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Abstract

We explore how socio-economic background shapes academia, collecting the largest dataset

of US academics’ backgrounds and research output ever assembled. We find that individu-

als from poorer backgrounds are severely underrepresented and that representation varies

widely across disciplines: more math-intensive disciplines exhibit higher representation.

Representation also varies across universities, with particularly low representation at

elite universities. While we find no differences in the average number of publications,

academics from poorer backgrounds are more likely to both not publish at all and to

have outstanding publication records, making them riskier hires. Furthermore, academics

from poorer backgrounds introduce more novel scientific concepts but are less likely to

receive recognition, as measured by citations and Nobel Prize nominations and awards.

Finally, the father’s occupation affects discipline choice and, thus, the direction of research.

Academics working in disciplines related to their father’s occupation (e.g., children of

therapists who become medicine professors) are more productive.
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1 Introduction
The underrepresentation of individuals from lower socio-economic backgrounds in leadership

positions in government, business, and academia is becoming an increasing concern to

policymakers and the general public. Two primary economic rationales underlie efforts

to increase representation. First, significant disparities in the representation of societal

groups raise concerns regarding fairness and equality of opportunity. Second, unequal

representation can undermine efficiency, as the misallocation of talent deprives society of

valuable contributions from individuals in underrepresented groups (Hsieh et al., 2019).

In knowledge creation sectors, such as academia, this underrepresentation introduces

an additional inefficiency: the unique lived experiences of underrepresented groups offer

valuable perspectives that could diversify and enrich the scope of ideas that are explored

(e.g., Thorp 2023). In essence, the absence of these individuals—missing people—can lead

to missing ideas, which is particularly problematic in a world where ideas may be “getting

harder to find” (Bloom et al., 2020).

Individuals from lower socioeconomic backgrounds are underrepresented in leadership

roles across government, business, and academia. There are two primary economic

rationales for addressing this disparity. First, such underrepresentation raises concerns

about fairness and equality of opportunity. Second, it may undermine efficiency, particularly

in knowledge creation sectors such as academia where the perspectives of underrepresented

groups can expand the range of ideas that are explored (e.g., Thorp 2023).

In this paper, we explore how socioeconomic background shapes academia- from

who enters and the research fields they choose to their productivity and peer recognition.

We do so by assembling the most comprehensive data ever collected on the backgrounds

and research output of U.S. academics. The long-run nature and granularity of our data

enable us to study how these findings changed over time, and how they differ by discipline

and institution.

We rely on three primary data sources to assemble our data. First, we utilize complete

faculty rosters from the World of Academia Database (Iaria et al., 2024), which provides

detailed information on the name, discipline, and academic rank of nearly all academics

at U.S. universities from 1900 to 1969. A key advantage of these data is that they list

academics even if they do not publish or are not members of academic societies. This

helps to mitigate selection biases common in studies that rely exclusively on publication

or citation databases, surveys, or lists of distinguished scholars. Second, we measure the

socio-economic background of academics by linking these faculty rosters to full-count U.S.

censuses using data via the Census Linking Project (CLP) (Abramitzky et al., 2021) and

the Census Tree Project (Buckles et al. 2023). Our baseline measure of socio-economic

background is the percentile rank of their father’s predicted income when they were
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growing up.1 Third, we link these academics to their publication and citation records

using data from the Clarivate Web of Science. Overall, our data enable us to measure

the socio-economic backgrounds and research output of 46,139 academics across 1,026

universities over nearly seven decades.

Using these data, we present our findings in four parts. In the first part, we explore the

link between family background and the likelihood of becoming an academic. Our analysis

reveals a stark underrepresentation of individuals from lower socioeconomic backgrounds

in academia: those born to parents in the bottom 20% of the parental income distribution

account for less than 5% of all academics. In contrast, around half of U.S. academics come

from the top 20% of the income rank distribution. Children born to the highest-earning

fathers are particularly overrepresented. For example, a child born to parents in the 100th

percentile has a 56% higher chance of becoming an academic than a child from the 99th

percentile. We also find that academia exhibits greater socio-economic selectivity compared

to other occupations that require specialized training, such as medicine and law. Leveraging

the seven decades covered by our dataset, we also investigate the long-run evolution of

representation in academia. Despite the significant changes in American higher education

and society over the past century (including a sharp increase in college-attendance rates),

the socio-economic composition of academics has remained remarkably constant over time.

In additional results, we compare the socio-economic background of academics to

the background in other professions. Academics are also more selected on the basis of

socio-economic background than individuals in other elite occupations, such as doctors

and lawyers.

Although, on average, academics are disproportionately drawn from higher-income

families, we find vast heterogeneity in the socio-economic composition of academics by

discipline and university. While around 60% of academics in the humanities, architecture,

archaeology, anthropology and medicine come from the top 20 percent of the parental

income distribution, only 30-40% in agriculture, pedagogy, and veterinary medicine

originate from this income bracket. This heterogeneity appears to be systematically related

to the types of skills required to enter a discipline: Specifically, we find that representation

from lower socio-economic backgrounds is higher in disciplines with a stronger emphasis

on quantitative relative to verbal skills.

Our rich data also enable us to explore heterogeneity in representation by university.

While around two-thirds of academics in selective private universities such as Princeton,

UPenn, Harvard, and Yale come from the top 20 percent of the parental income distribution,

only 30-40% percent of academics in state universities such as Iowa State, University

of Missouri, or the University of Virginia originate from this income bracket. These

university-level differences in the socio-economic background of their academics cannot be

explained by the discipline composition of the universities.

1The findings are similar for alternative measures of socio-economic background.
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Having established that individuals from lower-income backgrounds are underrepre-

sented in academia, we next assess whether socioeconomic background continues to shape

the careers of individuals once they enter academia. To do so, in the second part of the

paper, we study how academics’ socio-economic background correlates with their scientific

output. We find no systematic relationship between the average number of publications of

academics and their parental income rank. However, we find substantial non-linearities

in the relationship between parental income ranks and research output, with individuals

from lower socio-economic backgrounds significantly more likely to never publish a paper,

but also more likely to have a publication count in the top 1%.

Academics from lower socio-economic backgrounds may not only differ in how many

papers they publish but also in the content of their research. To examine potential

differences in a key dimension of publication content, we develop a metric that captures

the number of novel words that a scientist introduced to the scientific community (Iaria

et al., 2018). The measure proxies for the introduction of new scientific concepts that

required novel scientific terms. We find that scientists with a lower-income father (father

at the 25th percentile) publish around 0.05 additional papers (a 17 percent increase) with

at least one novel word compared to scientists whose fathers were at the 75th percentile of

the income rank.

Overall, the results on academic output suggest that academics from lower socio-

economic backgrounds are more likely to not publish at all but also to have outstanding

publication records, making them somewhat riskier hires. Furthermore, the results on

novel words suggest that they are somewhat more likely to pursue research agendas off the

beaten path which may result in scientific breakthroughs but also in a higher failure rate.

In the third part, we examine the relationship between socio-economic background and

recognition by other academics. First, we analyze citations to an academic’s research papers,

a widely-used metric for measuring recognition within the academic community. The

results suggest that papers published by authors from higher socio-economic backgrounds

receive more citations. The differences in citations are particularly surprising in light of

the results from part two, which indicate that low-SES academics introduced more novel

words.

As an additional measure of recognition, we investigate Nobel Prize nominations

and awards — an acknowledgment for exceptional scientific contributions. We find that

scientists whose fathers were at the 75th percentile of the income rank are around 0.6

percentage points (or 50%) more likely to be nominated for a Nobel Prize compared to

scientists with fathers at the 25th percentile. They are also 50% more likely to be awarded

a Nobel Prize. These differences persist even if we control for the publication and citation

records of scientists.

Taken together, these results indicate that scientists from lower socio-economic back-

grounds are more likely to be overlooked by the scientific community, which predominately
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originate from high socio-economic backgrounds.

In the fourth part of the paper, we examine the relationship between fathers’ occupa-

tion and the choice of academic discipline. We develop a novel measure of overrepresentation

to assess whether children of fathers in specific occupations are overrepresented in particu-

lar academic disciplines. Our findings indicate that academics tend to pursue disciplines

aligned with their fathers’ occupation. For example, the children of architects are more

likely to become professors in architecture, children of artists are more likely to become

professors of arts and design, children of bank tellers are more likely to become professors in

business and management, and children of lawyers are more likely to become professors in

law. Additionally, using a text embeddings model, we determine the semantic proximity of

a father’s occupation (e.g., “farmer”) to an academic discipline (e.g., “agriculture”). This

allows us to define a patrimonial discipline: the discipline that is closest in semantic space

to the father’s occupation. We then show that academics are more likely to enter their

patrimonial discipline. Overall, these findings indicate that socio-economic background

affects not only the probability of becoming an academic but also the specific discipline

that academics pursue.

In further results, we investigate whether academics who work in their patrimonial

discipline are more productive than academics who work in disciplines that are unrelated

to their father’s occupation. We find that academics who work in their patrimonial

discipline publish 0.08 standard deviations more papers. The effect of working in the

patrimonial discipline is about one-third of the large gender gap in publications that

has been documented for this period (Iaria et al., 2024). These results indicate that the

father’s occupation not only affects discipline choice but also that academics who work in

a discipline that is “close” to their father’s occupation produce more output. These results

are consistent with the view that children’s exposure to certain topics while growing up

influences their scientific output once they become academics.

Our paper contributes to a fast-growing literature on the backgrounds of high-skilled,

“elite” professionals such as politicians (Dal Bó et al., 2017) or civil servants (Moreira

and Pérez, 2022). It is particularly close to research documenting the socio-economic

background of inventors (Bell et al. (2019); Aghion et al. (2018, 2023)) and concurrent

research on academics (Morgan et al., 2022; Airoldi and Moser, 2024; Stansbury and

Schultz, 2023; Stansbury and Rodriguez, 2024).2 We contribute to this literature with the

most comprehensive analysis of the socio-economic background of U.S. academics covering

all disciplines and the near universe of universities. The time dimension of our data

allows us to trace the evolution of the socio-economic background over a key period in the

history of U.S. higher education from the “formative” prewar years, to the consolidation

2Similarly, geography also shapes participation in science. Participants of the international mathematical
olympiads from lower-income countries produce are less likely to enroll in PhD programs and produce
fewer publications and citations despite similar talents (Agarwal and Gaule, 2020).
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of American leadership in higher education after World War II. The granular nature of our

data enables us to advance the literature by studying how hiring, productivity, recognition,

and discipline choice are shaped by the socio-economic background of academics.3

Our paper is also related to the literature on gender discrimination in academia (e.g.,

Card et al., 2020, 2022; Iaria et al., 2024; Ross et al., 2022; Moser and Kim, 2022; Koffi, 2024;

Hengel, 2022; Babcock et al., 2017; Bagues et al., 2017). While this substantial body of

research has studied the underrepresentation of women in research, the underpresentation

of individuals from lower socio-economic backgrounds has been a “forgotten dimension of

diversity” (Ingram, 2021), which we examine in this paper.

Finally, we contribute to the literature on how scientists’ or inventors’ background

shapes their research focus and, thereby, the direction of innovation. Existing work by

Koning et al. (2021); Einio et al. (2022); Kozlowski et al. (2022); Truffa and Wong (2022);

Kozlowski et al. (2022); Dossi (2024); Croix and Goñi (2024) investigates how gender

and race impact the research focus of scientists. One of the few papers that studies how

socio-economic background affects the direction of research is a recent contribution by

Einio et al. (2022). They document that inventors from poorer backgrounds are more

likely to patent “necessity” interventions. To the best of our knowledge, we provide the

first systematic evidence of how the socio-economic background shapes the research of

university academics. Since most basic research, as well as the training of future innovators,

occurs in universities, the selection of academics likely has important knock-on effects for

downstream innovation.

2 Data
For our analysis, we construct the largest individual-level dataset of U.S. university

academics ever assembled, which we combine with information on their socio-economic

background and their research output. The dataset is based on three data sources. First,

we use complete faculty rosters for the near universe of U.S. universities from the World

of Academia Database (Iaria et al. 2024). Second, we match these data to historical U.S.

Censuses based on data from the Census Linking Project (CLP) (Abramitzky et al. 2012,

2021) and the Census Tree Project (Buckles et al. 2023), which allows us to measure the

socio-economic background of academics. Third, we enhance the data with publication

and citation data from the Web of Science to observe the academics’ research output and

its content.

3Other related research has documented the importance of socio-economic background for the selection
of students into elite universities (Chetty et al., 2020a; Michelman et al., 2022; Chetty et al., 2023;
Abramitzky et al., 2024).
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2.1 Historic Faculty Rosters from the World of Academia Database

The World of Academia Database contains faculty rosters for nearly all Ph.D.-granting

universities in the United States. We use six cross-sections covering U.S. academics in 1900,

1914, 1925, 1938, 1956, and 1969.4 For example, the data contain 3,449 U.S. academics

who entered the database in 1900 and 65,282 U.S. academics who entered the database

in 1969, reflecting the spectacular growth of the U.S. university sector during the 20th

century (Table 1).

