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Abstract

We examine long-term trends in faculty compensation in North America using
comprehensive administrative data covering most research institutions. We document
three primary facts. First, wage dispersion across academic fields has widened sig-
nificantly over the past 50 years, with economics, business, and especially finance
exhibiting a large and growing premium. Second, across fields, faculty wage premia
are strongly and positively correlated with the earnings premia of students in the same
field. Third, the supply of PhD students relative to field size varies across fields, with
high paying fields training relatively fewer PhD students. Using granular data at the
university-field-year level, we estimate the elasticity of faculty pay with respect to stu-
dents’ post-graduation earnings to be around 0.7. This elasticity varies significantly
across fields and has increased over time. Our results align with a model of occupa-
tional choice, where higher industry wages simultaneously increase demand for faculty,
through greater student enrollment and university revenues, and raise the opportunity
cost of doctoral training. Overall, our findings illustrate how academic wages are in-
creasingly shaped by broader labor market dynamics, with field-specific characteristics
affecting the transmission of private-sector wage differentials into growing faculty pay
dispersion.
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1 Introduction

While the aggregate returns to postsecondary education have risen substantially since
the late 1970s (Goldin and Katz|2008), these gains have been highly heterogeneous across
fields of study. Substantial earning differentials persist even when accounting for institution
type, selectivity, and peer quality (Kirkebgen et al.[2016)), often surpassing the gap between
high school and college graduates (Altonji et al.|[2012). These inter-field disparities have
widened over time (Altonji et al. 2014).[] As a result, the choice of college major has become
a crucial determinant of the level, trajectory, and risk of lifetime earningsﬂ

Although a growing literature investigates the influence of heterogeneous returns to ed-
ucation across fields on student educational, career, and financial choices, little is known
about their effects on the supply side of education, particularly regarding faculty pay de-
termination Y| Beyond their implications for tuition and university costs, faculty wages may
affect the allocation of talent across fields, the quality of instruction, and innovation Y] Prior
research offers suggestive evidence of a widening dispersion in faculty wages across aca-
demic fields (e.g., Bowen and Schuster (1986)); Bellas| (1997)); Hearn| (1999); Ehrenberg et al.
(2006)); Courant and Turner (2019)), but a comprehensive assessment is lacking. This paper
asks three questions: How has the distribution of faculty wages across fields evolved over
recent decades? To what extent does this dispersion reflect the labor market outcomes of
students in each field? If a relationship exists between faculty pay and students’ earnings,
is it uniform across fields, and what economic mechanism drives it?

This paper documents a secular increase in faculty wage dispersion across fields since the
1970s and a strong relationship between academic compensation and field-specific returns
to higher education. We estimate an average elasticity of 0.7 for faculty pay with respect to
their student earnings, and show that it varies across fields. Consequently, both rising inter-
industry wage differentials and cross-field heterogeneity in this elasticity drive the widening

dispersion in academic wages. To explain these empirical patterns, we develop a framework

1See [Altonji et al.| (2016) and |Lovenheim and Smith| (2023) for a review of the literature on returns to
college majors.

2The literature investigating the labor market outcomes of college major choices includes [Arcidiacono
(2004); Hamermesh and Donald| (2008); |Altonji et al. (2012)); Hastings et al.| (2013)); |Andrews et al.| (2017));
Andrews and Stange| (2019)); [Hampole| (2024)); |Andrews et al.| (2024).

SRecent studies on the effects of earning differentials across majors on the supply side of education, such
as|Conzelmann et al.| (2023)) and |Light| (2024]), explore impacts on course offerings and the number of degrees
awarded.

4In 2022, faculty salaries accounted for an average of 62 percent of instructional expenditures at four-year
postsecondary institutions, according to the Integrated Postsecondary Education Data System (IPEDS).



in which higher industry wages affect faculty pay through two complementary channels:
a demand-side channel, where increased student demand for high-earning fields generates
greater university revenues and raises demand for faculty, and a supply-side channel, where
the opportunity cost of doctoral training rises with industry wage premiums. We provide
empirical evidence suggesting that idiosyncratic field characteristics affect the transmission
of labor market shocks to the academic wage structure through these two channels.

To conduct our empirical analysis, we first assemble a longitudinal administrative dataset
of faculty across most research institutions in the United States and Canadal’| This dataset
includes detailed information on the academic field, rank, compensation, and institutional
affiliation of around 330,000 faculty across 1,459 universities and 20 fields from 1993 to
2024, resulting in more than 1.49 million individual-level observations. We construct the
core of this database using public record requests in accordance with the freedom of infor-
mation laws to most public four-year institutions in North America. To extend coverage
to private universities and additional public universities, we supplement these records with
data from green card and H1B visa applications, leveraging the significant share of non-U.S.
citizens employed in academia. Finally, we append historical institutional survey data at
the university—field level dating back to 1974.

We map each faculty into a standardized academic field from the Classification of In-
structional Program (CIP) from the U.S. Department of Education using a text-based clas-
sification algorithm and department names. We retrieve these department affiliation from
three sources: the raw administrative data (65 percent of observations, corresponding to
72 percent of unique faculty), historical conference or academic directories, and results of
automated Google searches using faculty names and university affiliations.

We merge this faculty pay dataset with a yearly panel of student post-graduation earn-
ings at the university-field and academic program level, constructed using the U.S. Census
Bureau’s Post-Secondary Employment Outcomes (PSEQO) data. The PSEO links gradua-
tion records from post-secondary institutions with longitudinal administrative earnings data,
providing median earnings one, five, and ten years after graduation across academic pro-
grams, along with data on industry and geographic placement. Our matched dataset covers
368 universities, 76% of the 480 four-year institutions included in the PSEO, and constitutes
a yearly panel of 3,700 academic programs over the 2002-2022 period. Finally, we complete

our dataset with two additional sources: (i) the annual counts of degrees conferred by field

5We define “universities” as post-secondary institutions that award four-year bachelor’s degrees.



and university from the Integrated Postsecondary Education Data System (IPEDS), and (ii)
measures of faculty research impact, including their citation counts, from the bibliographic
database Scopus.

We establish three primary empirical facts using this comprehensive dataset. First, wage
dispersion across fields has widened steadily since the 1970s, driven primarily by business,
law, economics, and especially financel] The premium for finance professors relative to
the average across all fields has risen from approximately 10% in the 1970s to over 80% in
the 2020s, while the discount for humanities professor has increased from 6% to 20%, so
that the relative pay gap between the highest- and lowest-paying fields has widened more
than sixfold. In the 2020s, finance professors earn 120% more on average than philosophy
professors, a gap that is twice higher than between humanities faculty and kindergarten
teachers[] While these trends hold across all faculty ranks and institutions, whether they
are public or private, with a high or low research intensity, they are even more pronounced at
research-intensive universities and for assistant professors. Within each field, pay dispersion
has also widened across universities, across states, and across academic ranks. However,
we focus our analysis on academic fields, as this is the margin along which the returns to
education are most heterogeneous and have widened the most.

Second, faculty pay is positively correlated with student post-graduation earnings in the
cross section of academic fields. Specifically, the average faculty wage premium by field,
estimated after controlling for rank, year, and affiliation, exhibits a robust relationship with
the corresponding wage premium earned post-graduation across majors, adjusted for socio-
demographic characteristics. Compensation in higher education is thus partially aligned
with the labor market outcomes of graduates. However, the ratio of faculty wage premiums
to student earnings premiums varies widely across disciplines, pointing to heterogeneity in
the elasticity of faculty pay with respect to their students’ labor market returns.

Third, the ratio of annually conferred PhD degrees to the total number of students within
each field varies widely across disciplines, from 0.1 percent to 5 percent, and the ranking
of fields along this dimension has been stable over three decades. Among the ten highest-
paying fields, faculty compensation is negatively correlated with this ratio. These patterns

suggest field-specific characteristics leading to frictions resulting in persistent imbalances

SWe group accounting and finance together in the field referred to as finance.

7Annual wages in May 2022: kindergarten teachers - $60,490, elementary teachers - $61,690, high school
teachers - $62,360. Data source: Bureau of Labor Statistics, U.S. Department of Labor, Occupational
Outlook Handbook.



between student demand and faculty supply.

Having established these three stylized facts, we turn to estimating the elasticity of
faculty pay to post-graduation earnings and its heterogeneity across fields to make progress
towards a causal interpretation of this relationship and uncover the mechanism at play.

We begin by estimating a panel regression model that relates faculty pay to students’
post-graduation earnings, using our yearly panel of academic programs from 2002 to 2022.
The model includes three alternative sets of fixed effects to isolate different sources of vari-
ation: rank-by-year fixed effects (to estimate the elasticity across all observations), com-
plemented by university-by-year fixed effects (to estimate elasticities across fields within
universities), or field-by-year fixed effects (to estimate elasticities across universities within
fields). Across all specifications, we find that academic wages are strongly related to un-
dergraduate student wages, with elasticities in the range of 0.4 to 0.7. The elasticity is of
similar magnitude across fields within a university and across universities within a field,
indicating that a single price relationship governs both margins. This relationship remains
consistent whether the elasticity is measured within universities across fields, within fields
across universities, or using student earnings at the 25th, 50th (median), or 75th percentiles.
To further validate our findings, we replicate the analysis using College Scorecard data on
median student earnings one year after graduation and obtain similar estimates.

We next develop an empirical setting akin to a shift-share instrument for student future
earnings, based on persistent program placement patterns. Our identification strategy aims
at addressing concerns over measurement error, resulting from IPEDS data limitations, re-
verse causality — well paid academics might deliver higher value education that is recognized
as so in the labor market — and more generally unobserved variable bias. We construct a
synthetic wage index at the university-by-field level, based on the industries and geograph-
ical areas where the university has historically placed students from that field, combined
with the data from the American Community Survey (ACS) on wages in those industries
and areas. The intuition behind the instrument is that, all else being equal, faculty in
universities or fields that historically place students in regions and industries experiencing
disproportionate wage growth see an increase in student post-graduation earnings plausibly
exogenous to the contemporaneous quality of education they provide.

The elasticity estimated through instrumental variable analysis is of similar magnitude

to that obtained from the OLS regressions, thereby alleviating concerns about potential



endogeneity from the sources previously discussed | In addition, this instrument allows us
to estimate the elasticity within academic program across time by addressing PSEO data
limitations in the time series, such as changes in sample representativeness across years.
Hence, our preferred specification includes university x field fixed effects, which absorb cross-
sectional variation across universities and fields, as well as year fixed effects, which account
for aggregate time trends. Identification in this framework arises from university-field-
specific shocks in the instrument. Using this specification, we estimate a within-academic-
program-over-time elasticity of 0.5 to 0.7. Thus, the widening dispersion in student future
earnings across industries over recent decades has contributed significantly to the growing
heterogeneity in faculty pay across academic fields.

However, the increasing dispersion of academic wages results also from a pronounced
heterogeneity across fields in the elasticity of faculty pay to their student future earnings.
Measuring elasticities within each field reveals for instance that the elasticity of faculty
pay to student earnings in finance and economics is two to three times higher than the
average. In contrast, the elasticity is much lower than average in languages, education,
law, and physics. In addition, our instrument does not rule out all sources of endogeneity.
Specifically, one cannot exclude that industry-specific shock affect also the opportunity cost
of starting a PhD, hence tightening the faculty labor market and affecting wages through a
less direct channel.

To interpret this heterogeneity, we develop a simple framework building on the model of
the labor market for skilled professionals of [Ryoo and Rosen! (2004), in which occupational
wages respond to shifts in demand and imperfect supply adjustments amplify that response.
Academia has a distinctive feature: the same forces that drive the demand for professors also
restrict their supply. Higher industry wages raise the private returns to education and hence
student demand, leading universities to expand faculty positions; they simultaneously raise
the opportunity cost of doctoral training, shrinking the pool of future professors. This dual
effect amplifies demand-supply mismatches and generates large, persistent wage responses,
to an extent that depends on how student demand translates into university revenues and
on field-specific frictions in the supply of PhD.

We derive from this framework a taxonomy of field characteristics that should shape

the elasticity, and we test the corresponding predictions across split samples. The elasticity

8 A leave-out-mean approach for student post-graduation earnings, where we instrument student earnings
with the average earnings of students in the same field and state excluding their own institution, confirms
our findings.



is higher in fields whose revenues are more sensitive to student demand, proxied by labor
intensity, the incremental return to a master’s degree, and donation intensity. Similarly, we
find a higher elasticity in fields with tighter PhD supply, proxied by the industry return
to a doctorate and the share of research and teaching inputs supplied by PhD students.
Two equilibrium patterns corroborate the framework: university revenue per professor is
higher in high-paying fields, and returns to research impact are higher in fields with a high
elasticity, consistent with universities competing for a scarce pool of talent.

Finally, we show that outside options shape faculty pay mainly through entry into doc-
toral training rather than through the threat of exit for incumbent faculty, and discuss the
implications of our findings for the cost structure and accessibility of higher education.

Our study contributes to the literature on the determinants of academic wages, such as
publications (Katz||1973; Tuckman and Leahey|1975; Swidler and Goldreyer|[1998; |Garfinkel
et al.|2024)), citations (Katz 1973; Hamermesh 2018a)), department performance (De Fraja
et al.|2020)), seniority (Ransom|[1993; Moore et al.|1998; Hilmer and Hilmer||2011)), university
monopsony power (Ransom! (1993} |Goolsbee and Syverson|2023), university rank (Kim et al.
2009) and attributes such as race or gender (Gordon et al.||[1974; |[Hoffman |1976)), including
a more recent focus on finance within business schools (Sherman and Tookes 2022; Lowry
et al. 2025). Closest to our question, Ehrenberg et al| (2006) ask why field differentials
vary across universities in the cross section, while |[Ehrenberg| (2012)) documents the broader
financial transformation of the sector. We differ by measuring these differentials at the
individual level over five decades, and by relating them to an external price, the post-
graduation earnings of the students trained in the same field. Borjas and Doran| (2012)
show that academic labor markets are segmented by field and respond sharply to supply
shocks, a premise our framework builds on. Our contribution to this literature is threefold.
We assemble the first individual-level panel of faculty pay covering five decades, twenty
fields, and most North American universities. We match it to the post-graduation earnings
of the students trained in the same program, a linkage no prior work has established. And
we estimate the elasticity between the two, document its heterogeneity across fields, and
rationalize both in a demand-and-supply framework. Our findings also uncover the growing
connection between academia and broader labor market dynamics/)

Second, our work relates to the literature on wage differentials across industries, skills,

90ur findings also provide evidence consistent with the rationale behind the field differentials documented
since the mid-1980s by studies such as Bowen and Schuster| (1986)), Hearn| (1999)), and Bellas| (1997)).



and majors and their broader implicationsﬂ Several studies show how earnings levels
(Arcidiacono|[2004; Wiswall and Zafar 2014} 2015)), trajectories (Hampole 2024), and risks
(Nielsen and Vissing-Jgrgensen![2006; Bonin et al.|2007; |Dillon |2018; Saks and Shore|[2005)

affect occupational and education choices. Differences in wage returns to majors can also
explain long-term changes in inequality and earnings differences across gender and race
(Grogger and Eide|[1995; Brown and Corcoran|/1997; [Weinberger| 1998 (Gemici and Wiswall
and the “collegiate regressivity” documented in Bleemer and Quincy| (2025). This

paper illustrates how wage differentials across industries can have long-reaching effects by

influencing the wages of academic faculty, which in turn act as a price signal that can affect
talent allocation, learning, and innovation in the economy.

