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1 Introduction

A common societal goal is to ensure relative pay among coworkers is fair. Various laws and reg-

ulations speak to this—mandated pay transparency, restrictions on the ratio of CEO-to-worker

pay, and protections for remote work vs in-person employees. The most consistent of these

initiatives—found in 98 countries around the world1—are “equal pay for equal work” (EPEW)

laws that explicitly restrict the relative pay of workers doing similar tasks within a firm. In the

United States, the Equal Pay Act of 1963 imposes this restriction, and all 50 states have adopted

similar legislation.

EPEW requirements, particularly in the US, frequently exhibit three common features. First,

they collapse a worker’s “work” into a single-dimensional, omnibus measure which we refer

to in this paper as productivity.2 This unidimensionality allows for a complete ranking over

workers’ productivities. Second, they bind on an individual basis, meaning that a firm is in

violation if even one worker is paid less than another and the pay difference is not justified by

productivity differences.3 These individual-basis restrictions frequently are not meaningfully

1https://www.worldbank.org/en/news/press-release/2024/03/04/new-data-show-massive-wider-

than-expected-global-gender-gap
2For example, New York’s, Connecticut’s, and Canada’s EPEW defines a worker’s work as a “composite”

of factors such as skill, effort and responsibility (see, respectively, NY Labor Law § 194; CT Gen Stat § 31-75;
Pay Equity Act, S.C. 2018, c. 27, s. 416(47-50)). In some countries such as Germany (Entgelttransparenzgesetz
[EntgTranspG] [Transparency in Wage Structures Act], June 30, 2017, BGBl. I. at 2152, §§ 3–4, last amended by
Gesetz, July 5, 2021, BGBl. I at 3338, art. 25), the equal pay restriction is stated as equal pay for work of equal value,
explicitly requiring a single value to measure potentially multi-dimensional factors of output.

3For example New York, Illinois, Germany, and Ontario specifically state that it is in violation for any employee
to be paid less than even a single coworker when productivity differences cannot justify unequal pay (see, respec-
tively, NY Labor Law § 194; 820 Ill. Comp. Stat. 112/10; Entgelttransparenzgesetz [EntgTranspG] [Transparency in
Wage Structures Act], June 30, 2017, BGBl. I. at 2152, §§ 3–4, last amended by Gesetz, July 5, 2021, BGBl. I at 3338,
art. 25; Ontario’s Employment Standards Act, 2000, S.O. 2000, c. 41, s. 42(1)). More broadly, legal proceedings reg-
ularly find in favor of plaintiffs who are able to find only one coworker, or a small number of coworkers, who are
paid higher wages without the requisite productivity argument—see EEOC v. AH 2007 Management, LP d/b/a
Courtyard Monroe Airport, and Aimbridge Hospitality, LLC d/b/a Aimbridge Hospitality, LLC, No. 19-cv-914
(W.D. La. Feb. 3, 2021); EEOC v. Jerry’s Chevrolet Inc., et al., No. 21-cv-02464 (D. Md. Nov. 30, 2022); EEOC v. Dell,
Inc., No. 3:20-cv-03131 (N.D. Tex. Sept. 2, 2021); EEOC v. First Metropolitan Financial Services, Inc., 1:18-cv-177
(N.D. Miss. March 18, 2021); EEOC v. Enoch Pratt Free Library, No. 8:17-cv-02860 (D. Md. Dec. 23, 2020); EEOC v.
Covenant Medical Center, Inc., 2:20-cv-10662 (E.D. Mich. Sept. 2, 2020); EEOC v. Cummins, Inc., d/b/a Cummins
Business Services, No. 3:17-cv-01306 (M.D. Tenn. Mar. 29, 2019); EEOC v. Prince George’s County, Maryland,
No. 1:15-cv-02942 (D. Md. June 1, 2017); Samira Ahmed v BBC [2020] UKET 2206858/2018. The largest source
of variation between EPEW on this dimension is whether the restriction applies to all pairs of workers, or only
to workers in different protected classes (e.g. a woman cannot be paid less than a man if she is equally productive,

1
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constrained by the notion of “protected classes.”4 Third, they are broader than merely ensuring

equal pay for “equal” work, and instead imply that a worker cannot be paid less than a peer

who is equally or less productive, i.e., “equal pay for equal or better work.”5

Perhaps the largest qualitative difference that exists between EPEW laws is whether the

restriction binds on an individual basis, as discussed, or on an aggregate, group-level basis.

Specifically, group-level EPEW restrictions differ from individual-level EPEW found in the

US in that they ask whether, controlling for productivity, members of one sex are paid less

than the other on average. Section 50 of Canada’s Pay Equity Act (S.C. 2018, c. 27, s. 416), for

example, specifically defines the “equal line method” as a comparison between male and female

“regression lines” for workers performing similar tasks. Moreover, if the female “regression line”

falls below the male “regression line,” the law prescribes raising women’s wages to equalize

the two; similar adjustments are often advocated by policy and consulting specialists as a way

of increasing pay fairness (for details, see Anderson et al., 2019).

In this paper, we positively and normatively study pay “fairness” as restricted by EPEW.

Taking a positive approach, we theoretically characterize the restrictions on the set of worker

types—each specifying a wage and a productivity—that can simultaneously be employed by

a firm under the individual- and group level-restrictions. Using a novel dataset containing

details on the pay and productivity of US research faculty, we ask whether the pay structures of

US universities for research faculty can be rationalized as satisfying legal restrictions imposed

by EPEW. We find that in most cases, the answer is “no.”

but she could be paid less than an equally productive woman). We return to these differences later in our analysis.
4While all EPEW restrictions in the US, to our knowledge, specify that the restriction of equal pay binds only

for workers across defined protected classes, there are often many specified protected classes. Because plaintiffs
alleging they were unfairly paid can present a comparison worker who differs along any protected class, the
number of “groups” is combinatorially defined by the intersection of any subset of protected classes. For example,
New York specifies 11 protected classes (NY Labor Law § 194), and even if these are each binary categories, there
are 2,048 groups across which EPEW binds. Given typical firm sizes, it is plausible that many workers share
no coworkers within their group, which collapses EPEW restrictions fully to the individual level.

5See Morgan v. United States Soccer Fedn., 25 F.4th 1102 (9th 2022); Bence v. Detroit Health Corp., 712 F.2d
1024, 1027 (6th Cir. 1983); EEOC v. Chas. S. Winner, Inc. d/b/a Winner Ford of Cherry Hill d/b/a Winner Ford,
No. 1:16-06137 (D.N.J. Nov. 22, 2017); EEOC v. Mechanical Design Systems, Inc., No. 8:22-cv-02463 (D. Md. May
9, 2023); EEOC v. AH 2007 Management, LP d/b/a Courtyard Monroe Airport, and Aimbridge Hospitality, LLC
d/b/a Aimbridge Hospitality, LLC, No. 19-cv-914 (W.D. La. Feb. 3, 2021); EEOC v. Enoch Pratt Free Library,
No. 8:17-cv-02860 (D. Md. Dec. 23, 2020).
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Taking a normative approach, we study whether individual- or group-level EPEW restric-

tions are desirable. As we explain shortly, we consider a relative pay restriction to be “desirable”

if it treats wage and productivity symmetrically. We show that individual-level EPEW is not

symmetric, but it is nearly so, and we characterize the minimum additional restriction to add

to EPEW to ensure symmetry: a condition we refer to as “Equal Work for Equal Pay” (EWEP).

By contrast, we show that group-level EPEW restrictions are far from symmetric, and indeed,

that “flipping” the role of pay and productivity can lead to contradictory assessments of the

fairness of a firm’s pay structure. These results suggest that individual-level EPEW restrictions

may be seen as more fair than group-level EPEW.

Our analysis begins by considering a firm and a finite set of workers it employs, each with

a wage and a productivity. (Individual-level) EPEW imposes a version of Becker’s “outcome

test” for discriminatory treatment against a worker: given the worker’s input (productivity),

are there weakly lower-input workers who receive a weakly higher output (wage)? We the-

oretically show that a firm structure—a joint collection of pay and productivity among the

workers—satisfies EPEW if and only if the wage schedule follows a non-decreasing function of

productivity, a restriction which we refer to as pay monotonicity. Pay monotonicity is demanding,

and becomes more demanding as the number of employed workers grows. In large firms, pay

monotonicity affords almost no flexibility on the pay structure: if the firm employs a set of

workers across the entire productivity distribution, then the firm has almost no flexibility when

it comes to setting the wage of a new worker it hires. For similar reasons, the firm also lacks the

ability to match competing offers or to poach employees from other firms at a wage premium,

and it removes the ability of a worker to individually negotiate higher pay.

We then empirically test compliance with legal restrictions, i.e., pay monotonicity. An

initial difficulty we must contend with are the measurement challenges associated with pay

monotonicity. If each worker had only a single dimension of productivity (e.g. number of

widgets constructed per hour), it would be trivial to check whether or not high performers earn

more than low performers. However, many jobs contain multiple dimensions of productivity
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(e.g. representing different tasks) that must be aggregated to determine aggregate productivity.

An observer likely does not know the relative weighting of these dimensions, meaning that a

given pay structure may or may not satisfy wage monotonicity given different potential weights.

We develop an empirical framework to overcome this measurement challenge. Our frame-

work helps measure pay monotonicity in real-world settings with an arbitrary number of

productivity metrics. It poses the following question: Does a linear weighting of the produc-

tivity metrics exist that could rationalize observed pay as monotonic? Or, is the set of weights

that rationalize observed pay as monotonic empty? Our technique allows for interactions

and arbitrary transformations of productivity metrics, however, as the set of inputs grows, it

becomes easier to rationalize pay as monotonic. As such, the effectiveness of our methods relies

on the ability to limit the complexity of pay schemes, and to ensure they remain interpretable

and practical. We also develop a related new technique to address the role of unobserved

productivity, and to quantify the “distance” from monotonicity (in units of pay).

As a proof of concept for our rationalizability approach, we apply it to professors in academic

departments at top public universities (2008-2019), where pay information is publicly available.

We use publications in different journals and citation counts as productivity metrics, allowing

for the idea that publications in certain journals might be weighted more highly than others.

Throughout, we implement our method in the way most generous to employers and look

only at within-job-title comparisons, i.e. we enact a very conservative approach to declaring a

firm is in violation of monotonicity. Despite this, we find that 61% of department×rank×year

cells fail the monotonicity test: The set of journal weights rationalizing the pay distribution as

monotonic is empty. To rationalize it with unobserved factors (such as teaching or service), the

strongest unobserved contribution would have to count for about 30% as much as the most

heavily weighted observable metric in the cell (on average).

To study whether larger units are less likely to satisfy pay monotonicity, we use a shift–share

design based on school-level cumulative external hiring interacted with baseline title shares.

We interpret this exercise as suggestive evidence on the scale–fairness link rather than as a
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clean external-shock design. In the IV estimates, each additional faculty member in a cell is

associated with about a 3–4 percentage-point lower probability of a monotonic pay schedule

and about $4.4–$4.9 thousand more salary gap that must be ignored to restore monotonicity.

These patterns are consistent with the theoretical prediction that, as a firm expands, its pay

schedule becomes more brittle: larger firms have fewer admissible “slots” for new hires without

violating monotonicity, making it harder to accommodate poaching or outside offers without

breaching the equal-pay restriction. Consistent with this mechanism, full-professor cells —

which are on average twice as large as associate-professor cells — exhibit larger monotonicity

violations, suggesting that bigger groups are more prone to these breaches.

Returning to the conceptual question of relative pay fairness, an important observation is that

EPEW treats pay and productivity asymmetrically. A firm structure satisfies EPEW if all workers

are paid the same wage, even if they have different productivities, but it does not satisfy EPEW

if all workers have the same productivity but are paid different wages. The symmetric version

of EPEW, which we call “equal work for equal pay” (EWEP), requires that if one worker is paid

the same (or more) than another, then the former should not be less productive than the latter.

We propose that an ideal fairness restriction on relative wages should treat pay and pro-

ductivity symmetrically for two reasons. First, symmetry of pay and productivity is popularly

considered to be an important fairness notion. Complaints about EWEP violations often take

the form: “A worker from a disadvantaged group must be twice as productive to receive the

same pay as a worker of the majority group.”6 A recent survey (The Pulse of Black America,

2022) finds that violations of EPEW and EWEP are the top two labor-related concerns among

employed black Americans (EWEP 57%, EPEW 56%).