For the period of our analysis, the database provides the most comprehensive data

on academics in the United States (see Iaria et al. 2024 for details and comparisons to

other data sources). In addition to academics’ names, universities, and academic rank

(i.e., assistant, associate, or full professor), we observe their specialization, which we code

into 30 disciplines. For example, the 1938 faculty roster lists George Wells Beadle as a

Biology professor at Stanford University (Figure 1, panel a). He received the 1958 Nobel

Prize in Physiology/Medicine for the “discovery of the role of genes in biochemical events

within cells.”

Figure 1: Example Data Construction

(a) Sample Page: Faculty Rosters (b) Adult Census

(c) Childhood Census

Notes: Panel (a) shows a sample page from the faculty roster of Stanford University from the 1938 edition
of Minerva including the entry of the biology professor “George Wells Beadle.” Panel (b) shows George
W. Beadle’s entry in the 1940 adult census. Panel (c) shows George Beadle’s entry in his childhood census
(1910) which we use to measure the occupation of his father (“farmer”).

4The data include all academics who were affiliated with a U.S. university in any of the six cross-sections.
We thus also include the U.S. spells of academics who start their career abroad and move to the United
States or who start their career in the United States and then move abroad. About 10 percent of the
academics are only listed with initials in the faculty rosters. As the match to the census data described
below uses full first names, we exclude these academics from the data. For the statistics reported in Table
1, we report their first U.S. cohort in the World of Academia Database.
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The World of Academia Database offers several key features that are integral to our

analysis. First, it contains entire faculty rosters for the vast majority of PhD granting

universities in the United States, which allows us to study academics even if they never

published or never became distinguished scientists. This comprehensive coverage enables

us to overcome important selection biases that affect studies that rely exclusively on

publication or citation databases, surveys, or lists of distinguished academics. For instance,

lists of distinguished academics might underestimate the number of academics from

lower SES-backgrounds if such academics are less likely to be recognized by their peers

(as we document below). Second, our dataset encompasses all academic disciplines,

including the social sciences and humanities. This broad scope enables us to conduct

a comprehensive analysis of representation in academia, examining variations across

disciplines and universities.

2.2 Measuring Parental Socio-Economic Background

To measure academics’ parental socio-economic background, we link the faculty rosters to

historical full-count U.S. censuses (Ruggles et al., 2024) using a two-step procedure. In

the first step, we link the cross-sections of academics to a contemporaneous U.S. census

(“adult census”). In the second step, we use census crosswalks from the Census Linking

Project and the Census Tree Project to construct back-links to each academic’s childhood

census records to measure parental background.

Linking Faculty Rosters to Contemporaneous U.S. Censuses “Adult Census”

In the first step, we link all academics who appear in the faculty rosters to the two closest

contemporaneous censuses. For example, we link the 1925 faculty roster to both the 1920

and 1930 censuses. The only exceptions are the 1956 and 1969 faculty rosters, which can

be linked to only one census (the 1950 census) since neither the 1960 nor the 1970 full

count censuses are currently publicly available.

We link academics in the faculty rosters to the contemporaneous censuses based

on the full name of the academic, the census occupation, and the location.5 We define a

potential match as someone:

1. who has the exact same first and last name in the census and in the faculty rosters

2. whose implied age is between 20 and 100 (based on their age in the census) at the

time we observe them in the corresponding faculty rosters

5It is important to note, that a relatively small share of professors are listed under the occupation
“professor” in the census. Biology professors, for example, are listed as “professor”, “biologist”, or “biology
teacher.” This highlights the importance of using faculty rosters to capture university professors instead
of using the “professor” occupational category from the census records.
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3. who indicates an occupation in the census that aligns with a professorship in a specific

discipline (e.g., biology professors may be listed with the occupations “professor”,

“biologist”, or “biology teacher”)6

We consider all matches that satisfy criteria 1-3 above. If criteria 1-3 only return one

potential match between the census and the faculty rosters, we consider the observation

pair as matched, and the procedure continues with step 7 (described below). For example,

we can link the faculty roster entry of George Wells Beadle to the 1940 census. The unique

match in the census reports that he was 36 years old in 1935, lived in Pasadena, California,

and worked as a “Biology Teacher” at a “University” (Figure 1, panel b).

If there are multiple potential matches, we disambiguate them using the following

additional criteria:

4. the potential match in the census lives in a county within 150 kilometers of the

university reported in the faculty rosters7

5. the potential match has the same middle name initial(s) in the census and the faculty

rosters

6. the potential match reports an occupation in the census which aligns more closely

with their discipline (i.e., if there are two potential matches for a biology professor,

one listed in the census as “professor” and the other one as “biology professor,” we

select the latter observation)

We then keep all matches that are unique after disambiguating them using at least one of

the criteria 4-6.

After applying criteria 1–6, approximately 70% of potential matches indicate an

industry in the census that aligns with their academic position. For instance, individuals

may report “education” as their industry. Similarly, medical professors often report

“hospital.” In contrast, the remaining 30% report industries that do not closely correspond

to their academic roles (e.g., “construction”) or fall into an unclassified category. To

enhance the reliability of these matches, we introduce a seventh criterion that leverages

the specific industry and occupation strings reported in the census.

7. the potential matches must report industry and occupation strings in the census

that are consistent with becoming a professor

For the seventh criterion, all potential matches with a misaligned industry are independently

reviewed by two research assistants, who classify each link as either correct or incorrect. For

6In this step, we augment IPUMS coding of occupations using the original occupation. Doing so
enables us to classify individuals whose occupation or industry is listed as “not yet classified”. This
typically happens in cases in which the occupations or industries are misspelled in the original records.

7For academics that are affiliated with multiple universities, we calculate the distance between each of
their universities and the county and use the minimum distance for disambiguation.
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Table 1: Linking Rates

Matched to Adult Census Matched to Childhood Census

Cohort
Academics entering

faculty rosters Total
% Faculty
roster Total

% Adult
census

% Faculty
roster

Main sample: 1900-1956 cohorts

1900 3,441 2,485 72.2 1,726 69.5 50.2
1914 5,899 4,487 76.1 3,073 68.5 52.1
1925 6,401 4,731 73.9 3,188 67.4 49.8
1938 23,458 17,792 75.8 12,338 69.3 52.6
1956 53,243 28,814 54.1 17,052 59.2 32.0

Total 92,442 58,309 63.1 37,377 64.1 40.4

Extended sample: 1900-1969 cohorts

...

1969 65,340 17,306 26.5 8,762 50.6 13.4

Total 157,782 75,615 47.9 46,139 61.0 29.2

instance, the Stanford physics professor Frederick John Rogers was linked to a census record

listing the industry as XXX. The research assistants examined the associated occupation

(“Assoct Projessor [sic]”) and industry (“physico at Stanford [sic]”) strings from the record

and determined the match to be correct.8 In contrast, Vanderbilt University biology

professor George W. Martin was linked to a census record listing the industry as XXX.

The research assistants examined the associated occupation ( “druggist”) and industry

(“own store”) strings and classified the link as incorrect. For the analysis, we only retain

matches that both research assistants classified as correct.9

Throughout the paper, we show results for two different samples:

1. Main Sample: 1900-1956 faculty rosters

2. Extended Sample: 1900-1969 faculty rosters

We use two different samples because the full count censuses for 1960 and 1970 are not

yet available. It is, therefore, challenging to link individuals who entered the World of

Academia database in 1969 to an adult census. With this in mind, the main sample in our

8The misspellings in the occupation and industry fields result from the transcription of handwritten
census records.

9In cases where we match an academic to multiple census years, we additionally check whether these
matches are internally consistent, i.e. that the main demographic information used for backlinking is
the same across all matches. For example, an academic matched to a person aged 45 in the 1910 census
should match to a person aged 55 in the 1920 census. Our research assistants hand-check all observations
for which this is not the case and remove incorrect matches.
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analysis is restricted to academics who we first observe in or prior to 1956. However, we

also consider an extended sample in which we attempt to match all academics in our data

(including those who enter the data in 1969).

Of the 92,500 academics in the main sample, we link 58,309 (64%) to a contem-

poraneous census (Table 1).10 Manual inspections suggest that transcription mistakes

of the historical handwritten census records account for the majority of missed links.

Furthermore, as we require unique matches based on our linking criteria, we also miss

links if matches between the faculty rosters and the census record are not unique. In the

extended sample we link 75,615 (48%) to a contemporaneous census (Table 1). Linking

rates are lower for the 1956 and 1969 cohorts for two main reasons. First, these cohorts

can only be matched to the 1950 census. Linking to just one adult census lowers the

linking rate, as linking to two censuses enables us to deal with idiosyncratic transcription

errors occurring in one census but not the other. Second, these cohorts likely include

individuals who were not yet academics in 1950 and, hence, cannot be matched on the

basis of their census occupation to an adult census.

For each academic that we successfully link to a contemporaneous census, we extract

the birth year and the birth state from the adult census. These variables are crucial to

link academics to their childhood censuses (see below for more details). For example, we

extract George Beadle’s birthyear (1903 or 1904, based on the 36 years of age that he

reports) and his birth state (“Nebraska”) from his 1940 census record (Figure 1, panel b).

Linking to the Childhood Census to Measure Socio-Economic Background

To construct measures of the socio-economic background of academics, we use census-to-

census crosswalks to link the adult census record to the corresponding childhood censuses.

First, we use the links available from the Census Linking Project (CLP, Abramitzky et al.

2012, 2021).11 We then combine these links with links from the Census Tree Project

(CT, Buckles et al. 2023) for the 1900-1940 adult censuses and IPUMS Multigenerational

Longitudinal Project (MLP) (Ruggles et al., 2019) for the 1950 adult census. In addition to

enabling us to increase the sample size, the additional links allow us to link to the childhood

records of some female academics, which are less frequently captured by traditional linking

methods.12

To maximize the likelihood of capturing an academic’s parental background, we link

adult census records to all potential childhood censuses. Childhood censuses are defined as

10Below, we provide evidence that linked academics are similar to academics who we are unable to link,
thereby alleviating selection concerns.

11Specifically, we use the “ABE-exact” links. As of November 2024, the Census Linking Project has not
released links between the 1950 census and earlier censuses. Therefore, we create our own crosswalks for
the 1950 census using the ABE algorithm in its exact standard version.

12The share of female academics in the faculty rosters is only 13% in sample 1 and 14% in sample 2 (see
also Iaria et al. 2024). Overall, linking rates for female academics are 28% for the main sample and 21%
for the extended sample, compared to 42% and 31% for male academics. All results remain unchanged in
a sample of male academics.
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those in which future academics are observed as children under the age of 22 and residing

with their parents. In cases where an academic is linked to multiple childhood censuses,

we prioritize the census in which the academic is youngest.13

Our exemplary academic, George Wells Beadle, can be linked to his childhood census

of 1910. At the time, he was six years old and listed in the census as the son of Chauncey

Beadle, who was 43 years old and worked as a farmer (Figure 1, panel c). The information

on the father’s occupation will be the key information to reconstruct George Wells Beadle’s

socio-economic background.

For the main sample, we are able to link 37,377 (or 64% of the adult census) records

to a childhood census (Table 1). For the extended sample, we can link 46,139 (or 62%) of

the adult census records to a childhood census.14 These linking rates are high compared

to linking rates in existing research, because we rely on various linking algorithms and

because we link to multiple potential childhood censuses.

Overall, we link 37,377 (or 40.4%) of the main sample to their childhood census.

These linked academics form the basis for our analysis. We investigate selection in the links

between academics and their census records. For this analysis, we correlate the department

rank (measured as the average number of citations of all academics in a department, see

Hager et al. 2024) with the linking rate at the department level. We find no systematic

relationship between department quality and the linking rates (Figure A.1, Panels (a) and

(b), p-value=0.69). As a further check, we investigate the correlation between the linking

rates and the average income of a last name. We find no systematic association between

these variables (Figure A.1, Panel b). Together, these results indicate that our linking

procedure does not introduce systematic selection.

Constructing Parental SES ranks

For our baseline results, we rely on father’s occupational income scores to proxy for

socio-economic background. We do so because other measures of parental socio-economic

status (such as parental income or parental education) are not available in pre-1940 U.S.

censuses. Specifically, we create a summary measure of the socio-economic background by

constructing parental “income scores” for each academic (Abramitzky et al. 2021). We

first use data on wage income from the 1940 census (the first year for which individual-

level income is observed in the U.S. census) and estimate the following regression for all

13As we link some academics to multiple adult censuses that can be linked to different childhood censuses,
a small fraction of them have backlinks to different individuals in a childhood census. For example, an
individual listed in the 1914 faculty roster could theoretically be matched to both the 1910 and 1920 adult
censuses, and the 1920–1880 backlinks might identify a different individual than the 1910–1880 backlinks.
In such cases, we retain the backlink associated with the adult census that is closest to the childhood
census. In the given example, we would prioritize the link based on the 1910–1880 crosswalk.