Third, we add to the growing literature on the production function of higher education

by documenting heterogeneous labor costs across fields. |Johnson! (2009) and Middaugh et al.|

(2003)) provide evidence that instructional costs vary substantially across fields and tend to
be higher for STEM courses, as well as courses in education, art, and nursing.

and Zimmerman| (2019)) estimate net returns to college majors by considering heterogeneous

student earnings and costs. Our findings document empirically which fields are associated
with higher labor costs and which field characteristics drive this heterogeneity.

More generally, our study informs the ongoing debate on the role of universities and
their relationship with markets and societies. The literature has documented a shift from
the traditional model of public good knowledge production to a framework where universi-

ties compete in a market for knowledge through their research and instruction (Slaughter

land Rhoades [2004). The economic counterpart of this shift is the decline in public funding
and the associated rise in tuition (Ehrenberg2012; Bound et al.|2019). Our study provides

evidence of the increasing interconnectedness of universities with broad labor market dy-
namics. This ties into a longstanding debate about whether universities should be insulated
from market forces to produce knowledge for its own sake or whether they should focus on

producing marketable skills (Veblen!|[1918; Bloom|/1987)).

Our paper also relates to the literature on rent-sharing between employers and employ-

ees, which competition for a limited pool of talent can drive (Gabaix and Landier| [2008;

\Guadalupe| 2007} ' Tervio| 2009; |Glode and Lowery|2016). We document how the returns to

talent vary across academic fields.

10Gee the literature on inter-industry wage differentials. Since the 1980s, the finance industry, for example,
has offered increasingly higher and more skewed wages compared to other sectors (Philippon and Reshef]
2012; (Célérier and Vallée|2019).




The paper is organized as follows. Section [2| describes the faculty and student employ-
ment outcome data we collected across U.S. and Canadian universities over 50 years. Section
provides stylized facts on faculty pay. Section {4 investigates the causal relationship be-
tween student earnings and faculty pay. Section |5 develops our theoretical framework to
explore the potential channels at play. Section [0] discusses alternative explanations and

implications. Section [7] concludes.

2 Data Sources and Methodology

This section describes the construction of the panel dataset of faculty pay across fields,
universities, academic ranks, and years, and explains how we merge these individual-level
faculty salaries with student post-graduation earnings. Throughout our analysis, we de-

fine “universities” as four-year post-secondary institutions that offer bachelor’s or graduate

degrees[]

2.1 Faculty Wages: Sources

We build a dataset of individual-level faculty salaries using data from two primary sources:
Freedom of Information Acts (FOIA) requests and H-1B or green card applications. We
extend this dataset back to 1974 using field-year-rank level data from historical archives.
Figure [1| summarizes the university coverage of our dataset over time in Panel A and by
state in Panel B. In total, our individual-level faculty salary dataset covers 1,459 universities
across all U.S. states and Canadal’] These institutions grant over 85% of the bachelor
degrees conferred by four-year colleges in the U.S. as of 2019 and employ over 85% of

tenure-track professors at such institutions in the same academic year["]

INSERT FIGURE [l HERE

1 Accordingly, we exclude community colleges, which typically offer two-year programs.

12 According to the U.S. Department of Education, there were 2,679 four-year post-secondary institu-
tions in 2019-2020 in the U.S. https://nces.ed.gov/programs/digest/d20/tables/dt20_317.10.asp?
current=yes

¥We use data from the Integrated Postsecondary Education Data System (IPEDS) on enrolled students
and professors across universities and degrees.



https://nces.ed.gov/programs/digest/d20/tables/dt20_317.10.asp?current=yes
https://nces.ed.gov/programs/digest/d20/tables/dt20_317.10.asp?current=yes

2.1.1 Public Record Requests

We collect faculty wages at public universities by submitting public record requests across
U.S. states and Canadian provinces, or by extracting information directly from university
or state agency websites when publicly available. Coverage varies by state and institution,
both in the period spanned and in whether teaching-track faculty, total compensation, and
department affiliation are disclosed. Section ??7 in the Internet Appendix describes the
collection protocol and the construction of the individual records, and Table ?? reports
coverage by state.

Our final dataset compiled from public record requests covers approximately 387 public
universities across all U.S. states, over the 1993 to 2024 period. These institutions, which
represent 50% of all U.S. public four-year institutions, account for more than 90% of all
bachelor’s degrees granted by these institutions in 2019E] The dataset also includes the
16 Canadian public universities located in Ontario, as well as the University of British
Columbia. It comprises over 2.5 million observations and 480,000 unique combinations of

first name, last name, and university, which we classify across academic fields.

2.1.2 Green Card and H-1B Application Data

We complement our dataset from public record requests with data on green card and H-1B
applications, enabling broader coverage across universities, including private institutions.
According to the National Study of Postsecondary Faculty, 17% of tenure track faculty are
not U.S. citizens. The U.S. Department of Labor provides public access to these applications
through its Employment and Training Administration.[:sl We use green card applications
from 2005-2024 and H-1B applications from 2010-2024, which include anonymized infor-
mation on wages, employer, occupation, and position at the application level. Section ?7?
describes how we identify academic employees and avoid double-counting with the public
records. We arrive at an anonymized wage dataset of around 82,000 faculty over the 2005-
2024 period working across 1,459 universities, which we append to our public record request

dataset.

YThere were 772 four-year public institutions in the U.S. in 2019-2020. https://nces.ed.gov/
programs/digest/d20/tables/dt20_317.10.asp?current=yes|
Data available at https://www.flcdatacenter.com/.
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2.1.3 Faculty Survey Data from 1974

We extend the sample back to 1974 using data collected from a survey of public universities
available in the Oklahoma State University historical archives. For over five decades, the
National Association of State Universities and Land-Grant Colleges (NASULGC) has con-
ducted yearly surveys on faculty pay across fields, compiled by the Office of Institutional
Research at Oklahoma State UniversityE] Each survey includes information on average
salaries and the number of professors across faculty rank, fields, and university categories,
covering an average of 80 public universities.

We digitize and analyze the surveys available in the Oklahoma State University archives
to collect data on academic wages across fields for the 1974-2000 period. Using OCR and
machine learning techniques, we convert the digitized PDF files into tables, extracting both
average salaries and the number of professors by academic field, university categories, and

faculty ranks.

2.2 Classifying Faculty into Academic Fields
2.2.1 Field Definition

To define academic field, we follow the Classification of Instructional Program (CIP) from
the U.S. Department of Education’s National Center for Education Statistics. Introduced in
1980 and periodically revised to reflect changes in academic disciplines, the CIP assigns a six-
digit code to each instructional program. We use the first two digits to define broad academic
fields and the first four digits to identify departments, which correspond to subgroups of
programs with similar content and objectives.

We retain the 18 academic fields from the CIP classification that (i) offer graduate
programs and (ii) represent more than 1% of our sample, with the exception of medicine.
We exclude medicine because wage data in that field often reflect compensation for clin-
ical practice, making it less comparable to other academic fields. Our 18 academic fields
include Agriculture, Architecture, Biology, Business, Communication, Computer Science,
Education, Engineering, English, History, Languages, Law, Maths, Philosophy, Physics,
Psychology, Public Administration, and Social Sciences.

In addition, we single out two departments whose average faculty wages are more than

20% above their parent field averages: (i) Accounting and finance, which we group in one

16See, for example, |Scott and Bereman| (1992)
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department when they are separated, referred to as Finance (parent field is Business), and
(ii) Economics (parent field is Social Sciences). These departments exhibit wage patterns
that diverge significantly from those of their broader academic fields.

Table ??7 in the Internet Appendix lists all retained academic fields, the departments
they encompass, their CIP code, and the keyword strings used to classify faculty into fields
and departments[T|

2.2.2 Field Classification

A key challenge in our analysis is to accurately determine each faculty’s academic field. We
proceed in three steps. For 65% of observations, corresponding to 72% of unique faculty, the
original data include department information, which we map to fields following Table ?? in
the Internet Appendix. Second, we complement this mapping using existing field directories,
augmented with participant lists from major academic conferences. Third, for faculty not
yet classified, we implement automated Google search queries combined with a text-based
classification algorithm, whose accuracy we estimate to be above 90% on the subsample of
faculty whose field is independently known. Section ?? in the Internet Appendix details
the directories and the algorithm. Our final dataset includes all faculty with an identified

academic field belonging to one of the 20 fields retained in our analysis.

2.2.3 Summary Statistics

Table [1| presents summary statistics for our final faculty salary dataset. The table reports
faculty wages, both base salary and total compensation, by teaching or research stream, and
for research faculty, further disaggregates by academic field, rank, university classification,
and data source. The final dataset includes over 1.49 million faculty-year observations,
representing more than 331,000 unique professors employed at 1,459 universities, spanning

20 academic fields over the 1993-2024 period.

INSERT TABLE [l HERE

1"For example, the department “Electrical, Electronics and Communications Engineering,” with CIP code
1410, included in the “Engineering” field, is described as “A program that prepares individuals to apply
mathematical and scientific principles to the design, development and operational evaluation of electrical
and electronic systems and their components, including electrical power generation systems; and the analy-
sis of problems such as superconductor, wave propagation, energy storage and retrieval, and reception and
amplification.” We map this department with the following strings of key words “Electrical Engineering,”
“Electronics,” or “Communications Engineering,” “Electronic Systems,” “Power generation,” “Supercon-
ductor,” “Energy Storage.”
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2.3 Student Post-Graduation Earnings

We construct a panel dataset on student post-graduation earnings and placement by aca-
demic program, university, field, and year for the 2002-2022 period, which we match with
our faculty salary dataset, using the U.S. Census Bureau’s Post-Secondary Employment

Outcomes (PSEO) dataset.

2.3.1 Data Description

The Longitudinal Employer-Household Dynamics program (LEHD) at the U.S. Census Bu-
reau builds the PSEO dataset by matching individuals listed in the graduation records of
participating universities to Census earnings data. Over the 2002-2022 period, 480 four-year
institutions across 31 states have partnered with the Census Bureau.

For each academic program, graduation records include information on student identity,
degree level, field of study, and graduation year. The LEHD then links these records to post-
graduation outcomes, including earnings as well as industry and geographic employment
location. These outcomes are measured one, five, and ten years after graduation. Only
graduates with earnings data for at least three quarters of the reference year and with
annual earnings at or above the full-time federal minimum wage are retained.

For confidentiality reasons, the PSEO dataset reports the median annual earnings in-
stead of individual data, along with the 25th and 75th percentiles, per academic program,
university, and year. In addition, earnings are aggregated into three-year graduation co-
horts for undergraduates and five-year cohorts for graduate students. For placement data,
the dataset reports the number of graduates in each industry and region, which we use
to construct our instrument. Regions follow the nine Census divisions, and the university
region is split between the university’s state and the rest.

Figure [2 summarizes the coverage of the PSEO data across years and its overlap with our
faculty salary data. The figure illustrates the staggered entry of universities in the PSEO
panel over the 2002-2022 period. In total, the PSEO provides post-graduation earnings and
employment outcomes for roughly 10,900 programs in the fields we study at the undergradu-
ate and graduate’s levels across 480 four-year institutions, representing about 50% of major
U.S. public institutions over the 2002-2022 period. Our faculty salary dataset matches a
substantial portion of this sample, covering circa 78% of the academic programs included in

the panel.
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INSERT FIGURE 2 HERE

To assess the robustness of our results, we replicate our analysis using College Scorecard
data. While the Scorecard covers a larger set of universities, it reports outcomes at the
field level only starting in 2015, does not include the placement information required to
construct our instrument, and provides earnings measures only one year after graduation.
Moreover, it reports only median earnings and restricts the sample to students who received
financial aid. We provide additional details on the Scorecard data and the corresponding

methodology in the Internet Appendix.

2.3.2 Linking Methodology

We link our faculty pay dataset with the PSEO panel data at the academic program level.
We do not match the two datasets at the faculty level because (i) our dataset on faculty
pay is not exhaustive in most universities and fields, especially when the main source is the
H1B or Greencard application records, (ii) professors often teach across multiple academic
programs. We therefore proceed in three steps.

First, we construct the PSEO panel as follows. We restrict the PSEO data to all under-
graduate and graduate academic programs included in our 20 academic fields and offered
by four-year institutions[™| To obtain a yearly panel over the 2002-2022 period, we infer
survey years and expand each cohort observation across the relevant survey windows, i.e.,
three years for undergraduate cohorts and five years for graduate cohorts, repeating iden-
tical earnings values within each window.ﬂ All earnings measures are converted to current
dollars to ensure consistency with our faculty salary data. Finally, we expand the PSEO
data panel to align with the faculty pay panel across the three academic ranks, resulting in
a dataset structured at the academic program x rank x year level. The panel includes each
academic program’s university and field information.

Second, we aggregate our faculty salary dataset, after keeping only research tenure-track
faculty, at the field x university x rank x year level using mean salaries, with each cell
representing, on average, five individual observations.

Third, we link the two datasets at the academic program x rank X year level using

18We map each PSEO academic program to one of our 20 academic fields using its CIP code.

19We approximate annual enrollment using the number of graduates in each cell, dividing by cohort length
and multiplying by program length (four years for undergraduate programs and two years for graduate
programs). For example, if a three-year undergraduate cohort includes 300 graduates, we impute 100
graduates per year and, assuming a four-year program, approximate 400 enrolled students per year.
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the information on the academic’s program field and university. The final matched panel
is therefore structured at the academic program x rank x year level and links faculty pay
in a given program, university, year, and rank to the earnings of students who graduated
from that program one, five, or ten years earlier. This final sample includes around 172,000
observations across 368 universities, covering around 3,700 academic programs per year,

expanded across the three academic ranks, over the 2002-2022 period.

2.3.3 Summary Statistics

Table [2| provides summary statistics on student post-graduation earnings in our final merged
dataset, when we keep only one observation per academic program, university, and year, i.e.

we collapse all ranks.

INSERT TABLE 2 HERE

2.4 Additional Data

Yearly Panel of Student and PhD Count across Fields and Universities

We supplement our dataset with information on the number of degrees conferred across
fields, universities, and years using data from IPEDS. The IPEDS dataset provides the
annual numbers of bachelor’s, master’s, and PhD degrees awarded by each post-secondary
institution across its academic programs starting from the 1983-1984 academic year.

We build a yearly panel dataset of the number of students across fields and universities
by multiplying the number of degrees granted in a field and university as a major by the
normal completion time in years for this degree’] Table ?? in the Internet Appendix
provides summary statistics on the yearly number of students across fields, universities and
periods.

In addition, this data provides us with the count of conferred PhD degrees across fields
(and universities). When scaled by the total number of students or faculty in their field, we

interpret these quantities as a proxy for the supply of candidates for faculty positions at the

field level.

Donations across Fields
We obtain data on donations from the Chronicle of Philanthropy’s database, which

lists all donations to non-profit organizations in the U.S. exceeding 1 million dollars. This

29The median normal completion time is four-year for a bachelor degree and 2 years for a master degree.