Second, symmetry avoids a “chicken or the egg” phenomenon: do wages determine produc-

tivity, or does productivity determine wages? We note that economists have no clear answer

to this question. Papers in the organizational economics literature (e.g.s Winter, 2004; Halac

6This idea has been stated in various ways. In her book, Black Feminist Thought, Patricia Hill Collins critiques
“the basic economic exploitation where U.S. Black women [...] work twice as hard for the same pay[.]” (Collins,
1990, page 74). In her 2021 memoir Becoming, Michelle Obama wrote, “There’s an age-old maxim in the black
community: You’ve got to be twice as good to get half as far.”
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et al., 2021; Yildirim, 2025) consider the design of incentive schemes under the premise that

workers pick their level of productivity in response to wage contracts, while papers in the

labor economics literature (e.g.s Mortensen and Pissarides, 1994; Postel-Vinay and Robin, 2002;

Cullen and Pakzad-Hurson, 2023; Cullen et al., 2025) take worker productivity as fixed and

study the wage determination process.7 We are agnostic about the direction of causation, but

given that either is plausibly true, and that the answer may differ by labor market, symmetric

treatment of pay and productivity is potentially important. In other words, because legal

restrictions on pay fairness do not differ by labor market, imposing symmetry ensures that the

legal restriction is “fair” across markets.

We use the notion of symmetry to evaluate restrictions on relative pay. As previously argued,

the EPEW restriction alone does not imply symmetry, but we show that almost every firm

structure that satisfies EPEW would also satisfy EPEW if pay and productivity were “swapped.”

Indeed, the minimal additional restriction to add to EPEW to ensure symmetry is EWEP, which

are jointly equivalent to strictly increasing wages in productivity.

We also use symmetry to evaluate group-based, regression approaches to EPEW used in

other countries. Specifically, group EPEW declares a firm structure to be unfair if, controlling

for productivity, the regression coefficient on an indicator variable for being a member of a

historically underrepresented group is negative.8 We show formally that group EPEW is not

consistent with the symmetry axiom; even if the desired coefficient is positive we show that

reflecting the wage and productivity of each worker can lead to exactly the opposite conclusion,

in other words, a violation of group EWEP. Specifically, workers in one group can be paid more

on average than workers in the other controlling for productivity, while workers in the former

7Perhaps of interest, papers in both of these literatures, see e.g.s Winter (2004) and Cullen and Pakzad-Hurson
(2023), find that violations of EPEW can arise in equilibrium.

8Group-based EPEW is used in a large literature aiming to measure differences in pay given equal work
(or by holding work as similar as possible). Prominent examples include the literature on gender wage gaps
(e.g., see Bertrand et al., 2010; Goldin, 2014; Blau and Kahn, 2017; Cook et al., 2021) and racial wage gaps (Neal
and Johnson, 1996; Bertrand and Mullainathan, 2004; Bayer and Charles, 2018). However, EPEW studies have
also focused on the wage gaps within other demographic variables such as parental status (Budig and England,
2001), sexual orientation (Carpenter, 2007), having a criminal record (Pager, 2003), height (Case and Paxson, 2008),
physical attractiveness (Hamermesh and Biddle, 1993), and education (Dale and Krueger, 2002).
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group are more productive on average than workers in the latter group controlling for wages.

We show that this discrepancy between group EPEW and group EWEP occurs not just theoret-

ically, but also empirically in several datasets. Moreover, modifications to the firm structure to

“raise the regression coefficient” to satisfy group EPEW can create increased violations of group

EWEP (and vice versa) for the disadvantaged group—if a firm structure satisfies group EWEP

but not group EPEW, raising the wages of workers of the disadvantaged group can lead the

“post intervention” firm structure to violate group EPEW. This suggests that wage increases

for members of the minority group can decrease fairness, or, perhaps more likely, that group

EPEW is not an ideal approach to pay fairness.

Taken together, our results suggest that pay structures satisfying individual EPEW are more

likely to satisfy symmetry than those satisfying regression-based approaches to EPEW.

We review the related literature below. In Section 2, we formalize EPEW and present pos-

sibility/impossibility results around pay monotonicity. In Section 3, we discuss the symmetric

notion of EWEP and conceptual and practical issues with group-level aggregation methods to

studying pay fairness. In Section 4, we develop our empirical method. In Section 5, we describe

our data and strategy to operationalize the method in this setting. Section 6 presents results

from our empirical exercise. Section 7 concludes.

1.1 Related Literature

Individual-Level Fairness Notions. Fairness of outcomes for individuals with similar “rel-

evant” characteristics are common in economics, and such “outcome tests” were popularized

in Becker (1957, 1993). Becker’s original formulation of these tests focused on marginal workers

along a binary threshold assignment (hired/not). Outcomes tests have been applied to a variety

of settings including lending (Peterson, 1981; Dobbie et al., 2021), police searches (Ayres, 2002),

and other criminal justice settings (Hull, 2021; Canay et al., 2023), as well as job promotions

(Benson et al., 2019; Huang et al., 2024). Because of the need to identify marginal subjects,

papers in this setup often use an instrument and IV approach.
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However, the concept can be generalized to a richer set of potential assignments (such as

wages, sentence lengths, interest rates, etc.). Moving from a binary to a continuous assignment

creates many observable “local margins,” so in ideal circumstances the need for an external

instrument disappears. However, that conclusion rests critically on the assignment rule being

monotone and the same for every group.9 Arnold et al. (2018) examine a continuous assign-

ment (bail amount), yet the authors still exploit random judge assignment as an instrument

because judges may differ in both level and slope of their bail-setting rules (violating the

common-schedule assumption).

By contrast, our approach applies to within-firm, within-unit comparisons between workers.

We assume a common within-firm rule that sets wages and productivities, and simply test

whether there exists any nondecreasing mapping from observed productivity to wages that can

generate the observed pay profile. Since every pair of workers are assumed to face the same

rule, no exogenous variation or instrumental variable is needed.

Rationalization and Existence. To the best of our knowledge, there are no prior papers that

jointly study EPEW and EWEP — either at the individual or group level — in the same data, or

that give guidance about their theoretical relationship. Our rationalizability approach as a test

for violations of monotonicity in multidimensional settings is conceptually akin to papers in

information design (Bergemann and Morris, 2016, 2019) that ask whether private information

exists to rationalize an agent’s behavior. This approach has been used by other recent papers

to study a variety of questions. Syrgkanis et al. (2017) use this approach for studying auctions;

Magnolfi and Roncoroni (2023) use this approach in entry games; Bergemann et al. (2022) study

counterfactuals with latent information, and Gualdani and Sinha (2019) study discrete choice.

Most recently, Rambachan (2024) uses a similar approach to identify prediction mistakes from

observational data, with an application to criminal justice.

9If decision makers tailor the schedule, if assignment is mismeasured, or if other unobservables contaminate
the within-assignment comparison, the familiar infra-marginality problem returns, and an IV or structural
approach is needed.
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By contrast, group EPEW and group EWEP are less cohesive. We show that, at the same

firm, the two regression-based tests can point in opposite directions: the same group of workers

can have a group EPEW violation while the other group of workers can have a group EWEP

violation. We document this discrepancy in three empirical settings using replication data

from Bohren et al. (2023) and Cowgill et al. (2020), and in the academic research setting we

study more broadly in this paper. To reconcile possible group EPEW/EWEP discrepancies, we

contribute alternative fairness rules.

Determinants of Researcher Pay. There is also a literature that studies the determinants of pay

among research faculty across several fields.10 One strand of this literature examines whether

faculty pay is “fair” across gender and demographic groups (Gordon et al., 1974; Hoffman, 1976;

Hirsch and Leppel, 1982; Ginther and Hayes, 1999; Toutkoushian et al., 2007; Li and Koedel,

2017; Card et al., 2022; Harris and Maté-Sánchez-Val, 2022; Obloj and Zenger, 2022; Baker et al.,

2023; Kim et al., 2024). These papers mostly take a regression-based approach to pay fairness,

mirroring the approaches we discussed above, and which we study formally in Section 3.

This literature finds that journal publications, especially “top” journals, are particularly

strong determinants of pay (Sauer, 1988; O’Keefe and Wang, 2013; Gibson et al., 2017; Lyu

and Toda, 2019). We follow Card et al. (2022) in studying salaries in math, economics, and

psychology, in which journal publications are the consensus “most important” form of produc-

tivity. Other forms of faculty effort, such as grants (Lyu and Toda, 2019) and teaching (Katz,

1973), contribute much less. Despite this, our methodological approach in Section 4.2 allows

for “unobserved” forms of productivity besides research (such as teaching other contributions).

Our procedure derives the minimum contribution of these other forms of productivity needed

to rationalize the pay structure.

10This includes economics (Tuckman and Leahey, 1975; Sauer, 1988; Moore et al., 2001; Hilmer et al., 2015),
finance (Swidler and Goldreyer, 1998; Garfinkel et al., 2024), marketing (Mittal et al., 2008), management
(Gomez-Mejia and Balkin, 1992), and mathematics (Diamond Jr, 1986).
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2 Model: Equal Pay for Equal Work

There is a single firm employing a finite set of workers I with |I|≥2. Each worker i∈ I is as-

sociated with a productivity θi∈Θ⊂ [0,1] and a wage wi∈ [0,1]. For i∈ I, we refer to (θi,wi) as the

worker’s type. Throughout, we make no restrictions on the support of Θ. That is, our analysis

allows for the distribution of productivities to be rich, Θ=[0,1], such that the difference in pro-

ductivities between two workers can take on any value in the interval [0,1], but all of our results

will hold if Θ is a proper subset of [0,1].11 The firm structure is represented by S :=(I,(θi,wi)i∈I).

A fairness rule F is a mapping from the space of firm structures to {0,1}, where a value of

1 indicates that the firm structure is “fair” and a value of 0 indicates that the firm structure is

“unfair.”

There are many fairness rules. We begin by formalizing individual-level notions of fairness

codified in many legal statutes, which are based on the premise of Equal Pay for Equal Work

(EPEW). EPEW restricts a firm from paying a worker strictly less than an equally-or-less produc-

tive coworker. If productivity is thought of as fixed and wages are set after the firm observes

productivity, then EPEW encodes “equal treatment of equals” meaning that a violation of

EPEW is a violation of Becker’s outcome test appropriately contextualized to a continuous set

of potential assignments (i.e. wages).

Definition 1. Equal Pay for Equal Work (EPEW) is violated for worker i∈ I if there exists a worker

j∈ I with θj≤θi and wj>wi.

We say that a firm structure exhibits EPEW if there is no worker i ∈ I for whom EPEW

is violated. We emphasize that EPEW is an individual-level notion; a worker can be treated

“unfairly” even if there is only one other worker who “gets a better deal.” Note that the set of
11For modeling purposes, the support of Θ implicitly depends on specifics of the equal pay restriction. For

example, equal pay for “similar” work laws coarsen the equal pay restriction, requiring it to bind for workers
whose productivities are not necessarily equal (Gentile Passaro et al., 2024). In Freyd v. University of Oregon the
9th Circuit Court of Appeals ruled that equal pay for similar work requires all professors of the same rank and
within the same department to receive equal pay, thus, under an equal pay for similar work restriction, we would
take Θ to be a singleton set. In our empirical setting, we briefly consider whether employers comport with equal
pay for “similar” work following this definition, and in all cases, the answer is no.
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firm structures satisfying EPEW is non-empty; if all workers earn the same wage then EPEW

is satisfied regardless of their productivities. This definition bakes in a notion of anonymity:

additional information about a worker’s identity such as job title or demographic information

do not play a role in EPEW. In reality, EPEW often applies only within a job type and across

demographic groups. In Appendix A5, we enrich our model to include these real-world

considerations, and discuss the robustness of our upcoming results.

Figure 1 demonstrates violations of EPEW. Specifically, we plot a single worker i employed

by the firm, and represent her productivity on the horizontal axis and her wage on the vertical

axis. EPEW restricts that there can be no other worker j employed by the firm who falls on

the vertical blue line or shaded blue region (violation of EPEW for worker i), or on the vertical

red line or shaded red region (violation of EPEW for worker j).

Figure 1: EPEW Restriction

0 1

1

(θi,wi)

θ

w

Notes: This figure represents EPEW restrictions caused by a worker i; the firm structure is in violation
of EPEW if there exists another worker j whose type falls in either the red or blue shaded regions, or
on the red or blue solid lines.

Let FL be a fairness rule such that a firm structure is deemed “fair” if and only if it satisfies

EPEW—the “L” subscript references that FL is the fairness rule prescribed by typical equal pay

11



laws. The following result characterizes the restrictions on firm structures induced by FL.

Proposition 1. Let S = (I,(θi,wi)i∈I) be a firm structure. FL(S) = 1 if and only if there exists a

non-decreasing function ϕ : [min
i∈I

θi,max
i∈I

θi]→ [0,1] such that any worker i of productivity θ receives

wage wi=ϕ(θ).

This result finds that satisfying EPEW is equivalent to wages being non-decreasing in pro-

ductivity. We therefore often refer to the EPEW restriction as inducing pay monotonicity. Pay

monotonicity is easy to check via |I−1| inequalities: ordering workers from least productive

to most productive, is the wage of a worker lower than the next worker in the sequence? If

the answer is “no” for any worker, then the firm structure S is not compliant with EPEW, that

is, FL(S)=0. If the answer is “yes” for all workers, then the firm structure S is compliant with

EPEW, that is, FL(S)=1.

