographic variation in prevailing gender norms, thereby isolating individual-level
variation in feminine conformity relative to a cohort member's local area.

Columns (1) and (4) of Table 3 report the coe cients from regressing, for girls and boys
respectively, log lifetime earnings on our index of feminine conformity when not controlling for
other variables. Having 1 standard deviation stronger feminine conformity is associated with
a 5.4% decrease in lifetime earnings for girls, and a 4.3% decrease for boys. Put di erently,

an early-age tendency to conform to society's notion of \femininity" is associated with lower
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Table 3: Log Lifetime Earnings

Girls Boys
Log Lifetime Log Lifetime Log Lifetime Log Lifetime Log Lifetime Log Lifetime
Earnings Earnings Earnings Earnings Earnings Earnings
Feminine Conformity Index  -0.054*** -0.038** -0.040** -0.043** -0.008 -0.007
(0.017) (0.017) (0.017) (0.018) (0.018) (0.018)
Cognitive Skills 0.169*** 0.156*** 0.164*** 0.143***
(0.019) (0.022) (0.014) (0.015)
Externalising Behaviour 0.050* 0.065** -0.025 -0.020
(0.029) (0.030) (0.017) (0.017)
Internalising Behaviour -0.045* -0.046* -0.0471*** -0.048***
(0.023) (0.024) (0.015) (0.015)
Constant 12.581*** 12.570*** 12.242%** 13.426*** 13.431*** 13.585***
(0.018) (0.018) (0.353) (0.015) (0.015) (0.323)
Family Background X X
County Fixed E ects X X

Notes: Sample size is 4,056 girls and 4,030 boys. We report signi cance at the 1% (), 5% ( ), and 10% ()
levels with robust standard errors. The rst and fourth columns show the univariate OLS regression of log
lifetime earnings on our feminine conformity index. Next, we include (standardized) cognitive and
non-cognitive skills indices. Finally, we include (although do not display): parental income and education,
number of and sex composition of siblings, birth order, mother's and father's age at birth, parental aspirations,
family stability, and county xed e ects. There are 111 county xed e ects. To see all coe cients displayed,
see Table A.1 in Appendix A.2. All speci cations include dummies for missing regressor observations.

earnings for both boys and girls, and a tendency to conform to a notion of ‘'masculinity’ is
associated with higher earnings.

Part of this association is due to the correlation of feminine conformity with cognitive
skills; cognitive skills are, on average, 0.08 standard deviations lower for those with 1 standard
deviation stronger conformity with female gender norms. Controlling for cognitive and non-
cognitive skills, the coe cient on our index falls to (a statistically signi cant) 3.8% decrease
for girls, and to (a statistically insigni cant) 0.8% decrease for boys. Upon including parental
education and income, other family background controls, and county xed e ects, the estimates
are largely unchanged: a one standard deviation increase in feminine conformity predicts a
statistically signi cant 4.0% decrease in lifetime earnings for girls and an insigni cant 0.7%
decrease for boys. The magnitude of this coe cient for girls is comparable to that on both non-
cognitive skill indices (also measured in standard deviations), whose role in economic outcomes
has been heavily studied in the literature (Cunha et al., 2010).

To understand whether these earnings results are due to wages or labor supply, Table 4

shows how feminine conformity predicts average wages, total hours worked, and share of time
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Table 4: Lifetime Wages, Hours Worked

Girls Boys

1) 2 3 4) (5) (6)
Panel A: Log Lifetime Average Hourly Wages
Sample mean: 1.92
Feminine Conformity Index -0.036*** -0.023** -0.023** -0.030* 0.002 -0.000
(0.011) (0.011) (0.011) (0.016) (0.016) (0.017)
Panel B: Log Total Lifetime Hours Worked
Sample mean: 10.51
Feminine Conformity Index -0.030*** -0.016  -0.017* -0.028*** -0.016** -0.006
(0.010) (0.010) (0.010) (0.007) (0.007) (0.007)
Panel C: Share of Lifetime Spent in Employment
Sample mean: 0.76

Feminine Conformity Index -0.008**  -0.002 -0.003  -0.015** -0.008** -0.004
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
Cognitive & Non-Cognitive Skills X X X X
Parental Education & Income X X
Family Background X X
County Fixed E ects X X