15



database provides detailed information on each donation, including the donation amount
and a textual description of its intended purpose. Our focus is on donations made to
U.S. postsecondary institutions during 2005-2018. We calculate total amount of donations
received by field, which we scale by the corresponding number of faculty to obtain a measure
of donation intensity.@ Table 7?7 in the Internet Appendix provides summary statistics on

all donations above $1 million received by universities over the 2005-2018 period.

Faculty Research Output

Finally, we exploit measures of research impact from the bibliographic database Scopus,
linked by faculty name and university to our public university wage database. Scopus
provides information on academic publications and citations, including articles published
in academic journals and books from over 30 major publishers. This ensures that our
analysis includes research output across all fields, including those where faculty research is
predominantly focused on book writing. This merged database includes more than 83,000
faculty-year observations, representing 30,902 professors across 267 public universities.

Table 7?7 in the Internet Appendix presents summary statistics on the h-index, number
of citations, and publication counts across fields. There is large heterogeneity in these
metrics by field. For instance, in Finance, the average number of citations, h-index, and
publications are 275, 5, and 11, respectively. In contrast, these figures are significantly higher
in Physics, reaching 2,936 for citations, 21 for the h-index, and 106 for publications, and
lower in Humanities, where the average number of citations is 33. To ensure comparability,
we therefore measure output within field, e.g. by looking at quartiles of citations or top

publications.

3 Three Stylized Facts

This section documents three primary stylized facts on academic labor markets: (i) large and
growing wage differentials across fields (ii) a positive and non-linear relationship between
faculty pay and students’ post-graduation earnings in the cross-section of fields; and (iii)

significant heterogeneity in the ratio of PhD graduates to total students across fields.

21'While large donations are concentrated among high ranked schools, their potential effect is broader as
they can affect the whole labor market in a field through inter-university competition.
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3.1 Large and Growing Differentials in Faculty Pay

Faculty Pay Heterogeneity across Fields

Table (1| provides summary statistics of faculty wages by field, position, rank, and uni-
versity classification across various time periods. Unconditionally, faculty pay is higher on
average in Finance, Law, Business and Economics, as well as in universities with high and
very high research activity. These patterns are particularly clear during the most recent
period, i.e. from 2015 to 2024.

To robustly identify wage differentials across fields while accounting for observable char-
acteristics and potential composition effects, we estimate the following specification over the

2015-2024 period, using Languages as the reference field:

ln(wi,t) = Z Bfieldf ,ufieldf + Hut + Hrank; ¢ + Hte,t + Hsource,t + €ity (1)
f=1

where w;; is the salary of faculty 4 in year ¢, pific1q, are field dummies for all fields except
Languages. [, are university x year fixed effects and fiyqnk,+ are academic rank x year
fixed effects, i.e., assistant, associate, or full professor.@ Finally, pttc+ and pisources are fixed
effects for pay format, i.e. base salary versus total compensation, and data source, i.e. public
records vs. H1B/green card applications, interacted with year fixed effects. Standard errors
are clustered at the university level.

Figure |3| plots the estimated [(y.q coefficients in percentage points and their 95% con-
fidence intervals for research tenure-track faculty in Panel A and teaching faculty in Panel
B.

Both research tenure-track and teaching faculty exhibit significant wage heterogeneity
across fields. Among research tenure track faculty, Finance stands out as the highest-
paying field, with a 107% wage premium relative to Languages, the lowest-paying field in
the sample. Other fields with relatively high wages include Business, with a 77% premium,
as well as Law, Economics and Computer Science, with premiums of 57%, 52% and 45%
respectively. Wage premiums for teaching faculty are similar in rank, though slightly smaller

in magnitude, to those observed for tenure-track faculty.

INSERT FIGURE [l

22 Accounting respectively for 32%, 27% and 37% of our observations after 2015, 3% of observations lack
information on academic rank after 2015.
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These pay differentials across employees within a same institution, holding constant

education, experience, and job task content, appear particularly large.

Dispersion Patterns across Ranks, University Classification, and Field Clas-

sification

Table |3 reports the regression coefficients obtained when estimating equation while
splitting the sample by faculty rank, by university type and research intensity.

By faculty rank, wages differentials are most pronounced at the assistant level (Column
2), followed by the associate (Column 3) and full professor levels (Column 4).

Across universities, while inter-field wage differentials are consistent across private and
public institutions (Columns 5 and 6), they are significantly larger among R1 institutions,
those with “very high research activity” under the Carnegie Classification (Column 7), than
among other universities (Column 8). In these institutions, the wage premium for Finance
relative to Languages stands at 151%, to compare to 75% for the rest of the sample. This
wage premium at R1 universities is nearly twice the gap between Language faculty and
kindergarten teachers{g_gl It is also more than 30 percentage points larger in R1 versus other
universities in Business, Law, and Economics, at 97%, 67%, and 67%, respectively.

In Column 9, we show that the wage differentials still hold among top scholars. We
exploit data extracted from the website Research.com to identify researchers that ranked
among the top 2,000 of their fields in terms of citations and publications”] We merge this
sample with our dataset on faculty pay. Among these top scholars, the Finance, Business,
Law, and Economics fields still pay significantly more than other fields.

Last, to check the robustness of our data, we examine wage differentials across our
three field classification methods: using administrative department information (Column
10), field and conference directories programs (Column 11), and Google searches (Column
12). Measured differentials are robust across classification methods. The premiums in top-
paying fields are higher for faculty listed in professional directories, consistent with them

being more likely to be at universities with high research intensity.

INSERT TABLE 3]

Growing Wage Differentials across Fields

23We obtain data on kindergarten teacher wages from the Bureau of Labor Statistics, U.S. Department
of Labor. In May 2022, the average wage of a kindergarten teacher amounts to $60,490.
24We extracted the data in September 2025.
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To analyze long-term trends in wage differentials across academic fields, we first leverage
the data from the Oklahoma State University faculty survey. This dataset provides annual
information on salaries and faculty counts, disaggregated by university group, field, and
faculty rank, for nearly every year between 1974 and 2023. The Oklahoma State University
survey classifies universities by geographic regions for most of the period, and by Carnegie
Foundation classification in 1999, and from 2011 onwards.

For each field and year, we estimate the following model:

ln(w>f,ug,7‘ank = Bfieldf,ufieldf + Hug + Hrank + €fug,rank; (2)

where w¢ g rank denotes the average yearly wage in field f, group of universities ug,
and at the rank of assistant, associate, or full professor. We include university group and
academic rank fixed effects, p,g and piang, respectively, while Pficld; 18 @ field indicator.
Hence, the coefficient Bfieiq, measures the wage premium in field f relative to the average
across all fields in that year. All regressions are weighted by the number of professors in
each university group x field x faculty rank cell.

Panel A of Figure [dillustrates the significant widening dispersion of pay across academic
fields. The figure displays the evolution of the pay premiums across fields, some being
grouped for readability: Humanities, comprising Philosophy, English, Communication, His-
tory and Languages, Social Sciences, Natural Sciences, including Biology, Agriculture, and
Physics, Mathematics, Economics, Computer Sciences and Engineering, Business, and Fi-
nance. The dispersion of pay across fields widens dramatically over the sample period. In
1974, faculty in the highest-paying field earned about 1.2 times as much as those in the
lowest-paying one; by 2023, they earn 2.25 times as much. The relative pay gap between
the top and bottom fields has thus expanded roughly sevenfold. This expansion is steady
from the late 1970s until 2015, when the trend begins to moderate.

INSERT FIGURE [

We repeat a similar exercise using our individual-level panel dataset over the 1996-2023
period and estimate equation at the individual level. Panel B of Figure {4| presents the
results, which evidence a similar widening dispersion of pay across fields.

Finally, Figure [5|illustrates the widening dispersion in faculty wages across the full set of
academic fields, grouped into three panels for readability: Social Sciences (Panel A), Formal

and Natural Sciences (Panel B), and Humanities (Panel C).
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INSERT FIGURE [l

Dispersion along Other Margins

Faculty pay also varies along dimensions other than academic field. Figure 77 in the
Internet Appendix reports premia across institution types. Faculty at R1 universities earn
17% above the sample mean in 2023, against 23% below for faculty at institutions that do
not award doctorates, and this gap has widened from 33 to 40 percentage points since 2010.
Geographic differences are of comparable magnitude, as the decomposition below makes
explicit.

A variance decomposition places these dimensions side by side in Table 77 in the Internet
Appendix. Over the 2015-2024 period, academic rank accounts for 20% of the variance of
log faculty pay, academic field for 17%, differences across universities within a state for
16%, differences across states for 12%, and gender for 2%, the remaining third reflecting
dispersion within these dimensions >’

Faculty pay has thus become more dispersed along several margins at once. Our analysis
focuses in general on the field dimension, along which the returns to education vary most,
but Section 4| shows that the relationship we estimate operates similarly on the institutional

margin.

3.2 Positive Relationship Between Faculty Pay and Student Post-

Graduation Earnings

We report summary statistics for post-graduation earnings by field in Table Uncondi-
tionally, field-level faculty pay is strongly aligned with student earnings, as evidenced by a
substantial rank correlation of 0.65 between average faculty pay and average student earn-
ings across fields. While some discrepancies exist, for example, Computer Science leads in
student earnings but is not the highest-paying field for faculty, the cross-field patterns are
consistent.

To further investigate the relationship between faculty pay and student earnings, Panel A
in Figure @ plots faculty wage premiums as estimated using equation (1)) over the 2015-2024

period, against post-graduation earnings premiums across fields. We estimate these post-

25Ghares are Shapley values over the four dimensions, so that the jointly explained variance is allocated
without assuming a hierarchy. Gender is imputed from first names and identified for 83% of observations,
to which the decomposition is restricted. See Table 77.
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graduation earning premiums using our PSEO panel data of post-graduation earnings one
year after graduation over the 2016-2021 period. Regressions are weighted by the number
of graduate students in each academic program.

Both premiums are measured in log points, so that the slope of the fitted line corresponds
to an elasticity of faculty pay to student earnings, which we estimate formally in Section
. Two key patterns emerge: (i) the estimated faculty and student premiums are strongly
correlated across fields, with a correlation coefficient of 0.70; and (ii) the ratio of faculty
to student earnings premiums varies substantially across fields. Hence, in some fields, such
as Business, Finance, and Economics, faculty enjoy higher relative premiums than their
students, while in others, such as Mathematics, Computer Science, and Engineering, the
reverse holds. This latter fact suggests that field characteristics beyond student earnings
shape the relationship, which we explore in Section [5] This alignment is not specific to
the field margin: as Section [4f shows, faculty pay tracks student earnings as closely across
universities within a field as it does across fields within a university.

Panel B in Figure [6] shows similar patterns when estimating the industry wage premiums
across fields using lifetime earnings. One concern would be that the earning differentials
are driven only by early career compensation. To address this concern, we use data from
the American Community Survey over the period 2009-2019 to build a dataset of life-time
earnings across fields o]

INSERT FIGURE

26Conducted by the U.S. Census Bureau, this survey reaches around 3.5 million households in the U.S.
every year, gathering information on education, employment, family situations, and demographic charac-
teristics. In addition to information on the highest level of education, yearly income, and demographics,
the survey provides key information on the undergraduate field of study.To build our sample, we utilize the
multi-year file covering 2009-2019, which encompasses approximately 35 million observations. We refine this
dataset by including only workers who possess at least one undergraduate degree, are aged between 23 and
65 and are all residents from the 50 states or the District of Columbia. This process results in a final sample
of about 6 million U.S. individuals.

2"We compute work-life earnings across education fields for graduate students using the following simple

formula: 67
Total Work-life Earnings; = Z Brwr f

T=23

where w, s is the yearly income of a worker of age 7 who graduated from field f. We assume 3 = 1/(1+3%),
accounting for a 3% yearly discount rate. We obtain the wage values w; ¢ from the average residuals of a
wage regression that includes a large set of controls such as gender, race, ethnicity and survey-year fixed
effects within each field f and age 7 cell.
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3.3 Large and Persistent Heterogeneity in the Relative Supply of
PhD Graduates

To proxy for the relative supply of PhD graduates, we construct for each field the ratio of
research doctoral degrees conferred to total student enrollment, combining our yearly panels
on student counts and PhD degrees across universities and years.

Panel A of Figure [7] plots the time-averaged ratio over 2015-2022 by field. The relative
supply of PhDs exhibits substantial cross-field heterogeneity: the ratio of PhD graduates to
students varies by a factor of fifty, from below 0.1% in Finance and Business to above 4.65%
in Physics, Biology, and Engineering. Panel B plots the evolution of this ratio over time,

showing that the cross-field ranking is remarkably stable throughout the sample period.
INSERT FIGURE [1

This heterogeneity in supply conditions, combined with its persistence, suggests that
faculty labor markets may differ across fields in how wages respond to demand shocks.
Fields with a structurally thin pool of PhD candidates, such as Finance and Business, may
face a less elastic supply of academic talent, potentially creating upward wage pressure when
student enrollment expands. The stability of relative supply over time further suggests that
these differences are likely driven by field characteristics that are plausibly orthogonal to

demand-driven variation in enrollment.

4 Measuring the Elasticity of Faculty Pay to Post-
Graduation Earnings

We estimate the elasticity of faculty pay to students’ post-graduation earnings using our
2002-2022 yearly panel of academic programs that links faculty pay in these programs to
their students’ employment outcomes. We find a large and robust elasticity across multiple
dimensions: within year across all observations, within university-year across fields, within
field-year across universities, and within field-university over time. The results are consistent
across both OLS and instrumental-variable specifications, with elasticity estimates ranging
from 0.4 to 0.9. However, the elasticity exhibits substantial heterogeneity across fields, with

estimates in some disciplines more than twice the average magnitude.
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4.1 OLS Specification and Results

To estimate the elasticity of faculty pay with respect to student outcomes, we use an annual
panel of academic programs containing median and interquartile earnings for graduates at
one- and five-year horizons. Our sample includes 8,561 programs across 368 universities
from 2002 to 2022, averaging 3,700 programs per year. By expanding the data by faculty
rank (assistant, associate, and full professor), we construct a panel at the university x field
x year x rank level, yielding a final sample of over 172,000 observations (see Section 2).
We estimate the elasticity of faculty pay to post-graduation earnings using the following

OLS specification:

ln(wf,uﬂf,r) = ﬁ ln(wf,u,t) + Hrank; t + Hic,t + Hdi ¢ + g + Efutrs (3)

where wy,;, denotes the average salary of tenure-track faculty of rank r (assistant, associate,
or full professor) in field f, university u, year ¢, and wy,; stands for the median, 25th, or
75th percentile earnings in year t of students who graduated one or five years earlier from
academic program of field f at university u. The terms prank, ¢, fiect, and pq+ denote fixed
effects for academic rank, compensation format (base vs. total pay), and degree level, each
interacted with year to account for time-varying heterogeneity across these dimensions. pu;
denotes a vector of fixed effects that vary by specification. Standard errors are two-way
clustered at the university level and field x year level. The regressions are weighted by
the number of degrees conferred by each academic program, to account for the fact that in
our panel each program-rank cell corresponds to a single observation regardless of program
size %]

Panels A, B, and C of Table [d] present estimates of 5 from equation [3] across the earnings
distribution, using the median, 25th, and 75th percentiles, respectively. Columns 1 to 4 focus
on student earnings one year after graduation, while columns 5 to 8 extend the horizon to
five years. Across each of these settings, we progressively saturate the specifications with
more stringent sets of fixed effects, allowing us to assess the robustness of the relationship

across different dimensions of the data: (i) in Columns 2 and 6 we introduce university X

28 As explained in Section 2.2, we do not build this panel at the faculty level for two main reasons. First,
professors often teach across multiple programs, which complicates assignment. Second, our faculty pay
dataset is exhaustive only for a subset of universities, especially when sourced from H1B and green card
applications. The program x academic rank yearly panel allows us to include academic rank fixed effects to
address potential composition effects in this dimension. Results are comparable when using a non-expanded
panel dataset.
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year fixed effects to estimate the elasticity within universities across fields, (ii) in Columns
3 and 7, field x year fixed effects to estimate the elasticity within field across universities,
and, finally, (iii), field x university fixed effects to measure the elasticity across years within
academic programs relative to the average.