2.1 Flexibility

How restrictive is pay monotonicity on firm structures? The following result discusses this

topic. First, satisfying EPEW becomes more difficult as the number of workers |I| increases—

more workers means there are more opportunities for a violation. Therefore, satisfying pay

monotonicity is more difficult as the number of workers increases (Item 1). Second, if there

is a small distance between any potential new worker j of type (θj,wj) to an already-employed

worker i in either the productivity or wage dimension, the “flexibility” the firm has regarding

hiring—that is, the set of types the firm can add while staying compliant with EPEW—shrinks

to zero (Item 2).

Proposition 2 (Restrictive for Large Firms). Let S :=(I,(θi,wi)i∈I) be an arbitrary firm structure,

and let S+ :=(I∪{j},(θi,wi)i∈I∪{j}) be a firm structure that adds a worker j /∈ I to the firm.

1. FL(S+)=1 only if FL(S)=1.

2. Fix any ϵ>0. There exists δ>0 such that if FL(S)=1, and either:
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• for any θ∈ [0,1] there exists a worker i∈ I such that |θi−θ|<δ, or

• for any w∈ [0,1] there exists a worker i∈ I such that |wi−w|<δ,

then FL(S+)=1 if and only if the new worker j’s type (θj,wj)∈V⊂ [0,1]2 where |V|<ϵ.

Item 2 has the following interpretation. The first premise is that the firm is initially compliant

with the fairness rule; if the firm is not, then Item 1 states that the firm will also be non-compliant

when it adds an additional worker. The second premise is that, for small δ, there is a fine

“grid” of either wages or productivities already represented at the firm. Therefore, for small

ϵ, the conclusion that the new worker j’s type can only be drawn from a set V with (Lebesgue)

measure strictly less than ϵ means that the firm has little flexibility when it comes to the type of

a new worker it hires.12 The overall implication is that a firm with many workers that remains

compliant when adding an additional worker either must initially employ workers from a

restricted set of types, or it is restricted to hiring a new worker from a restricted set of types.

3 Pitfalls of aggregation

Our analysis thus far formalizes EPEW as an individual-level restriction: within a firm, no worker

can be paid strictly less than an equally or less productive coworker. In many policy discus-

sions and in several jurisdictions outside the U.S., however, “equal pay” is operationalized

using aggregated (group-level) comparisons—often by comparing average wages across groups

controlling for some measure of output. This section explains why, in our setting, aggregation

is a poor substitute for individual-level restrictions. In particular:

1. Aggregation can lead to conflicting takeaways depending on whether ‘work’ or ‘pay’ is

treated as endogenous, and

12We note that our “flexibility” notion is based on the measure of the set V of worker types the can be hired.
Alternative definitions can be defined by holding fixed one dimension of the worker’s type. For example, if worker
productivity is exogenous to the firm structure (i.e. there is no pay for performance), then a natural question is
whether the wage of any worker can be raised by more than ϵ without violating monotonicity. The answer to this
question is “no” under an alternative of the second premise of Item 2, wherein the “or” is replaced with “and.”

13



2. Aggregation makes audits (including rationalizability-based audits) weak in settings with

multidimensional productivity.

3. Aggregation can “average out” individual unfairness,

We explore each of these three issues in the sequel. To do so, we formalize a common,

regression-based aggregation method to determine fairness that is used in Canada and in much

of the academic literature (as discussed in the Introduction).

To formalize these ideas, we introduce additional notation. For any firm structure S :=

(I,(θi,wi)i∈I), let A⊂ I and B= I\A form a partition of the set of workers. We will refer to each

i∈A as a member of group A and to each i∈B as a member of group B. We take the convention

that the B group is the “historically disadvantaged” group such that worse outcomes for this

group trigger a firm structure to be labeled unfair. Below, we consider two separate forms of ag-

gregation to compare disparities across groups. Implicitly, we limit our study to firm structures

with rich enough sets of worker types represented in each group so that all upcoming concepts

are well-defined; otherwise we simply define the firm structure in question as being fair.13

Iso-Productivity Bands. The first aggregation approach compares a weighted average of

violations of EPEW across iso-productivity bands. This approach is more natural when there

is a common support for productivities across the two groups in a dataset. Let Θ̂⊂Θ be the

subset of productivity levels that are represented by workers in both groups: Θ̂ := {θ|∃i ∈

A with θi=θ and j∈B with θj=θ}.

Let

βisoprod= ∑
θ∈Θ̂

ϕθτ(θ), (1)

where τ(θ) represents the average group wage difference within the θ∈Θ̂ iso-productivity band,

13For example, the group-level regression coefficients we discuss are unidentified if all workers belong to the
same group.
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and ϕθ is the weight associated with iso-productivity band θ∈Θ̂. The weights ϕθ are given by:

ϕθ=
var(Bi |θi=θ)Pr(θi=θ)

∑θ∈Θ̂var(Bi |θi=θ)Pr(θi=θ)
,

where Bi is an indicator that equals 1 if worker i is a member of group B. Note that by

construction, ϕθ∈ [0,1] for all θ∈Θ̂, and ∑θ∈Θ̂ϕθ=1.

Following Goldsmith-Pinkham et al. (2024); Angrist (1998), βisoprod as defined in Equation (1)

can be represented via the following linear regression

wi=α+βisoprodBi+ ∑
θ∈Θ̂

γθ1(θi=θ)︸ ︷︷ ︸
fixed effects

Iso-productivity band

+ϵi, (2)

where 1(θi = θ) is an indicator function that equals 1 if θi = θ, and 0 otherwise. Here, γθ

represents the fixed effect associated with the θ iso-productivity band.

Linear Productivity Trend. The second aggregation approach considers the linear relationship

of productivity on wages, and considers whether one group receives a larger average deviation

from this linear trend. Therefore, this aggregation is more natural when there are few workers

who have the exact same productivity.

In what follows, “barred” terms represent the average value of that variable across workers

i∈ I (e.g. θ̄ represents the average value of θi across all workers i∈ I). Let

βcontprod=
∑i∈IεwiεBi

∑i∈Iε
2
Bi

, (3)

where, for Xi∈{Bi,wi}, εXi is the residual from regressing Xi on θi, that is:

εXi =Xi−X̄−
∑j∈I(θj−θ̄)(Xj−X̄)

∑j∈I(θi−θ̄)2 (θi−θ̄).
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βcontprod in Equation (3) can be represented as linear regression

wi=α+βcontprodBi+γθi+ϵi, (4)

where θi is a linear control for productivity.

Therefore, βisoprod and βcontprod measure notions of “group EPEW.” LetF isoprod andF contprod

be fairness rules such that a firm structure is deemed “fair” if and only if, respectively, βisoprod≥0

and βcontprod≥0, i.e., that B-group workers receive no lower pay than A-group workers after

controlling for productivity.14

3.1 Aggregation can generate “the contradiction”: symmetry, endogeneity,

and EWEP

The first issue is conceptual. Aggregated regression-style rules treat “pay” and “work” asym-

metrically, and this asymmetry interacts poorly with the fact that in many environments it is

unclear whether productivity determines wages or wages determine productivity (or both).

Indeed, economists study both possibilities. Without clear evidence on which direction causality

flows, it may be reasonable for an analyst to conclude unfairness if and only if a firm structure

is deemed unfair when pay is viewed as the dependent variable and when work is viewed as

the dependent variable.

To implement this restriction, we discipline the set of admissible fairness rules using a

symmetry requirement.

Definition 2 (Reflection and symmetry). For any firm structure S = (I,(θi,wi)i∈I), define its

reflection Sr :=(I,(θ′i,w
′
i)i∈I) by θ′i =wi and w′i = θi for all i∈ I. A fairness rule F is symmetric if

14These fairness rules are based on the point estimates of the regressions described above. Similar notions
can be defined to account for statistical significance declaring a firm structure to be unfair if the p-value of the
(one- or two-sided) null hypothesis that the relevant coefficient differs from zero. Doing so does not change our
qualitative results; indeed, the tests we describe consider the limiting case as we approach infinite data. Also,
our results are unchanged if these fairness rules define a firm structure to be fair if the respective coefficient falls
within an arbitrary interval in [−1,1], i.e. within the support of possible values the coefficients can take given
our normalization that each worker’s type falls in [0,1]×[0,1].
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F(S)=F(Sr) for every S.

Symmetry rules out “contradictory” conclusions regarding the fairness of a firm structure

that arises if the analyst considers wages as the outcome and productivity as the control variable,

or productivity as the outcome and wages as the control. Moreover, and as discussed in the

introduction, symmetry is potentially seen as an important fairness concept innately, and it also

may be appealing to consider for a policy maker who must impose a common restriction on

firm structures both in industries where a worker’s wage determines her productivity, and in

industries where a worker’s productivity determines her wage.

Of course, fairness rules that fail symmetry may do so to different degrees. The fairness rule

that fails symmetry but satisfies the following condition is a “minor” failure in the sense that

a firm structure “almost surely” does not yield contradictory fairness results under reflection.15

Definition 3 (Near symmetry). A fairness ruleF is nearly symmetric if, for any ϵ>0 and any firm

structure S, there exists an “ϵ-perturbed firm structure” Sϵ =(I,(θϵ
i ,wϵ

i )i∈I) such that: |θi−θϵ
i |< ϵ

for all i∈ I, |wi−wϵ
i |<ϵ for all i∈ I, and Sϵ and its reflection Sr

ϵ satisfy F(Sϵ)=F(Sr
ϵ)=F(S).

Below, we analyze individual and group-level EPEW in terms of symmetry.

3.1.1 Individual-level symmetry: Equal Work for Equal Pay (EWEP)

The symmetric notion of EPEW is that if a worker is paid more, she should not be less produc-

tive. We call this “Equal Work for Equal Pay” (EWEP).

Definition 4. Equal Work for Equal Pay (EWEP) is violated for worker i∈ I if there exists a worker

j∈ I with wj≥wi and θj<θi.

We say that a firm structure exhibits EWEP if there is no worker i∈ I for whom EWEP is

violated. EWEP does not impose the same restriction as EPEW. For example, if all workers

have the same productivities and all receive different wages, then EWEP is satisfied but EPEW

15Specifically, for a nearly symmetric fairness rule and holding fixed I, the set of wage and productivity tuples
for workers in I that yield contradictory fairness results has zero Lebesgue measure.
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is not. Figure 2 displays the difference graphically. Panel (a) replicates Figure 1 and displays

violations of EPEW given the presence of a worker i. Panel (b) depicts violations of EWEP:

there can be no other worker j employed by the firm who falls on the horizontal blue line or

shaded blue region (violation of EWEP for worker i), or on the horizontal red line or shaded

red region (violation of EWEP for worker j).

Figure 2: EPEW and EWEP Restrictions

(a)

0 1

1

(θi,wi)

θ

w

(b)

0 1

1

(θi,wi)

θ

w

Notes: Panel (a) represents EPEW restrictions caused by a worker i; the firm structure is in violation
of EPEW if there exists another worker j whose type falls in either the red or blue shaded regions, or on
the red or blue solid lines. Panel (b) represents EWEP restrictions caused by a worker i in a similar way.

Let F̄L be a fairness rule such that a firm structure is deemed fair if and only if it satisfies

both EPEW and EWEP. Recall thatFL deems a firm structure fair if and only if it satisfies EPEW,

which means that F̄L deems fewer firm structures fair than does FL. Formally, we define a

partial order over fairness rules: fairness rule F is stronger than fairness rule S ′ if for any firm

structure S, F(S)=1 only if S ′(S)=1.

The following result characterizes F̄L, and the compliance of both FL and F̄L with our

symmetry axioms.
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Proposition 3.

1. Let S := (I,(θi,wi)i∈I) be a firm structure. F̄L(S) = 1 if and only if there exists a strictly

increasing function ψ : [min
i∈I

θi,max
i∈I

θi]→ [0,1] such that any worker i of productivity θ receives

wage wi=ψ(θ).

2. F̄L is symmetric, and FL is almost symmetric. Moreover, any symmetric fairness rule F that is

stronger than FL is also stronger than F̄L.

Item 1 of the proposition characterizes F̄L—satisfying both EPEW and EWEP implies that

wages are strictly increasing in productivity. Item 2 states that EPEW imposes a nearly symmet-

ric fairness rule, and that EPEW and EWEP together impose a symmetric fairness rule. More-

over, EWEP is minimal restriction that must be added to EPEW to generate a symmetric fairness

rule. In other words, if one wishes to strengthen existing equal pay laws to ensure symmetry is

satisfied satisfied, then one needs to place an additional restriction that is no weaker than EWEP.