Notes: Sample size is 4,056 girls and 4,030 boys. We report signi cance at the 1% (), 5% ( ), and 10% ()
levels with robust standard errors. Panels A and B are estimated on a sub-sample of 3,966 girls (Columns
(1)-(3)) and 3,998 boys (Columns (4)-(6)) who are recorded as working in at least one month between ages 23
and 55, so wages and hours-worked are non-zero in levels. The rst and fourth columns show the univariate
OLS regression of each lifetime outcome on our feminine conformity index. Columns (2) and (5) includes
indices for cognitive and non-cognitive skills. Columns (3) and (6) includes our full set of family background
and geographic controls, including parental income and education. Family background controls include:
number of and sex compaosition of siblings, birth order, mother's and father's age at birth, parental

aspirations, and family stability. We include 111 county xed e ects and dummies for missing regressors.

spent in employment between ages 23 and 55. Panel A reports results for the log of average
hourly wages over the life cycle and Panel B reports the log of total hours worked over the life
cycle, conditional on being employed at least once between ages 23 and 55. For girls, a one
standard deviation increase in feminine conformity predicts a 2.3% decrease in wages a 1.7%
decrease in hours worked throughout the life cycle. The latter result is consistent with Gouss
et al. (2017)'s nding that gender conformity increases the time women allocate towards home
production in Britain. For boys, we do not nd signi cant associations with either total hours
worked or average wages. Panel C indicates a small negative, albeit insigni cant, association
between our index of feminine conformity and the share of the life cycle spent in employment for

boys and girls. This suggests that it is the hours of work conditional on work (or \intensive")
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margin that drives our hours worked results, not the employment (or \extensive") margin.

Girls versus Boys  There is a sizable literature investigating the negative association between
female labor-market outcomes and traditional values, preferences for home production, and
beliefs on the role of women. We provide evidence that even at age 11, the extent to which
young girls imagine a future that conforms with prevailing gender norms is highly predictive of
lifetime earnings. On the other hand, the lack of a signi cant association between labor-market
outcomes and feminine conformity for boys is striking. One reason for this might be that boys
could face stricter social penalties for gender-nonconforming behaviors. Consistent with this
conjecture, we have previously shown that boys in our sample exhibit lower variation in the
feminine conformity index. This pattern aligns with emerging evidence (discussed in Matavelli
et al. (2025)) that men more strictly adhere to gender norms, both in occupational choice (Pan,
2015; Del no, 2024) and when negotiating pay (Niederle and Vesterlund, 2011; Cassar and
Zhang, 2022). Given that the feminine conformity index has little predictive power for boys,

we only focus on girls for the remainder of our results centered on lifetime earnings.

Lifecycle Trends  Table 5 disaggregates our results on earnings, wages, and work by age.
The index predicts signi cant earnings declines at ages 33, 42, 50, and 55. At age 33, this
re ects fewer hours worked; at age 42, lower wages. These ages coincide with peak childcare
responsibilities, when work interruptions lead to human capital losses and persistent earnings
declines (Adda et al., 2017; Kleven et al., 2019; Gallen et al., 2023). As we show below, girls
with stronger feminine conformity are more likely to have children. Thus it is unsurprising that
they also have larger earnings losses at these ages. Lower hours worked persist through ages 50
and 55, suggesting lasting e ects on labor supply. Table A.6 shows no clear lifecycle trends in

a version of this table for boys.

4.2 Feminine Conformity Across Domains

Our feminine conformity index captures gendered expressions across all aspects of children's

imagined future lives. This raises an important question: which domains of gendered expression
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Table 5: Life Cycle Trends in Earnings

Age 23  Age 33 Age 42 Age 50 Age 55
Panel A: Log Earnings in Survey Years
Feminine Conformity Index 0.003 -0.055*** -0.065*** -0.035** -0.048**
(0.009) (0.018) (0.020) (0.015) (0.021)
Panel B: Log Average Hourly Wages in Survey Years
Feminine Conformity Index -0.001 -0.016  -0.048**  -0.000 -0.019
(0.007) (0.013) (0.015) (0.012) (0.016)
Panel C: Log Annual Hours Worked in Survey Years
Feminine Conformity Index 0.002 -0.018** -0.007  -0.022** -0.020**
(0.004) (0.008) (0.007) (0.007)  (0.008)
Panel D: Employment Status in Survey Years
Feminine Conformity Index 0.001 -0.010 -0.001 -0.001 -0.003
(0.008) (0.008) (0.007) (0.007)  (0.009)
Cognitive & Non-Cognitive Skills X
Parental Education & Income X
Family Background X
County Fixed E ects X

X X X X
X X X X
X X X X
X X X X

Notes: Sample size is 4,056 girls. We report signi cance at the 1% ( ), 5% ( ), and 10% () levels with
robust standard errors. Each column reports coe cients from a regression with the full set of controls:
cognitive and non-cognitive skills indices, parental income and education, number of and sex composition of
siblings, birth order, mother's and father's age at birth, parental aspirations, family stability, and county xed
e ects. We include dummies for missing regressor observations.