For all three panels, Column 1 shows a strong within-year relationship between academic
wages and student post-graduation earnings. The estimated elasticity ranges from 0.45 to
0.57 when using earnings measured one year after graduation. The elasticity is of comparable
magnitude when we estimate it within university-year across fields in Column 2, and within
field-year across universities in Column 3. These two specifications correspond to the two
dimensions along which faculty pay dispersion has widened, as documented in Section [3]
That the elasticity is statistically indistinguishable across them indicates that the same
price relationship operates whether one moves across fields within a university or across
universities within a field, and that the mechanism we document is therefore not specific to
academic fields.

Across panels and specifications, the elasticity is approximately 20% larger when using
student earnings measured five years after graduation. This horizon also matters for mea-
suring returns to a field, as earnings profiles differ markedly across majors (Deming and
Noray[2020; (Choi et al.|[2025). This pattern is consistent with academic wages being set, in
part, to attract potential PhD students in an academic career, as these individuals are more
likely to compare academic compensation with the industry earnings they would obtain were
they to work in the related industry over a typical five to seven-year PhD horizon.

By contrast, Columns 4 and 8 show a much lower elasticity when identification relies on
within university-field variation over time. This likely reflects limitations of the PSEO data
in the time series dimension. First, the PSEO panel is unbalanced, with only two waves of
data on average per academic program, every three or five years. To construct an annual
panel, we expand earnings values across survey years, which reduces precision in time-
series variation. Second, sample representativeness varies across waves, which introduces
additional noise in program-level earnings dynamics. These sources of measurement error
motivate our use of an instrument based on Census data to better capture time variation in
student post-graduation earnings.

Finally, we confirm the robustness of our findings using the College Scorecard dataset,
which provides median student earnings one year after graduation for a large set of institu-

tions. Table ?? in the Internet Appendix shows that estimates are of the same magnitude,
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ranging from 0.47 to 0.56 using the Scorecard dataset. We also estimate elasticities sepa-

rately using undergraduate and graduate earnings and obtain similar results.

INSERT TABLE {4

4.2 Heterogeneity in Elasticities

We next examine whether the elasticity of faculty pay varies across fields. Such heterogeneity
would exacerbate faculty pay heterogeneity if academic compensation is more sensitive to
student earnings in some fields already experiencing rapid wage growth.

For this purpose, we estimate Equation separately within each field with rank x
year, wage format x year, and degree level x year fixed effects. Therefore, we measure
the elasticity of faculty pay to student post-graduation earnings in the cross section of
universities within each field.

Figure [§ plots the estimated S when using the median student wage as the dependent
variable. Standard errors are clustered at the university-year level. We find that while faculty
pay elasticity to student post-graduation earnings is high on average, it varies significantly
across fields. This elasticity amounts to 1.2 in Finance and 0.8 in Economics, while it
is less than 0.1 in fields such as Languages or Education. Within high-paying fields, the
heterogeneity is still pronounced, as at 1.2 this elasticity is more than three times higher in

Finance than it is in Computer Science or Engineering (around 0.4).
INSERT FIGURE

This large heterogeneity in the elasticity of faculty pay to students’ earnings across fields
suggests that faculty labor markets are both segmented across fields and characterized by
different frictions affecting wages. These field characteristics, which result in heterogeneity
in elasticity, likely play an important role in amplifying market forces for academic compen-
sation, as some of the fields related to the highest paying industries, such as Finance, also
exhibit particularly large elasticities.

Last, we investigate whether the elasticity of faculty wage to students post graduation
earnings varies over time. Figure [J] plots the coefficient estimates 8 when we measure this
within-field across-universities elasticity within time periods. The elasticity of faculty pay
to student earnings has almost doubled from the 2000s to the 2020s, from around 0.28 to
0.50. This evolution suggests that the economic forces linking faculty wages to returns to

education have strengthened over the recent decades.
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INSERT FIGURE [9

4.3 Instrumental Variable Analysis

The previous subsection presents estimates of the elasticities of faculty pay to their stu-
dents’ earning outcomes using an OLS specification. However, this approach has several
limitations that challenge a causal interpretation and the precision of our estimates. First,
when the elasticity is measured within fields and across universities, latent factors such as
university prestige, resource endowments, or local labor market conditions, may simultane-
ously influence faculty pay and student earnings. When the elasticity is estimated within
universities across fields, reverse causality could be a concern: higher faculty compensation
could attract or motivate better instructors, thereby improving teaching quality and, ulti-
mately, enhancing student skills and post-graduation earnings. Finally, when using within
academic program time variations, our estimates may be subject to measurement errors due
to PSEO data limitations, which are particularly problematic in time-series analyses and

could bias our results.

Leave-out-Mean Analysis

A first and parsimonious step to mitigate endogeneity concerns is to employ a leave-out-
mean approach for student post-graduation earnings. Specifically, we instrument a univer-
sity’s graduate earnings with the average earnings of students in the same field and state,
excluding the focal university’s own observations. This procedure ensures that our estimates
are not driven by idiosyncratic, university-specific shocks, such as specific departmental in-
vestments, that could simultaneously influence both faculty compensation and the labor
market outcomes of its own graduates. We present the results of this approach in Table [5]

We observe similar magnitudes for the estimated elasticities[*]

INSERT TABLE [
Shift-Share Instrument Definition and Construction

To further address the endogeneity concerns and particularly the measurement error issue,

we construct a synthetic post-graduation earnings index at the university x field x year

29We exclude the specification with university x field fixed effects, where the measurement error resulting
from IPEDS data limitations appears to be amplified, as temporal changes in data coverage at the university
level are added to the within program one.
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level that serves as an instrument for observed post-graduation earnings in our structural
equation . The intuition for our methodology follows the Bartik approach (Bartik||1991):
all else equal, institutions that historically place students in industries and regions expe-
riencing faster wage growth will exhibit higher growth in their graduates’ earnings. The
instrument exploits the persistence of university placement patterns across regions and in-
dustries, driven by institutional expertise, reputation, and network effects. |Ost et al.| (2024))
show that field and institution earnings premiums operate largely through where graduates
are placed, which supports this premise.

Formally, we compute:

Zf,u,t = Z Z Stu,gn In Wy,n,t (4)
g n

where sy, ,, is the average share of graduates from field f and university u employed
in Census division g and 2-digit NAICS industry n. We compute this average across all
PSEO survey waves the university has participated in over the 2002-2022 period (3 waves
on average).m Wy ny is the average wage of workers in Census division g and industry n in

year t, which we measure using individual data from the American Community Survey.ﬂ

Specification and Results

Our first stage specification is the following;:

In(wa, fut) = I(Zfut) + trankit + et + Pae + i + €futr, (5)

and the second stage:

—

ln(wf,u,t,r) = ﬁln(wd,f,u,t> + Hrank; t + Hie,t + Hdi ¢ + Hi + Efut,rs (6)

where wy,, +,» denotes the average salary of tenure-track faculty in field f, university u, year
t, and rank r (assistant, associate, or full professor). The variable wy f, measures student
earnings one or five years after graduation by academic program characterized by its field
f, university v, and year ¢, at the 25", 50*" or 75" percentiles. p; denotes a vector of fixed
effects that vary by specification.

We begin by setting p; = fi¢/u+, where pis/,; are university x year or field x year fixed

30Universities have entered the PSEO sample in various wave since its creation in 2002.
3'We compute the average across all individuals from the age of 25 to 65 years old.
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effects in Columns 2, 3, 6 and 7. These specifications identify variation primarily across
programs while absorbing general trends at the rank, degree type, field, or university level.

To strengthen the causal interpretation of 3, we set p; = fi,, university x field fixed
effects. Therefore the specification absorbs both cross-sectional university-field variation
and aggregate time trends. Identification then arises from university-field-specific shocks in
the instrument. The identifying assumption is that wage growth in regions and industries
where a program historically places graduates affects faculty wages only through its impact
on student post—graduation earnings.

Results of the instrumental analysis are displayed in Tables [6] and [/} We first confirm
in Table [6] that our instrument is strong, with F-Statistic clearly above the usual thresholds
for determining such instruments. The coefficient for the first stage is close to one in all
specifications, which is reassuring regarding the previously mentioned limitations of our
methodology.

Turning to the second stage, the magnitude of the estimated elasticity of faculty wages to
students post-graduation earnings is strikingly robust to this instrumental variable approach,
including for the tightest specification identifying from university-field idiosyncratic shocks.
Our IV estimates are largely concentrated between 0.7 and 0.9. Even in our most saturated
specification, we find an elasticity of 0.73 with respect to one-year student earnings and
0.45 at the five-year horizon. This is significantly higher than the estimates in the OLS,
consistent with our instrument addressing the measurement errors in the PSEO that affect

the measures of elasticity within academic programs over time.

INSERT TABLES [6l AND [7]

Identifying Assumptions and Caveat

This instrument strengthens both the causal interpretation and the robustness of our esti-
mates by mitigating key limitations of the PSEO data and addressing concerns regarding
reverse causality and latent variables. First, by averaging placement patterns over the sam-
ple period, we improve the precision of our shares and reduce sampling noise inherent in
small PSEO cells. Second, utilizing Census-based average wages at the industry-region level
alleviates concerns about variations in representativeness within academic programs over
time. Third, because the identifying variation arises from industry-region wage shocks, the
instrument plausibly addresses bias from time-varying, university-specific latent factors and

reverse causality.
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The key identifying assumption for the validity of our instrument is that the aggregate
wage shocks w, ,+ are exogenous to the idiosyncratic factors affecting faculty compensation
at specific institutions. Formally, this requires that after controlling for our set of fixed
effects, the regional-industry wage trends are uncorrelated with local unobserved shocks to
faculty pay, i.e. Cov(Inwg i, €fuer) = 0.

While contemporaneous placement shares sy, 4, might be endogenous to institutional
characteristics, the Bartik framework remains valid as long as the shocks themselves are
as good as randomly assigned across fields and universities@ A violation of the exclusion
restriction would occur if these shocks were to affect faculty wages at the university-field
level through a channel other than student demand for education.

A primary candidate for such a violation is the opportunity cost of starting an academic
career: local (regional x industry) labor market shocks may simultaneously influence faculty
pay by steering talent in related fields away from academic careers, prior to doing a PhD
or at the time of the academic job market. While the market for academics is national, a
contraction in the supply of candidates due to well-compensated outside options may differ-
entially affect faculty wages across departments as a function of their specific specialization
and rank. For illustration, a wage rise in the New York financial sector could simultane-
ously raise the earnings of graduates from high-ranked finance programs and force those
same departments to increase faculty pay to compete with the private sector for top PhD
talent.

Consequently, the instrument cannot realistically distinguish between a demand-side
effect driven by students returns to education and a supply-side shift in the availability of
PhD talent. This nuance motivates our subsequent investigation of the economic mechanisms
underlying the central relationship we uncover. The theoretical framework in the following
section formalizes these two channels to guide our interpretation of the empirical results and

explore explanations for the heterogeneity in elasticity across fields.

32Gee |Goldsmith-Pinkham et al| (2020). The persistence of placement patterns may support the
claim that shares are predetermined and thus orthogonal to unexplained variation in faculty wages, i.e.,
Cov (S fu,qg,n€f,ut) = 0. However, we adopt a conservative approach that relies on the shocks for identifica-
tion and motivates a specification with university-field fixed effects.
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5 Economic Mechanism

This section examines the mechanism underlying the relationship between faculty pay and
their students’ post-graduation earnings and its heterogeneity across fields. To do so, we
develop a simple demand-and-supply model of occupational choices applied to academia.
This framework helps us identify a set of field-specific characteristics that may contribute to
frictions in academic labor markets, and, in turn, lead to heterogenous faculty pay elasticity

to students’ post-graduation earnings across fields.

5.1 Institutional Context

Until the 1970s, three core principles of academia supported relatively uniform compensation
across fields in the U.S.: collegiality, academic freedom, and vocation. Collegiality arose
from the conception of the university as a unified intellectual community, a conception the
etymology of “university” reflects, organized around the collective pursuit of knowledge
that characterized the foundations of the first universities in the Middle Ages. Faculty
members, regardless of discipline, were regarded as equal contributors to the institution’s
academic missionE] Understood as the protection of intellectual autonomy, the concept
of academic freedom was reinforced by the de-commodification of scholarly labor. Salaries
were not intended to reflect the market value of disciplinary outputs, but instead to support
independent inquiry, shielded from political, social, or economic pressures. Finally, the
notion of academic vocation framed professors not merely as employees, but as members
of a profession defined by intrinsic motivations: a commitment to knowledge, mentorship,
and public service (Weber||1946). This vocational ethos downplayed financial incentives and
fostered solidarity across disciplinary lines (Langton and Pfeffer|1994).

Starting in the late 1970s, a series of social and institutional shifts led U.S. universities to
place less emphasis on these traditional academic principles, often revising their charter to
allow for differentiated compensation across fields (Slaughter and Leslie 1997)@ The spread
of progressivist ideals, framing education as a vehicle for personal empowerment, technical

innovation, and social advancement, promoted a turn toward skilled learning, job-readiness

33Dean Henry Rosovsky explains in 1982: “We have the view that we are one Faculty. A Harvard
professor of English is as valuable as a professor of Biochemistry.” He adds: “Our differentials between
salaries in the sciences, humanities, and social sciences are smaller than they are at almost any other
university in the country. This has an important impact on the morale of the entire Faculty: we're
all engaged in a common intellectual enterprise.” https://www.thecrimson.com/article/1982/6/10/
faculty-salaries-a-red-letter-year-pwhen/

34For example, UCLA in the 1980s.
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and the expansion of applied programs. Rising student interest in fields such as business,
engineering, and computer science placed pressure on universities to recruit competitively
in these domains. At the same time, the evolution of American universities into research-
intensive institutions, following the Humboldtian model, segmented academic life into spe-
cialized departments (Geiger| 2004). This disciplinary segmentation encouraged internal
competition over resources and hiring authority, weakening uniform compensation norms.
Simultaneously, universities became increasingly reliant on targeted funding streams, includ-
ing earmarked grants, contracts, and donations directed at specific departments or schools.
The rise of empiricism in higher education and public policy in general, with a growing
emphasis on measurement, accountability, and evidence-based management encouraged the
use of economic incentives to attract faculty and boost productivity, aligning academic work
more closely with quantifiable outputs.