The following remark displays the “closeness” of symmetry and near symmetry in applied

settings:

Remark 1. The premise and conclusion of Proposition 2 are unchanged under fairness rule F̄L instead

of FL.16

3.1.2 Group-level regression rules are not symmetric

We define group EWEP by “flipping” the dependent and independent variables in our group

EPEW machinery. Specifically, βisowage is defined analogously to βisoprod but where θ, θi, and Θ̂

are replaced, respectively, with w, wi, and Ŵ in Equation (1) and Equation (2). That is, βisowage

determines the weighted average difference in productivity across groups within iso-wage

bands. Similarly, βcontwage is defined analogously to βcontprod but where θi and θ̄ are replaced,

16The closeness of symmetry and near symmetry is also borne out in our analysis of firm structures conducted
in Section 6. Only 6% of university-department-rank-year cells contain two workers with the same salary and
different productivity metrics, which implies that in at most 6% of cells could the firm structure satisfy EPEW
but not the combination of EPEW and EWEP.

19



respectively, with wi and w̄ in Equation Equation (3) and Equation (4). That is, βcontwage deter-

mines whether group B has, on average, a larger average deviation from the linear best-fit of

productivity on wages.

Let F isowage and F contwage be fairness rules such that a firm structure is deemed “fair” if and

only if, respectively, βisowage≤ 0 and βcontwage≤ 0, i.e., that B-group workers have no higher

productivity than A-group workers after controlling for pay.

We find that neither method of measuring group EPEW is symmetric or near symmetric:

Proposition 4. F isoprod, F isowage, F contprod, and F contwage are all distinct fairness rules, and all fail

to satisfy both symmetry and near symmetry.

Proposition 4 has two central takeaways: first, the four group-level regression approaches

detailed in Equation (1) and Equation (3) which consider both productivity and wage as the

dependent variable, separately, all admit different fairness rules. While it is well known that

Equation (1) and Equation (3) are not equivalent holding fixed the dependent variable, we show

that “flipping” the dependent variable can yield a different outcome. Second, all four of the

group-level regression approaches fail to satisfy both symmetry and near symmetry.

To see that all four fairness rules fail to satisfy the symmetry axiom, consider the simple exam-

ple depicted in Table 1. The table presents a firm structure for which, regardless of whether the

approach in Equation (1) or Equation (3) is used, there is a fundamental conflict in determining

fairness: if pay is the dependent variable (group EPEW) then the regression approaches deem

the firm structure in question fair because B group workers are less productive on average

within each iso-wage band (each row). On the other hand, if productivity is the dependent

variable (group EWEP) then the regression approaches deem the firm structure in question

unfair because B group workers are paid less on average within each iso-productivity band

(each column). In other words, common regression approaches used to measure fairness are

not well-founded in an axiomatic basis that symmetrically treats wages and productivities. The

proof of Proposition 4 extends the argument to show that near symmetry is also not satisfied.

We also note that the firm structure in Table 1 violates (the individual notions of) EWEP and
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EPEW discussed in the previous sections, as not all workers earning the same wage are equally

productive, and not all workers who are equally productive earn the same wage.

Table 1: Equal Work and Pay Counterexample

θℓ θh
wℓ a,b,b a,b
wh a,b a,a,b

Notes: This table presents a firm structure S with 10 workers. There are 5 workers in group A and
5 in group B. There are two wage levels wℓ<wh, and two productivity levels θℓ< θh represented in
the firm structure. There is one worker of group A and two workers of group B who receive wage
wℓ and are of productivity θℓ, and so on.

Moreover, these regression-based approaches investigating group-level disparities do not

even satisfy intuitive notions of monotonicity. Specifically, Remark 2 shows that a firm structure

S can be deemed unfair when wage is the dependent variable and fair when productivity is the

dependent variable, but a firm structure S′ that differs from S only in that the wages of B−group

workers are raised is deemed fair when wage is the dependent variable and unfair when pro-

ductivity is the dependent variable.17 Therefore, this finding suggests that Canada’s prescription

to raise women’s wages if their “regression line” is below that of men’s using a group-based

EPEW approach can lead to a violation against women of the symmetric notion of fairness.18

Remark 2. Let S be a firm structure and let S′ be a “post-intervention” firm structure such that the

wages of each B-group worker is higher in S′ than S, and no other changes are made. It is possible

that F isoprod(S)=0 and F isowage(S)=1, while F isoprod(S′)=1 and F isowage(S′)=0. By symmetry,

similar statements can be made about a firm structure S and a “post-intervention” firm structure S′

such that S′ only changes the productivity of B-group workers compared to S.

Proof. Remark 2 follows from inspection of the following two firm structures, which reveals

17As can be seen from Equation (3), fairness rules F contprod and F contwage depend on the “intensive margin”
values that productivity and wages take, whereas Equation (1) reveals that fairness rules F isoprod and F isowage

depend on the “extensive margin” values that productivity and wages take in that only workers within the
same iso-productivity and iso-wage bands, respectively are considered. To simplify the exposition of the remark,
we state it only in terms of F isoprod and F isowage, although the finding can be extended to comparisons between
F contprod and F contwage at the cost of additional specificity.

18For details on the specific language and citation for the policy, please recall the associated passage on page 2.
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similar violations as in Table 1:

Table 2: “Non-monotonicity” Example

S

θℓ θh
wℓ a,b a,b
wh a ∅

S′

θℓ θh
wℓ a a
wh a,b b

Notes: These tables presents two firm structures with 5 workers. There are 3 workers in group A and
2 in group B. There are two wage levels wℓ<wh, and two productivity levels θℓ< θh represented in
the firm structure. The first firm structure S involves both B−group workers receiving pay wℓ, and the
second firm structure S′ differs from S only in that both B−group workers receive wage wh.

Firm structure S violates group EPEW because A−group workers of productivity θℓ earn more

on average than the B−group worker of productivity θℓ, but it does not violate group EWEP

because workers earning wage wℓ are equally productive on average across groups. By contrast,

firm structure S′ (which increases the pay of both B−group workers) violates group EWEP

because the B−group workers earning wage wh are more productive on average than the

A−group worker earning wh, but it does not violate group EPEW which case be seen because

both B−group workers earn the highest wage within the firm.

Empirical Settings With Incongruous Regression-based Fairness Findings Is our finding

in Proposition 4 that group EPEW and group EWEP differ just a theoretical curiosity, or do

such cases appear in actual data? Appendix E presents three empirical settings containing firm

structures S that confirm our theoretical finding: namely, that F isoprod(S) ̸=F isowage(S) and

F contprod(S) ̸=F contwage(S). In all examples, workers are categorized by the authors as having a

mutually exclusive group identity of either male or female. The first setting from a well-known

paper (Bohren et al., 2023) is an experiment in an online labor market for coding jobs, where

productivity is measured by performance on a math-based standardized test and subjects

assign pay to workers. The second setting from Cowgill et al. (2020) is of the labor market

for tech workers, where worker resumes are assigned pay statistician-developed inferences of
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productivity. The final setting is of the labor market for university faculty that we describe in

Section 5, where productivity is measured based on research metrics.

In all cases, we run regressions nearly identical to those relating to Equation (1) and Equa-

tion (3), separately considering productivity and wages as dependent variables.19 In all of these

examples, women receive lower pay than men controlling for productivity (βisoprod,βcontprod<0

if we take women to be group B) and are less productive than men when controlling for pay

(βisowage,βcontwage<0 if we take women to be group B).

Moreover, Remark 2—that interventions to raise the pay of members of disadvantaged

group can lead to violations of group EWEP—is also more than a theoretical possibility. Bohren

et al. (2023) contains a experimental intervention. In Appendix E1, we analyze the effects of this

treatment on group EPEW and group EWEP. Although our results are not always precise, they

suggest the intervention harmed group EPEW and did not improve group EWEP; if anything,

the group-EWEP point estimates move slightly in the opposite direction

Alternative aggregation methods There exist different group-level measures of fairness that

satisfy our axioms. Given that the approaches above control for productivity when considering

wages (or vice versa), it seems intuitive that relevant notions of fairness may take into account

both wage and productivity discrepancies across groups. We outline two such approaches in

Appendix A6.

3.2 Aggregation weakens auditability in multidimensional settings

The second issue is practical and especially salient in the empirical setting of this paper. Output

is typically multidimensional, and any aggregated audit must choose a scalar notion of “work”

(explicitly or implicitly). If the analyst (or the firm) is free to choose weights across many

productivity dimensions, then aggregated fairness tests become extremely easy to satisfy ex post.

19The only difference from these two regression approaches is that for the settings described above that have
multiple firms (i.e. the labor market for university faculty), we include firm fixed effects to separately estimate
regression coefficients within, rather than across, firms.
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Suppose observed productivity is a vector θ⃗i∈ [0,1]K, for some K≥1. Suppose that overall

productivity is defined via a function f : [0,1]K→ [0,1], i.e. f (⃗θi)∈ [0,1] is worker i’s productivity.

Remark 3 (“Cherry-pick a dimension” makes group audits weak). If an equal pay audit compares

groups only via averages controlling for productivity (as above), then an auditor can easily rationalize

fair pay.

Under the continuous productivity approach, if there exists any productivity dimension k for which

γ(θ̄k
A−θ̄k

B)≥ w̄A−w̄B, i.e., the weighted average difference in k-productivity across groups exceeds the

average difference in wages across groups, then choosing f (⃗θi) := θk
i

maxj∈Iθ
k
j
—i.e. putting all weight on

dimension k—rationalizes the observed group pay gap, even if B−group workers outperform A−group

workers on other dimensions. The isoproductivity approach admits yet another issue: cherry picking the

dimension of productivity can create an incomparability problem given that the support of the productivity

distributions across groups may differ.

This is not merely a philosophical objection: it is a direct warning about degrees of freedom

in real-world equal-pay audits. When “work” is high-dimensional and weights are not fixed

ex ante, aggregation creates substantial scope for post-hoc rationalization.

3.3 “Averaging out” individual unfairness

The third issue is mechanical. Aggregation that averages outcomes across groups can look

“fair” even when most individuals are treated unfairly. A canonical pattern is that extreme

observations offset a systematic disparity for many others. For example, consider a firm struc-

ture in which all workers have identical productivity (so individual-level EPEW would require

equal pay across all workers). There is an arbitrary number of A-group workers who each

earn a wage of 0.5 There are ten B-group workers; nine of them each earn a wage of 0.45, while

one “superstar” B−group worker earns 0.95. The average wage is 0.5 for each group, and

given that productivities of all workers are equal, both βisoprod = 0 and βcontprod = 0. That is,

regression-based fairness rules F isoprod and F contprod view the given firm structure as fair even
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though 90% of B-group members are strictly underpaid relative to every A-group member.

3.4 Takeaway

Taken together, these three points motivate the paper’s focus on individual-level restrictions (pay

monotonicity) and on transparency about how multidimensional performance is aggregated

into pay. In the sections that follow, we develop and apply an empirical framework that

asks whether there exists any reasonable aggregation of observable productivity metrics that

can rationalize observed pay as monotone—an approach that is deliberately conservative in

declaring violations, yet still frequently fails in the data.

4 Empirical Method

In this section, we develop a method for empirically measuring a firm structure’s monotonicity.

We provide both a binary test of monotonicity, as well as “distance to monotonicity” methods.

These can be used as fairness tests, as well as an outcome metric to study whether policy

changes move “closer” to monotonicity.

In settings where a firm has a single, known productivity metric, testing for monotonicity

is straightforward. A more challenging case is when a firm has multiple productivity metrics

because an observer testing for monotonicity does not know the relative weight put on each

productivity dimension used by the firm. Moreover, a firm wishing to avoid a lawsuit may

ex-post declare a set of weights that make it appear to be paying “fair” wages.

Our approach addresses both of these difficulties in as conservative a manner as possible.

We ask whether there exist any linear combination of all productivity metrics that would

rationalize the observed firm structure as satisfying monotonicity.

Preliminaries. Our methodology cleanly matches our theoretical setup. A firm employs (at

a particular time) a set of workers I. Each worker i∈ I is associated with a productivity vector
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of outcomes θ⃗i of dimension K∈N and a wage wi. Each element of θ⃗i represents the worker’s

performance on a different productivity metric. Insofar as the firm cares about the square, cube,

logarithm, or other transformation of a productivity metric, these transformations can be added

to as a separate productivity metric. There is some function f : RK→R which maps the K

productivity metrics into a single-dimensional productivity measure, which is unobserved by

the econometrician.20

We assume that the function f is a linear mapping. That is, the firm places a weight β⃗ on

the vector of productivity metrics. The worker’s single-dimensional productivity can therefore

be represented as yi := f (⃗θi)= θ⃗i ·⃗β, or equivalently yi=θi
1β1+θi

2β2+...+θi
KβK.

Definition 5 (Monotonicity Test). A wage distribution satisfies monotonicity if wi>wj=⇒yi>yj,

for all workers i,j∈{1,...,|I|}.

Notice that we do not include pairwise inequalities corresponding to workers who have

the exact same salary; only for pairs of workers with a strict salary difference do we require the

higher-paid worker to be more productive. This is because we are testing for weak monotonicity,

which reflects legal restrictions (Proposition 1).