matter most for labor market outcomes? To investigate this, we decompose our overall index
into domain-speci ¢ measures. Inspired by Batista and Ross (2024), we rst prompt a large
language model (LLM) to select the four domains most prevalent in the essays. Across all 10,511
essays, the domains it identi es are: education, work and employment (\work"), hobbies and
social life (\hobbies"), and home life. We then use the LLM to categorize blocks of essay text
into one of these four domain$® Based on this categorization, each essay is decomposed into
word counts for each domain. Essentially, we have four "sub-essays' for each individual, which
we can separately score.

Table 6 presents estimates where we replace our main index with these four domain-wise

indices, allowing us to identify which aspects of the essays are most predictive of lifetime labor

15 Appendix C.6 contains the prompt we assign to the LLM to identify domains, and subsequently to categorize
sentences into each domain. Reassuringly, the domains align well with the essay instructions given to the
children, which features work, hobbies and home life.
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market outcomes, while Appendix Table A.7 contains analogous results for boysThe results
reveal a dichotomy in how di erent domains of feminine conformity relate to labor market
outcomes. Expressing stronger feminine conformity in hobbies and home life predicts lower
lifetime earnings, reduced wages, fewer hours worked, and less time in employment. In contrast,
expressing stronger feminine conformity in education and work predicts higher lifetime earnings,
more time in employment, and higher wages, though these positive coe cients are largely
statistically insigni cant. This pattern suggests that the role of gender norms operates through
distinct channels. Conformity to traditional feminine norms around domestic responsibilities
and leisure activities reduces earnings, while conformity in professional and educational contexts
may boost labor market earnings. Put di erently, it is not feminine conformity per se that
predicts lower earnings, but rather conformity to specically domestic and leisure-oriented
gender norms. The domains where girls imagined spending their private time { not how they

imagined their careers { are what predict their actual labor market trajectories decades later.

4.3 Channels - Education, Family and Occupation

We now turn to exploring the channels that explainwhy feminine conformity predicts lower
wages, labor supply, and thus earnings for girls. We examine how three key decisions { ed-
ucational attainment, family formation, and occupational choice { are predicted by feminine

conformity, and how they mediate our results for labor market outcomes.

Educational Attainment One potential explanation for why feminine-conforming girls earn
lower wages is that they attain less education. Panel A of Table 7 supports this explanation.
Controlling for our full set of covariates from Column 3 of Table 3 (including cognitive and
non-cognitive skills, measured at the age of 11), a one standard deviation increase in gender
conformity predicts 0.071 years (or about one month) less education. These declines occur across

the educational distribution { feminine conformity predicts a 1.4 percentage point increase

6Some of the sub-essays can be empty. In these cases, we set the index to zero. To distinguish between this
type of zero (no information), and a zero representing a neutral sub-essay, the regressions also contain controls
for the share of each essay spent on each of the four domains. The estimated coe cients on the shares are
small and statistically insigni cant. Thus it is not the share of the essays devoted to di erent domains that is
important, but the content of the words in these di erent domains.
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Table 6: Domain-Speci ¢ Feminine Conformity Indexes (FCIs)

Log Lifetime Share of Log Lifetime Log Lifetime
Earnings  Time Employed Average Wages Hours Worked
1) ) 3 4)
FCI - Education 0.015 0.008 0.013 0.023
(0.033) (0.008) (0.022) (0.018)
FCI - Work 0.034 0.011 0.032* 0.010
(0.025) (0.007) (0.017) (0.017)
FCI - Home Life -0.032 -0.003 -0.030** -0.008
(0.021) (0.005) (0.014) (0.012)
FCI - Hobbies -0.061*** -0.012** -0.039%** -0.033**
(0.022) (0.005) (0.015) (0.013)
Cognitive & Non-Cognitive Skills X X X X
Parental Education & Income X X X X
Family Background X X X X
County Fixed E ects X X X X

Notes: Sample size is 4,056 girls. We report signi cance at the 1% ( ), 5% ( ), and 10% () levels with

robust standard errors. Columns (3) and (4) are estimated on a sub-sample of 3,966 girls who are recorded as
working in at least one month between ages 23 and 55, so wages and hours-worked are non-zero in levels. Each
regression includes: indices for cognitive and non-cognitive skills and our full set of family background and
geographic controls, including parental income and education, number of and sex composition of siblings, birth
order, mother's and father's age at birth, parental aspiration, and family stability. Additionally, we control for
essay length and the share of each essay spent on each domain. We include 111 county xed e ects.