Adding to these institutional changes, the decrease in public funding and the resulting
steep rise in tuition fees in recent decades has reshaped the social contract of higher edu-
cation (Ehrenberg2012). Students and families now more often view college as a private
investment in human capital rather than a public or intellectual good. This perspective
has heightened demand for measurable returns on education, pushing universities to allo-
cate resources toward disciplines resulting in high future earnings. Recently, the adoption
of decentralized budget systems, such as Responsibility-Centered Management (RCM), fur-
ther intensifies competition for tuition revenue, endowment funding, and faculty lines: |Choi
(2026) shows that adopting RCM raises master’s degree production and lowers doctoral
production, concentrated in revenue-generating fields. Finally, antitrust enforcement has
progressively eroded the informal agreements among universities that had previously lim-
ited competition, first over student financial aid in the early 1990s and, more recently, over

faculty hiring 7]

5.2 Conceptual Framework

These institutional details motivate a framework for faculty wage determination within fields,
grounded in market forces, with the goal of understanding the cross-field heterogeneity in

faculty pay elasticity to student earnings.

35The Department of Justice sued the Ivy Overlap Group in 1991 for coordinating financial aid awards
(United States v. Brown University, 5 F.3d 658 (3d Cir. 1993)). Enforcement reached faculty labor markets
considerably later: Duke University settled a class action alleging a no-hire agreement with the University
of North Carolina for $54.5 million in 2019 (Seaman v. Duke University, M.D.N.C.).
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We build on the model of labor market for skilled professionals by |Ryoo and Rosen
(2004)), in which occupational wages respond to shifts in market demand, and imperfect
supply adjustments amplify this response. In their framework, supply frictions stem from
the high entry costs of a skilled profession and from changing career prospects in alternative
occupations. In academia these frictions are particularly pronounced, due to the length and
field-specificity of PhD training, and are compounded by a distinctive feature: the same
economic forces that drive the demand for professors also restrict their supply. An increase
in industry wages raises the private returns to education and hence student demand for
degrees in that field, leading universities to expand faculty positions; at the same time, it
raises the opportunity cost of an academic career for prospective PhD students, shrinking
the pool of future professors.

This dual effect amplifies imbalances between demand and supply and generates large
and persistent wage responses. Its magnitude depends on institutional features that vary
substantially across fields, namely the extent to which student demand translates into uni-
versity revenues and the degree of structural slack in the supply of PhD graduates. Together,
these factors can explain the cross-field variation in the responsiveness of faculty wages to

student earnings, and the widening dispersion of faculty pay over the last decades.
Demand and Supply Equations

To formalize this intuition, we derive a simple static demand-and-supply model of occu-
pational choices applied to the academic settingﬁ
The demand Ny for research professors in a field f increases with returns to education in
this field X, measured by students’ lifetime earnings, and decreases with academic wages
wy in this field:
wagey = —ay Ny + B Xy

where oy is the inverse of the slope of the demand functions, and §; is positive, reflecting

how industry wages translate into university demand for faculty.

e ay increases with a field faculty-labor intensity. Assuming the academic production
function incorporates both capital and labor, fields with higher capital intensity, such

as the physical sciences, likely exhibit a lower ay. In fields with high faculty-labor

36We do not consider a dynamic model as our main objective is to identify structural differences across
fields that account for the heterogeneity in elasticity. In addition, this heterogeneity has persisted in ranking,
while it increased in magnitude, over the last five decades.
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intensity, an increase in the demand for faculty will have larger effects on wages,

partly because universities can more easily increase class size[”|

e [y increases with university revenue elasticity to demand for enrollment. We focus on
two sources of university revenues: tuitions and donations. Tuition revenue elasticity
vary with the share of graduate degrees in the field, as universities typically have more
flexibility in setting tuitions for master programs. Second, fields with a higher level of
donations, due to either a skew in labor market outcomes or a stronger propensity for
alumni to give back to their alma mater rather than to other charities, have a higher

Bf. Tuition cap and freezes also mechanically affect 3 fﬂ

Turning to the supply, we assume that the stock of professors Ny in field f increases
with academic wages and decrease with returns to education X in this field. These higher
returns reflect elevated industry pay, which raises the opportunity cost of pursuing a PhD

and entering the academic workforce. Therefore, we have:
Ny = nrwagey — v Xy

e 7 is positive and increases with PhD graduate slack. The relative supply of PhD
graduates is higher in fields where PhD students are central to either teaching or
research activities. On the research side, some fields rely heavily on PhD students to
operate laboratories and sustain large-scale research projects. On the teaching side,
some fields’ instructional models are built around small-group tutorials, strengthening
universities’ incentives to maintain large doctoral programs to ensure teaching capacity.
In such fields, the complementarity between PhD students and faculty is high, resulting
in a larger pool of PhD graduates relative to available faculty positions and thus greater

slack in the academic labor market for that field.

e 7 represents the responsiveness of the PhD talent pool to industry wages in field f.
Even when doctoral programs are scaled to meet teaching and research needs, as
captured by 7y, the composition and quality of the PhD talent pool depend on the

relative attractiveness of academic versus private-sector careers. This sensitivity varies

37 As the number of students per professors is partly endogenous, we do not consider it as a field funda-
mental characteristic.

38Donors may give to their alma mater first to confirm their “sense of identity” (Akerlof and Kranton
2000]).
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across disciplines for two primary reasons. First, v¢ depends on the importance of non-
pecuniary benefits —such as autonomy, prestige, or intellectual freedom. Hamermesh
(2018b)) estimates that academics earn 13 to 15% less than comparable doctorate
holders, a gap he attributes to such benefits. Fields that attract individuals with
a high valuation of these attributes will exhibit lower supply sensitivity to private-
sector wage ﬂuctuations.ﬁ Second, 7y reflects the incremental return to a PhD in the
private sector. In fields where a doctoral degree is highly valued by industry, the net
opportunity cost of doctoral study is mitigated. Conversely, where the private return
to a PhD over a master’s degree is low, the opportunity cost of an academic career is

higher, reducing the supply elasticity of PhD graduates.

FElasticity

We combine the demand and supply equations to derive faculty wages as a function of

industry wages X:

wagey = —iflfat:ff)(
This expression implies a positive relationship between faculty wage and private returns to
education, as we previously document. It also predicts that the elasticity of faculty pay to

industry wages should vary along field characteristics.

5.3 Empirical Evidence

Field Characteristics

We now empirically test whether the field characteristics included in our framework can
explain the observed differences in elasticity across fields[Y] The number of distinct academic
fields is limited, the characteristics we model are often correlated, and some, such as the
preference for non-pecuniary benefits, are not observable. We therefore do not attempt a
single “horse race” regression, and test each comparative static individually using sample
splits. This parsimonious approach allows us to establish the sign and bound the magnitude

of each friction’s contribution, while avoiding the risk of overfitting to a small number of

39For instance, [Wiswall and Zafar| (2017) find that students in economics and business exhibit distinct
preferences for pecuniary workplace attributes.

400ur focus on field characteristics as opposed to university characteristics is motivated by inter-university
competition on the labor market.

34



large disciplines. We split the sample at a cutoff value of each of our proxies, reported in
Table ?? in the Internet Appendix.

First, the elasticity should be higher in fields with a higher labor intensity oy, that
is, requiring low capital investment in labs or equipmentﬂ We measure a field’s capital
intensity as the share of R&D expenditures on capitalized equipment from the NSF’s Higher
Education Research and Development Survey, and take its complement as our proxy for labor
intensity.

The elasticity is also higher when the university revenue elasticity to demand for ed-
ucation, [, is higher. We proxy for 8y with the share of master’s degrees in the field,
computed from our dataset on degree counts, and with donation intensity, constructed from
the Chronicle of Philanthropy’s database as described in Section [2[7]

On the supply side, a higher opportunity cost of doing a PhD, represented by 7y, also
implies a higher elasticity. We proxy for it with the incremental return to a PhD in the
industry, estimated from wage regressions within each field on the American Community
Survey, restricting the sample to individuals with at least a master’s degree and controlling
for standard socio-demographic characteristics. Finally, we proxy for PhD graduate slack
ny using the number of co-authors per academic paper, assuming that fields with more
co-authors integrate a larger proportion of PhD students into the research process.

Table 8 presents the results of the heterogeneity analysis, exploring how the elasticity of
faculty salaries to student earnings varies according to these field characteristics. Table 77
in the Internet Appendix reports these characteristics across fields.

Across all specifications and panels, the coefficients remain positive and highly significant,
which confirms the robustness of our central relationship. Turning to the heterogeneity, we
find that for both OLS and IV specifications, the elasticity is higher in fields characterized
by high labor intensity, high master premium, high donation intensity, high opportunity
costs to conduct a PhD, and high PhD research input. While this analysis is primarily
descriptive, it helps us understand how difference in field characteristics can contribute to

the difference in elasticities and the widening dispersion in faculty pay.

INSERT TABLE [§

41This comparative static requires vr > ngBs.
42We calculate donations per research faculty (scaled) in field f as follows:

Donationsy/Total Donations
Faculty ; /Total Faculty

Donation Intensity ; =
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Collective Bargaining

Faculty unionization offers an institutional test of the mechanism. Baker et al. (2026)
show that unionization compresses the faculty wage distribution from below, through con-
tractual salary floors, and that the resulting increase in the wage bill is financed by higher
enrollment. We ask whether bargaining also attenuates the transmission of student earnings
into faculty pay. If collective bargaining constrains the ability of universities to differentiate
pay across fields, the transmission of student earnings into faculty wages should be weaker
where faculty are covered by a bargaining agreement. We identify tenure-track bargain-
ing units using the 2024 Directory of Bargaining Agents and Contracts in Institutions of
Higher Education, and restrict the analysis to public institutions, as tenure-track bargaining
is precluded at most private universities.@ Table 7?7 in the Internet Appendix reports the
results. The elasticity of faculty pay to student post-graduation earnings amounts to 0.33
at unionized public universities, against 0.47 at non-unionized ones. This gap holds within
research-intensive institutions, where the elasticity is 0.31 under a bargaining agreement
against 0.45 without one, and among other public universities, at 0.34 against 0.49. Cross-
field dispersion is also lower under collective bargaining, although this difference largely
reflects the lower research intensity of unionized institutions: within R1 universities, the
standard deviation of field premiums amounts to 0.20 at unionized institutions against 0.22
elsewhere.

We view this evidence as suggestive rather than causal. Union status is measured as a
2024 snapshot and offers no within-university variation, and it tracks state collective bar-
gaining laws, so that the comparison also captures differences across the states that permit
bargaining. Only a small number of research-intensive public universities in our sample are
unionized. Still, the sign and magnitude of the difference are consistent across research-
intensive and other institutions, and align with the view that institutional constraints on

wage setting attenuate the transmission of returns to education into academic pay.

Tuition Revenues per Faculty and Returns to Talent across Academic Fields
The model’s validity further rests on whether these field-level frictions seem to shift
equilibrium quantities in the data.

On the demand side, the framework implies that higher returns to education raise univer-

43In NLRB v. Yeshiva University, 444 U.S. 672 (1980), the Supreme Court held that full-time faculty at
the university were managerial employees and therefore not entitled to collective bargaining rights under
the National Labor Relations Act. Accordingly, 22% of the faculty-year observations at public institutions
in our sample are covered by a tenure-track bargaining unit, against 6% at private ones.
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sity revenues, thereby increasing the marginal revenue product of professors in those fields.
Figure [10|shows evidence that in the cross-section of fields, faculty wages are higher in fields
where average tuition revenue per professors are higher, which is broadly consistent with

the model prediction.
INSERT FIGURE

Our model predicts that demand-supply gaps contribute to a higher elasticity to student
earnings in some fields, resulting in higher faculty pay. These supply-demand imbalances
lead universities to compete for a scarce pool of talent, which should translate into higher
returns to talent in fields with high equilibrium pay.@ We proxy for talent by looking at
research impact [7]

We employ two complementary measures of research impact: total career citation counts
and the h-index. For each measure, we compute quintiles within each field and academic
rank. The objective is to control for heterogeneity in the research production function across

fields and positions. Next, we run the following specification:

5
In(wis) =Y Bits + pu + e+ i + €ny (8)
i=1

where g; corresponds to the citation, h-index or i-10 quintile ¢ within a given field. w;; is
the yearly gross wage of faculty ¢ in year ¢. s, ft,, p¢ and p, are field, university, year and
position fixed effects, respectively. Standard errors are double clustered at the university
and year levels.

Figure illustrates the higher returns to research impact in high paying fields. The
Figure plots the coefficients 1 + f3; for each field across quintile ¢ for citation counts (Panel

A) and h-index (Panel B).
INSERT FIGURE [11]

We confirm this result by running the following specification:

In(w; ) = Bgi + Brictadi X Lricia + of + pu + 1 + f1p + €y 9)

44While our framework does not explicitly model the returns to talent, this implication follows naturally
from the literature on competitive labor markets for skilled professionals.

45While imperfect, this proxy for talent is valid for our empirical specification provided that measurement
error and potential biases are orthogonal to field-specific characteristics.
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where ¢; represents the within field research output quintiles of faculty ¢ and 1g;qq
denotes an indicator variable for each field.
Results in Table [J] suggest higher returns to research impact in higher paying fields,

across the two measures of research productivity.
INSERT TABLE [

These results are consistent with universities competing for a limited pool of research

active professors.

6 Discussion

After formalizing what we view as the primary mechanism linking faculty pay to returns
to education and describing its cross-field heterogeneity, we evaluate several alternative

explanations and consider the broader implications of our results.

6.1 Alternative Explanations

“On-the-Job” Outside Options

A related but distinct rationale for the large and growing pay differentials in academia is
heterogeneity in the external outside option for academics. Under this view, universities set
higher pay in certain disciplines to retain professors who might otherwise leave academia for
higher-paying industry jobs. Outside options already play a central role in our framework,
where higher industry wages raise the opportunity cost of doctoral training and restrict the
supply of academic talent, as captured by «;. The question is therefore not whether outside
options matter, but at which margin: this alternative operates through the threat of ezit
from academia for incumbent faculty, rather than through entry into academic careers as
in our framework.

Gofman and Jin| (2024)) document a large departure of artificial intelligence professors to
industry over the 2004-2018 period, concentrated among tenured faculty at top universities.
Several patterns suggest that, in our setting, the entry margin dominates the exit margin.
First, the share of PhD graduates moving to industry is lower in the high elasticity fields such
as business, finance, and economics than in computer science and engineering (Figure 77 in

the Internet Appendix). Second, the highest industry wages tend not to accrue to PhDs in
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fields that pay their professors the most, as illustrated in Panel B of Figure 7?7. Mathematics
or engineering PhDs may obtain higher wages than economics or finance PhDs, while the
latter typically earn higher salaries in academia. Finally, most academics are geographically
immobile once established, so that the relevant outside option is the local labor market
rather than the national one, and the threat of exit should therefore be concentrated where
high-paying industry jobs are. Canada offers a useful comparison in this respect. Figure 77?7
in the Internet Appendix replicates our first two facts on Canadian universities: the ranking
of fields and the widening of differentials over time both hold, with the finance premium
rising from 23% in the early 2000s to above 40% in the 2020s. Premia are nonetheless
smaller than in the U.S. throughout, at 66% for finance against 102% over the 2015-2024
period, which is consistent with a narrower dispersion of graduate earnings in Canada.