14For academics who moved to the United States to study or when they were already academics, we
cannot link them to a childhood census by construction. Of the 75,615 academics who we link to an adult
census, 6,769 or 7.9% are foreign-born.
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Figure 2: Correlation of Linking Rates With Department Quality and Lastname
Parental SES Rank

(a) Department Quality
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(b) Department Quality

β=0.000
 p-value=0.685

0.0

0.2

0.4

0.6

0.8

1.0

Pr
ob

ab
ili

ty
 M

at
ch

ed
 to

 C
hi

ld
ho

od
 C

en
su

s

0 20 40 60 80 100
Department Citation Rank

(c) Lastname Parental SES Rank
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(d) Lastname Parental SES Rank
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Notes: Panel (a) shows the correlation between a department’s citation rank and the probability of
linking a scientist to a childhood census. Panel (b) shows a binned scatter plot of the same relationship.
Panel (c) shows the correlation between a last name’s SES Rank based on the entire U.S. census and the
probability of linking an academic to a childhood census. Panel (d) shows a binned scatter plot of the
same relationship. Bins are chosen according to Cattaneo et al. (2024).

working-age (20-70 years old) men in the 1940 census:

ln(Incomej) = β0 + β1Occupationj × State FE + β2Agej + β3Age
2
j + β4Racej + ϵj (1)

where ln(Income)j measures the income of individual j in 1940. Occupation×State FE is

a separate fixed effect for each three-digit occupation interacted with the state of residence

of individual j. In addition, we also included a second-order polynomial in age as well as

race fixed effects. Because the 1940 census includes information on income from wages

but not on other sources of income, we adjust the income of self-employed individuals

(including farmers) using the method developed by Collins and Wanamaker (2022).15

15For a few occupations and states, the number of individuals in certain occupation by state cells is low.
Furthermore, some census occupation codes change across census years (see IPUMS (2024a)). In these
cases, we use coarser fixed effects to predict income ranks. See Appendix A.1. for details.
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We then use the estimated coefficients from equation (1) to predict income for fathers

in all census years. We use these predicted incomes to rank fathers relative to all other

fathers (including the fathers of non-academics) with children born in the same year. In

robustness tests reported below, we construct alternative SES ranks based on income

predictions that do not differ by state, and also use alternative measures of socioeconomic

statusta such as Hisclass and Duncan’s Socioeconomic Index (SEI).

2.3 Linking Scientists with Publications and Citations

To study how the socio-economic background shapes scientific output and the direction of

science, we link academics in six scientific disciplines – medicine, biology, biochemistry,

chemistry, physics, and mathematics with publication and citation data from the Clarivate

Web of Science. We focus on these disciplines for two main reasons. First, they have

particularly good coverage in the Web of Science. Second, by the start of the 20th

century, they had already established a culture of publishing in scientific journals, and the

publishing process was similar to today’s, in contrast to the humanities and social sciences,

where publishing in books was the norm.

The linking algorithm is based on the procedure developed by Iaria et al. (2024),

which links publications and citations based on the academic’s surname, first name, or

initials (depending on whether first names are available), country, city, and discipline.16

To improve match quality, we harmonize affiliations across the faculty rosters and the Web

of Science with the Google Maps API.

2.4 Linking Scientists with Nobel Prize Data

To measure recognition by the scientific community, we also collect data on nominations

for the physics, chemistry, and physiology or medicine Nobel Prizes from Nobelprize.org

(2024). This database contains all nominations for the Nobel Prize in physics and chemistry

from 1901 to 1970, and all nominations for the Nobel Prize in physiology or medicine from

1901 to 1953. We hand-link the academics in the faculty rosters to the entries in the Nobel

Nomination archive to identify individuals who were nominated for the Nobel Prize. We

also hand-link all Nobel Prize winners to our faculty rosters. Table 2 provides summary

statistics for the most important variables in our data.

3 Socio-Economic Background and the Probability of

Becoming an Academic
In the first part of the paper, we investigate the relationship between socio-economic

background and the probability of becoming an academic.

16To reduce false positives, matches are always based on the primary discipline (e.g., physics) of each
academic).
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Table 2: Summary Statistics

Panel A: 1900 – 1956

Variable Mean SD Observations

SES Rank 72.83 24.84 37,377
Age at Entry into Faculty Rosters 45.34 10.11 37,377
Female 0.09 37,377
Publications 4.66 9.51 12,767
Papers with Novel Words 0.30 1.12 11,964
Nominated for Nobel Prize 0.01 12,767
Awarded Nobel Prize 0.00 12,767

Panel B: 1900 – 1969

SES Rank 72.18 25.06 46,139
Age at Entry into Faculty Rosters 47.28 10.92 46,139
Female 0.10 46,139
Publications 4.91 10.63 15,521
Papers with Novel Words 0.29 1.12 14,718
Nominated for Nobel Prize 0.01 15,521
Awarded Nobel Prize 0.00 15,521

Notes: The table reports summary statistics. Panel A reports information for the main
sample, which includes academics who enter the faculty rosters by the 1956 cohort. Panel
B reports information for the extended sample, which includes academics who enter the
faculty rosters by the 1969 cohort. Data on acacemics come from the World of Academia
Database. SES ranks are constructed based on U.S. census micro data. Data on publica-
tions come from the Web of Science. Publications are measured in a ± 5-year window
around the year of entering the faculty roster data. Papers with novel words measures the
number of publications published in a ± 5-year window around the year of entering the
faculty roster data that introduce a novel word (see section 2 for details). Nominated for
Nobel Prize is an indicator whether a scientist was ever nominated for a Nobel Prize, and
Awarded Nobel Prize is an indicator for winning the Nobel Prize.

Many anecdotes suggest that even exceptionally talented individuals from lower socio-

economic backgrounds often face challenges in pursuing academic careers. For example, in

his Recollections, Nobel Prize winner George Beadle stated that: “It was tacitly assumed

I would eventually take over the family farm. [...] Father was not keen on the college idea,

being convinced that a farmer did not need all that education. But determination won,

and I enrolled at the University of Nebraska College of Agriculture, fully intending to

return to the farm.” (Beadle, 1974).

In the following, we investigate whether individuals like Goerge Beadle were the

exception or to what extent talented individuals were to pursue an academic career

independently of their socio-economic background.

3.1 Representation of Academics by Socio-Economic Background

We calculate the share of U.S. academics that come from each percentile of the parental

SES rank distribution. It is important to note that the parental SES rank should be

interpreted as an omnibus measure of socio-economic background capturing a combination

of different factors such as parental income but also education and other traits of the

14



socio-economic background that are correlated with income. We do not argue that, for

example, a lack of parental income is the sole or even predominant driver behind our

findings.

An equal distribution based on SES rank would imply that 1% of academics stem

from each percentile. We highlight this benchmark with a horizontal line in Figure 3. In

stark contrast to this equal representation benchmark, we show that people from higher

socio-economic backgrounds are markedly overrepresented in academia with the degree of

overrepresentation strongly increasing with higher parental SES ranks (Figure 3, panel a).

Overall, around half of all academics come from the top 20% of the SES rank distribution.

The overrepresentation is particularly large for very high percentiles of the SES rank

distribution. For example, individuals born to parents in the 95th percentile are more

than three times as likely to become academics than one would expect under the equal

representation benchmark. We also observe a strong discontinuity at the 100th percentile.

People from the highest percentile of the socio-economic background distribution are more

than five times as likely to become academics than one would expect under the equal

representation benchmark. Strikingly, even when compared to individuals from the 99th

percentile, they have a 1.6 times higher chance of becoming an academic.17

The results are similar if we predict parental SES ranks only based on the father’s

individual characteristics and his occupation, without using state of residence fixed effects

in the income prediction, Figure 3, panel b). In additional robustness checks, we report

the share of academics by other measures of socio-economic background (Hisclass and

Duncan Socioeconomic Index (SEI), see Appendix Figures B.3 and B.4).

3.2 Representation Over Time

The large differences in the probability of becoming academic translate into a highly

skewed composition of academia. As a next step, we analyze whether these representation

patterns change over time (Figure 4). The share of academics from the top 20% of the

SES rank distribution for the birth cohorts born after 1920 is 52.6%, almost identical to

the share of 52.3% in the pre-1870 birth cohorts. Similarly, the share of academics from

the bottom 20% of the SES rank distribution is around 4-5% and hardly changes over

time. This stability is surprising in light of the sharp rise in educational attainment that

took place in the United States over our period of study.18

Together, these results suggest that there appear to be significant barriers that

prevent individuals from low socio-economic backgrounds from participating in academia.

Such barriers can take many different forms. Examples could include, among others,

17The particularly high probability of becoming academic for individuals born to parents in the 100th
percentile could partly be driven by the fact that for some census years and states, professors are ranked
in the 100th percentile of the parental income distribution. However, if we remove individuals with fathers
who list “professor” as their census occupation, we find a similar pattern (Appendix Figure B.1).

18On average, Americans born in 1920 completed three additional years of schooling than those born in
1870 (Goldin and Katz, 2009)
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Figure 3: Representation by Socio-Economic Background

(a) Baseline Parental Income Prediction
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(b) Parental Income Prediction Without Regional Variation
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Notes: The figure shows the representation of academics based on their socio-economic background. We
proxy socio-economic background with the father’s income rank based on predicted income as described
in section 2.2. Each bar represents the percentage of all academics whose fathers are from specific income
percentile rank. For example, the right-most bar shows that around 5 percent of academics have fathers
who were in the top 1 percent of the predicted income distribution. The horizontal line represents a
hypothetical equal representation benchmark.

differences in ability, education, income, network ties, or institutional knowledge. In the

following, we shed some light on some parental and institutional differences that appear

to contribute to the selection of academics by socio-economic background.
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Figure 4: Representation by Socio-Economic Background Over Time
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Notes: The figure shows the representation of academics based on their socio-economic background over
time. Each line represents the percentage of all academics whose fathers are from specific income percentile
ranks. For example, the top line indicates the percentage of academics whose fathers were in the top 20
percent of the predicted income distribution.

3.3 Representation in Academia versus Other High-Skilled Pro-

fessions

The previous findings raise the question of whether academia is an outlier compared to

other high-skilled professions. The low representation of lower-SES individuals in academia

might simply reflect the fact that entering such occupations requires credentials (such as a

college degree), which might be expensive to obtain. We thus compare the socio-economic

background of academics to the background of individuals in other professions (lawyers,

doctors, and teachers) using comparable data from the census (see Appendix A.2. for

details).

While lawyers and doctors are also recruited from higher-than-average socio-economic

backgrounds, academics are even more selected (Figure 5). For example, 52% of academics

come from the top 20% of the SES rank distribution, while only 50% of laywers and

judges, and 44% of medical doctors come from the top 20% of the SES rank distribution.

In academia, the representation of individuals from the bottom 20% is particularly low:

only 5% of academics come from the bottom 20% percent while 7% of laywers, and 9% of

doctors come from the bottom 20%. Teachers, in contrast, exhibit a much weaker degree

of selection based on socio-economic background.

3.4 Representation in Academic Disciplines and Universities

In the next set of results, we investigate whether individuals from lower socio-economic

backgrounds are similarly underrepresented in all disciplines and universities or if some

disciplines or universities exhibit a higher representation of individuals from such back-
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Figure 5: Comparison to other High-Skilled Professions
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Notes: The figure compares the representation of academics based on their socio-economic background
to representation in other professions. The representation in other professions is based on U.S. census
samples of lawyers & judges, physicians & surgeons, and teachers that match the sample of academics
(see Appendix A.2. for details).

grounds.

Disciplines

While individuals from higher socio-economic backgrounds are overrepresented in all

disciplines, there are large differences across disciplines (Figure 6). Agriculture, veterinary

medicine, pedagogy, pharmaceutics and sociology are the disciplines with the highest repre-

sentation of individuals from lower socio-economic backgrounds. In contrast, archaeology,

cultural studies, the humanities, architecture, anthropology, medicine, and law have the

lowest representation. Contrary to the common perception of economists, economics is

more representative than the median discipline.

A broad pattern that emerges from Figure 6 is that disciplines that require more

sophisticated language skills exhibit lower representation from individuals from poorer

backgrounds. In comparison, disciplines that require more mathematics skills exhibit

higher representation, on average. To investigate this hypothesis, we correlate discipline-

level representation with the language versus mathematics skills requirement in each

discipline. We proxy the language versus mathematics requirement with the ratio of

quantitive over verbal GRE scores for students intending to pursue graduate studies in the

respective discipline.19 The findings suggest that representation from lower socio-economic

19The Educational Testing Service, which administers GRE tests, publishes three-year average test
scores of seniors and nonenrolled college graduates in 3 categories (verbal reasoning, quantitative reasoning
and analytical writing) for 290 intended graduate majors in their GRE Guide to the Use of Scores. We
aggregate these majors into disciplines to reflect our coding of academic specializations into disciplines.
We take the data for the 2005-2008 cohorts of test-takers ((ETS) (2009)), the oldest available via the
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Figure 6: Representation by Discipline
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Notes: The figure shows the representation of academics based on their socio-economic background
by academic discipline. We proxy socio-economic background with the father’s income rank based on
predicted income as described in section 2.2. Each color shows the percentage of academics whose fathers
were in a specific quintile of the predicted income distribution. E.g., the white bar shows the percentage
of academics whose father was in the top 20 percentiles of predicted income.

backgrounds is indeed higher in disciplines that require more quantitative relative to verbal

skills (Figure 7). However, there are striking differences in representation even when

comparing disciplines that arguably require similar skills. For instance, there are large

Internet Archive Wayback Machine.
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differences in the socio-economic composition of medicine relative to veterinary medicine

and of sociology relative to law.