in high school dropout rates (relative to a mean of 27 percent) and a 1.1 percentage point
decline in university attendance (relative to a mean of 24 percent). Among girls who completed
high school, a one standard deviation increase in gender conformity predicts a 1.4 percentage
point decline in university attendance, suggesting that feminine conformity in uences multiple

educational decisions’

Family Formation We explore two family formation decisions, marriage and fertility, which
could be in uenced by feminine conformity and could in uence earnings. The rst two columns
of Panel B in Table 7 show regression estimates for whether the cohort member is married

and has a child at 23. The latter two columns consider whether she haser married and

"Panel A tests four hypotheses. To test whether the four are jointly signi cant, accounting for issues of
multiple hypothesis testing, we use the approach in Viviano et al. (2025). In particular, we construct an
educational index that is a weighted average of the four estimates in panel A. We nd that a one standard
deviation increase in feminine conformity predicts a decrease in the education index that is statistically signi cant
at the 5% level. Similarly, using the results in Panel B, we construct a fertility index that has a positive
association with our index, also signi cant at the 5% level. However, a marriage index created using the two
marriage results does not exhibit a statistically signi cant association with feminine conformity.
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Table 7: Predicting Education, Family Formation and Occupation

) 2 3 “4)
Years of Education = HS Dropout Attend Uni Attend Uni if
HS completed
Panel A: Education
Model: oLs Logit Logit Logit
Feminine Conformity Index -0.071*** 0.014** -0.011* -0.014*
(0.022) (0.006) (0.006) (0.008)
Sample Mean: 11.99 0.27 0.24 0.33
. Any Children . Ever Have
Married at 23 at Age 23 Ever Married Children
Panel B: Family Formation
Model: Logit Logit Logit Logit
Feminine Conformity Index 0.011 0.004 0.002 0.014**
(0.008) (0.007) (0.006) (0.007)
Sample Mean: 0.56 0.33 0.86 0.83
Professional Administrative Manual Elementary
Panel C. Occupation
Model: Multi-Logit Multi-Logit Multi-Logit Multi-Logit
Feminine Conformity Index -0.012* -0.005 0.011 0.006
(0.006) (0.008) (0.008) (0.006)
Sample Mean: 0.20 0.35 0.29 0.16
Cognitive & Non-Cognitive Skills X X X X
Parental Education & Income X X X X
Family Background X X X X
County Fixed E ects X X X X

Notes: Sample size is 4,056 girls. We report signi cance at the 1% ( ), 5% ( ), and 10% () levels with
robust standard errors. For the OLS regressions, we report raw coe cients on the feminine conformity index.
For the binary logit regressions, we report average marginal e ects. Panel C is estimated using a multinomial
logit and reports predicted marginal e ects for each category. Every column reports results from a regression
controlling for: cognitive and non-cognitive skills, parental income and education, number of and sex
composition of siblings, birth order, mother's and father's age at birth, parental aspirations, family stability,

and geographic xed e ects. For Panels A and B, we include county xed e ects. For Panel C, we use region
xed e ects to ensure identi cation since there are counties for which we do not observe variation in
occupation. We include dummies for missing regressor observations. Qualitative results in Panels A and B are
not sensitive to using a probit or linear probability model, instead of logit, for the binary outcome variables.

had children. We nd that a one standard deviation increase in feminine conformity predicts a
signi cant 1.4 percentage point increase in the probability of ever having a child (in a sample
where 83% of women have children). There is a large literature discussing the cost of lost career
earnings from having children (Adda et al., 2017; Kleven et al., 2019; Gallen et al., 2023).
However, we nd no statistically signi cant evidence that feminine conformity is associated

with the timing of family formation or ever being married.
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Occupational Choice Finally, we consider whether feminine conformity predicts occupa-
tional choice for girls, which could have implications for both labor supply and wages. Girls
with one standard deviation stronger feminine conformity are 1.2 percentage points less likely to
enter professional occupation¥ Since professional occupations pay more than manual ottes
the lower earnings predicted by feminine conformity could in part be explained by di erences

in occupation choice.

Mediation Analysis Table 8 quanti es the extent to which educational attainment, family
formation and occupational choice mediate our lifetime earnings results for girls. We use a Gel-
bach (2016) decomposition to show the estimated contribution of each of these three decisions
to the coe cient on feminine conformity. The Gelbach decomposition is robust to the sequence

in which they are included. Details on the decomposition can be found in Appendix D.