A further empirical regularity is that the wage-seniority profile in high-paying academic
fields is relatively flat: as documented in Table [3| the premium for full and associate pro-
fessors is smaller than for assistant professors. This pattern is consistent with universities
accumulating monopsony power over incumbent faculty as personal and professional mobil-
ity frictions intensify with seniority (Goolsbee and Syverson|[2023). McDonald and Sorensen
(2017) likewise find that salary compression across ranks is concentrated in business disci-
plines and increases with competing nonacademic salaries. Notably, this flattening stands in
contrast to what one would expect if industry outside options were a primary determinant
of faculty wages beyond the initial job market. (Célérier and Vallée (2019) document that
earnings profiles in high-wage industries are steep over the career, so if such options exerted
sustained competitive pressure on academic pay, seniority-wage gradients would steepen,

not compress.

Heterogeneity in Talent

Relatedly, the dispersion in faculty pay could theoretically reflect underlying differences
in the distribution of cognitive ability or talent across fields. Under this hypothesis, higher
wages in certain fields would result from higher average levels of talent, which would in turn
command superior outside options.

However, data from standardized doctoral entry examinations, a common, albeit imper-
fect, proxy for aptitude, do not support this interpretation. While fields such as Computer
Science and Finance command significant salary premiums, they do not consistently exhibit
higher quantitative or verbal aptitude scores compared to lower-paying disciplines. Indeed,

mathematics and physics candidates frequently achieve the highest average scores on these
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measures without receiving commensurate academic wage premiums, as Figure 77 in the
Internet Appendix illustrates.

Furthermore, the “innate talent” hypothesis fails to explain the central empirical relation-
ship we document: the robust sensitivity of faculty wages to the post-graduation earnings

of their students 9]

Differences in Workload

Pay differentials across fields could also compensate differences in workload, if faculty in
high-paying fields taught more or worked longer hours. The evidence does not support this
interpretation. Table 7?7 in the Internet Appendix reports hours worked and the share of
time devoted to teaching by field, from the National Study of Postsecondary Faculty. Hours
worked range from 42 to 53 per week across fields, with a standard deviation of three hours,
an order of magnitude smaller than the dispersion in pay. Faculty in business work 48 hours
per week, against 47 on average across fields, and devote a larger share of their time to
teaching than the average, at 77% against 71%. Mathematics faculty, who earn below the
average, report both the fewest hours and the highest teaching share.

Decline in the Share of Tenure Track Faculty

While our analysis focuses on compensation within employment track, universities have
an additional margin of adjustment: the share of faculty holding tenure-track positions.
This share has declined substantially over the past several decades, with the shift most
pronounced at public universities (McGarrah|2016), with consequences for instruction (Figlio
et al.|2015)). If this compositional shift is heterogeneous across fields, it could in principle
either amplify or attenuate the wage dispersion we document.

We assess this concern directly by re-estimating Equation on the pooled sample of
research tenure-track and full-time teaching-track faculty, and comparing the resulting field
premiums to our baseline estimates. We restrict this exercise to university x year cells in
which teaching-track appointments are disclosed, as several of our sources report research
tenure-track faculty only. Table 7?7 in the Internet Appendix reports the comparison. Es-
timated premiums on this restricted sample are close to their full-sample counterparts: the
Finance premium amounts to 71.3, against 73 in Table[3] Pooling raises most field premiums

by one to five percentage points relative to Languages, which has both the highest share of

46Heterogeneity in post-graduation earnings of students largely reflect different returns to talent across
industries, not necessarily different levels of talent, as per [Célérier and Vallée| (2019).
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teaching-track faculty and, within that track, lower pay. The effect is smallest in Finance
and Business, whose own teaching-track shares are among the highest in our sample and
therefore partly offset the shift in the reference field. As a result, the dispersion of pay
across fields is essentially unchanged, and if anything marginally compressed: the premium
range amounts to 66.9 percentage points among tenure-track faculty and 66.5 percentage
points in the pooled sample. Faculty composition across employment tracks therefore does

not materially affect the wage differentials we document [7]

6.2 Implications

The growing dispersion in faculty pay across disciplines has significant implications for the
cost structure and accessibility of higher education, potentially straining the balance between
its workforce-development and broader civic missions.

As returns to education increasingly shape academic pay, the cost of instruction rises
fastest in high-return disciplines, pushing universities toward higher baseline tuition or to-
ward field-specific differential pricing. Student credit markets condition this response. By
relaxing liquidity constraints, student loans allow universities to capture a larger share of
the returns to education, and hence to fund higher faculty wages. Faculty compensation is
of course only one component of the rise in tuition, and a declining share of institutional
expenditures (Ehrenberg|2012); our point is that its composition across fields has changed,
not that it drives the aggregate trend. Whether this pass-through alters the socio-economic
composition of enrollment, with less affluent students selecting out of high-return disciplines
and contributing to the rise in “collegiate regressivity” documented by Bleemer and Quincy
(2025), is a question we leave open. This phenomenon could therefore diminish the level and
diversity of human capital in the economy, potentially generating aggregate welfare losses

through the misallocation of talent and the erosion of social mobility.

7 Conclusion

This paper documents a secular increase in the dispersion of faculty compensation across
academic fields and shows that it reflects the joint influence of broader labor market dynam-

ics and increasing market forces within academia. Drawing on administrative data covering

4"Measuring part-time appointments precisely is challenging, as they are inconsistently reported in ad-
ministrative data and do not appear in H-1B and green card records. We therefore abstract from this
composition margin in our analysis.
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over 330,000 faculty at 1,459 North American universities from 1974 to 2024, matched to
student post-graduation earnings from the U.S. Census Bureau’s PSEO, we establish three
facts: wage dispersion across fields has grown substantially since the 1970s; faculty wages
are strongly correlated with the post-graduation earnings of their students; and high-paying
fields train fewer PhD candidates relative to their student body.

We estimate the elasticity of faculty pay with respect to student earnings at around 0.7,
an economic magnitude confirmed by an instrumental variable strategy based on historical
student placement patterns. This elasticity varies significantly across fields and has increased
over time. We rationalize these patterns through a framework in which industry wages affect
faculty compensation via two channels: a demand channel, as higher returns to education
attract more students and raise university revenues, and a supply channel, as higher industry
wages increase the opportunity cost of doctoral training for talented students. Field-specific
institutional features such as labor intensity, revenue sensitivity to student demand, and
PhD pipeline frictions, amplify or attenuate the transmission across fields.

More broadly, our results document a growing interconnection between labor markets
and higher education. Industry wage differentials increasingly shape academic compensa-
tion and, crucially, can be further amplified by field-specific features of the academic labor
market. These increasing market forces have the potential to affect the allocation of talent,
the cost of higher education, and ultimately its accessibility, with consequences that extend

well beyond higher education.
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Panel A. Coverage across Years and Data Sources
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Panel B. Coverage across States and Data Sources
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Figure 1. Faculty Salary Data Coverage and Sources

This figure illustrates the university and degree coverage of our faculty salary dataset, by data source over
time in Panel A and by state in Panel B. Degree coverage is defined as the ratio of all bachelor’s degrees
conferred by the universities in our sample to the total number of bachelor’s degrees. Data on degrees
conferred comes from the Integrated Postsecondary Education Data System (IPEDS).
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Figure 2. Student Post-Graduation Earnings Data Coverage

This figure summarizes the coverage of the PSEO data across academic programs for both undergraduate
and graduate students, as well as its overlap with our faculty salary dataset. The universities are four-
year institutions, and the fields correspond to the 20 academic fields used in our analysis, each typically
encompassing multiple academic programs. The PSEO reports post-graduation earnings and employment
outcomes for up to 10,900 academic program combinations across roughly 480 four-year institutions from
2002 to 2022. Our faculty salary dataset matches up to 78% of these academic programs in total. The
coverage period varies from 3 to 20 years due to the staggered entry of universities in the PSEO survey.
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Panel A. Research Faculty
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Figure 3. Faculty Pay Differentials across Fields (2015-2024)
This figure displays wage premiums by academic field relative to Languages for the 2015-2024 period. Panel
A displays results for research tenure-track faculty only; Panel B for teaching faculty. The dots represent
coefficients from OLS regressions of the log of annual gross wage on field dummies, with Languages as the
reference category. All regressions include fixed effects for university x year, academic rank x year, wage
format x year (base salary versus total compensation), and data source x year. Coefficients are transformed
into percentage premiums as exp(/3) — 1. Error bars indicate 95% confidence intervals obtained by applying
the same transformation to the bounds of the intervah(with standard errors clustered at the university level.



Panel A. OSU Faculty Survey Data (1974-2023)
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Panel B. Individual-Level Faculty Salary Dataset (1996-2023)
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Figure 4. Evolution of Academic Pay across Fields
This figure plots the evolution of wage premia across academic fields from 1974 to 2023 in Panel A using the
Oklahoma State University faculty survey data and from 1996 to 2023 in Panel B using our individual-level
data faculty salary dataset. The lines plot the coefficient of field dummies in wage regressions estimated
every year, the reference being the sample mean, transformed into percentage premiums as exp() — 1. See
Section 3.1 for more information on the specifications and samples.



Panel A. Social Sciences
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Figure 5. Evolution of Academic Pay across Fields: All Fields
This figure plots the evolution of wage premia across the 20 academic fields from 1974 to 2023 using the
Oklahoma State University faculty survey data. The fields are grouped in Social Sciences (Panel A), Formal
and Natural Sciences (Panel B), and Humanities (Panel C). The lines plot the coefficient of field dummies
in wage regressions estimated every year, the reference being the sample mean, transformed into percentage
premiums as exp(/3) — 1. See Section 3.1 for more information on the specifications and samples.

52



Panel A. Faculty Pay versus Post-Graduation Earnings Premia
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Figure 6. Faculty Pay versus Industry Premia across Fields

This figure illustrates the relationship between wage premia across academic fields in faculty pay and industry
premia, measured using post-graduation earnings in Panel A and lifetime earnings in Panel B. The dots
represent coefficients from OLS regressions of the log of annual gross wage on field dummies. Student post-
graduation earnings data in Panel A is from the PSEO. Student lifetime earnings across fields are measured
using the 2009-2019 American Community Survey data. Unlike Figures[3] to 5] both axes are expressed in
log points rather than in percentage premiums. 53



Panel A. Ratio of PhD Graduates to Total Students across All Fields
(2015-2022)
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Panel B. Evolution of the Ratio of PhD Degrees to Total Students across
Grouped Fields
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Figure 7. Evolution of the Ratio of PhD Degrees to Total Students across Fields
(1990-2024)

This figure plots the ratios of the count of PhD graduates in each field to the total count of students in
the same field. Panel A displays the average ratio over the 2015-2022 period across all fields, while Panel B

plots the evolution since 1983 for grouped fields. Deéﬁee counts by field comes from IPEDS as explained in
Section 2.4.
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Figure 8. Elasticities of Faculty Pay to Post-Graduation Earnings.

This figure plots within-field elasticities of faculty wages to student wages across universities. Each elasticity
is obtained from the within-field regression of the log of the yearly faculty pay on the log of the median
undergraduate student wage one year after graduation in the same university and field. The regression
includes academic rank X year, wage format X year, and degree level x year fixed effects. The data on
student wages one year after graduation is derived from the US Census Bureau’s Post-Secondary Employment
Outcomes dataset, which covers the years 2001 to 2019. The median undergraduate student wage one year
after graduation is matched with the average academic wages by academic field, year, and rank. Error bars
indicate 95% confidence intervals, with standard errors clustered at the university level.
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Figure 9. Growing Elasticity of Faculty Pay to Post-Graduation Earnings.

This figure plots elasticities of faculty wages to post-graduation earnings across time periods. Each elasticity
is obtained from the regression of the log of the yearly faculty pay on the log of median post-graduation
earnings in the same university, field, and year, with year times field fixed effects and academic rank, wage
format, and degree level interacted with year fixed effects. Error bars indicate 95% confidence intervals,
with standard errors clustered at the university level.
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Figure 10. Equilibrium Outcome: Tuition Revenues per Research Faculty

The figure illustrates the relationship between faculty pay and revenue per faculty across fields. We calculate
the tuition revenue per professor by dividing the combined undergraduate and graduate tuition revenues
across all sample institutions in each academic field by the total number of faculty employed in that field
for 2022. For undergraduate tuition revenue, we multiply three factors for each institution and field: (1)
the number of bachelor’s degrees conferred, (2) the average duration of bachelor’s programs in that field,
and (3) a weighted average tuition rate that accounts for the proportions of in-state and out-of-state stu-
dents. Similarly, graduate tuition revenue is calculated by multiplying: (1) the number of master’s degrees
conferred, (2) the average length of master’s programs in that field, and (3) the published average tuition
rates for graduate programs.
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Figure 11. Wage Returns to Research Output

Panel A and B compare returns to research output across fields. Research output is measured using citation
and H-index quintiles, in Panels A and B, respectively. Quintiles are defined within fields and positions.
The graphs plot the coefficients from the regression In(wy, ;) = Zle Biqi + 25:1 ¢ BifLpqi+ pu + g p +
Ht,c + €nt. The black solid line plots 1 + §; for humanities, while the other lines plot 1 + 3; 4 3; 5 for each
respective field. The dependent variable In(wp,¢) is the log of the yearly base salary. The model includes
university, field x position, and wage format x year (base salary versus total compensation) fixed effects.
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Table 1. Summary Statistics: Faculty Wages

Total Compensation Base Salary

Counts

2015-2024 2005-2014  1995-2004 2015-2024 2005-2014 1995-2004

Total

Mean Median P95 SD Mean Mean Mean Mean Mean # Obs  # Profs

Total Sample 126.9 110.6 251.3 65.1 114.6 99.4 115.3 93.6 69.2 1,449,534 331,500
All Research Faculty 131.8 115.1 257.0 65.3 117.6 99.7 120.0 96.2 70.0 1,331,812 292,682
By Academic Field
Finance 192.1 168.7 368.3  90.7 163.2 116.7 182.7 134.7 91.5 50,880 10,709
Law 184.4 167.5 359.9 86.7 170.4 124.1 196.9 159.7 111.2 28,707 5,947
Business 169.0 149.2 332.1 83.7 149.0 114.3 149.7 116.3 86.3 89,478 26,320
Economics 160.1 139.0 318.8 80.4 135.7 103.3 151.6 119.5 86.3 47,098 11,657
Engineering 150.2 134.9 273.9 644 133.8 108.0 127.5 107.5 84.1 150,080 34,231
Computer Science 148.7 132.7 273.5 64.9 130.7 106.0 126.3 103.7 78.6 66,905 18,386
Physics 133.6 118.5 254.5  62.0 120.6 100.8 120.7 100.3 72.6 133,174 26,071
Biology 130.6 116.0 245.0 61.0 116.9 102.9 116.5 94.6 67.0 113,647 21,937
Agriculture 121.4 112.4 209.5 45.5 104.9 84.0 110.5 96.8 74.4 31,786 7,369
Maths 120.1 107.5 219.9 52.1 109.8 92.5 105.9 88.4 66.3 81,958 18,437
Public Administration 119.3 103.0 229.2  57.7 106.2 94.3 110.1 89.6 60.9 28,819 6,408
Psychology 119.3 105.8 220.7 53.5 110.2 97.3 108.5 90.1 62.5 56,757 10,911
Social Sciences 116.7 103.1 216.1 51.6 105.3 96.6 105.7 86.2 61.9 118,396 24,787
Architecture 114.2 100.3 208.4 48.0 100.4 84.5 101.6 84.9 62.2 18,750 4,426
Philosophy 113.9 102.0 208.7 51.0 102.4 98.0 102.9 85.2 62.3 22,769 4,690
Education 107.2 96.3 186.7 42.6 98.3 92.7 88.5 72.9 59.7 66,022 14,478
History 106.0 94.6 190.6 44.8 96.5 90.5 102.9 84.7 62.4 48,568 9,073
Languages 103.2 91.8 188.9 44.1 94.5 86.4 96.2 79.8 57.3 55,480 11,289
English 101.6 91.0 182.7 424 92.1 86.2 96.4 80.8 58.5 77,867 15,512
Communication 101.5 90.9 178.6 41.2 91.7 68.5 93.7 7T 59.6 44,671 10,044
By Rank
Full Professor 157.4 141.2 298.3 1735 138.9 109.7 153.7 117.3 83.6 601,783 95,583
Associate Professor 112.1 102.5 191.8 435 100.8 84.5 102.0 81.1 61.3 367,995 60,529
Assistant Professor 100.1 89.8 183.4 424 85.0 68.8 94.2 71.4 53.2 329,282 130,656
By University Classtfication
Very High Research Intensity 150.8 131.6 295.5 74.8 131.2 101.6 141.2 111.3 81.9 667,066 143,927
High Research Intensity 121.1 108.2 218.6 51.8 107.7 93.0 102.4 81.9 67.1 239,057 52,552
Doctoral Universities 100.9 91.4 170.8 38.4 89.5 66.3 90.9 71.0 57.5 53,874 13,743
Other 109.6 100.3 191.5 44.4 100.4 96.6 87.3 74.8 56.3 371,815 82,460
By Data Source
Public Requests Data 131.8 115.1 257.0 65.3 117.6 99.7 124.2 97.4 70.0 1,259,499 220,369
Green Card/H1B Applications 98.1 4.7 72,313 72,313
All Teaching Faculty 76.9 67.7 142.5 34.1 66.8 76.1 68.4 49.2 36.4 117,722 29,143