Figure 7: Discipline Mathematics vs. Language Requirements and Representa-
tion

Notes: The figure shows the share of academics from the top quintile of the distribution of socio-economic
background by academic discipline in relation to the importance of quantitative relative to verbal skills in
the discipline. We proxy socio-economic background with the father’s income rank based on predicted
income as described in section 2.2. We proxy the importance of mathematics relative to language skills
with the ratio of the average GRE quantitative score to the average verbal reasoning GRE of test takers
intending to pursue a graduate degree in the respective discipline. GRE score data come from (ETS)
(2009), Extended Table 4. The size of the circles indicates the number of academics in the respective
discipline in our data.

Universities

Next, we study heterogeneity by university. As the faculty rosters contain more than 1,000

U.S. universities, we can only plot a small subset of the universities. To choose this subset,

we show all universities for which we measure the socio-economic background of at least

10 academics per cohort and of, on average, 100 academics for each of the five cohorts

in the main sample. We also show all universities in the Ivy Plus group, as defined by

Chetty et al. (2020a).20

There are striking differences in representation by university (Figure 8, which is

sorted in descending order based on the proportion of faculty from the top 20% in a

college). The most “socioeconomically selective” universities are elite private universities

such as those in the Ivy League – Harvard, Princeton, UPenn, and Yale. At the lower

end of “social” selectivity (among this subset of universities) are public, often land-grant,

20The Ivy Plus group contains the following universities: Brown, Columbia, Cornell, Dartmouth,
Harvard, U Penn, Princeton, Yale, Stanford, MIT, Chicago, and Duke.
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universities like the University of Nebraska, the University of Missouri, and Iowa State

University.

We investigate which university characteristics are correlated with socioeconomic selectivity,

by estimating the following regression on the full sample of universities:

Faculty Top SES Shareu = β0 + β1Ivy Plusu + β2Elite Privateu + β3Elite Publicu (2)

+ β4Discipline Shares + State FE + ϵi

The dependent variable Faculty Top SES Shareu measures the share of academics of

university u who come from the top 20, top 10, top 5, or top 1 percent of the parental SES

rank. Ivy Plusu is an indicator that equals one if university u is an Ivy Plus university as

defined by Chetty et al. (2020a). Elite Privateu is an indicator that equals one if university

u is an elite private institution which is not in the Ivy Plus category (e.g., New York

University) and Elite Publicu is an indicator that equals one if the university is an elite

public institution (e.g., Berkeley).21

The regression results show that Ivy Plus universities recruit their faculty from

higher socio-economic backgrounds than other elite private institutions. These findings

hold for the share of faculty from the top 20, top 10, top 5, and even top 1 percent. While

the average university in our sample recruits 3 percent of their academics from the top 1

percent, the share is about 3.1 percentage points higher in Ivy Plus universities (Table

3, column 12). Public elite institutions recruit their faculty from similar socio-economic

backgrounds as all other universities (Table 3).

Universities’ selectivity might partly reflect the discipline composition of a university.

For example, Harvard does not have an agriculture department. To account for differences

in the discipline compositions of universities, we add controls for the share of academics

in each discipline. The results remain very similar (columns 2 and 5). The results also

remain comparable, if we control for state fixed effects (columns 3 and 6), suggesting that

the pattern is not solely driven by geographical factors.

4 Socio-Economic Background, Scientific Publications,

and Novel Scientific Concepts
In the second part of the analysis, we investigate whether and how socio-economic

background influences productivity after entering academia. In particular, we study

whether scientific productivity and novelty differ by socio-economic background.

21Elite Private includes all private universities in Chetty et al. (2020a)’s “elite universities”. Elite Public
includes all public universities in Chetty et al. (2020a)’s “elite universities” as well as all universities in
their “Highly-Selective Public” category.
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Figure 8: Selection by University
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Notes: The figure shows the representation of academics based on their socio-economic background by
university. We proxy socio-economic background with the father’s income rank based on predicted income
as described in section 2.2. Each color shows the percentage of academics whose fathers were in a specific
quintile of the predicted income distribution. E.g., the white bar shows the percentage of academics whose
father was in the top 20 percentiles of predicted income.

23



4.1 Scientific Publications

We first explore differences in the number of publications by socio-economic background.

As described above, this analysis focuses on six scientific disciplines: medicine, biology,

biochemistry, chemistry, physics, and mathematics, with good coverage of publications

and citations in publication and citation databases. We estimate the following regression:

Publicationsi = θ · Parental SES Ranki +X′
iβ + ϵi (3)

where Publicationsi captures different measures of scientific publications that scientist i

published in a ± 5-year interval around the first cohort that the scientist entered the faculty

rosters, i.e., for scientists entering the faculty rosters in 1956, we measure publications from

1951 to 1961. We estimate results for publication counts and standardized publications.

We standardize publication counts to have a mean of zero and a standard deviation of one

by discipline and cohort. Standardized publications ease interpretation and account for

differences in publications across disciplines and over time. Parental SES Ranki ranges

from 0 to 100 and measures the percentile of the income rank of scientist i’s father. The

coefficient θ captures if there are any differences in scientific output by socio-economic

background. Xi are controls that account for differences in scientific output by age

(observed in the census), gender, cohort, discipline, or state. As the parental SES rank is

based on father’s occupation, childhood state, and birth year of the academic, we cluster

standard errors at the level of father’s occupation, childhood state, and birth year to

account for potential correlations of regression residuals.

Number of Publications

We find no systematic relationship between the socio-economic background and the

average number of publications, independently of the set of fixed effects that we include

as regression controls (Table 4, columns 1-3). This result holds in the baseline sample

(Panel A) and in the extended sample (Panel B). As described before, to account for

differences in publication cultures across disciplines and over time, we also estimate models

that use publications that we standardize at the cohort and discipline level. These results

confirm that there is no systematic relationship between the socio-economic background

of academics and the average number of publications (Table 4, columns 4-6).

We also visualize the relationship between parental income ranks (x-axis) and

standardized publications (y-axis) in a binned scatterplot (see Figure 9). The figure

provides additional evidence that there is no systematic relationship between the average

number of publications and the parental income rank.

Probability of Zero Publications

As a substantial number of academics never publish in a journal covered by the Web of

Science, which indexes relatively high-quality journals (Hager et al., 2024). We therefore
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Table 4: Socio-Economic Background and Publications

Dependent Variable: Publications Standardized Publications No Publications

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: 1900 – 1956

Parental SES Rank 0.00783* 0.00441 -0.00299 0.00040 0.00012 0.00006 -0.00113*** -0.00094*** -0.00052***
(0.00425) (0.00424) (0.00423) (0.00041) (0.00041) (0.00042) (0.00019) (0.00019) (0.00018)

R2 0.04 0.06 0.09 0.04 0.06 0.06 0.05 0.07 0.12
Observations 12,767 12,767 12,767 12,767 12,767 12,767 12,767 12,767 12,767
Dependent Variable Mean 4.666 4.666 4.666 0.011 0.011 0.011 0.418 0.418 0.418

Panel B: 1900 – 1969

Parental SES Rank 0.00419 0.00158 -0.00628 0.00016 -0.00005 -0.00014 -0.00102*** -0.00085*** -0.00043**
(0.00408) (0.00408) (0.00407) (0.00036) (0.00036) (0.00036) (0.00017) (0.00017) (0.00017)

R2 0.03 0.05 0.08 0.03 0.06 0.06 0.04 0.06 0.12
Observations 15,521 15,521 15,521 15,521 15,521 15,521 15,521 15,521 15,521
Dependent Variable Mean 4.912 4.912 4.912 -0.013 -0.013 -0.013 0.421 0.421 0.421

Demographic Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Childhood State FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes
Cohort FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes
Uni State FEs Yes Yes Yes Yes Yes Yes
Discipline FEs Yes Yes Yes

Notes: The table reports the estimates of equation (3) The dependent variable measures publications in a ± 5-year window around the cohort when academic i enters
the faculty rosters. We standardize publications to have a mean of 0 and a standard deviation of 1 within disciplines and cohorts. The main explantory variable is the
SES rank of the father, as measured by the percentile in the predicted income distribution of academic i’s father. Demographic controls include age, age squared and
an indicator for whether the academic is female. Standard errors are clustered at the level of father’s occupation, childhood state, and birth year of the academic.
Significance levels: ∗∗∗ p<0.01, ∗∗ p<0.05, and ∗ p<0.1.

Figure 9: Socio-Economic Background and Average Number of Publications
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Notes: The figure shows a binned scatterplot of the relationship between academics’ socio-economic
background and publications. Publications are standardized within cohort and discipline. We show 100
quantiles and use the covariate adjustment (equivalent to column (4) in Table 4) as proposed in Cattaneo
et al. (2024).

investigate the relationship between socio-economic background and the probability of

never publishing in a journal, in dexed by the Web of Science.

We thus estimate variants of equation (3) with an alternative dependent variable that

equals one if academic i does not publish any papers in the ±5 year window surrounding

their entry into the faculty rosters, and zero otherwise. We find that individuals from

lower socio-economic backgrounds are significantly more likely to never publish a paper.
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Specifically, the probability of not publishing at all is approximately 4 percentage points

(or around 10 percent) higher for scientists whose fathers were at the 25th percentile of the

income rank, compared to scientists with fathers at the 75th percentile (Table 4, column

7, significant at the 1 percent level). The result is around half as large if we include the

complete set of fixed effects but remains highly significant. It is also robust in the extended

sample which includes academics who enter the faculty rosters in 1969 (Table 4, columns

8-9 and Panel B).

The Distribution of Publications

The previous results suggest that although academics from lower socio-economic back-

grounds, on average, produce a comparable total number of publications, they exhibit

a higher likelihood of having no publications at all. This suggests that academics from

lower socio-economic backgrounds must publish relatively more in higher percentiles of the

publication distribution. To test this hypothesis, we estimate equation (3) with alternative

dependent variables:

1(Publication Percentile Rangei = q) = θ · Parental SES Ranki +X′
iβ + ϵi (4)

where the dependent variable 1(Publication Percentile Rangei = q) is an indicator

that equals one if scientist i’s publication record is in a certain percentile range. Since

scientific productivity is well-known to be highly skewed (see e.g., Lotka 1926), we use the

following percentile ranges q of the publication distribution: bottom 50% (which coincides

with not publishing at all for most disciplines and cohorts), > 50 − 70th, > 70 − 90th,

> 90− 95th, > 95− 97th, 97− 99th, and > 99th percentile of the publication distribution.

As publication patterns differ greatly across disciplines (chemists and medical researchers

publish a lot more papers than mathematicians) and across cohorts (academics in later

cohorts publish more papers), we calculate these percentiles at the discipline cohort level.

Appendix Table C.1 shows the number of publications that place academics in each of

these percentiles by discipline and cohort.

The regression results are reported in Appendix Table C.2. We plot the estimated

coefficients in Figure 10. The first coefficient from the left indicates that academics from

higher parental income ranks are less likely to have a publication count in the bottom

50% of the publication distribution.4. The second coefficient (> 50− 70) indicates that

academics from higher parental income ranks are as likely as academics from lower parental

income ranks to have a publication count between the 50th and the 70th percentile of

the publication distribution. The third coefficient (> 70− 90) indicates that academics

from higher parental income ranks are more likely to have a publication count between

the 70th and the 90th percentile of the publication distribution than academics from

lower parental income ranks. For the next percentile ranges, the coefficients are not

significantly different from zero. In contrast, the last coefficient (> 99− 100), indicates
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that academics from higher parental income ranks are less likely to have a publication

count in the top 1% of the publication distribution. In other words, individuals from lower

socio-economic backgrounds are more likely to have a publication count in the top 1%.

Specifically, the probability of having a publication record in the top 1% is approximately

0.35 percentage points (or around 44 percent) lower for scientists whose fathers were at

the 75th percentile of the income rank, compared to scientists with fathers at the 25th

percentile. This large effect, in percentage terms, is particularly relevant as long-standing

literature in the sociology of science has highlighted that the most productive scientists

have a disproportionate impact on the advancement of science (e.g., Lotka 1926, Merton

1957).

Figure 10: Socio-Economic Background and the Distribution of Publications
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Notes: The figure plots the estimated coefficients for θ for seven regressions of Equation 3. In each of the
seven regressions, the dependent variable is an indicator of whether a scientist’s number of publications lies
within the relevant percentiles of the publication distribution, measured at the cohort and discipline-level.
We report coefficients from regressions using the covariate and fixed effects equivalent to column (3) in
Table 4. Complete regression results are reported in Appendix Table C.2.

Overall, the results on the distribution of publications suggest that academics from

lower socio-economic backgrounds are somewhat “riskier” hires as they are more likely

to have zero publications but also more likely to be in the top 1% of the publication

distribution.

4.2 Novel Scientific Concepts

In the next sub-section, we explore whether and how the content of publications differs by

socio-economic background and whether we find additional evidence that suggests that

academics from lower socio-economic backgrounds may work on riskier research agendas.

To explore these hypotheses, we follow the methodology developed by Iaria et al.

(2018) and measure the number of novel words that a scientist introduced to the scientific
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community. The measure proxies for the introduction of new scientific concepts that

required novel scientific terms. We define novel words as words that were first used in the

title of a paper and that had not been used in any prior paper title covered by the entire

Web of Science (not just the papers published by the scientists in our sample).

As the coverage of the Web of Science begins in 1900, we compute the novel words

measure for paper titles published from 1910 onwards. This allows for a 10-year period

to measure words appearing in academic papers, before designating a new word as novel.