Remark 4. The monotonicity test for a firm structure can be represented as a system of at most (|I|2 )

pairwise inequalities.

Although there are (|I|2 ) different pairs of workers, there are several reasons why a mono-

tonicity test can sometimes be represented by strictly fewer than (|I|2 ) pairwise inequalities. First,

pairwise constraints are not imposed on pairs of workers who earn the same wages. Second,

different pairs of inequalities could be collinear, meaning some restrictions are redundant.

Finally, and discussed more next, legal restrictions may not bind across all pairs of workers. For

example, some states laws are are particularly concerned with pairwise comparisons between

men and women (rather than between pairs of equally gendered workers).
20Our theoretical model took each worker’s productivity to lie in the interval [0,1], however, this was merely

a normalization. Naturally, productivity metrics such citation and publication counts fall in larger (closed and
bounded) intervals within R. All of our results would be unchanged given a rescaling of productivity metrics
to fall in [0,1].
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The following example displays the set of inequalities to be satisfied in a three-worker firm.

Example 1. Consider a three-work firm structure where worker 1 is paid strictly more than

worker 2, and worker 2 is paid strictly more than worker 3. The monotonicity requirement

can be represented by a system of (3
2)=3 pairwise inequalities:

θ⃗1 ·⃗β> θ⃗2 ·⃗β (1’s productivity is greater than 2’s) (5)

θ⃗1 ·⃗β> θ⃗3 ·⃗β (1’s productivity is greater than 3’s) (6)

θ⃗2 ·⃗β> θ⃗3 ·⃗β (2’s productivity is greater than 3’s) (7)

Definition 6. The pairwise inequalities define a feasible set for the weight vector β⃗:

BG≡
{⃗

β∈RK :wi>wj =⇒ β⃗ ·⃗θi> β⃗ ·⃗θj,∀i ̸= j
}

.

A wage structure is rationalizable if the feasible set BG is non-empty.

Stated differently, the wages are “rationalizable” if there exists a non-empty set of weights that

satisfy the system of pairwise inequalities.

Satisfying Rationalizability. A few key properties make the system of inequalities easier

or harder to rationalize. First, as the number of productivity dimensions grows, it is easier

(mechanically) to rationalize the wage distribution. Similarly as the number of inequalities

shrinks, the system becomes easier to satisfy (see Proposition 2).

More generally, rationalizability is generous to the firm. As long as there exists a set of

weights that solve the system of inequalities, the test returns positive. Therefore, estimates from

the implementation of this methodology will yield a lower bound on the true frequency of

monotonicity violates.

Additional Constraints. Our test thus far is focused entirely on the minimum requirements

of the monotonicity test in Definition 5 and Remark 4. In some cases, additional constraints can
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be justified that may help narrow the set of weights that can rationalize the firm structure. For

example, certain βk coefficients could be constrained to be have a particular sign. A negative

weight could be useful in cases where certain performance metrics (i.e., mistakes) should be

negatively correlated with success. Imposing that a weight must be positive could be justified

for metrics that are known to be valuable to the firm.

Other constraints may also be justified. To be solvable using our approach above, the

constraints simply need to be expressed as an additional set of inequalities within the linear

program. Although some constraints may be outside this paradigm, it is flexible. For example,

it is possible to express constraints on the maximum or minimum of βk weights as a set of

linear inequalities (as we do next).

Implementation. Our definitions above deliberately use strict inequalities. When we bring

this technique to data, one possibility is to use symbolic linear programming. This is compu-

tationally expensive, and so an alternative is to use numeric linear programming techniques,

which seek solutions with weak inequalities on productivities (i.e., wi > wj =⇒ yj ≥ yj).

However a solution with weak inequalities on productivities leads to a violation of EPEW. In

Appendix B1, we show how we rule out this possibility using weak inequalities alone.

4.1 Distance to Monotonicity: Dropping Minimal Salary Differences

The procedures above generates an empty set of productivity weights when the system of

inequalities cannot be rationalized. However, empty sets are not all equal. Some monotonicity

violations might be relatively minor, and some could be much larger.

In this section and the next, we pursue two approaches to measuring “distances” to rational-

izability. These two measures can be motivated by distinct “fixes” to monotonicity violations.

1. The first (below) is motivated by the size of wage changes needed to eliminate non-
monotonicity.

2. The second (in Section 4.2) is about the level of unobserved productivity needed to
rationalize wages.
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Both measures are equal to zero at companies whose wage structures are monotonic, but may

differ about which wage structures are qualitatively “large” (discussed in Section 4.3). These

two measures are not exhaustive, and there may be other ways to measure distance from

monotonicity.

Minimum Salary Differences. Our first approach is to impose a minimum salary difference

δ, and drop all pairwise inequalities where the salary difference lies weakly below δ. We then

find the smallest δ that would rationalize the observed salaries as monotonic (“
¯
δ”).

¯
δ represents

a dollar figure which may or may not be “large” relative to other benchmarks. As motivating

intuition, “small” values (say)
¯
δ= $1 may still allow a firm structure to be considered close to

fair, whereas a
¯
δ equal to half a year’s salary would likely not.

Example 2. Consider a three-worker firm structure as in Example 1: Worker 1 is paid

more than worker 2, who is paid more than worker 3. We assume that all βk terms are

weakly positive. Suppose worker 1’s productivity is higher on all dimensions than 2 and

3. However, worker 3 is more productive than worker 2 on all dimensions, but is paid $X

less than worker 2. The original system of inequalities therefore fails.

As a measure of the “distance” to monotonicity, we consider the revised system of

inequalities using a δ > 0 tolerance. If δ ≥ $X, this would drop the third inequality in

the system (the final one comparing workers 2 and 3). Assuming no other monotonicity

violations, the simplified system will return a feasible set.

βk≥0,∀k (All weights weakly positive) (8)

θ⃗1 ·⃗β> θ⃗2 ·⃗β (1’s productivity is greater than 2’s) (9)

θ⃗1 ·⃗β> θ⃗3 ·⃗β (1’s productivity is greater than 3’s) (10)

θ⃗2 ·⃗β> θ⃗3 ·⃗β (2’s productivity is greater than 3’s) (11)
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The smallest δ for which the revised system has a non-empty solution is
¯
δ, our first way

to measure distance from monotonicity.

¯
δ can be interpreted in at least two ways. First, suppose that a worker must initiate a lawsuit

in order to correct unfair pay. An absence of lawsuits against a firm given a value of
¯
δ > 0

implies that no worker’s expected net winnings from engaging in the lawsuit is greater than

¯
δ. Second, suppose the econometrician observes wages with error but that market participants

do not (e.g. if workers receive bonus payments that are not visible to the econometrician). Then

an alternative explanation to a firm’s structure as being unfair is that the “error” terms offset

violations of monotonicity. The validity of this alternative depends on the size of
¯
δ; a high value

indicates that, for some pair of workers, the sum of the error terms is
¯
δ, which may or may not

be realistic given sources of error in wage observance.

4.2 Distance to Monotonicity: Unobserved Productivity

Our second way of measuring distance to monotonicity accounts for the possibility that some

forms of productivity might be unobserved. This is a classic problem in organizational eco-

nomics (Holmstrom and Milgrom, 1991). To handle this situation, we introduce a new term, ηi,

representing worker i’s unobserved productivity, i.e., yi= θ⃗i ·⃗β+ηi. In most settings, ηi could

represent a bundle of hard-to-measure factors that firms detect and incorporate into pay, but

are not codified. Because each term ηi appears only in worker i’s output, the model can now

rationalize any wage ordering by appropriately choosing (⃗β,η). In other words, the system of

inequalities becomes trivially feasible once we allow unrestricted ηi terms.

To obtain a meaningful measure of distance to monotonicity, we constrain the size of the

unobserved terms relative to the observed productivity metrics. Specifically, we require that

the largest unobserved term be no larger than some multiple ρ≥ 0 of the largest weighted

observable metric:

ρ·max
k

βk ≥max
i

ηi.
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For a given ρ, we ask whether there exists (⃗β,η) that rationalizes the observed wages as strictly

monotone in latent productivity. We then define
¯
ρ as the smallest value of ρ for which such a

solution exists. This quantity
¯
ρ is our second measure of distance from monotonicity. Econom-

ically,
¯
ρ measures how large unobserved productivity must be—relative to the most heavily

weighted observable metric—to rationalize the observed pay ranking.

In some settings,
¯
ρ could be implausibly large. For example, consider a sales context in

which an “organizational citizenship” dimension (teamwork, initiative, mentoring) is hard to

measure relative to sales revenue. Within this context, our measure can be read as saying, for

example, “to rationalize these wages as monotone, we must believe that the best organizational

citizenship term (maxi{ηi}) counts twice as much (
¯
ρ=2) as the most important observable

metric (maxk{βk}).”

Example 3. Consider the same three-worker firm structure as in Example 2, whose original

system of equation returns an empty set (because of worker 2 is less productive than worker

three on all dimensions, but is paid more). As a measure of the “distance” to monotonicity,

we consider the revised system of inequalities adding unobserved terms ηi, and a new

constraint on these terms.

θ⃗1 ·⃗β+η1> θ⃗2 ·⃗β+η2 (1’s productivity is greater than 2’s) (12)

θ⃗1 ·⃗β+η1> θ⃗3 ·⃗β+η3 (1’s productivity is greater than 3’s) (13)

θ⃗2 ·⃗β+η2> θ⃗3 ·⃗β+η3 (2’s productivity is greater than 3’s) (14)

βk ∀k≥0 (Positive βks) (15)

ηi ∀i≥0 (Positive ηis) (16)

ρ·max{βk}≥max{ηi} (Constraint on Maximum ηi) (17)

The smallest ρ for which the revised system has a non-empty solution is
¯
ρ, our second way

to measure distance from monotonicity.
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Whether a given value of
¯
ρ is implausibly large depends on the context. Even with the cap on

ηi, allowing unobserved productivity to rationalize the wage schedule is generous to the firm:

it assumes that the employer has perfectly allocated monetary credit to the workers who are

unobservably productive. It is possible that an “overpaid” worker does nothing to deserve this

extra payment, yet the procedure above still allows his pay to be rationalized by a hypothetical

(unobserved) ηi. In this sense, our results based on unobserved productivity are likely to be

conservative, in the sense of providing a lower bound on the extent of non-monotonicity.

Other constraints on unobservables. There are many ways to constrain the size of the ηi terms

besides the max-based cap above.21 The appropriate constraint is inherently context-dependent

and reflects which relationships between the ηi and the βk are economically implausible. As

discussed above, a wide variety of such constraints can be accommodated within our solution

concept as long as they can be expressed as linear constraints. In Appendix B2, we show

that after normalizing by the largest observable weight, the max-based cap can be handled by

solving a small family of linear programs, one for each candidate maximizer of βk.

The ηi constraints can also be combined with the sign constraints in page 27. In some

applications, sign constraints are essential to meaningfully restrict the system. For example,

the cap ρ·max{βk}>max{ηi}would be trivially satisfied if all ηi were allowed to be negative

while all βk were positive. For this reason, Example 3 includes additional constraints requiring

all βk and ηi to be weakly positive.

4.3 Agreement between Distance Measures

Although
¯
δ and

¯
ρ are both “distances to monotonicity,” they take different approaches, use

different units, are not comparable, and are not guaranteed to agree qualitatively.22 As an

example, consider a two-worker firm structure where one worker is paid $100,000 more, but

has only slightly lower productivity, than the other. To “fix” this lack of monotonicity by

21For example, one could constrain the range of the ηi, rather than their maximum.
22In Section 3, we discuss further qualitative differences between fairness rules, and how they can “disagree.”
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dropping pay comparisons requires ignoring a relatively large gap (
¯
δ=$100K). But to fix the

issue by adding unobserved productivity, we only need to assume the higher-paid worker has

modest unobserved contributions (low
¯
ρ).

Similarly, consider a two-worker firm structure where one worker is paid a mere $1 more,

but has much lower productivity, than the other. To “fix” this lack of monotonicity by drop-

ping pay comparisons requires ignoring a small gap (
¯
δ= $1). But to fix the issue by adding

unobserved productivity, we would need to assume an enormous difference in unobserved

contributions (a high
¯
ρ).

5 Empirical Setting and Data

To operationalize these methods and ideas, we now turn to a sample of researchers at top public

universities in the United States. For these workers, salaries and output are largely observable.

Salaries are often available on state level government websites, and research productivity

can be measured with publicly-available publication and citation data. University websites

contain rosters and job titles within departments, allowing us to consider the relative pay and

productivity of workers who do the same “job.”

As in our methodological setup above, productivity is multidimensional. In particular, each

worker has a different mix of publications in various journals, and different journals could have

different productivity weights. Like our methodological setup, there may be unobserved mea-

sures of performance such as departmental service and/or teaching. We can use the methods

above to recover the minimum bounds needed to constraint the role of these unobservables.