Table 8: Share of Association Mediated through Education, Family and Occupational Choice

Coe cient Percent Explained by Mediator
Baseline With Education Family  Occupation Total
Mediators Formation
Log Lifetime Earnings -0.040 -0.025 11.1% 13.4% 17.0% 41.6%
Log Avg Wage -0.023 -0.012 23.0% 14.0% 15.7% 52.7%
Log Total Hours Worked  -0.017 -0.008 9.0% 20.7% 15.4% 45.1%
Employment -0.003 -0.000 23.3% 36.9% 17.0% 77.2%

Notes: Sample size is 4,056 girls. Rows (2) and (3) (\Log Avg Wage" and \Log Total Hours Worked") are
estimated on a sub-sample of 3,966 girls who are recorded as working in at least one month between ages 23
and 55, so wages and hours-worked are non-zero in levels. The rst column reports our baseline coe cients, as
presented in Tables 3 and 4. The second column additionally controls for education (years of school), family
formation (ever married and total number of children), and occupation (indicators for 9 occupation groups).
The \Education", \Family Formation”, and \Occupation" columns report shares explained by each mediating
group of variables. In each regression of the decomposition, we control for: cognitive and non-cognitive skills,
parental income and education, number of and sex composition of siblings, birth order, mother's and father's
age at birth, parental aspirations, family stability, and county xed e ects. Since missing dummies explain a
small fraction of the association between gender conformity and outcomes, the total share explained in the last
column does not exactly equate the percentage change between the \Base" and \With Mediator" column.

8professional occupations include: natural scientists, engineers, technologists, health professionals, teaching
professionals, legal professionals, business and nancial professionals, architects, town planners, and librarians.
This is based on the UK's O ce for National Statistics' Standard Occupational Classi cation 2000.

¥Median female annual earnings of professionals in 2000 (when our cohort was age 42) wE2,546 versus
£7,233 for manual jobs. This is computed using ONS earnings data for 2 digit SOC codes.
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The rst column (\Baseline") in Table 8 contains the coe cients on gender conformity
from our main speci cations reported in the third columns of Tables 3 (for earnings) and 4 (for
wages, hours worked and employment). The second column reports the coe cients on gender
conformity from regressions which also include our mediators: education, family formation,
and occupation. The subsequent columns report the shares of the baseline coe cients that
are explained by education, family formation, and occupation, respectively. The nal column
shows total shares of the baseline coe cients that are explained by these mediatdfs.

Comparing estimates from the models with and without mediators reveals that 42% of
the association between feminine conformity and lifetime earnings can be accounted for by
education, family formation, and occupation. Furthermore, our mediators explain 53%, 45%,
and 77% of feminine conformity's association with wages, hours, and employment, respectively.
Education and occupation account for more of the earnings and the wage results whereas
family formation and occupation account for more of the working hours results. To summarize:
women with stronger feminine conformity attain less education, which reduces their wages, and
are likely to have children, which reduces their working hours. Occupations chosen by those

with stronger feminine conformity predict lower wages and fewer hours worked.

4.4 Robustness Checks

In this section, we perform several robustness checks for the results for girls in Tables 3 and 4.
We address concerns related to omitted variables, regression misspeci cation, construction of

feminine conformity or lifetime earnings and measurement error in the index.

Other Latent Information Contained in the Essays A natural concern is that our in-
dex captures unobservables correlated with both earnings and feminine conformity, such as
educational or occupational aspirations. Following Kozlowski et al. (2019), we construct six ad-
ditional indices using the same NLP methods: (1) education (educated-uneducated), (2) culti-

vation (cultured-uncultured), (3) a uence (rich-poor), (4) status (prestigious-undistinguished),

20In theory, the total shares are equivalent to the percentage change in coe cients between the baseline
model and the model with mediators, though there is a slight discrepancy in our case due to the additional
missing value dummies which we include in the saturated model.
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Table 9: Alternative Explanations