Thus, we cannot measure the introduction of novel words for scientists who enter the

faculty rosters in 1900. To ensure that we do not consider words that were already in use

in other domains, we exclude frequently used words, as well as numbers, from the data.22

One example of a novel scientific term is “Sulfolobus acidocaldarius,” a bacterium

in hot springs in Yellowstone National Park. It was discovered by Thomas D. Brock.

Brock grew up on a farm, and his father had never received a formal education. Later

in life Brook became a professor of microbiology at Western Reserve University, Indiana

University, and the University of Wisconsin. His research on thermophilic microorganisms

led to the discovery of an organism thriving at 70 °C (160 °F). The ability of an enzyme

to tolerate high temperatures would, 20 years later, lead to the invention of a procedure

called polymerase chain reaction (PCR), which led to the award of the 1993 Nobel Prize

in Chemistry to Kary Mullis and Michael Smith. To study how the parental SES rank is

related to introducing novel scientific terms, we estimate the following regression:

Novel Wordsi = ω · Parental SES Ranki +X′
iβ + ϵi (5)

where Novel Wordsi measures the number of papers with at least one novel word that

scientist i published in the ± 5-year interval around entering the faculty rosters. I.e., for

scientists entering the faculty rosters in 1956, we measure the number of papers published

between 1951 and 1961 that introduced at least one novel word. To ease interpretation, and

to account for differences in the number of novel words introduced in different disciplines

and over time, we standardize the novel word counts to have a mean of zero and a standard

deviation of one by discipline and cohort. As before, Parental SES Ranki ranges from

0 to 100 and measures the percentile of the income rank of scientist i’s father. Xi are

controls that account for differences in scientific output by age, cohort, and discipline.

22We exclude the 20,000 most frequently used words in English-language books contained in the Project
Gutenberg database as of April, 16 2006 (available at https://en.wiktionary.org/wiki/Wiktionary:
Frequency_lists#English). Project Gutenberg currently contains the full text of over 70,000 books.
Because the database contains books whose copyright has expired, the typical book in the database was
published before 1923. The most frequently used words, therefore, reflect historical language use pertinent
to the period of our analysis. The results are robust to excluding only 10,000 or all 36,663 frequently used
words that are reported in Project Gutenberg. For the main results, we do not remove all frequently used
words because words such as quantum (on position 17,132) may have existed before but might have taken
on a new meaning with the publication of a scientific paper. For more details on the novel scientific words
measure, see Iaria et al. (2018).

28

https://en.wiktionary.org/wiki/Wiktionary:Frequency_lists#English)
https://en.wiktionary.org/wiki/Wiktionary:Frequency_lists#English)


Table 5: Socio-Economic Background and Novelty

Dependent Variable: Papers with Novel Words Std. Papers with Novel Words

(1) (2) (3) (4) (5) (6)

Panel A: 1914 – 1956

Parental SES Rank -0.00089* -0.00101** -0.00100** -0.00073* -0.00090** -0.00090**
(0.00048) (0.00047) (0.00048) (0.00043) (0.00044) (0.00044)

R2 0.01 0.02 0.05 0.01 0.02 0.02
Observations 11,972 11,972 11,972 11,972 11,972 11,972
Dependent Variable Mean 0.301 0.301 0.301 -0.002 -0.002 -0.002

Panel B: 1914 – 1969

Parental SES Rank -0.00076* -0.00084** -0.00085** -0.00074** -0.00085** -0.00087**
(0.00042) (0.00041) (0.00042) (0.00037) (0.00038) (0.00038)

R2 0.01 0.02 0.04 0.01 0.02 0.02
Observations 14,726 14,726 14,726 14,726 14,726 14,726
Dependent Variable Mean 0.292 0.292 0.292 -0.011 -0.011 -0.011

Demographic Controls Yes Yes Yes Yes Yes Yes
Childhood State FEs Yes Yes Yes Yes Yes Yes
Cohort FEs Yes Yes Yes Yes Yes Yes
Uni State FEs Yes Yes Yes Yes
Discipline FEs Yes Yes

Notes: The table reports the estimates of Equation (5). The dependent variable measures the number of publications which
introduce at least one novel word and were published in a ± 5-year window around the cohort when academic i enters the
faculty rosters. We exclude the 20211 most common words. We standardize the novel word measure to have a mean of 0 and
a standard deviation of 1 within disciplines and cohorts. The main explanatory variable is the SES rank of the father, as
measured by the percentile in the predicted income distribution of academic i’s father. Standard errors are clustered at the
level of father’s occupation, childhood state, and birth year. Significance levels: ∗∗∗ p<0.01, ∗∗ p<0.05, and ∗ p<0.1.

The baseline specification controls for age, gender, childhood state fixed effects and cohort

fixed effects. We find that scientists from higher socio-economic backgrounds introduce

fewer novel words (Table 5, column 1, significant a the 10% level). The result is similar if we

control for university state and discipline fixed effects (Table 5, columns 2-3). Specifically,

scientists whose fathers were at the 75th percentile of the income rank publish around

0.05 fewer papers (around 17 percent) with at least one novel word compared to scientists

with fathers at the 25th percentile.

The result is also robust to standardizing the novel words measure at the level of

disciplines and cohorts (Table 5, columns 4-6) and in the extended sample (Table 5, panel

B).

5 Socio-Economic Background and Recognition
In the following section, we examine the relationship between socio-economic background

and recognition by other academics. First, we analyze citations to an academic’s research

papers, a widely-used metric for measuring recognition within the academic community.

Next, we investigate Nobel Prize nominations and awards as indicators of recognition for

exceptional scientific contributions.
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5.1 Citations

To estimate the relationship between socio-economic background and citations, we switch

to an analysis at the paper level. This allows us to abstract from the differences in the

number of publications by socio-economic background that we have documented in the

previous section. The data includes all papers linked to at least one author for whom we

can measure the parental SES rank. We estimate the following regression:

Citationsp = γ · Avg. Parental SES Rankp +X′
pβ + ϵp (6)

where Citationsp measures the number of citations that paper p received until 2010. To

account for differences in citations across disciplines and over time, we standardize citations

at the level of disciplines and the year of publication.23 Since the distribution of citations

is highly skewed and contains large outliers24, Columns 6-10 of Table 6 additionally

report results for winsorized standardized citations. We winsorize standardized citations

at the 99th percentile of the discipline and year of publication-specific distribution of

standardized citations. Avg Parental SES Rankp measures the average SES rank of the

fathers (ranging from 0 to 100) of all authors of paper p that we can link to a childhood

census. Xi are controls for the characteristics of the paper. Whenever we measure

characteristics at the author level, we average them for all authors of paper p that we can

link to a childhood census. As the parental SES rank is based on the father’s occupation,

childhood state, and birth year, we cluster standard errors at the level of the author team’s

fathers’ occupations, childhood states, and birth years to account for potential correlations

of regression residuals.

We find that papers published by author teams from higher socio-economic back-

grounds receive more citations (Table 6, panel A, column 1, significant at the 5% level).

Specifically, an article whose authors, on average, have fathers ranked at the 25th per-

centile of the income rank distribution receive about 0.05 standard deviations less citations

than those by authors with fathers ranked at the 75th percentile. For most years and

disciplines, this is equivalent to moving from the mean to the 75th percentile of the citation

distribution. For medical publications, for example, this translates to a paper receiving 2

to 3.5 (13% of the mean) more citations. The results are similar, albeit slightly smaller

in magnitude, when we include fixed effects for the author team’s university state and

discipline combination, as well as journal fixed effects. In columns 5 and 10, we add fixed

effects for both the total number of authors and the number of authors for which we

23To capture the whole distribution of citations for the standardization, we use citations to all papers
linked to U.S. academics in the faculty rosters and not only the citations to papers of U.S. academics,
which we can link to a childhood census.

24For example, a 1955 medical paper received as much as 61 standard deviations more citations than
the average medical paper in that year.
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observe an SES rank. When accounting for extreme outliers (columns 6-10) are similar in

magnitude, and strongly significant.

Table 6: Parental SES Rank and Paper-Level Citations

Dependent Variable: Standardized Citations Winsorized Std. Citations

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Panel A: 1900 – 1956

Average Parental SES Rank 0.00080** 0.00060* 0.00058* 0.00061* 0.00061* 0.00085*** 0.00068*** 0.00067*** 0.00067*** 0.00067***
(0.00033) (0.00033) (0.00033) (0.00032) (0.00032) (0.00026) (0.00026) (0.00026) (0.00024) (0.00023)

R2 0.03 0.04 0.04 0.10 0.10 0.03 0.04 0.04 0.13 0.14
Observations 58,549 58,549 58,549 58,549 58,549 58,549 58,549 58,549 58,549 58,549
Dependent Variable Mean 0.012 0.012 0.012 0.012 0.012 -0.021 -0.021 -0.021 -0.021 -0.021

Panel B: 1900 – 1969

Average Parental SES Rank 0.00081*** 0.00068** 0.00067** 0.00068** 0.00067** 0.00076*** 0.00066*** 0.00065*** 0.00063*** 0.00063***
(0.00029) (0.00029) (0.00029) (0.00027) (0.00027) (0.00022) (0.00022) (0.00022) (0.00020) (0.00020)

R2 0.02 0.03 0.03 0.10 0.10 0.02 0.04 0.04 0.14 0.14
Observations 76,014 76,014 76,014 76,014 76,014 76,014 76,014 76,014 76,014 76,014
Dependent Variable Mean 0.011 0.011 0.011 0.011 0.011 -0.021 -0.021 -0.021 -0.021 -0.021

Demographic Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Childhood State FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Publication Year FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Uni State FEs Yes Yes Yes Yes Yes Yes Yes Yes
Discipline FEs Yes Yes Yes Yes Yes Yes
Journal FEs Yes Yes Yes Yes
Author Count FEs Yes Yes

Notes: The table reports the estimates of Equation (6). The dependent variable measures the number of citations received by paper p until 2010. We standardize citations at the level of
displines and years, to account for differences in citations patterns (columns 1-5), and winsorize standardized citations at the 99th percentile to account for extreme outliers (columns 6-10).
The main explanatory variable is the average SES rank of the fathers of all authors of paper p that can be linked to a childhood cenus. We measure the SES rank of fathers with the
percentile in the predicted income distribution the father. Standard errors are clustered at the level of the author teams’ fathers’ occupation, childhood states, and birth years. Significance
levels: ∗∗∗ p<0.01, ∗∗ p<0.05, and ∗ p<0.1.

5.2 Nobel Prize: Nominations and Awards

Nobel Prize Nominations

Next, we study an alternative measure of recognition that captures whether elite scientists

consider another academic’s body of research worthy of a nomination for a Nobel Prize

(Iaria et al. (2018)). In this period, nominations for the Nobel Prize were made by a small

group of elite scientists. We study this question using the following regression:

1{Nobel Nomination} = θ · Parental SES Ranki +X′
iβ + ϵi (7)

where 1{Nobel NominationAwardi} is an indicator for whether scientist i was ever

nominated for a Nobel Prize (Nobel Nomination) or an indicator for whether the scientist

has ever been awarded a Nobel Prize (Nobel Award). As before, Parental SES Ranki

ranges from 0 to 100 and measures the percentile of the income rank of scientist i’s father.

Xi are controls as defined above.

We find that individuals from higher parental SES ranks are more likely to be

nominated for a Nobel Prize. A scientist from the 75th percentile of the income distribution,

on average, has a 0.06 percentage point higher probability of being nominated, an increase

of about 50 percent (Table 7, column 1). The results are robust to controlling for the

state of the academic’s university and the discipline (Table 7, columns 2-3). The results

are also robust to controlling for both publications and citations (Table 7, columns 4-6),

indicating that academics from poorer backgrounds are less likely to be nominated for a
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Nobel Prize even conditional on publications and citations. Overall, these results suggest

that academics from lower socio-economic backgrounds receive less recognition by their

peers as measured by nominations for the Nobel Prize.

Table 7: Socio-Economic Background and Nobel Prize Nominations

Dependent Variable: Nobel Nomination

(1) (2) (3) (4) (5) (6)

Panel A: 1900 – 1956

Parental SES Rank 0.00011*** 0.00010** 0.00012*** 0.00010** 0.00009** 0.00012***
(0.00004) (0.00004) (0.00004) (0.00004) (0.00004) (0.00004)

R2 0.01 0.02 0.03 0.08 0.08 0.10
Observations 12,767 12,767 12,767 12,767 12,767 12,767
Dependent Variable Mean 0.012 0.012 0.012 0.012 0.012 0.012

Panel B: 1900 – 1969

Parental SES Rank 0.00010*** 0.00009** 0.00010*** 0.00009*** 0.00009** 0.00010***
(0.00003) (0.00003) (0.00004) (0.00003) (0.00003) (0.00003)

R2 0.01 0.02 0.03 0.07 0.07 0.08
Observations 15,521 15,521 15,521 15,521 15,521 15,521
Dependent Variable Mean 0.011 0.011 0.011 0.011 0.011 0.011

Demographic Controls Yes Yes Yes Yes Yes Yes
Publication & Citation Controls Yes Yes Yes
Childhood State FEs Yes Yes Yes Yes Yes Yes
Cohort FEs Yes Yes Yes Yes Yes Yes
Uni State FEs Yes Yes Yes Yes
Discipline FEs Yes Yes

Notes: The table reports the estimates of equation (3). The dependent variable is an indicator whether a scientist was ever nominated
for a nobel prize. The main explanatory variable is the SES rank of the father, as measured by the percentile in the predicted income
distribution of academic i’s father. Demographic controls include age, age squared and an indicator for whether the academic is female.
Publication and citation controls are a scientist’s standardized total publication and citation counts. We standardize publication and
citation counts to have a mean of 0 and a standard deviation of 1 within disciplines and cohorts. Standard errors are clustered at the
level of father’s occupation, childhood state, and birth year of the academic. Significance levels: ∗∗∗ p<0.01, ∗∗ p<0.05, and ∗ p<0.1.