Appendix C details how our data was assembled and merged. The availability of salary data

affected the scope of our sample (both for dates and geographies). For research productivity

outcomes, we used the data carefully assembled by Card et al. (2022).23 We follow Card et

al. (2022) in studying the disciplines of mathematics, psychology, and economics. For these

23The Card et al. (2022) replication package can be found at https://github.com/sdellavi/

GenderGapsAcademies. We are grateful to Card, DellaVigna, Funk and Iriberri for making this data available.
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disciplines, Card et al. (2022) identified the highest-impact journals in each field, and assembled

an annual panel of publications by all authors in all these journals.

We augment the Card et al. (2022) data with each author’s cumulative total citations across

all publications (per year), using data from Scopus API from 1996-present.24 This includes

citations to papers not covered by the Card et al. (2022) data. Appendix C contains the full

details of this dataset. Our final dataset consists of an author×year panel containing each

authors publications and citations per year.

High-level academic service commitments (such as departmental chair terms and administra-

tive roles like dean and vice-dean terms) are observable at the researcher-year level through titles.

We exclude these workers from our tests, as their job expectations are likely different and unique.

Insofar as we cannot fully remove additional significant service expectations, this is likely to af-

fect only the “full professor” cells in our data. Our salary data contains total compensation paid

to each worker, with universities in some states separately reporting base compensation and ad-

ditional payments such as summer salary. We therefore consider total compensation for our anal-

ysis, but our qualitative results are broadly robust to investigating only base pay where available.

Table 3 summarizes the sample. We cover over 3,000 professors in 32 universities across

13 states over 12 years. The sample includes about 35,000 publications across 42 total journals.

55% of our observations are for full professors, 23% are for associate professors, and 21% are for

assistant professors. In terms of coverage, 96% of researcher×year observations feature positive,

non-zero productivity. By this, we mean that for at least one productivity dimension, the

researcher had non-zero value (including cumulative journal articles and cumulative citations).

Our sample is not completely balanced because salary data is not available for some univer-

sities in early years of our sample. On average our data covers about eight years per university,

and we track each professor for on average 5.6 years. On average, each professor generates 2.12

new publications per year, although this number is only 0.18 per year in the Card et al. (2022)

top journals. However, these averages are dragged up by outliers, and the median observation

24https://dev.elsevier.com/
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contains one publication per year and zero top publications.

Table 3: Summary of Sample

Variable Count Note
Professors 3,014
U.S. States 13
Universities 32
Years 12 2008-2019
Departments 91 Avg. ≈3 departments/university
Average Years/School 8.03
Average Years/Department 7.85
Average Years/Professor 5.60
Total “Top” Journals 42 from Card et al. (2022).
- Economics 14
- Mathematics 15
- Psychology 13
Publications 35,991
Citations 2,408,264
Total Professor× Years 16,951
Total Department× Years 715

Notes: This table contains summary statistics from our sample.

In our raw data, we have annual data containing researcher’s publication count for each of

the 42 top journals in Card et al. (2022) by year. We also have a single variable for the number of

total Card et al. (2022) publications, as well as another variable for the number of total non-Card

et al. (2022) publications. We also have data about new citations (annually). The raw data above

contain new publications and citations each year. As we describe next, we augment this raw

data by creating separate variables representing cumulative publication counts (by journal and

overall), as well as cumulative citations.

5.1 Operationalizing the Method

Using the data above, we operationalize the empirical methodology described in Section 4.

Overall, our approach aims to be flexible towards the institutions: When a question of inter-

pretation arises, we have aimed to make it easier to satisfy monotonicity constraints. For this

35



reason, our implementation choices will further contribute the interpretation of our results as

a lower bound on the level of monotonicity violations.

Below we review a series of such interpretations and how we resolved them. First, we allow

“productivity” in a given year to be a weighted combination of current-year publications and ci-

tations, or cumulative publications and citations. For cumulative metrics, we start with the Card

et al. (2022) start date of 1960. This creates a new set of new variables for each journal represent-

ing the authors’ cumulative publications in that journal. We have done the same for citations.

This allows schools to rationalize pay inequality based on historical or cumulative performance.

We implement the linear program described in Example 1 for each Title×School×Discipline×Year

cell in our data. We remove all cells with one member, as monotonicity requires at least one

pairwise wage comparison. This approach is generous to universities; we do not require

departments to have a) consistent weights across multiple years, or b) consistent weights for

assessing junior vs senior scholars. We also do not impose c) discipline-wide constraints, even

though consensus about journal rankings sometimes exists within fields. In our procedure,

departments are allowed to reward professors based on idiosyncratic, department-specific

journal rankings that change every year and are different for seniors and juniors.

We also examine monotonicity only within job titles, i.e., by comparing pay and productivity

only among professors of the same rank (assistant, associate, or full) among those without

administrative roles. We do not examine differences between (for example) associate professors

and assistant professors, even though there could be equal pay violations arising from promot-

ing an unproductive assistant professor to a higher paying associate title. We focus only on

within-rank violations, as performance expectations on non-research dimensions might change

across ranks.

We have also restricted the weights placed on publications and citations to be weakly positive.

This means that an additional publication or citation cannot harm productivity. To avoid the case

where all βk weights are zero (i.e., all workers mechanically must have productivity zero), we
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require that at least one weight be strictly positive.25 When we operationalize the “unobserved

productivity” approach (Section 4.2, the ηis), we also constraint all ηis to be weakly positive. We

also drop the first and last years of each researcher’s time at a given university, as the salaries

during these potential transition periods can be complicated by (say) half a year’s pay.

Distances from Monotonicity. Our methodology specifies two approaches for distances from

monotonicity. Both approaches involve running our procedure iteratively, tolerating increas-

ingly large monotonicity violations, and reporting a threshold of tolerance under which each

cell becomes rationalizable. The first (Section 4.1) involves dropping minimal salary differences.

To operationalize this method, we examine salary differences between zero and the maximum

pay difference between two workers in each cell. We conduct a binary search over this interval

to find the smallest gap that can be dropped in order to rationalize the wages.26

In the second approach (Section 4.2), we tolerate increasingly high levels of performance

differences on unobservable metrics (such as teaching quality) and observable metrics. To

operationalize this, we impose a cap on the ratio between i) the largest unobserved term,

maxiηi, and ii) the largest observable weight, maxkβk, where the latter may correspond to a

journal-publication measure, a cumulative publication measure, or citations. Colloquially, this

asks how important the strongest unobserved contribution would need to be relative to the

most heavily weighted observable metric in the cell. As with our earlier problem, we conduct

a binary search to find the smallest such cap.27

Gender Rationalizability. We also implement gender-restricted EPEW requirements which

limit our system of inequalities only to pairs of different-gendered professors within the same

25We accomplish this by adding a constraint to the linear program requiring that ∑kβk=1, and βk≥0, ∀k. This
means that at least one weight must be strictly positive.

26A binary search over an interval is an efficient method for finding the point where a property first becomes
true within a sorted range. Starting with a lower and upper bound, the algorithm tests the midpoint of the interval.
If the condition holds at the midpoint, the upper bound is moved down; if it fails, the lower bound is moved
up. This halving process repeats until the interval narrows to the smallest value where the condition is satisfied.

27We programmed our script to search as high as ρ=10,000, but for most cells the binary search terminated
between zero and 1.
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cell. We code each researcher’s gender based on either a) the coding in Card et al. (2022), or b)

an imputed gender using names (using the Genderize.io API, described in in Appendix C2.3).

We then proceed with our rationalizability test using the “pared-down” set of inequalities (if

all workers within a cell have the same gender, we code this as satisfying gender rationality.)

We present formal details in Appendix B3.

5.2 Outcome Variables

We examine outcomes ysdjt for schools s (one of 32 public universities), disciplines d (math,

economics, or psychology), jobs j (Assistant, Associate or Full), at times t (years 2008-2019). The

three outcomes we use for ysdjt are:

1. “Rationalizability” — a binary representing if the set of β weights rationalizing the pay

distribution as monotonic is non-empty.

2. “Dollar Distance” from Rationalizability — a number representing the result of our

“Dropping Minimal Salary Differences” analysis (Section 4.1).

3. “Unobservable Cap Distance” (Relative to Max Observable Weight) — a number rep-

resenting the smallest cap
¯
ρ such that maxiηi≤

¯
ρmaxkβk can rationalize the observed pay

ordering, i.e. the result of our “Unobserved productivity” analysis (Section 4.2).

Throughout, there is only one unobservables-based outcome in the paper, namely
¯
ρ defined

relative to maxkβk.

5.3 Specifications

Our empirical analysis broadly takes one of two types. The first is descriptive, and the second

uses shift–share IV evidence that we interpret suggestively. These use distinct specifications

and empirical strategies, described below.
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Descriptive. What types of departments and/or job categories exhibit high degrees of non-

monotonicity? For this analysis, we run the following descriptive regressions.

ysdjt=γs+λt+αd+ωj+ϵsdjt, (18)

where γs are school fixed effects, λt are year fixed effects, αd are discipline fixed effects, and

ωj are job role fixed effects. We report the coefficients for discipline (omitted category = math)

and job title (omitted category = assistant professor) to describe differences across academic

fields and seniority.

Our baseline descriptive regressions use school, year, discipline, and rank fixed effects. In

Appendix D2, we show that adding flexible controls for cell size and the number of journals in

the cell attenuates, but does not overturn the main patterns. Such attenuation is consistent with

Proposition 2, because of the mechanical negative impact of a large cell size on rationalizability.

Shift–Share Evidence. Because the size of a cell is endogenous, we develop a shift-share IV

strategy. Our theoretical results (Proposition 2) noted the difficulty of maintaining monotonicity

as a company becomes larger. However to measure this this relationship empirically, there are

several possible threats to exogeneity. For example, teams with monotonicity violations might

shrink as discouraged workers exit. Alternatively, larger teams might develop specialized HR

functions, and transparency protocols due to scale economies. This institutional investment

in fairness might lower inequality, and possibly overstate the vulnerability of larger cells to

monotonicity violations.

Because the size of a cell is endogenous, we develop a shift-share IV strategy. Our second-

stage IV equation is:

ysdjt=β1Cell Sizesdjt+γs+λt+αd+ωj+ϵsdjt, (19)

where γs are school fixed effects, λt are year fixed effects, αd are discipline fixed effects, and

ωj are job role fixed effects. The coefficient on Cell Sizesdjt is the variable of interest.
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We call our instrument Bsjt, and it operates at the school×title×year level. As is common

for Bartik-like exposure designs, our instrument combines a baseline exposure term (“shares”)

and a time-varying term (“shifts”). Let zsdj0 denote the baseline share of faculty in school s

with discipline d and title j (computed in the first observed year of that s×d× j cell), and let

gst denote the cumulative number of new external hires at school s through year t. Using the

notation of Goldsmith-Pinkham et al. (2020), the instrument we construct is

Bsjt=
D

∑
d=1

zsdj0gst. (20)

Because gst does not vary by d, this simplifies to Bsjt=zsj0gst where zsj0 :=∑D
d=1zsdj0 is the base-

line share of title j within school s. Within each school, the baseline shares satisfy ∑d∑jzsdj0=1.

Equation 20 is therefore a school×title×year instrument. Discipline enters our IV specification

through the outcome index ysdjt and the fixed effects, but the instrument itself varies only at

the s× j×t level. Standard errors for the regression are clustered both at the school×year and

the discipline×title levels.

In our use of this instrument, the relevant variation comes from school-level cumulative ex-

ternal hiring gst interacted with baseline shares zsdj0, following the shift–share logic of Borusyak

et al. (2022); Adao et al. (2019, “many shocks”). This approach allows the baseline shares zsdj0 to

be correlated with time-invariant determinants of outcomes absorbed by the fixed effects; con-

ditional on school, year, discipline, and title fixed effects, the remaining variation comes from

school-level shifts gst that load differentially across cells through these predetermined shares.

The school-level “shifts” gst may reflect expansions or contractions in university resources

arising from state budgeting decisions, alumni donation patterns, or other idiosyncratic school-

specific factors. At the same time, because gst is school-level and cumulative, such shifts could

in principle affect pay-setting through channels other than cell size. We therefore interpret the

IV estimates as suggestive evidence on the scale–fairness link, rather than as a clean estimate of

a purely external hiring shock. The school-based shifts gst in our setup have a mean of 92 and
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a standard deviation of 49.28 This implies that, at a given point in the sample, a typical school

has accumulated about 92 external hires since the start of the sample.

Qualitatively, our instrument tells us how strongly title j at school s is exposed to school-level

hiring shocks at time t, scaled by the baseline share of that title within the school. The mean

value of the instrument is 33 (median 26), with a standard deviation of 25. If the instrument

equals 33 for school s and title j at time t, this means that zsj0×gst =33, i.e. cumulative hires

at school s through year t, scaled by the baseline title share zsj0, equals 33. As such, a “high”

instrument corresponds to a higher group size. Our first-stage regression is

Cell Sizesdjt=δ1Bsjt+γs+λt+αd+ωj+usdjt. (21)

Table 4 presents the first stage regressions (both with fixed effects and without). Our instrument

has a strong first stage, featuring strong F statistics (as measured using the metrics proposed

by Montiel-Olea and Pflueger 2013 and Stock and Yogo 2005; Kleibergen and Paap 2006). A

one standard deviation shock raises the size of a cell by about 4-5 researchers.