Lifetime Lifetime Employed Log Total
Earnings Average Wages Hours Worked
Panel A: Other Text Factors
Feminine Conformity Index -0.037** -0.024** -0.001 -0.016
(0.018) (0.012) (0.004) (0.011)
Education Score -0.012 0.000 -0.000 -0.011
(0.019) (0.013) (0.005) (0.013)
Cultivation Score 0.026 0.004 0.001 -0.001
(0.024) (0.016) (0.006) (0.016)
A uence Score 0.019 0.034*** -0.006 -0.005
(0.019) (0.013) (0.005) (0.012)
Status Score -0.010 -0.005 -0.004 -0.002
(0.018) (0.012) (0.004) (0.011)
Morality Score -0.014 -0.023* 0.005 0.001
(0.020) (0.013) (0.005) (0.012)
Employment Score -0.018 -0.015 -0.003 -0.010
(0.017) (0.0112) (0.004) (0.010)
Panel B: Complementarities Between Covariates { Post-LASSO Model
Feminine Conformity Index -0.041** -0.025** -0.003 -0.018*
(0.017) (0.011) (0.004) (0.011)
Panel C: Removing Negation Phrases
Feminine Conformity Index -0.048*** -0.025** -0.004 -0.021**
(0.017) (0.012) (0.004) (0.010)
Cognitive & Non-Cognitive Skills X X X X
Parental Education & Income X X X X
Family Background X X X X
County Fixed E ects X X X X

Notes: Sample size is 4,056 girls. We report signi cance at the 1% ( ), 5% ( ), and 10% () levels with robust
standard errors. Every column and panel report prediction results from regressions with the full set of controls:
cognitive and non-cognitive skills, parental income and education, number of and sex composition of siblings, birth
order, mother's and father's age at birth, parental aspirations, and family stability. We also include 111 county xed
e ects. Panel A adds indices for six latent factors, also derived from our essays: education, cultivation, a uence,
status, morality, and employment. Panel B reports coe cient from a post-LASSO regression { we only report the
index, which is always selected by LASSO (unlike non-cognitive skills). We add dummies for missing regressor
observations and xed e ects to the post-LASSO speci cation.

(5) morality (good-evil), and (6) employment (employer-employee): Panel A of Table 9 shows

our main results are robust to including these six indices in the regression. One standard devia-

21For each dimension, we follow steps 1-3 from Section 3.2, then construct dimension vectors using relevant
antonym pairs (e.g., educated-uneducated, learned-unlearned for education). We project essay words onto each
dimension vector and aggregate weighted word counts as in step 5. See Appendix C.6 for details.
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tion more feminine conformity predicts a 3.7% decrease in lifetime earnings, a 2.4% decrease in
average wages, and a 1.6% decrease in hours, which are all close to the baseline values reported

in Tables 3 and 4.

Complementarities between Predictors We next address concerns that our results may
be driven by complementarities and interactions between our control variables. We include
guadratics and interactions of all covariates in our model and re-estimate it using a post-
LASSO OLS regression, which eliminates terms with low predictive power. First, our post-
LASSO regressions always select our index. Panel B in Table 9 shows that this leads to very
similar declines in earnings, wages, and labor supply predicted by feminine conformity as in

our baseline.

Removing Negation Phrases Our baseline feminine conformity index is constructed using
all 1-grams as well as 2-grams starting with \no" and \not". However, this does not compre-
hensively remove all negation phrases. For example, a girl might say \All my friends will be
married, but | won't be." Our index would include a score for the word \married", despite the
writer actually not wanting to get married. We check robustness to this issue by removing all
sentences with \no", \not" and words with a su x of \n't" (e.g. can't, won't). This reduces
mean essay length for girls from 228 words to 191 words. Panel C in Table 9 shows this more
conservative approach to dealing with negations leads to larger estimated declines in earnings,

wages and hours worked over the life cycle.

Additional Controls for Skills, School Quality or Aspirations Our index could be

proxying for other important predictors of lifetime outcomes. In Table A.10, we explore whether
our results are robust to the inclusion of: (i) non-linear functions of cognitive and non-cognitive
skills, (ii) additional controls for cognitive skills (i.e. essay length and spelling mistakes), (iii)
guality of the school the girl attends at the time of writing the essay, (iv) the occupation the
girl declares to aspire to in the survey questionnaire and (v) region (instead of county) xed

e ects.?? In each case, our results are very similar to those reported in Tables 3 and 4.

22The county xed e ects are added to address the concern that the content of the essays may re ect the
gender norms of those living in the child's county. If so, the relationship between the feminine conformity index

33



Index Construction We explore robustness of our lifetime earnings result to two key com-
ponents of how we estimate our index of feminine conformity. First, we re-construct the index
using alternative word-embedding models (WEMs). We train ve alternative WEMSs using
text from ve non-overlapping periods { 1955-1959, 1960-1964, 1965-1969, 1970-1974 and 1975-
1979. These time periods re ect alternative windows in the period around when the essays
were written (in 1969)%3

Table A.11 shows that our results do not qualitatively change and remain largely statis-
tically signi cant when we alter the speci c time window for texts that we use to train our
WEM. Interestingly, estimates are larger when using WEMSs trained using text from before
the essays were written (1955-1964) than when using text after when the essays were written
(1970-1979). The WEM trained using text written during the time the essays were written
(1965-1969) produces the same earnings estimate as our baseline estimate of -&*0M@xt, we
investigate robustness to our decisions to drop words which do not appear at least 200 times
across essays and to drop words less than one standard deviation away from gender neutrality.