Nobel Prize Awards

In Table 8, we also investigate the relationship between the parental income rank and

the probability of winning a Nobel Prize. We find that scientists from higher parental

SES ranks are more likely to win such a prize. A scientist from the 75th percentile of the

income distribution has a 0.015 percentage point higher probability of winning the prize,

an increase of about 50 percent relative to the mean. This finding is robust to controlling

for the scientist’s publication and citation record.

6 Socio-Economic Background and Discipline Choice
In the last part of the paper, we investigate the importance of socio-economic background

for the choice of academic discipline beyond its impact on the probability of becoming

an academic. In particular, we study whether individuals from different socio-economic

backgrounds, measured by father’s occupation, specialize in different disciplines.
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Table 8: Socio-Economic Background and Nobel Prize Awards

Dependent Variable: Nobel Award

(1) (2) (3) (4) (5) (6)

Panel A: 1900 – 1956

Parental SES Rank 0.00003 0.00002 0.00003* 0.00002 0.00002 0.00003*
(0.00002) (0.00002) (0.00002) (0.00002) (0.00002) (0.00002)

R2 0.01 0.01 0.02 0.03 0.03 0.04
Observations 12,767 12,767 12,767 12,767 12,767 12,767
Dependent Variable Mean 0.003 0.003 0.003 0.003 0.003 0.003

Panel B: 1900 – 1969

Parental SES Rank 0.00003* 0.00003* 0.00004** 0.00003* 0.00003* 0.00003**
(0.00002) (0.00002) (0.00002) (0.00002) (0.00002) (0.00002)

R2 0.01 0.01 0.02 0.02 0.02 0.03
Observations 15,521 15,521 15,521 15,521 15,521 15,521
Dependent Variable Mean 0.002 0.002 0.002 0.002 0.002 0.002

Demographic Controls Yes Yes Yes Yes Yes Yes
Publication & Citation Controls Yes Yes Yes
Childhood State FEs Yes Yes Yes Yes Yes Yes
Cohort FEs Yes Yes Yes Yes Yes Yes
Uni State FEs Yes Yes Yes Yes
Discipline FEs Yes Yes

Notes: The table reports the estimates of equation (3). The dependent variable is an indicator whether a scientist was ever
nominated for a nobel prize. The main explanatory variable is the SES rank of the father, as measured by the percentile in
the predicted income distribution of academic i’s father. Demographic controls include age, age squared and an indicator for
whether the academic is female. Publication and citation controls are a scientist’s standardized total publication and citation
counts. We standardize publication and citation counts to have a mean of 0 and a standard deviation of 1 within disciplines
and cohorts. Standard errors are clustered at the level of father’s occupation, childhood state, and birth year of the academic.
Significance levels: ∗∗∗ p<0.01, ∗∗ p<0.05, and ∗ p<0.1.

6.1 Measuring Discipline-Level Overrepresentation by Father’s

Occupation

For this analysis, we construct an overrepresentation index that measures whether in-

dividuals with fathers in certain occupations are overrepresented in specific academic

disciplines:

Overrepresentationdo =
P (Disciplinei = d,Father’s Occupationi = o)

P (Disciplinei = d) · P (Father’s Occupationi = o)
, (8)

where P (Disciplinei = d) is the probability of academic i working in discipline d, simi-

larly P (Father’s Occupationi = o) is the probability of academic i having a father with

occupation o and P (Disciplinei = d,Father’s Occupationi = o) is the joint probability.25

The measure abstracts from baseline differences in the probability of choosing a

specific academic discipline and from baseline differences in the probability of having a

father in a certain occupation. If there was no systematic relationship between father’s

occupation and the discipline (i.e., the probabilities are independent), P (Disciplinei =

25The measure is related to pointwise mutual information, a common measure in information theory.
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d,Father’s Occupationi = o) = P (Disciplinei = d) · P (Father’s Occupationi = o) and

Overrepresentationod = 1. For the father’s occupation-discipline pairs that are over-

represented in the data, the measure is greater than one. Inversely, for the father’s

occupation-discipline pairs that are underrepresented in the data, the measure is smaller

than one.

For example, we can calculate the overrepresentation of farmers’ children in the

academic discipline of agriculture. The numerator measures the probability that an

academic whose father was a farmer works as a professor of agriculture (in our data

this probability is 0.024). The denominator is the product of the probability of being a

professor of agriculture, among all disciplines (in our data: 0.043), and the probability of

having a father who was a farmer, among all father’s occupations (in our data: 0.232).

Thus the overrepresentation index for professors of agriculture who are farmer’s children is

2.4. In other words, 56% (0.024/0.043× 100) of all agricultural scientists are the children

of farmers, while only 23% of all academics are children of farmers, making agricultural

scientists 2.4 times more likely to be the child of a farmer than all academics.

We calculate this measure for all pairs of father’s occupations (130) and academic

disciplines (34), i.e., we calculate 130×34 = 4, 420 overrepresentation indices. We visualize

examples of such pairs in Figure 11. The figure plots the father’s occupation on the

vertical axis and the academic discipline on the horizontal axis. The blue shading indicates

the quartiles of overrepresentation distribution, with darker blues indicating stronger

overrepresentation.

The figure suggests a strong connection between the father’s occupation and their children’s

choice of discipline. For example, children of architects are overrepresented in the academic

disciplines of architecture and arts. Children of artists and art teachers are overrepresented

in the academic discipline of arts. Children of lawyers, medical doctors, or pharmacists

choose law, medicine, and pharmaceutics as their disciplines, respectively. Children of

editors and reports choose communication studies, which also includes journalism as a

sub-discipline. Interestingly, the connection exists even among children with fathers in

non-professional occupations. For instance, children of bank tellers are overrepresented in

the academic discipline business. Children of teachers who teach various school subjects

spread more equally across disciplines.

6.2 Predicting Semantically Close Academic Disciplines

Figure 11 presents a selected subset of father’s occupation – discipline pairs, that we

hand-picked from the data. To more systematically explore whether a father’s occupation

affects discipline choice, we use natural language processing techniques to construct an

external measure of semantic similarity between each father’s occupation and each academic

discipline.

Using the semantic similarity we then investigate whether children of fathers with a
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Figure 11: Father’s Occupation and Discipline Choice
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Notes: The figure shows the relationship between father’s occupation (rows) and their children’s academic
discipline choice (columns) for selected father’s occupation - discipline pairs. Darker shades indicate higher
levels of overrepresentation, as measured by equation (8).

certain occupation are more likely to enter disciplines where the text string of the father’s

occupation (e.g., “farmer”) is close in semantic space to the text string of the discipline

(e.g., “agriculture”). This measure allows us to explore the relationship between father’s

occupation and the discipline for all father’s occupation-discipline pairs.

Specifically, we measure semantic similarity using embeddings. Embeddings transform

a text into a fixed-length vector representation that encodes the syntactic and semantic

relationships in the training data. The resulting vectors can then be used for text similarity

calculations, as similar sentences are located close to each other in the vector space.

Intuitively, if the word “farmer” is used in similar contexts to the word “agriculture”,

the model will identify these words as being semantically similar. Embedding models

are trained by applying advanced machine learning techniques, such as deep learning

transformer models, to vast corpora of text such that the model learns the relationship

between words.

We use the “all-MiniLM-L6-v2” model, which has been trained on data from

Wikipedia, scientific papers, Reddit, and many other sources.26 The model represents each

father’s occupation string as well as each discipline string as a vector of length n = 384.

26The “all-MiniLM-L6-v” model is one of the most commonly used sentence embedding models. For
example, it was the third most downloaded model on huggingface.com as of July 2024. The findings do
not depend on the choice of a specific model.
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As is standard in natural language processing, we then measure the similarity of the

text string of the father’s occupation and the text string of the discipline using the cosine

similarity of the two vector representations:

Cosine Similarity(x, y) =

∑n
i=1 xi · yi√∑n

i=1 x
2
i ·

√∑n
i=1 y

2
i

, (9)

where x represents the vector of father’s occupation and y represents the vector of the

discipline, derived from the sentence embedding model.

Using this measure of semantic similarity, we predict the closest discipline in semantic

space for each father’s occupation. Similarly, we predict the second closest discipline

in semantic space. Note, this measure of semantic similarity is entirely based on the

occupation and discipline strings and does not use any information on the actual discipline

choice of professors. E.g., not surprisingly the closest discipline in semantic space for

the occupation “architect” is “architecture” (cosine similarity 0.77). The second closest

discipline in semantic space is “engineering” (cosine similarity 0.53). Similarly, the closest

discipline in semantic space for the occupation “buyers/shipers of farm products” is

“agriculture” (cosine similarity 0.53), whereas the second closest discipline in semantic

space is “business” (cosine similarity 0.41).27

6.3 Overrepresentation in Semantically Close Disciplines

Having identified the semantically closest academic discipline for each occupation, we

then calculate the average overrepresentation index (equation 8) across all such discipline-

occupation pairs, as well as across all other discipline-occupation pairs in the data (Fig-

ure 12).

The average overrepresentation index is 3.28 in the semantically closest discipline. In

contrast, the overrepresentation index is 1.03 for all other disciplines, indicating that for

disciplines that are not related to fathers’ occupations, academics are indeed represented

as good as random.

Overall, these results provide evidence that parental occupation is associated with the

discipline choice, suggesting that socio-economic background not only affects the probability

of becoming an academic but also the choice of discipline. Possible explanations could

include heightened interest due to exposure to a particular field of study, family values, or

access to resources and opportunities, including better information on how to “make it” in

a given discipline. Combined with the results in the previous part of the paper, these results

27To ensure that we predict close disciplines that are actually close in semantic space, we only classify an
occupation-discipline pair as semantically close if their cosine similarity is at least two standard deviations
above the mean of all cosine similarities. Without this condition, the most similar discipline to the
occupation “private household worker”, for example, would be “law” as there is no other discipline that is
closer in semantic space. The results are robust to defining semantically close disciplines if their cosine
similarity is only one standard deviation above the mean, or without enforcing a minimum cosine similarity
(see Appendix Figure E.3).
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Figure 12: Overrepresentation in Semantically Closest Discipline
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Notes: The figure shows overrepresentation as measured by equation (8) in the father’s occupation-
discipline pair that is semantically closest, e.g., “farmer” and “agriculture” and all other father’s occupation
- discipline pairs. For more details, see section 6.2 and section 6.3.

suggest that the unequal selection of academics based on socio-economic background could

have repercussions on the composition of academic disciplines. If professors from certain

parental occupations are overrepresented in academia, certain disciplines face higher supply

of talent which will benefit some disciplines over others independent of the actual societal

need for knowledge from certain domains.

6.4 Scientific Output and Working in Patrimonial Disciplines

Next, we explore differences in output for scientists who work in the discipline that is

closest to their father’s occupation (patrimonial discipline). As above, we use the semantic

similarity of fathers’ occupation and academics’ disciplines to define patrimonial discipline

choices (see section 6.2). We augment equation 3 with an indicator for whether the

academic works in a scientific discipline that is “close” in semantic space to their fathers’

occupation:

Outputi = δ · Patrimonial Disciplinei + θ · Parental SES Ranki +X′
iβ + ϵi (10)

The parameter δ captures the effect of working in a patrimonial discipline over and above

the effect of parental income rank, i.e., the children of “physicians and surgeons” or

“therapists and healers” who become medical researchers might publish because they work

in a discipline that is close to their father’s occupation even conditional on their father’s

socio-economic background.

The results from this analysis are presented in Table 9. We find that scientists who

work in their patrimonial discipline, i.e., the discipline that is semantically closest to their

father’s occupation, publish on average 0.07 standard deviations more papers (equivalent

to around 1.5 additional papers in a ±5-year period around the cohort of first observing
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the scientist) than other academics (Table 9, Panel A, column 2). This effect remains

similar if we control for additional fixed effects and also holds in the extended sample

(Table 9, Panel B).