Table 4: Shift-Share First Stage

(1) (2)

(Faculty)
Cell Size

(Faculty)
Cell Size

Instrument (Standardized) 4.7*** 4.3***
(1.1) (.8)

Fixed Effects - Y
F-Statistic 17 28
Observations 1,926 1,926
R2 .42 .6

Notes: This table reports 2SLS estimates relating cell size to pay-fairness outcomes, using the
school×title×year shift–share predictor Bsjt as an instrument for the number of research faculty. Our
instrument has been standardized in order to ease interpretation. In Column 2 fixed effects include
school, year, discipline and job title are included.

28In the Stata implementation, gst is the cumulative number of new external hires at school s through year t. It is
therefore best interpreted as cumulative external hiring intensity rather than as net headcount growth by the school.

41



6 Empirical Results

When we operationalize our technique on our data, we find 61% of the cells in our data have

pay structures that cannot be rationalized using the inequalities. Stated differently, in 61% of

our cells, there are no set of weights on journal publications and citations (both current and cu-

mulative) that would rationalize the observed pay as monotonic in productivity metrics. When

we analyze distances from monotonicity, the average non-monotonic cell requires differences of

about $48,000 to be ignored. Non-monotonic cells can be rationalized if the largest unobserved

term is about 30% of the most heavily weighted observable metric on average (under the

assumption that credit for unobserved performance was allocated to the right person).

Table 5 examines differences by seniority. The pay of full professors is least rationalizable

by all measures demonstrated in column 1. The difference in rank is largely explained by the

fact that full-professor cells are substantially larger (average 14 members vs 6 for assistant and

associate). When we add flexible controls for cell size and the number of journals (Appendix

Table D4), the gaps by rank shrink considerably. This is consistent with the scale–fairness

mechanism formalized in Proposition 2.

One possible explanation for the non-rationalizability of full-professor wages is that senior

faculty perform more service or other unobserved tasks. This issue is least likely to affect

assistant professors (despite this, we find that≈56% of assistant professor cells cannot be ratio-

nalized). Our distance-to-monotonicity measures allow us to directly assess this explanation for

full professor non-monotonicity. If unobserved productivity were the primary driver, we would

expect full-professor cells to require substantially larger allowances for latent performance.

Instead, we find the opposite pattern: despite being more frequently non-rationalizable overall,

full-professor cells require a smaller cap on unobserved productivity than assistant-professor

cells to restore monotonicity (Column 2).

By contrast, the sharp difference across ranks appears on the pay margin. To rationalize

full-professor wage schedules by relaxing pay comparisons, we would need to ignore roughly
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$32,000 more in salary differences than for assistant professors (Column 3). This divergence

suggests that the dominant source of non-rationalizability among senior faculty is not hidden

productivity, but larger and more dispersed pay gaps.29

Table 5: Differences by Seniority

(1) (2) (3)

-izable?
Rational

Distance
Cap (

¯
ρ)

Unobservable

Distance
Dollar (

¯
δ)

Full Professor -.19*** -.093** 32,780***
(.047) (.037) (6,171)

Associate .052 .056 -4,407*
(.038) (.095) (2,518)

Assistant Mean .44 .21 16921.64
Observations 1,926 1,926 1,755
R2 .15 .03 .32

Notes: This table reports the results of the descriptive Equation 18, which examines how pay
rationalizability varies by cell characteristics. Assistant professors are the omitted category. Columns 2
and 3 include the full sample, including cells that could be rationalized. For these cells,

¯
ρ=

¯
δ=0. The

outcome measures are defined in Section 5.2. All specifications include school, discipline, year, and title
fixed effects. Standard errors clustered both at the school×year and the discipline×title levels (as shown
in parentheses). Significance levels: * p<0.10, ** p<0.05, *** p<0.01.

In the appendix, we investigate differences over time and by discipline. Table D2 shows the

most rationalizable firm structures are in economics, both in overall rationalizability and our

distances from monotonicity metrics. Mathematics and psychology are approximately tied. We

inspect this in more detail in Table D5; this finding is in part caused by the fact that economics

cells are smaller (average of 6 researchers) than cells in math and psychology (averages of

11 and 9, respectively), connecting to Proposition 2. Tables D3 and D6 suggest that there has

been little change in rationalizability over the period of our analysis; if anything, the distance

to monotonicity has increased over time. Figure 3 summarizes these findings visually.

29A careful reader may note that we are finding a “disagreement” between the two “distances to monotonicity”
approaches, of the form described in Section 4.3.
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Figure 3: Percentage Rationalizable Over Time (by Discipline)
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Notes: This figure plots the percentage of school× title×year cells whose pay structure can be
rationalized as monotonic over time.

Heterogeneous Equal Pay Laws. While we have presented evidence that many firms likely

do not comply with the equal pay principle across all workers, it is possible that this “non-

compliance” stems from firms complying with only the weaker state-level restrictions. These

impose equal pay restrictions only for workers of different demographic groups. Because of

limited temporal variation in equal pay restrictions within state during our data window, we

lack a clean natural experiment to answer this question.

However, we can study this hypothesis by seeing whether firms comply with their state-level

equal pay restriction using the gender-specific version of our method in Section B3. This shrinks

the the system of inequalities used to test monotonicity by removing pairs of the same gender.

In Table 6 we report some basic descriptive evidence. 86% of cells were in states covered by

a gender-specific EPEW, wherein the restriction applies only for pairs of workers of different

genders. The remaining states de facto impose the monotonicity restriction across all pairs of

workers.30 Table 6 investigates whether firm structures are rationalizable considering all worker

30That is, the remaining states also impose the equal pay restriction across pairs of workers from different
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comparisons and only cross-gender comparisons, by whether or not the state in question has

gender-only EPEW. Universities in states where all comparisons are included are slightly more

likely to be rationalizable, both overall and for the gender-rationalizability metric (described

in Section B3).

Table 6: Rationalizability by Equal Pay Laws

Type of Pay Law Rationalizable
Overall

Rationalizable
Gender

All Comparisons 42% 58%
Only Gender Inequality 38% 54%

Notes: Table 6 reports the share of school×discipline× rank×year cells whose pay structures can be ra-
tionalized as monotonic in observed productivity (“Overall”) and under the gender-restricted test (“Gen-
der”), stratified by the type of equal-pay law in each state. “All Comparisons” denotes pay-equity laws
covering every pairing of protected classes; “Only Gender Inequality” denotes laws covering gender only.

6.1 Suggestive Shift–Share Evidence on Scale–Fairness Trade-Offs

Our final empirical exercise studies whether the difficulty of maintaining a monotone wage

schedule is linked to the size of the decision-making unit. As described above, we instrument

cell size with the school×title×year predictor Bsjt=zsj0gst, which interacts common school-level

cumulative staffing growth with baseline title shares. We interpret this section as suggestive

evidence consistent with Proposition 2 rather than as a stand-alone clean external-shock design.

Table 7 reports the corresponding IV estimates for the wage-fairness outcomes. Columns

(1)–(2) show that each additional faculty member in a cell lowers the probability that pay can be

rationalized as monotone by 3.1–3.6 percentage points. Columns (3)–(4) show that the implied

effect on the unobservable-cap outcome ρ̄ is small without fixed effects and about 0.02 with

fixed effects. Columns (5)–(6) indicate that each additional faculty member raises the salary-gap

tolerance needed to restore monotonicity by about $4.4–$4.9 thousand.

demographic groups, but define demographic groups as the intersection of on average 8 different characteristics
(e.g. race, gender, religion, country of origin, etc). Even were each characteristic binary, we would anticipate
28=256 different demographic groups. Given the comparatively small size of each cell in our data, it is likely that
very few workers fall into the same demographic group, which implies that legal compliance is approximated
by our standard monotonicity test.
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Relative to a median assistant-professor salary of $92k, this represents a 4%–5% widening

of the acceptable wage band after a single standard-deviation staffing increase. Under the

IV magnitudes in Table 7, moving from an eight-person to a twelve-person faculty group

corresponds to a 12–14 percentage-point lower probability of monotone compliance and a

roughly $18,000–$20,000 larger salary gap that must be ignored to restore monotonicity.

Table 7: Shift Share Results

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

-izable?
Rational

-izable?
Rational

Distance
Cap (

¯
ρ)

Unobservable

Distance
Cap (

¯
ρ)

Unobservable

Distance
Dollar (

¯
δ)

Distance
Dollar (

¯
δ)

(Faculty)
Cell Size -.031*** -.036** -.0024 .02* 4,446*** 4,905***

(.005) (.014) (.005) (.0095) (410) (714)
Fixed Effects - Y - Y - Y
F-Statistic 17 28 17 28 17 30
Observations 1,926 1,926 1,926 1,926 1,755 1,755

Notes: This table reports 2SLS estimates of the effect of department size on pay-fairness outcomes,
instrumenting the number of research faculty with a discipline–rank–year shift–share predictor of
predicted hires. The first stage is Equation 21, the second stage is Equation 19, and the IV definition is
Equation 20. Significance levels: * p<0.10, ** p<0.05, *** p<0.01.

The IV estimates are consistent with a complexity cost: as departments grow, administrators

face a steeper trade-off between rewarding multidimensional performance and preserving

a monotonic link between pay and output. In settings where expansion is inevitable—new

degree programs, mergers, or mission-driven hiring sprees—routine monotonicity auditing

and simplified evaluation rubrics may be a useful guardrail.

Our results about academic are intended as proof-of-concept demonstration of our method

in a real world setting. However, our results suggest that monotonicity violations may be

common and relatively large, and can rationalized only by large, well-placed weights on

“unobservable” dimensions of productivity. Our results also provide suggestive evidence on

the scale/fairness tradeoff discussed in Proposition 2.
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7 Discussion and Conclusion

This paper offers a unified theoretical and empirical treatment of a firm’s relative wages ac-

cording to familiar notions of equality in the law, culture, and prior literature. We show that

US-style EPEW laws which operate at the individual level impose a restriction that pay is

monotonic in productivity.

Monotonicity is elegant but demanding, and is harder to satisfy as the firm grows in size.

There are additional measurement challenges in determining a composite measure of produc-

tivity when output is multidimensional. To solve this issue, we take a conservative approach.

We develop a linear-programming framework that asks whether there exists any non-negative

weighting of the observed productivity metrics that can rationalize the observed pay as mono-

tone. When no such vector of weights exists we derive two continuous “distance-to-fairness”

measures: (i) the minimum wage gap that must be ignored to restore monotonicity and (ii)

the minimum importance that must be assigned to an unobserved performance dimension to

restore monotonicity. Both metrics are portable to other settings.

Applying the method to 3,000 faculty members in mathematics, economics, and psychology

at 32 U.S. public universities (2008–2019) yields four main results :

1. Prevalence of violations. Roughly two-thirds of school× discipline× rank× yearcells fail

monotonicity. In the median failing cell, a gap of $48,000 must be ignored before a

monotone rationalization becomes possible.

2. Role of unobservables. Alternatively, the largest unobserved term would need to equal

¯
ρ≈30% of the most heavily weighted observable metric — an implausibly large premium

in many disciplines.

3. Heterogeneity across disciplines and ranks. Economics departments exhibit the fewest

violations, owing partly to smaller group size and a more concentrated journal set. Full

professors show the largest shortfalls, suggesting that non-research duties or opaque
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retention offers may complicate compliance.

4. Firm size and compliance. Suggestive shift–share evidence is consistent with larger cells

being less likely to admit a monotone pay structure and requiring a larger wage-gap

tolerance to restore monotonicity. In the IV estimates, each additional faculty member is

associated with about a 3–4 percentage-point lower probability of monotone compliance

and about $4.4–$4.9 thousand more salary gap that must be ignored to restore monotonic-

ity. indicates that adding four researchers (one standard deviation) reduces the probability

of a compliant pay structure by 3–4 percentage points and widens the necessary wage-gap

tolerance by $6–7,000. Scale therefore magnifies the challenge posed by monotonicity.

Like any audit study, our exercise relies on the quality and breadth of the productivity

metrics at hand; teaching and service are difficult to observe, and our generous treatment of

them already favors compliance. The sample is also confined to research universities, a labor

market where output is measured unusually well. Extending the methodology to settings with

noisier productivity signals, richer nonlinear reward systems, or dynamic renegotiation of pay

are promising avenues for future research.

From a normative perspective, we study alternative relative wage restrictions. Existing

equal-pay statutes typically police EPEW but not EWEP. As EWEP is a common fairness notion,

this gap leaves firms room to satisfy the letter of the law while violating an intuitive notion

of individual fairness. More broadly, we discuss why it may be desirable to insist that fairness

rules symmetrically treat wages and productivity.