Table A.12 con rms that our results are mostly robust to these choices.

Construction of Lifetime Earnings For individuals who never worked between ages 23-
55, we set lifetime earnings to the rst percentile of earnings for each gender, allowing those
individuals to remain in the sample when we take logarithms. Table A.13 shows that our
headline result is robust to using alternative approaches, including using earnings in levels and

dropping zero-earners. For example, when we drop those who never work, a one standard

and later life outcomes might only capture county level di erences in outcomes. To better understand the extent
to which county level variation may be important, we take the mean value of the index of everyone ini's county
(except i), and correlate this with i's value of the index. By eliminating i from the mean value of the index of
everyone ini's county, we eliminate the mechanical correlation the two variables. This correlation is 0.05, with
each county having 75 cohort members on average. This correlation is low, highlighting that the great majority
of variation in our index is not explained by local area factors.

230ur baseline index uses texts between 1958 and 1978, a 10 year window either side of the essays. We
cover the period from birth of the NCDS cohort (in 1958) to 10 years after the essays were written using ve
non-overlapping time windows.

24\We also explore robustness to using two pre-trained word-embedding models trained on extensive corpora of
predominantly modern, digitized texts; speci cally, Google's Word2Vec and Stanford's GloVe WEMs. However,
when we use these WEMS, the results are attenuated. This is consistent with Kozlowski et al. (2019)'s nding
that gender connotations in English have evolved throughout the twentieth century. See Appendix C.2.1 for a
detailed discussion.
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deviation increase in the feminine conformity index decreases lifetime earnings by 3.4%. This
is consistent with our previous ndings that while our results are mostly driven by wages and

the intensive margin of labor supply, there is a modest extensive labor supply margin at work
also. The table also tests alternative imputation methods to address missing earnings data (due
to non-response) when constructing lifetime earnings. Our headline result is robust across all

speci cations.

4.5 Quality of Life and Health

As shown previously, the feminine conformity index predicts educational attainment, family
formation, and labor market outcomes, all of which are likely to impact later-life wellbeing.
Here we investigate whether the feminine conformity index is associated with quality of life and
health at age 55.

Panel A of Table 10 reports results for the (standardized) CASP-12 quality of life score,
which captures four aspects of quality of life { control, autonomy, self-realization, and pleasure
(Hyde et al. (2003); see Appendix B.5 for details). Columns (1) and (4) report the coe cients
from regressing quality of life on our feminine conformity index when not controlling for other
variables, whereas columns (2) and (5) also control for skills and columns (3) and (6) control for
the full set of covariates. For both boys and girls, a 1 standard deviation increase in feminine
conformity is associated with an approximately 0.04 standard deviation decline in the CASP-12
score; that is, with a lower quality of life.

Feminine conformity relates to several outcomes that a ect quality of life. We next exam-
ine whether the association between feminine conformity and quality of life operates through
the earnings channel we documented earlier. If feminine conformity reduces quality of life pri-
marily through its association with lower lifetime earnings, then controlling for earnings should
substantially reduce the estimated relationship. However, when we add lifetime earnings in the
regressions, the estimated relationship between quality of life and feminine conformity changes

only modestly. The coe cient for girls falls from -0.043 in column (3) to -0.039 when earnings
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are included, while the coe cient for boys rises to -0.047°

Panels B and C report results for indices of mental and physical health respectively. A one
standard deviation higher feminine conformity predicts 0.033 standard deviations lower mental
health for girls, and 0.052 lower for boys. In other words, feminine conformity is associated with
worse mental health later in life. As with the quality of life results in Panel A, including lifetime
earnings (and indeed other mediators) only modestly attenuates these coe cients, suggesting
that feminine conformity directly predicts lower mental health not only indirectly via worse
labor market outcomes. Our data do not allow us to account for why we nd these patterns.
For boys, this might be due to the social penalties of deviating from the norm, or the personal
cost of having to t into a masculine role (Sarzosa and Uraia, 2021; Banan et al., 2023). For
girls this might be that gender norms constrain women's decisions (unrelated to the labor
market), which worsens their mental wellbeing (Heise et al. (2019)). For boys and girls, we nd

no evidence that our feminine conformity index predicts physical health.