Table 9: Patrimonial Disciplines and Publications

Dependent Variable: Publications Standardized Publications

(1) (2) (3) (4) (5) (6)

Panel A: 1900 – 1956

Patrimonial Discipline 1.62781*** 1.53692*** 0.61418 0.07290** 0.07062** 0.06124*
(0.36911) (0.36492) (0.37380) (0.03659) (0.03592) (0.03669)

SES Rank 0.00347 0.00037 -0.00444 0.00020 -0.00007 -0.00008
(0.00452) (0.00451) (0.00446) (0.00043) (0.00043) (0.00044)

R2 0.04 0.06 0.09 0.04 0.06 0.06
Observations 12,767 12,767 12,767 12,767 12,767 12,767
Dependent Variable Mean 4.666 4.666 4.666 0.011 0.011 0.011

Panel B: 1900 – 1969

Patrimonial Discipline 1.66130*** 1.59225*** 0.49161 0.06632** 0.06568** 0.04858
(0.37246) (0.37011) (0.37763) (0.03310) (0.03263) (0.03328)

SES Rank -0.00009 -0.00246 -0.00740* -0.00001 -0.00021 -0.00025
(0.00427) (0.00427) (0.00421) (0.00038) (0.00038) (0.00038)

R2 0.03 0.05 0.08 0.03 0.06 0.06
Observations 15,521 15,521 15,521 15,521 15,521 15,521
Dependent Variable Mean 4.912 4.912 4.912 -0.013 -0.013 -0.013

Demographic Controls Yes Yes Yes Yes Yes Yes
Childhood State FEs Yes Yes Yes Yes Yes Yes
Cohort FEs Yes Yes Yes Yes Yes Yes
Uni State FEs Yes Yes Yes Yes
Discipline FEs Yes Yes

Notes: The table reports the estimates of equation (10). The dependent variable in columns 1-3 measures publications in
a ± 5-year window around the cohort when academic i enters the faculty rosters. The dependent variable in columns
4-6 measures standardized publications. We standardize publicationsto have a mean of 0 and a standard deviation of 1
within disciplines and cohorts. The first main explanatory variable measures the SES rank of the father, as measured by
the percentile in the predicted income distribution of academic i’s father. The second main explanatory variable is an
indicator that equals 1 if the child is an academic in the patrimonial discipline that is predicted by the father’s occupation
(based on the semantic similarity of father’s occupation and the discipline). Demographic controls include age, age squared
and an indicator for whether the academic is female. Standard errors are clustered at the level of father’s occupation,
childhood state, and birth year of the academic. Significance levels: ∗∗∗ p<0.01, ∗∗ p<0.05, and ∗ p<0.1. Patrimonial
Disciplines are: Dentists, Physicians and Surgeons, Therapists and Healers – Medicine; Biological Scientists – Biology;
Chemical Engineers, Chemistry-Professors, Chemists – Chemistry.

The results in the previous section suggest that the patrimonial socio-economic

background affects scientific productivity in ways that go beyond the father’s income.

7 Conclusion
This paper examines the role of socio-economic background in shaping the careers of

academics and their research output. We show that people from higher socio-economic

backgrounds are more likely to become academics and that there is large heterogeneity

in representation at the level of disciplines and universities. Once in academia, the

socio-economic background is not related to the number of publications, on average, but
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individuals from lower socio-economic backgrounds are more likely to not publish at all

as well as more likely to have outstanding publication records, making them somewhat

riskier hires. The results on novel words suggest that they are somewhat more likely to

pursue research agendas off the beaten path which may result in scientific breakthroughs

but also in a higher failure rate. We also find evidence that academics from lower socio-

economic backgrounds receive less recognition by the scientific community, as measured by

citations and Nobel Prize nominations and awards. Lastly, we find that father’s occupation

is systematically related to the choice of discipline and that academics who work in a

discipline that is close to their father’s occupation are more productive. Overall, the

paper highlights the importance of understanding the role of socio-economic background

in shaping the academic workforce and the creation of new knowledge.
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Dal Bó, E., F. Finan, O. Folke, T. Persson, and J. Rickne (2017). Who Becomes a
Politician? The Quarterly Journal of Economics 132 (4), 1877–1914.

Dossi, G. (2024). Race and Science. mimeo UCL.

Einio, E., J. Feng, and X. Jaravel (2022). Social Push and the Direction of Innovation.
mimeo CEP LSE .

(ETS), E. T. S. (2009). Gre guide to the use of scores 2009-2010. https:

//web.archive.org/web/20121222214014/http://ets.org/Media/Tests/GRE/

pdf/gre_0910_guide_extended_table4.pdf. Extended Table 4, archived on
December 22, 2012.

Goldin, C. and L. F. Katz (2009). The race between education and technology. harvard
university press.

Hager, S., C. Schwarz, and F. Waldinger (2024). Measuring Science: Performance Metrics
and the Allocation of Talent. American Economic Review forthcoming .

Hengel, E. (2022). Publishing while Female: Are Women Held to Higher Standards?
Evidence from Peer Review. The Economic Journal 132 (648), 2951–2991.

Hsieh, C.-T., E. Hurst, C. I. Jones, and P. J. Klenow (2019). The Allocation of Talent
and US Economic Growth. Econometrica 87 (5), 1439–1474.

Iaria, A., C. Schwarz, and F. Waldinger (2018). Frontier Knowledge and Scientific
Production: Evidence from the Collapse of International Science. The Quarterly Journal
of Economics 133 (2), 927–991.

Iaria, A., C. Schwarz, and F. Waldinger (2024). Gender Gaps in Academia: Global
Evidence Over the Twentieth Century. mimeo LMU Munich.

Ingram, P. (2021). The forgotten dimension of diversity. Harvard Business Review 99 (1),
58–67.

IPUMS (2024a). Census Occupation Codes, 1950 Basis. https://usa.ipums.org/

usa-action/variables/OCC1950#codes_section, Last accessed on 2024-09-07.

IPUMS (2024b). Integrated Occupation and Industry Codes and Occupational Standing
Variables in the IPUMS. https://usa.ipums.org/usa/chapter4/chapter4.shtml,
Last accessed on 2024-09-07.

Koffi, M. (2024). Innovative Ideas and Gender Inequality. mimeo University of Toronto.

Koning, R., S. Samila, and J.-P. Ferguson (2021). Who do We Invent for? Patents
by Women Focus More on Women’s Health, but Few Women Get to Invent. Sci-
ence 372 (6548), 1345–1348.

41

https://web.archive.org/web/20121222214014/http://ets.org/Media/Tests/GRE/pdf/gre_0910_guide_extended_table4.pdf
https://web.archive.org/web/20121222214014/http://ets.org/Media/Tests/GRE/pdf/gre_0910_guide_extended_table4.pdf
https://web.archive.org/web/20121222214014/http://ets.org/Media/Tests/GRE/pdf/gre_0910_guide_extended_table4.pdf
https://usa.ipums.org/usa-action/variables/OCC1950#codes_section
https://usa.ipums.org/usa-action/variables/OCC1950#codes_section
https://usa.ipums.org/usa/chapter4/chapter4.shtml


Kozlowski, D., V. Larivière, C. R. Sugimoto, and T. Monroe-White (2022). Intersectional
Inequalities in Science. Proceedings of the National Academy of Sciences 119 (2).

Lotka, A. J. (1926). The Frequency Distribution of Scientific Productivity. Journal of the
Washington Academy of Sciences 16 (12), 317–323.

Merton, R. K. (1957). Priorities in Scientific Discovery: a Chapter in the Sociology of
Science. American Sociological Review 22 (6), 635–659.

Michelman, V., J. Price, and S. D. Zimmerman (2022). Old Boys’ Clubs and Upward
Mobility among the Educational Elite. The Quarterly Journal of Economics 137 (2),
845–909.
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Appendix
The Appendix presents details on data collection and additional results:

• Appendix A provides further details on the construction of the data.

• Appendix B reports robustness checks and additional findings related to section

section 3.

• Appendix C reports robustness checks and additional findings related to section

section 4.

• Appendix D reports robustness checks and additional findings related to section

section 5.

• Appendix E reports robustness checks and additional findings related to section

section 6.

A Appendix: Additional Details on Data

A.1. Constructing SES Ranks

As described in the main paper, we use the 1940 census to predict income. In section 2.2

we describe how we use interactions of fathers’ occupation and home state to predict their

income (see Equation 1). In practise, this approach faces two issues:

1. Rare Occupations

2. Changing Occupation Coding

We address these issues by adjusting the income prediction for fathers in affected occupa-

tions.

Rare Occupations For a few occupations and states, the number of individuals in

certain occupation by state cells in 1940 is low, potentially leading to inaccurate predictions

for affected Occupation × State FEs. For example, only four working age male actors

reported their income in the 1940s census in Montana, and only one in Wyoming. For

occupation by state cells with less than 10 observations, we use the following regression to

predict income:

ln(Incomei) = β0 + β1Occupationi × Region FE + β2State FE

+ β3Agei + β4Age
2
i + β5Racei + ϵi (A.1)

Instead of interacting occupations with states, we interact them with census regions, and

estimate a separate state fixed effect for all occupations. Predictions for fathers in the

1



same occupation by state cells in earlier census years are based on this regression. That

is, actors in Montana in 1880 are assigned a prediction based on all 1940 actors in the

Mountain Division, plus a Montana fixed effect.

For even rarer occupations, those that have less than 10 observations in a given occupation

by census region cell, we adjust our prediction further:

ln(Incomei) = β0 + β1Occupationi + β2State FE

+ β3Agei + β4Age
2
i + β5Racei + ϵi (A.2)

Rather than estimating region-specific occupational wage profiles, we now base our pre-

diction on national averages. Only two occupation by region cells are subject to this

adjustment: Milliners and Loom Fixers, both in the Mountain Division.

Changing Occupation Coding Historically, the Census Bureau has sometimes changed

the codes corresponding to specific occupations. For example, the code for actors (and

actresses) was 13 from 1850 to 1900, 828 in 1910 and 1920, 192 in 1930, 020 in 1940

and 001 in 1950. To ease comparability across census years, all earlier census occupation

codings were also coded into the 1950s classification scheme by IPUMS.28 We exclusively

use the integrated 1950 occupation classification in this paper. The harmonization process

resulted in some 1950 occupation codes being present in earlier samples, but not in 1940.29

For example, the 1950 occupation classification includes one code for mining engineers and

one code for metallurgical engineers, whereas the 1940 occupation classification pools the

two engineering fields. 1930 and 1920 contain mining engineers again. For 1950 occupation

codes that were not present in 1940, we predict fathers’ income via this regression:

ln(Incomei) = β0 + β1Occupation Groupi × State FE

+ β2Agei + β3Age
2
i + β4Racei + ϵi, (A.3)

where an Occupation Group is the broad one-digit occupational category of an occupation.30

A.2. Constructing Comparison Group Samples for Other Pro-

fessions

Since we do not have access to a panel similar to the World of Academia Database for

lawyers and judges, physicians and surgeons, and teachers we need to construct these

samples from the U.S. Census. This is done in four steps:

28See Integrated Occupation and Industry Codes and Occupational Standing Variables in the IPUMS.
29At the writing of this paper, accurate income data from the 1950s census was not available yet.
30Professional, Technical; Farmers; Managers, Officials, and Proprietors; Clerical and Kindred workers;

Sales workers; Craftsmen; Operatives; Service workers (private household); Service workers (not household);
Farm Laborers; Laborers (non-farm). See 1950 Occupation Codes and Groups.
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1. From each available full count census in the coverage period of the World of Academia

Database (1900-1970), extract all observations with 1950 occupation code 55 (Lawyers

& Judges), 75 (Physicians & Surgeons) and 93 (Teachers).

2. Remove all matched academics from this sample.

3. Use Census Linking Project crosswalks to create a panel from the repeated cross-

sections of lawyers & judges, physicians & surgeons, and teachers.

4. Match childhood socio-economic backgrounds as described in Sections 2.2 and 2.2.

Figure A.1: Extended Sample 1900-1969: Correlation of Linking Rates With
Department Quality and Lastname Parental SES Rank

(a) Department Quality
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(b) Department Quality
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(c) Lastname Parental SES Rank

β=0.000
 p-value=0.358
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(d) Lastname Parental SES Rank

β=0.000
 p-value=0.318
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Notes: Panel (a) shows the correlation between a department’s citation rank and the probability of linking
a scientist to a childhood census for the extended sample (1900-1969). Panel (b) shows a binned scatter
plot of the same relationship. Panel (c) shows the correlation between a last name’s SES Rank based on
the entire U.S. census and the probability of linking an academic to a childhood census for the extended
sample (1900-1969). Panel (d) shows a binned scatter plot of the same relationship. Bins are chosen
according to Cattaneo et al. (2024).
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B Socio-Economic Background and the Probability

of Becoming an Academic: Additional Results

Representation of Academics by Socio-Economic Background

Figure B.1: Representation by Socio-Economic Background, Excluding Chil-
dren of Professors

(a) With Regional Variation
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(b) Without Regional Variation
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Notes: The figure shows the representation of academics based on their socio-economic background,
excluding academics who are children of professors. We proxy socio-economic background with the father’s
income rank based on predicted income as described in section 2.2. The horizontal line represents a
hypothetical equal representation from all income ranks.
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Figure B.2: Extended Sample 1900-1969: Representation by Socio-Economic
Background

(a) With Regional Variation
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(b) Without Regional Variation
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Notes: The figure shows the representation of academics based on their socio-economic background for
the extended sample (1900-1969). We proxy socio-economic background with the father’s income rank
based on predicted income as described in section 2.2. The horizontal line represents a hypothetical equal
representation from all income ranks.
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Figure B.3: Representation by Socio-Economic Background, Alternative Mea-
sures of SES: HISCLASS
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(b) Main Sample 1900-1956
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(c) Extended Sample 1900-1969
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(d) Extended Sample 1900-1969
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Notes: The figure shows the representation of academics based on their socio-economic background. We
proxy socio-economic background with HISCLASS, a measure of the social standing of a father’s occupation
(van Leeuwen and Maas, 2011). In panels a) and c), the orange bars indicate the share of individuals
from a particular HISCLASS in the census. Compared to the census, academics are disproportionately
children of fathers in higher status occupations (higher professionals). Panels b) and d) show the share
of academics from a HISCLASS relative to the share of the population from the same HISCLASS. The
horizontal line represents a hypothetical equal representation of these HISCLASS’ in the population of
academics.
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Figure B.4: Representation by Socio-Economic Background, Alternative Mea-
sures of SES: Duncan Socioeconomic Index

(a) Main Sample 1900-1956
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(b) Extended Sample 1900-1969
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Notes: The figure shows the representation of academics based on their socio-economic background.
We proxy socio-economic background with the Duncan Socioeconomic Index (SEI), a measure of the
social standing of a father’s occupation. SEI reflects the income level and educational attainment of an
occupation in 1950. For details, see IPUMS (2024b). SEI is an ordinal measure of occupational social
status with gaps, which we group into 9 categories. For example, the top category, 81+, contains SEI
81-87 (no gaps), 90, 92, 93 and 96. SEI 89 does not exist in the census data of the relevant period. The
horizontal line represents a hypothetical equal representation of these SEI categories in the population of
academics.
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Representation Over Time

Figure B.5: Extended Sample 1900-1969: Representation by Socio-Economic
Background Over Time
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Notes: The figure shows the representation of academics based on their socio-economic background over
time. Each line represents the percentage of all academics whose fathers are from specific income percentile
ranks. For example, the top line indicates the percentage of academics whose fathers are in the top 20
income percentile ranks.