This table reports summary statistics on faculty wages across faculty type (research- or
teaching-track), wage measure (total compensation or base salary), and time period. Summary
statistics for research-track faculty are further disaggregated by academic field, academic rank,
university classification, and data source. The base salary represents the 9-month base salary,
excluding summer stipends and bonuses, while the total compensation includes all components
of faculty pay. The dataset is an unbalanced panel consisting of over 1.49 million faculty-year
observations from more than 331,000 professors at 1,459 North American 4-year institutions,
covering the period from 1993 to 2024. We gather faculty wage data through public record
requests under freedom of information laws. We identified academic fields from department
affiliations, and, if not available, a textual analysis of automated Google search, as well as
available field and conference directories. We supplement this sample with data from the U.S.
Department of Labor’s green card and H1B application records. All wage figures are reported
in current U.S. dollars.
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Table 2. Summary Statistics: Student Post-Graduation Earnings

Post-Graduation Earnings 1 Year After Graduation 5 Years After Graduation Instrument
2016-2021 2010-2016 2016-2021 2010-2016 2016-2021 2010-2015 2000-2009
N=33,537 N=23,593 N=26,095 N=19,559
P50 P25 P75 P50 P50 P25 P75 P50 Mean Mean Mean

Mean SD Mean Mean Mean Mean SD Mean Mean Mean

Total Sample 42.9 15.1 32.2 54.5 36.1 59.1 17.2 454 76.0 51.2 75.8 66.6 57.5
By Academic Field
Computer Science 65.7 19.6  49.1 84.8 56.4 91.8 254 704 121.8 74.8 91.3 79.4 68.1
Engineering 63.7 94 50.0 76.7 59.3 854 129  70.0 104.8 77.6 93.1 82.4 70.4
Law 60.3 17.5 37.6 97.9 60.7 88.1 16.7 58.7 132.8 97.0 99.7 87.6 75.8
Finance 48.7 7.6 37.3 60.3 40.9 70.3 12.1 53.8 91.4 59.8 84.5 73.9 64.2
Maths 485 114 332 65.3 40.3 68.2 16.1  50.3 92.0 56.5 79.5 69.5 60.0
Economics 44.7 7.2 32.2 57.9 37.5 68.5 104  50.4 91.3 56.8 77.8 67.8 58.5
Business 43.7 8.8 32.7 55.4 37.5 62.3 12.3 47.7 80.6 53.8 82.6 72.3 62.7
Architecture 41.5 8.3 32.2 50.6 34.5 57.4 6.6 46.7 69.5 48.5 88.1 76.5 66.2
Education 41.3 105 329 49.5 35.5 50.1 9.0 41.6 59.3 46.1 56.4 50.4 43.4
Public Administration 39.0 9.5 30.4 48.7 34.7 51.3 9.6 40.5 64.2 45.6 70.8 62.9 53.2
Physics 374 9.1 26.0 51.5 35.6 59.1 11.1 42.7 80.1 54.8 78.1 69.0 59.3
Agriculture 37.1 9.0 27.5 47.9 33.8 53.4 9.8 40.1 71.0 48.0 76.1 67.2 57.8
Communication 33.8 5.5 24.8 43.6 29.2 50.6 7.4 38.0 66.2 43.5 76.1 66.2 57.8
Social Sciences 32.8 5.9 23.4 43.8 28.4 49.9 8.5 36.7 66.2 434 74.9 65.6 56.8
Languages 32.1 6.2 22.5 43.8 28.6 47.7 6.2 35.0 63.4 42.6 67.5 59.3 51.3
Philosophy 30.9 5.1 21.2 43.8 26.7 47.8 8.0 32.6 68.1 41.6 69.8 60.9 53.0
English 29.8 5.0 21.1 40.4 26.7 44.8 5.9 32.6 58.0 40.3 68.9 60.5 52.6
History 29.8 5.2 21.1 40.9 26.6 46.4 6.0 33.9 60.5 41.3 67.5 59.3 51.7
Psychology 29.4 5.0 21.4 38.7 26.3 45.5 6.1 33.7 59.2 40.2 66.9 59.1 50.9
Biology 28.7 5.3 20.6 38.7 26.2 52.0 6.6 37.1 68.9 46.8 67.4 59.6 51.3
By Degree Level
Graduate 57.9 17.8 44.9 72.9 49.9 70.3 22.3 56.1 89.1 61.5 83.3 73.6 63.3
Undergraduate 41.0 13.6 30.6 52.2 34.4 57.8 15.9 44.1 74.4 50.0 74.8 65.7 56.7
By University Classification
Very High Research Intensity 46.2 17.3 34.8 58.7 38.7 64.1 19.2 49.0 83.2 55.0 78.6 68.9 59.4
High Research Intensity 42.5 13.6 32.0 53.8 36.1 58.0 16.0 44.9 73.8 50.3 74.6 65.7 56.6
Doctoral Universities 40.2 114 30.8 50.2 35.1 54.0 124 42.5 67.5 47.8 73.0 64.5 56.1
Other 382 109 284 48.9 32.5 529 12.0 405 67.3 46.7 73.7 64.8 55.8

This table presents summary statistics for our yearly panel of post-graduation earnings and
the constructed instrument variable. Post-graduation earnings are sourced from the U.S.
Census Bureau’s Post-Secondary Employment Outcomes (PSEO) dataset. From this dataset,
we obtain the 25th, 50th, and 75th percentiles of student earnings at the university-academic
program-cohort level that we match with our faculty salary dataset. The resulting panel
includes 77,900 observations across 368 universities, with around 3,700 academic programs
per year over the 2002-2022 period. We construct the instrument variable by combining the
student placement data from the PSEO with salary data from the American Community
Survey. Specifically, we calculate mean salaries from the American Community Survey at
the 2-digit NAICS industry, Census division, and year level. We then weight these industry-
region-year wages by the share of graduates from each academic program employed in the
corresponding industry-region-year cell, as reported in the PSEO. All earnings figures are
expressed in thousands of current U.S. dollars.
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Table 3. Faculty Pay Premiums across Fields (2015-2024)

Log(Faculty Pay),,

Samples All Research Academic Rank University Type University Classification Top Scholars Field Classification Method
Assistant  Associate Full Private Public R1 Other Department Directories Google
Information Searches
(1) (2) ®3) (4) (5) (6) (7) (8) 9) (10) (11) (12)
1.Finance 0.73%%* 0.84%** 0.70%** 0.65%F%  Q.77*F*  .73%¥¥*F  (.92%*F* 0.56%** 0.55%%* 0.77%%* 0.93%** 0.51%%*
(0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.02) (0.02) (0.04) (0.03) (0.08) (0.03)
1.Business 0.57*%* 0.64%** 0.54%** 0.51%F%  0.66%**  0.57***  0.68%** 0.45%%* 0.34%%* 0.59%** 0.79%%* 0.45%**
(0.02) (0.01) (0.02) (0.02) (0.03) (0.02) (0.02) (0.01) (0.03) (0.02) (0.08) (0.02)
1.Law 0.45%** 0.44%%* 0.40%** 0.43%F%  0.48%%*  0.45%**  (.51%** 0.31%%* 0.24%** 0.51%%* 0.58%** 0.37%%*
(0.02) (0.03) (0.02) (0.02) (0.04) (0.02) (0.02) (0.02) (0.07) (0.03) (0.08) (0.03)
1.Economics 0.42%%* 0.46*** 0.40%** 0.41%F%%  0.46%FF  0.42%F*  (.51%** 0.30%** 0.24%** 0.43%%* 0.62%%* 0.31%**
(0.02) (0.01) (0.02) (0.02) (0.02) (0.02) (0.02) (0.01) (0.04) (0.02) (0.08) (0.02)
1.Computer Science 0.37%%* 0.40%** 0.37%%* 0.33%%%  (.32%K%  0.37FF*  (.40%** 0.31%%* 0.06* 0.38%** 0.51%%* 0.31%%*
(0.01) (0.01) (0.01) (0.02) (0.02) (0.01) (0.02) (0.01) (0.03) (0.02) (0.08) (0.02)
1.Engineering 0.32%%* 0.32%%* 0.317%%* 0.32%%%  .24%F%F  (0.32%FF%  (.35%%* 0.28%** 0.07%%* 0.35%%* 0.51%%* 0.28%%*
(0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01) (0.01) (0.03) (0.01) (0.09) (0.01)
1.Physics 0.21%** 0.20%** 0.18%** 0.21%%% (. 13%F*%  (.21%F*  (.26%** 0.13%** -0.03 0.22%** 0.49%** 0.18%**
(0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01) (0.01) (0.02) (0.01) (0.08) (0.01)
1.Biology 0.22%** 0.21%%* 0.20%** 0.22%%% (. 21%FF  (.22%FF (. 26%F* 0.14%** -0.04 0.23%** 0.19%* 0.19%**
(0.01) (0.01) (0.01) (0.01) (0.03) (0.01) (0.01) (0.01) (0.03) (0.02) (0.09) (0.01)
1.Agriculture 0.20%%** 0.20%** 0.20%%* 0.19%%%  0.20%%*  0.20%%*  (.22%%* 0.17%%% -0.04 0.217%%* 0.32%%% 0.18%**
(0.01) (0.01) (0.02) (0.02) (0.04) (0.01) (0.02) (0.02) (0.05) (0.02) (0.08) (0.02)
1.Public Administration 0.19%** 0.16%** 0.18%** 0.20%%%  .13%F*  0.20%%%  0.27F%* 0.10%** 0.04 0.22%%* 0.27%%% 0.16%%**
(0.02) (0.01) (0.02) (0.02) (0.02) (0.02) (0.02) (0.01) (0.04) (0.03) (0.10) (0.01)
1.Psychology 0.17%%* 0.15%%* 0.15%%** 0.18%*%  Q.16%F*  0.17FF*  (.22%%* 0.10%** 0.02 0.19%%** 0.38%+* 0.14%%*
(0.01) (0.01) (0.01) (0.01) (0.05) (0.01) (0.02) (0.01) (0.03) (0.02) (0.09) (0.01)
1.Maths 0.16%** 0.17%%* 0.15%%** 0.16%%*  0.14%F*F  0.16%**  0.20%%* 0.09%** -0.03 0.18%%** 0.45%+* 0.12%%*
(0.01) (0.02) (0.01) (0.01) (0.02) (0.01) (0.02) (0.01) (0.03) (0.02) (0.08) (0.01)
1.Education 0.14%%* 0.13%%* 0.12%%* 0.14%%% (. 11%%  0.14%F%  0.14%%* 0.09%** 0.06 0.15%%** 0.25%+* 0.12%%*
(0.01) (0.01) (0.01) (0.01) (0.05) (0.01) (0.01) (0.01) (0.07) (0.01) (0.08) (0.01)
1.Social Sciences 0.12%%* 0.11%%* 0.11%%* 0.13%%%  Q.11%FF  0.12%F%  (.15%%* 0.07%+* -0.04 0.14%%* 0.26%+* 0.09%**
(0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01) (0.01) (0.03) (0.01) (0.08) (0.01)
1.Communication 0.11%%* 0.09%** 0.10%%** 0.12%%%  0.08%F* (. 11%F*  (.12%%* 0.05%** -0.09 0.12%%* 0.24%+* 0.08%**
(0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01) (0.01) (0.06) (0.01) (0.08) (0.01)
1.Architecture 0.08%** 0.07%** 0.08%** 0.09%**  0.09%%*  0.08%** 0.10%** 0.08%** -0.33%F* 0.10%%** 0.17* 0.07%%*
(0.01) (0.01) (0.01) (0.02) (0.03) (0.01) (0.01) (0.01) (0.05) (0.02) (0.09) (0.01)
1.Philosophy 0.08%** 0.05%** 0.06%** 0.09%** 0.03 0.08%**  (0.10%** 0.02%** -0.07 0.10%%** 0.19* 0.04%%*
(0.01) (0.01) (0.01) (0.01)  (0.02)  (0.01)  (0.01) (0.01) (0.12) (0.01) (0.10) (0.01)
1.History 0.07%%* 0.05%** 0.05%** 0.08%** 0.04 0.07%¥%  0.07%** 0.03%** 0.18* 0.08%** 0.26%** 0.04%**
(0.01) (0.01) (0.01) (0.01) (0.04) (0.01) (0.01) (0.01) (0.09) (0.01) (0.08) (0.01)
1.English 0.05%** 0.04%** 0.04%** 0.05%** -0.00 0.05%**  (.03%** 0.02%** -0.20%* 0.06*** 0.16** 0.03%**
(0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01) (0.01) (0.09) (0.01) (0.08) (0.01)
Fized Effects
University x Year Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Position x Year Yes - - - Yes Yes Yes Yes Yes Yes Yes Yes
Wage Format x Year Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Data Source x Year Yes Yes Yes Yes Yes Yes Yes Yes Yes - - -
Observations 859,703 224,420 239,214 370,703 17,213 842,389 430,094 429,609 17,490 452,360 43,207 304,426
R? 0.64 0.67 0.66 0.53 0.77 0.64 0.58 0.65 0.44 0.67 0.64 0.59

This table presents wage premiums by academic field relative to Languages for the 2015-2024
period. The sample is restricted to research faculty only. We estimate OLS regressions of the
log of annual gross wage on field dummies, with Languages as the reference category. Column
1 presents wage premiums for the full sample of research tenure-track faculty. Columns 2-
4 show premiums by academic rank: assistant, associate, and full professors. Columns 5-6
compare premiums across private and public universities. Columns 7-8 display premiums by
university classification: R1 universities (doctoral universities with very high research activity)
and all others. Column 9 restricts the sample to top scholars ranked in the top 2000 in
their field. Columns 10-12 examine premiums by field classification methodology: department
information, field directories, and Google autgmated searches. The baseline specification in
Column 1 includes fixed effects for university X year, academic rank x year, wage format x year
(base salary versus total compensation), and data source x year (public record requests versus
H1B or green card application data). Coefficients are reported in log points; the percentage
premiums quoted in the text are obtained as exp(8) — 1. Standard errors are clustered at the
university level and reported in parentheses. The symbols *, ** and *** denote statistical
significance at the 10%, 5%, and 1% levels, respectively.