4.6 Predictors of Feminine Conformity

What determines conformity with gender norms? Recent studies show that attitudes towards
gender norms are malleable (Dhar et al., 2022; Bursztyn et al., 2020), and that family back-
ground characteristics, such as sibling gender composition (Bren e, 2022) and parental char-
acteristics (Ferrandez et al. (2004), Dhar et al. (2019)), a ect conformity with gender norms.
Our setting is a particularly interesting one in that we can examine the micro-determinants of
feminine conformity among children who experience relatively homogeneous upbringings (i.e.,
all born in Britain in 1958).

We regress our feminine conformity index on a large set of potential determinants, including
child skills, family demographics, role model variables, and region-level characteristics. Figure
4 reports coe cients from a saturated regression in which we include all determinants, for boys

and girls separately. Table A.2 displays coe cients from univariate and saturated regressions.

25When we additionally control for our mediators from Section 4.3 { educational attainment, family formation
and occupation { the coe cients drop to -0.038 and -0.043 for girls and boys respectively, signi cant at the 5%
level for girls, although insigni cant for boys.
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Table 10: Quality of Life and Health

Girls Boys
1) 2 3 4) ®) (6)

Panel A: Quality of Life

Feminine Conformity Index -0.050%* -0.039** -0.043* -0.057* -0.046* -0.046*
(0.018)  (0.018) (0.019) (0.026) (0.026) (0.026)

Panel B: Mental Health

Feminine Conformity Index -0.038*  -0.025 -0.033* -0.052* -0.046* -0.052*
(0.019)  (0.019) (0.020) (0.025) (0.025) (0.027)

Panel C: Physical Health

Feminine Conformity Index -0.013 0.011 0.007 -0.045* -0.020 -0.021
(0.017) (0.017) (0.018) (0.024) (0.024) (0.025)
Cognitive & Non-Cognitive Skills X X X X
Controls X X
County FE X X
Parental Educ/Inc X X

Notes: Sample size is 4,056 girls and 4,030 boys. We report signi cance at the 1% (), 5% ( ), and 10% ()
levels with robust standard errors. The rst and fourth columns show the univariate OLS regression of each
outcome on our feminine conformity index. Columns (2) and (5) includes indices for cognitive and
non-cognitive skills. Columns (3) and (6) includes our full set of family background and geographic controls,
including parental income and education. Family background controls include: number of and sex composition
of siblings, birth order, mother's and father's age at birth, parental aspirations, and family stability. We

include 111 county xed e ects. All speci cations have dummies for missing regressors.

Three insights stand out. First, higher age-11 cognitive skills are associated with lower
feminine conformity. Controlling for the full set of covariates, a one standard deviation im-
provement in cognitive skills is associated with a 0.07 standard deviation decline in feminine
conformity for girls, and a 0.08 standard deviation decline for boys. Next, we nd evidence
that, relative to having only brothers (who are the reference group), girls and boys who have
only sisters tend to display 0.1 standard deviations higher feminine conformity. This is in line
with previous studies that nd that the composition of siblings can in uence gender conformity
by a ecting gender roles within the household (we nd that having only sisters predicts higher
feminine conformity whereas Bren e (2022) nd having brothers does).

Finally, we nd that, for girls (but not for boys), lower feminine conformity is associated
with growing up in an area with a higher fraction of women who attend university relative

to men and a higher fraction of working women. This is consistent with Ferrandez (2007),
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Figure 4: Determinants of Feminine Conformity Index

Notes: Sample is 4,056 girls and 4,030 boys. Triangles represent point estimates, bars represent 95% con dence
intervals, computed using robust standard errors. The coe cients are from from a regression of the feminine
conformity index on all the variables shown in the gure, plus indicators for missing observations. The graph on
the left is for girls, on the right is boys. Table A.3 in the appendix shows summary statistics for all determinants.

who nd that women migrating from countries with traditional gender norms continue to make
decisions consistent with those traditional norms, and Fare and Vella (2013) who nd evidence
of norms persisting across generations. One interpretation of this result is that in areas where
more women attend university or work, misperceptions of social norms (in particular, believing
society is more gender conservative than it is) are less prevalent (Cores et al., 2024).

The R? values from the regressions in Figure 4 are 0.024 for girls and 0.030 for boys. The
Shapely values reported in Tables A.4 and A.5 show that cognitive skills explain by far the
highest share of theR? in the models for both boys and girls. This is followed by the fraction of

women who attend university and non-cognitive skills (for girls). Given our previous results, an
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