Representation in Academia versus Other High-Skilled Professions

Representation in Academic Disciplines and Universities: Additional Results
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Figure B.6: Extended Sample 1900-1969: Comparison to other High-Skilled
Professions
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Notes: The figure compares the representation of academics based on their socio-economic background
to representation in other professions. The representation in other professions is based on U.S. census
samples of lawyers & judges, physicians & surgeons, and teachers that match the sample of academics
(see Appendix A.2. for details).
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Figure B.7: Extended Sample 1900 - 1969: Representation by Discipline
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Notes: The figure shows the representation of academics based on their socio-economic background
by academic discipline. We proxy socio-economic background with the father’s income rank based on
predicted income as described in section 2.2. Each color shows the percentage of academics whose fathers
were in a specific quintile of the predicted income distribution. E.g., the white bar shows the percentage
of academics whose father was in the top 20 percentiles of predicted income.
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Figure B.8: Extended Sample 1900 - 1969: Discipline Mathematics vs. Lan-
guage Requirements and Representation
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Notes: The figure shows the share of academics from the top quintile of the distribution of socio-economic
background by academic discipline in relation to the importance of quantitative relative to verbal skills
in the discipline for the extended sample (1900-1969). We proxy socio-economic background with the
father’s income rank based on predicted income as described in section 2.2. We proxy the importance of
mathematics relative to language skills with the ratio of the average GRE quantitative score to the average
verbal reasoning GRE of test takers intending to pursue a graduate degree in the respective discipline.
GRE score data come from (ETS) (2009), Extended Table 4. The size of the circles indicates the number
of academics in the respective discipline in our data.
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Figure B.9: Extended Sample 1900 - 1969: Selection by University
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Notes: The figure shows the representation of academics based on their socio-economic background by
university. We proxy socio-economic background with the father’s income rank based on predicted income
as described in section 2.2. Each color shows the percentage of academics whose fathers were in a specific
quintile of the predicted income distribution. E.g., the white bar shows the percentage of academics whose
father was in the top 20 percentiles of predicted income.
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C Socio-Economic Background, Scientific Publica-

tions, and Novel Scientific Concepts: Additional

Results

Table C.1: Socio-Economic Background and the Distribution of Publications

Publication Percentiles
Discipline Cohort 50th 70th 90th 95th 97th 99th

Biochemistry
1900 1 6 6 6 6 6
1914 8 13 44 54 58 58
1925 3.8 9 18 28 30 40
1938 3 5.5 15.5 22.5 25 57
1956 4 10 21.5 30 36 50
1969 5 11 30 41 52 70

Biology
1900 0 1 4 7 10 26
1914 1 2.5 9 13 18 25
1925 0 2 7 11 13 19
1938 0 2 6 10 13 20
1956 1 2 8 11 15 21
1969 1 4 12 18 22.5 33

Chemistry
1900 0 1 6 11 15 58
1914 1 3 13 19.3 24.5 50.5
1925 1 3 13 23 27 54
1938 1 4 16 24 31 63
1956 1.5 6 21 33 42 64
1969 2 6 24 39 51 76

Mathematics
1900 0 0 3 6 6 13
1914 0 0 5 8 11 17
1925 0 0 2 6.5 9 19
1938 0 0 4 8 12 18.5
1956 0 0 5 8 11 17
1969 0 2 9 13 16 24

Medicine
1900 0 1 6 9 12 18
1914 1 3 11 16 21 32
1925 1 4 13 21 25 42.5
1938 1 5 15 22 28 44
1956 2.5 7 20 31 40 59
1969 3 9 26 40 52 86.9

Physics
1900 0 1 7 15 19 37
1914 1 3 10 12 19 32
1925 0 2 8 17 24 40
1938 1 3 10 16 19 30
1956 1 5 14 21 26 38
1969 3 9 21 31 39 58

Notes: The table displays the number of publications that place academics in
each of these percentiles by discipline and cohort.
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Table C.2: Socio-Economic Background and the Distribution of Publications

Dependent Variable: Publication Count in Percentile
0 − 50 > 50 − 70 > 70 − 90 > 90 − 95 > 95 − 97 > 97 − 99 > 99 − 100

(1) (2) (3) (4) (5) (6) (7)

Panel A: 1914 – 1956

Parental SES Rank -0.00042** 0.00009 0.00036** 0.00000 0.00006 -0.00002 -0.00007*
(0.00019) (0.00014) (0.00015) (0.00008) (0.00005) (0.00006) (0.00004)

R2 0.09 0.03 0.03 0.02 0.02 0.02 0.01
Observations 12,767 12,767 12,767 12,767 12,767 12,767 12,767
Dependent Variable Mean 0.586 0.141 0.180 0.044 0.020 0.019 0.010

Panel B: 1914 – 1969

Parental SES Rank -0.00029* 0.00006 0.00028** 0.00010 -0.00007 -0.00002 -0.00006
(0.00017) (0.00013) (0.00014) (0.00007) (0.00005) (0.00005) (0.00004)

R2 0.08 0.03 0.03 0.02 0.01 0.01 0.02
Observations 15,521 15,521 15,521 15,521 15,521 15,521 15,521
Dependent Variable Mean 0.557 0.168 0.185 0.045 0.017 0.019 0.008

Demographic Controls Yes Yes Yes Yes Yes Yes Yes
Childhood State FEs Yes Yes Yes Yes Yes Yes Yes
Cohort FEs Yes Yes Yes Yes Yes Yes Yes
Uni State FEs Yes Yes Yes Yes Yes Yes Yes
Discipline FEs Yes Yes Yes Yes Yes Yes Yes

Notes: The table reports the estimates of Equation (3).The dependent variable is an indicator whether an academics publication count falls
into a certain range of publication percentiles. Publication counts are an academic’s total number of publications that were published in a ±
5-year window around the cohort when academic i enters the faculty rosters. The main explanatory variable is the SES rank of the father, as
measured by the percentile in the predicted income distribution of academic i’s father. Standard errors are clustered at the level of father’s
occupation, childhood state, and birth year. Significance levels: ∗∗∗ p<0.01, ∗∗ p<0.05, and ∗ p<0.1.
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Table C.3: Socio-Economic Background and Novelty: Excluding the 10,000
Most Common Words

Dependent Variable: Papers with Novel Words Std. Papers with Novel Words

(1) (2) (3) (4) (5) (6)

Panel A: 1914 – 1956

Parental SES Rank -0.00084* -0.00097** -0.00096** -0.00068 -0.00085* -0.00084*
(0.00048) (0.00048) (0.00048) (0.00043) (0.00043) (0.00044)

R2 0.01 0.02 0.05 0.01 0.02 0.02
Observations 11,972 11,972 11,972 11,972 11,972 11,972
Dependent Variable Mean 0.305 0.305 0.305 -0.003 -0.003 -0.003

Panel B: 1914 – 1969

Parental SES Rank -0.00073* -0.00082** -0.00082** -0.00070* -0.00081** -0.00082**
(0.00042) (0.00042) (0.00042) (0.00037) (0.00038) (0.00038)

R2 0.01 0.02 0.04 0.01 0.02 0.02
Observations 14,726 14,726 14,726 14,726 14,726 14,726
Dependent Variable Mean 0.295 0.295 0.295 -0.011 -0.011 -0.011

Demographic Controls Yes Yes Yes Yes Yes Yes
Childhood State FEs Yes Yes Yes Yes Yes Yes
Cohort FEs Yes Yes Yes Yes Yes Yes
Uni State FEs Yes Yes Yes Yes
Discipline FEs Yes Yes

Notes: The table reports the estimates of Equation (5). The dependent variable measures the number of publications which
introduce at least one novel word and were published in a ± 5-year window around the cohort when academic i enters the
faculty rosters. We exclude the 10,000 most common words. We standardize the novel word measure to have a mean of 0
and a standard deviation of 1 within disciplines and cohorts. The main explanatory variable is the SES rank of the father,
as measured by the percentile in the predicted income distribution of academic i’s father. Standard errors are clustered at
the level of father’s occupation, childhood state, and birth year. Significance levels: ∗∗∗ p<0.01, ∗∗ p<0.05, and ∗ p<0.1.
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Table C.4: Socio-Economic Background and Novelty: Excluding the 36,872
Most Common Words

Dependent Variable: Papers with Novel Words Std. Papers with Novel Words

(1) (2) (3) (4) (5) (6)

Panel A: 1914 – 1956

Parental SES Rank -0.00094** -0.00107** -0.00106** -0.00081* -0.00098** -0.00099**
(0.00048) (0.00047) (0.00047) (0.00043) (0.00044) (0.00044)

R2 0.01 0.02 0.05 0.01 0.02 0.02
Observations 11,972 11,972 11,972 11,972 11,972 11,972
Dependent Variable Mean 0.296 0.296 0.296 -0.003 -0.003 -0.003

Panel B: 1914 – 1969

Parental SES Rank -0.00080* -0.00088** -0.00088** -0.00079** -0.00090** -0.00092**
(0.00042) (0.00041) (0.00041) (0.00038) (0.00038) (0.00038)

R2 0.01 0.02 0.04 0.01 0.02 0.02
Observations 14,726 14,726 14,726 14,726 14,726 14,726
Dependent Variable Mean 0.287 0.287 0.287 -0.011 -0.011 -0.011

Demographic Controls Yes Yes Yes Yes Yes Yes
Childhood State FEs Yes Yes Yes Yes Yes Yes
Cohort FEs Yes Yes Yes Yes Yes Yes
Uni State FEs Yes Yes Yes Yes
Discipline FEs Yes Yes

Notes: The table reports the estimates of Equation (5). The dependent variable measures the number of publications which
introduce at least one novel word and were published in a ± 5-year window around the cohort when academic i enters the
faculty rosters. We exclude the 36,872 most common words. We standardize the novel word measure to have a mean of 0 and
a standard deviation of 1 within disciplines and cohorts. The main explanatory variable is the SES rank of the father, as
measured by the percentile in the predicted income distribution of academic i’s father. Standard errors are clustered at the
level of father’s occupation, childhood state, and birth year. Significance levels: ∗∗∗ p<0.01, ∗∗ p<0.05, and ∗ p<0.1.
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D Socio-Economic Background and Recognition: Ad-

ditional Results

17



E Socio-Economic Background and Discipline Choice:

Additional Results

Figure E.1: Extended Sample 1900-1969: Father’s Occupation and Discipline
Choice
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Notes: The figure shows the relationship between father’s occupation (rows) and the children’s academic
discipline choice (columns) for selected father’s occupation - discipline pairs. Darker shades indicate more
extreme levels of overrepresentation as measured by eq. (8).
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Figure E.2: Extended Sample 1900-1969: Overrepresentation in Semantically
Closest Discipline
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Notes: The figure shows overrepresenation as measured by eq. (8) in the father’s occupation-discipline
pair whose name (e.g., “agriculture”) is semantically closest to the text string of the father’s occupation
(e.g., “farmer”) as well as all other the relationship between father’s occupation (rows) and the children’s
academic discipline choice (columns) for selected father’s occupation - discipline pairs. Darker shades
indicate more extreme levels of overrepresentation as measured by .
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Figure E.3: Robustness –Overrepresentation in Semantically Closest Discipline

(a) One SD Cosine Similarity Cutoff
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(b) No Cosine Similarity Cutoff
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Notes: The figure shows overrepresentation as measured by equation 8 in the father’s occupation-discipline
pair whose name (e.g., “agriculture”) is semantically closest to the text string of the father’s occupation
(e.g., “farmer”) as well as all other father’s occupation-discipline pairs. Panel a defines the closest discipline
as the discipline that is semantically closest, and the cosine similarity is at least one standard deviation
above the mean of all cosine similarities of all father’s occupation-discipline pairs. Panel b defines the
closest discipline as the discipline that is semantically closest without enforcing a further cutoff on the
cosine similarity.
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