Table 4. Elasticity of Faculty Pay to Post-Graduation Earnings: OLS

Student Earnings

Log(Faculty Pay);,

One Year after Graduation

Five Years after Graduation

(1) (2) () (4)

(5) (6) (7) (8)

Panel A. Median

Log(Post-Graduation Earnings), .~ 0.52%%%  0.44%%% 0.41%%F  0.06***  0.67***  0.58*** 0.57%**  (.08***
(0.04) (0.04) (0.05) (0.01) (0.05) (0.05) (0.05) (0.02)
R? 0.49 0.66 0.66 0.91 0.52 0.66 0.67 0.90
Panel B. 25th Percentile
Log(Post-Graduation Earnings); , .~ 0.45%%* 0.39%%%  0.32%%%  0.05%**  0.59*** 0.50*** 0.50***  0.06***
(0.03) (0.04) (0.04) (0.01) (0.05) (0.05) (0.04) (0.01)
R? 0.48 0.66 0.65 0.91 0.49 0.65 0.66 0.90
Panel C. 75th Percentile
Log(Post-Graduation Earnings); , .~ 0.57*%*  0.48%F%  0.43%%F  0.06***  0.67*** 0.58*** 0.53%**  (.05%**
(0.04) (0.04) (0.05) (0.01) (0.04) (0.05) (0.05) (0.01)
R? 0.50 0.66 0.66 0.91 0.53 0.66 0.67 0.90
Observations 172,827 172,482 172,827 172,327 115,627 115,351 115,627 115,218
Fized Effects:
University x Field - - - Yes - - - Yes
Field x Year - - Yes - - - Yes -
University x Year - Yes - - - Yes - -
Wage Format x Year Yes Yes Yes Yes Yes Yes Yes Yes
Rank x Year Yes Yes Yes Yes Yes Yes Yes Yes
Degree Level x Year Yes Yes Yes Yes Yes Yes Yes Yes

This table reports regression coefficients from OLS specifications that relate the log of faculty
pay in an academic program, proxied by the average faculty pay in the corresponding field and
university, to the log of student earnings one and five years after graduation from that pro-
gram. Student earning outcomes are sourced from the U.S. Census Bureau’s Post-Secondary
Employment Outcomes (PSEQ) dataset as described in Section II. The sample includes 8,561
academic programs across 368 universities, corresponding to 3,700 programs per year on aver-
age over the 2020-2022 period. The sample is expanded to cover the three academic ranks. All
specifications include academic rank x year, wage format (base pay and total compensation)
x year, and degree level (graduate or undergraduate) x year fixed effects. Columns 2 and 6
estimate within-university across-field elasticities by including university x year fixed effects.
Columns 3 and 7 estimate within-field across-university elasticities by including field x year
fixed effects. Columns 4 and 8 estimate within-academic program across time elasticities by
including university x field fixed effects. Standard errors are clustered at the university level

and at the field x year level, and are reported in parentheses. The symbols *,

* **’ and K3k

indicate statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table 5. Elasticity of Faculty Pay to Post-Graduation Earnings: Instrumental
Variable Analysis using Leave-out-Means.

Log(Faculty Pa}’)f,u,y

One Year after Graduation

Five Years after Graduation

(1) (2) (3) (4) (5) (6) (7) (8)
PostGmdearmngs 0.61FF%  (.54%** (), 78%** 0.01 0.78%FF 0. 72%**  1.03***  -0.30
(0.05) (0.05) (0.08) (0.16) (0.07) (0.08) (0.09) (1.15)
Observations 171,178 170,872 171,178 170,408 114,465 114,225 114,465 113,844
R? 0.24 0.21 0.02 0.00 0.31 0.24 0.05 -0.02
Fized Effects:
University x Field - - - Yes - - - Yes
Field x Year - - Yes - - - Yes -
University x Year - Yes - - - Yes - -
Wage Format x Year Yes Yes Yes Yes Yes Yes Yes Yes
Rank x Year Yes Yes Yes Yes Yes Yes Yes Yes
Degree Level x Year Yes Yes Yes Yes Yes Yes Yes Yes
F-Test 144 106 100 0 126 86 127 0

This table reports regression coefficients of our instrumental variable analysis, where we in-
strument student post-graduation earnings using the leave-out-mean at the field x year X
state X degree level cell. Standard errors are clustered at the university level and at the field
x year level, and are reported in parentheses. The symbols

significance at the 10%, 5%, and 1% levels, respectively.
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Table 6. Elasticity of Faculty Pay to Post-Graduation Earnings: First Stage of

our Instrumental Variable Analysis using industry-region placements.

Log(Student Earnings) fou,y

One Year after Graduation

Five Years after Graduation

(1)

(2)

3)

(4)

()

(6)

(7)

(8)

Instruments , y 1.15%*6 128%%*F  (.62%**F  (0.33%**  1.06%** 1.07FF  0.85%FF  (0.46%**
(0.12) (0.13) (0.09) (0.09) (0.08) (0.09) (0.08) (0.08)
Observations 138,794 138,404 138,794 137,977 90,562 90,274 90,562 89,935
R? 0.51 0.64 0.80 0.98 0.57 0.68 0.78 0.98
Fized Effects:
University x Field - - - Yes - - - Yes
Field x Year - - Yes - - - Yes -
University x Year - Yes - - - Yes - -
Wage Format x Year Yes Yes Yes Yes Yes Yes Yes Yes
Rank x Year Yes Yes Yes Yes Yes Yes Yes Yes
Degree Level x Year Yes Yes Yes Yes Yes Yes Yes Yes
F-Test 100 93 44 14 167 139 126 34

This table reports regression coefficients from the first stage of our instrumental variable anal-
ysis. The dependent variable is the log of student post graduation earnings in an academic

program and year.
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The independent variable is our instrument.
ment variable by combining the student placement data from the PSEO with salary data from
the American Community Survey. Specifically, we calculate mean salaries from the American
Community Survey at the 2-digit NAICS industry, Census division, and year level. We then
weight these industry-region-year wages by the share of graduates from each academic program
employed in the corresponding industry-region-year cell, as reported in the PSEO. Standard
errors are clustered at the university level and at the field x year level, and are reported in
parentheses. The symbols *, **, and *** indicate statistical significance at the 10%, 5%, and
1% levels, respectively.

We construct the instru-



Table 7. Elasticity of Faculty Pay to Post-Graduation Earnings: Second Stage
of our Instrumental Variable Analysis using industry-region placements.

Log(Faculty Pay) fou,y

One Year after Graduation

Five Years after Graduation

(1) (2) (3) (4) (5) (6) (7) (8)
PostGraduation Earningsg,,  0.81¥%%  0.74%F% (850  (73%5%  (.88%FF (. 90%FFF  (.58%FF 0487
(0.08) (0.08) (0.18) (0.24) (0.07) (0.09) (0.13) (0.15)
Observations 138,794 138,404 138,794 137,977 90,562 90,274 90,562 89,935
R? 0.18 0.14 0.02 -0.09 0.30 0.21 0.15 -0.02
Fized Effects:
University x Field - - - Yes - - - Yes
Field x Year - - Yes - - - Yes -
University x Year - Yes - - - Yes - -
Wage Format x Year Yes Yes Yes Yes Yes Yes Yes Yes
Rank x Year Yes Yes Yes Yes Yes Yes Yes Yes
Degree Level x Year Yes Yes Yes Yes Yes Yes Yes Yes

This table reports regression second-stage regression coefficients from our instrumental variable
analysis. The dependent variable is the log of faculty pay in an academic program, proxied by
the average faculty pay in the corresponding field and university. The independent variable
is the log of student earnings one and five years after graduation from that program that we
instrument using our wage index. Standard errors are clustered at the university level and at
the field x year level, and are reported in parentheses. The symbols *, ** and *** indicate

statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table 8. Mechanism: Heterogeneity in Elasticity

Log(Faculty Pay); ,

Demand Channel Supply Channel

Labor Intensity

Master Premium  Donation Intensity PhD Opportunity Cost PhD Research Input

(1) (2) (3) (4) (5) (6) (7) (8) ) (10)
Low High Low High Low High Low High Low High
Panel A: OLS Estimations

Log(Post — GraduationEarnings); , . 0.44%%%  0.63%%*  0.55%F%  0.58%%*  0.52%*%  0.61%**  0.49%** 0.62%** 0.45%%*%  0.63%**
(0.06)  (0.06)  (0.06)  (0.05)  (0.05)  (0.06)  (0.06) (0.06) (0.05) (0.06)

Fields x Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 44,472 71,155 30,081 85,546 69,517 46,110 63,960 51,667 45,904 69,723

R? 0.65 0.68 0.62 0.65 0.63 0.60 0.59 0.60 0.64 0.68

Panel B: I'V-2SLS Estimations

Log(Post — GraduationEarnings); , . 0.74*%%% 0.87%%*  0.75%8%  0.85%%*  0.74%*%  0.90%**  0.76%** 0.87*** 0.74%%*%  0.87F**
(0.04) (0.05) (0.05) (0.04) (0.04) (0.05) (0.05) (0.05) (0.04) (0.05)

Unit x Field Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 32,944 57288 22336 67,8906 48,794 41,438 45,664 44,568 33,442 56,790

R? 0.13 0.15 0.12 0.15 0.11 0.18 0.09 0.18 0.13 0.15

This table reports regression coefficients of the log average annual faculty salary on the log of
student post-graduation median earnings (five years post-graduation). Data are sourced from
the U.S. Census Bureau’s Post-Secondary Employment Outcomes (PSEO). All specifications
include academic rank x year, wage format x year, and degree level x year fixed effects. Panel
A reports OLS estimates including university x year fixed effects. Panel B reports IV-2SLS
estimates including university x field fixed effects, where student earnings are instrumented
by the instrument used in Table The sample is split along five dimensions reflecting field
specific frictions in demand and supply adjustments. On the demand side, these dimensions
include Labor Intensity, Master Premium, and Donation Intensity. On the supply side, these
dimensions include PhD opportunity cost, proxied by the PhD premium in the industry, and
PhD research input, proxied by the number of PhD co-authors on average. For each dimension,
“Low” and “High” subsamples are defined as observations below and above the sample median,
respectively. Standard errors are clustered at the university level and at the field x year level,
and are reported in parentheses. The symbols *, ** and *** indicate statistical significance
at the 10%, 5%, and 1% levels, respectively.
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Table 9. Elasticity of Faculty Pay to Research Output

Log(Faculty Pay)

Total Citation Quintiles H-Index Quintiles

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

Quintiles 0.08%%*F  0.05%**  0.04%*¥*  0.02%¥*  0.08%%F  0.05%** 0.03*** 0.01
(0.00)  (0.00)  (0.01)  (0.01)  (0.00)  (0.00)  (0.01)  (0.01)
Quintiles x 1.Finance 0.10%%*  0.08*** 0.09%*%* — 0.07***
(0.01) (0.01) (0.01) (0.01)
Quintiles x 1.Business 0.09%**  0.06*** 0.09%%*  0.06%**
(0.01)  (0.01) (0.01)  (0.01)
Quintiles x 1.Economics 0.07%%*  0.06%** 0.08***  (.07***
(0.01) (0.01) (0.01) (0.01)
Quintiles x 1.Biology 0.06%**  0.04%** 0.07%%%  0.05%**
(0.01)  (0.01) (0.01)  (0.01)
Quintiles x 1.Psychology 0.05%*%*  0.03%** 0.07%%*  0.04***
(0.01)  (0.01) (0.01)  (0.01)
Quintiles x 1.Maths 0.05%*%  0.04%*** 0.06%**  0.05***
(0.01)  (0.01) (0.01)  (0.01)
Quintiles x 1.Physics 0.05%%%  0.04%%* 0.06%**  0.05%**
0.01)  (0.01) 0.01)  (0.01)

Quintiles x 1.ComputerScience 0.05%** 0.02 0.05%%*  0.03*
(0.02) (0.01) (0.01) (0.01)

Quintiles x 1.Philosophy 0.04%* 0.03 0.04*%*  0.03**
(0.02)  (0.02) (0.02)  (0.02)

Quintiles x 1.PublicAdministration 0.04***  0.02* 0.05%%*  0.03**
(0.01) (0.01) (0.01) (0.01)
Quintiles x 1.SocialSciences 0.03***  0.02%* 0.04%*%  0.03***
(0.01)  (0.01) (0.01)  (0.01)

Quintiles x 1.Engineering 0.03** 0.02 0.03***  0.02%*
(0.01) (0.01) (0.01) (0.01)

Quintiles x 1.History 0.02 0.01 0.03* 0.02*
(0.01)  (0.01) (0.02)  (0.01)

Quintiles x 1.Communication 0.02 0.01 0.03* 0.02
0.01)  (0.01) 0.01)  (0.01)

Quintiles x 1.Education 0.01 0.00 0.02%* 0.01
(0.01) (0.01) (0.01) (0.01)

Quintiles x 1.English 0.01 0.00 0.01 0.01
(0.01)  (0.01) (0.01)  (0.01)

Quintiles x 1.Law -0.00 -0.00 0.01 0.01
(0.02) (0.02) (0.02) (0.02)

Quintiles x 1.Agriculture -0.01 0.00 0.00 0.01
(0.01)  (0.01) (0.01)  (0.01)

Quintiles x 1.Architecture -0.01 -0.00 -0.01 -0.00
(0.01) (0.01) (0.01) (0.02)

Fized Effects

University x Year - Yes - Yes - Yes - Yes

Field Yes Yes Yes Yes Yes Yes Yes Yes

Rank x Year Yes Yes Yes Yes Yes Yes Yes Yes

Experience Quintiles Yes Yes Yes Yes Yes Yes Yes Yes

‘Wage Format x Year Yes Yes Yes Yes Yes Yes Yes Yes
Observations 83,604 83,557 83,604 83,557 83,604 83,557 83,604 83,557

R? 0.53 0.61 0.54 0.61 0.53 0.61 0.53 0.61

This table reports coefficients from OLS regressions where the dependent variable is log an-
nual gross wage. The independent variables are quintiles of research output measured by total
citations (Columns 1-4) and H-index (Columns 5-8). Columns 3-4 and 7-8 additionally include
interactions between research output quintiles and field dummies, with Languages as the refer-
ence category. All specifications include fixed effects for wage format x year (base salary versus
total compensation), academic rank x year, field, and experience quintiles, where experience
is measured as years since first publication. Columns 2, 4, 6, and 8 include university x year
fixed effects. Data are from the merge of our academic wage database with Scopus and include
83,609 faculty year observations representing 18,479 professors across 192 public universities.
Standard errors are clustered at the university level and reported in parentheses. The symbols
* ¥ and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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