However, individual-level EPEW restrictions “usually” satisfy EWEP, a point which we

make both theoreically and empirically. In other words, EPEW nearly treats wage and produc-

tivity symmetrically. The same cannot be said about group-level, regression based approaches

to EPEW and EWEP — theoretically and empirically, we show that these measures can differ,

and interventions intended to increase pay fairness can potentially backfire.

Our results suggest three takeaways. First, group-level equal pay restrictions used in some

countries may be less desirable that individual-level restrictions in the US. Second, firms may
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wish to subject wage bills—not just hiring and promotion decisions—to internal monotonicity

audits, especially after growth or mergers. Third, because multidimensional performance

creates genuine ambiguity, transparency about the weights that tie pay to output can prevent

post-hoc rationalizations and improve morale.

In sum, the Equal Pay for Equal Work (for Equal Pay?) paradox is real, quantifiable, and poten-

tially widespread. Monotonicity offers a principled benchmark that aligns legal intuition with

economic rigor, while our empirical framework shows how that benchmark can be studied

and operationalized in practice.
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A Proofs and Theoretical Extensions

A1 Proof of Proposition 1

Proof. The desired result is implied by the following lemma.

Lemma A1. Let S be a firm structure. The following statements are equivalent:

(a) The firm structure satisfies EPEW,

a1



(b) For any two workers i,j∈ I (where without loss of generality θi≥θj), wi≥wj with equality if θi=θj,

(c) there exists a non-decreasing function ϕ : [min
i∈I

θi,max
i∈I

θi] → [0,1] such that any worker i of

productivity θ receives wage wi=ϕ(θ).

Proof of Lemma A1. We proceed by showing that (a) and (b) are equivalent, and then that items
(b) and (c) are equivalent.

(a)⇔ (b) To see that (a) implies (b), suppose the firm exhibits EPEW. We must show that
for any i and j such that θi>θj it is the case that wi≥wj. Suppose for the sake of contradiction
that for some i and j such that θi > θj but that wi <wj. Then this violates EPEW, which is a
contradiction.

To see that (b) implies (a), suppose that for any two workers i,j ∈ I (where without loss
of generality θi≥ θj), wi≥wj with equality if θi = θj. If θi = θj, then by construction wi =wj,
implying no violation of EPEW. Since wi≥wj is assumed, if θi >θj then there is similarly no
violation of EPEW.

(b)⇔ (c) It is easy to see that if all workers i∈ I have the same type then both (b) and (c) are
satisfied. Therefore, we consider the case in which not all workers have the same type, and
suppose that for any two workers i,j∈ I (where without loss of generality θi≥θj), wi≥wj with
equality if θi = θj. The requirement that for any two workers i,j such that θi = θj, it must be
the case that wi=wj implies that there exists some function ϕ : [min

i∈I
θi,max

i∈I
θi]→ [0,1] such that

any worker i of productivity θ receives wage wi =ϕ(θ). We construct such a function ϕ that
is non-decreasing. Without loss of generality, let θ1≤θ2≤ ...≤θ|I|, where if i< j and θi=θj then
wj≥wi. Define ϕ to be the step function containing points (θ1,w1),(θ2,w2),...(θ|J|,w|I|), where
for each θ ∈ [θ1,θ|I|] we define ϕ(θ)= ϕ(θi) for the unique i such that θ ∈ [θi,θi+1). Then ϕ is
clearly non-decreasing as desired.

To see that (c) implies (b), suppose there exists a non-decreasing function ϕ : [min
i∈I

θi,max
i∈I

θi]→
[0,1] such that any worker i of productivity θ receives wage wi = ϕ(θ). That (b) is satisfied
follows from two points. First, for any j such that θj = θ, wj = ϕ(θ) = wi. Second, for any j
such that θj<θ then wj=ϕ(θj)≤ϕ(θ)=wi, where the inequality follows from the fact that ϕ

is non-decreasing.
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A2 Proof of Proposition 2

Proof. Item 1 follows directly from Item (b) of Lemma A1. We therefore present a proof only
for Item 2.

Fix ϵ> 0 and let δ∈ (0,ϵ/4]. Suppose that S := (I,(θi,wi)i∈I) is a firm structure such that
FL(S)=1 and that, without loss of generality, for any θ∈ [0,1] there exists a worker i∈ I such
that |θi−θ|<δ. The logic is unchanged if instead it is the case that for any w∈ [0,1] there exists
a worker i∈ I such that |wi−w|<δ. To avoid repetition, we refer to both of the suppositions
about S in the previous sentence as “the premise.”

Relabel workers as necessary such that θ1≤ ...≤ θ|I|. For convenience, we also introduce
indices 0 and |I|+ 1 as “fake” workers, where θ0 := 0, w0 := 0+ w11θ1=0, θ|I|+1 := 1, and
w|I|+1 := 1θ|I|<1 +w|I|1θ|I|=1. In words, “worker” 0 is the least productive and lowest paid
worker, and “worker” |I|+1 is the most productive and highest paid worker. In what follows,
we consider the case in which w0 =0 and w|I|+1 =1; the complementary cases when w0 >0
or w|I|<1 follow from an essentially unchanged argument.

By the premise, it must be that for each i∈{1,...,|I|+1} :

θi−θi−1∈ [0,2δ) (22)

Consider the addition of new worker j to form S+. It must be that θj∈ [θi−1,θi] for precisely
one i∈{1,...,|I|+1}. For such an i∈{1,...,|I|+1}, Item (b) of Lemma A1 implies that FL(F+)

if and only if wj∈ [wi−1,wi] where equality with wi−1 (wi) must occur if θj=θi−1 (θj=θi). Let
Vi denote the set of types for worker j with θj ∈ [θi−1,θi] that can be added to form S+ such
that FL(S+)=1. Then the preceding argument implies that Vi=[θi−1,θi]×[wi−1,wi]. Because
Vi and Vi′ are non-overlapping for i ̸= i′,

|V|= |
⋃

i∈{1,...,|I|+1}
Vi|= ∑

i∈{1,...,|I|+1}
|Vi|. (23)

Note that by Item 1, |V+|≤|V|, where |V+| is defined as in Equation 23 for firm structure
S+, i.e. that “adding” a worker to a firm structure makes the firm structure no more likely to
be “fair.”

We seek to show that |V|<ϵ. We proceed, given a firm structure S satisfying the premise, to
create a firm structure SM which removes workers whose productivities are too close together:
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Step 1: Let i1 be the smallest i∈ I such that θi1−θi1−1<2δ.31 Define S1 :=(I\{i1},(θ1
i ,w1

i )i∈I\{i1}),
where (θ1

i ,w1
i )=(θi,wi) for all i∈ I\{i1}, and continue on in the algorithm.

Step k>1: Let ik be the smallest i∈ Ik−1 such that θk−1
ik
−θk−1

i′ <2δ, where i′∈ Ik−1 is the highest
index worker in Ik−1 that with index strictly lower than ik, if such an ik exists. If such
an ik exists, define Sk :=(Ik−1\{ik},(θk

i ,wk
i )i∈Ik−1\{ik}), where (θk

i ,wk
i )=(θk−1

i ,wk−1
i ) for all

i∈ Ik−1\{ik}. Otherwise, let Sk :=Fk−1 and terminate the algorithm.

As defined above, the algorithm terminates at the first step k∗>1 such that Ik∗= Ik∗+1. Note
that k∗≤|I|+1 by construction, i.e. the algorithm always terminates in finite time. For such
k∗, define SM :=(IM,(θM

i ,wM
i )i∈IM)= Fk∗. Without loss of generality, relabel i∈ IM such that

IM={0,1,...,|IM|}, where θ0<θ1< ...<θ|IM|.

By the argument preceding the construction of SM, it follows that |V|≤|VM|, where |VM|
corresponds to Equation 23 for firm structure SM. Therefore, the proof is complete if we show
that |VM|<ϵ.

To see that |VM|<ϵ, notice that θi−θi−1<4δ for each i∈{1,...,|IM|}, because otherwise, the
algorithm constructing SM would have terminated at an earlier step give that the productivity
difference between consecutive workers in the initial firm structure S is no greater than 2δ. Also
recall that for each worker i∈ IM the wage wi∈ [0,1]. These two facts combine to imply that,

|VM|<
|IM|

∑
i=1

4δ·(wi−wi−1)≤4δ(−0+w1−w1+w2−w2+...+1)=4δ≤ϵ,

where the final inequality follows from the maintained assumption that δ∈(0,ϵ/4].

A3 Proof of Proposition 3

Proof of Item 1. By construction F̄L is clearly stronger than FL. Therefore, F̄L(S) = 1 only if
FL(S)=1. By Item 1, this implies that if F̄L(S)=1 then there exists a non-decreasing function
ϕ : [min

i∈I
θi,max

i∈I
θi]→ [0,1] such that any worker i of productivity θ receives wage wi=ϕ(θ).

In the case that all i∈ I have the same type (θ,w), it is clear that F̄L(S)= 1. Therefore, to
complete the argument, we suppose that θi ̸=θj for some i,j∈ I. Suppose ϕ is strictly increasing
over [min

i∈I
θi,max

i∈I
θi]. Then there do not exist workers i,j∈ I with wi=wj and θi ̸=θj. Therefore,

EWEP is satisfied in addition to EPEW, implying that F̄L(S)=1.

31By the premise, such an i1 exists.
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Now suppose F̄L(S) = 1. We construct the desired, strictly increasing function ψ as fol-
lows. Without loss of generality, let θ1≤ θ2≤ ...≤ θ|I|. By Item 1, if θi = θj for any i ̸= j then
wi=wj. Consider a maximal subset of workers J such that θ1< ...<θ|J|, where we potentially
relabel workers such that θ1 < θ2 < ... < θ|J|. Then define ψ as a function containing points
(θ1,w1),(θ2,w2),...(θ|J|,w|J|), and taking value ψ(θ)=wi+

wi+1−wi
θi+1−θi

(θ−θi) for any θ∈(θi,θi+1) for
any i∈{1,...,|J|}. Then ψ satisfies the desired conditions.

Proof of Item 2. We first argue that F̄L is symmetric. Fix any firm structure S :=(I,(θi,wi)i∈I). By
an argument similar to that in Lemma A1, if F̄L(S)=1 then for any two workers i,j∈ I (where
without loss of generality θi≥ θj), wi≥wj, where wi≥wj if and only if θi = θj. Therefore, for
any two workers i,j∈ I, either (θi,wi)=(θj,wj), or both θi > θj and wi >wj. Therefore, for the
reflection S′ of S it is the case that F̄L(S′)=1. Similarly, if F̄L(S)=0 then F̄L(S′)=0. Therefore,
F̄L is symmetric.

Next, we show thatFL is nearly symmetric, by appealing to our characterizations ofFL and
F̄L in Proposition 1 and Item 1 of the current proposition, respectively. For any firm structure
S such that there exists a strictly increasing function ψ : [min

i∈I
θi,max

i∈I
θi]→ [0,1] such that for

each worker i of productivity θ ∈ [0,1], wi = ψ(θ), then we have established in Item 1 that
FL(S)=FL(Sr)=F̄L=1, where Sr is the reflection of S. Therefore, it remains to consider firm
structures S such that there does not exist such a strictly increasing function ψ. There are two
(exhaustive) cases:

• First, let S be such that there exists a non-decreasing function ϕ : [min
i∈I

θi,max
i∈I

θi]→ [0,1]

such that any worker i of productivity θ receives wage wi = ϕ(θ). Then FL(S) =

1. For any ϵ > 0, we construct a firm structure Sϵ = (I, (θϵ
i , wϵ

i )i∈I) that admits a
strictly increasing function ψ : [min

i∈I
θi,max

i∈I
θi]→ [0,1] such that for each worker i of

productivity θϵ ∈ [0, 1], wϵ
i = ψ(θ). To do so, let θi = θϵ

i for all i ∈ I, and let γ :=

min
{

min
i∈I
{1−wi :wi<1} ⋃ min

i,j∈I
{|wi−wj| :wi ̸=wj}

}
be the minimum of the difference

between any worker who receives a wage strictly lower than 1, and the smallest wage gap
between workers who receive different wages. Let Ji :={j∈ I\{i} : wj=wi and θj<θi}
be the set of workers who receive the same wage as i and are strictly less productive. Let
Ki :={k∈ I\{i} :wj=wi and θk>θi}. Let

wϵ
i :=

wi ·(1+ γ
4·|I| ·ϵ|Ji|) if wi<1,

wi ·(1− γ
4·|I| ·ϵ|Ki|) if wi=1.
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Finally, wϵ
i ∈ [0,1] and |wϵ

i −wi|< ϵ by construction for all i. Therefore, Sϵ satisfies all
of the requirements of a firm structure, and is within ϵ “distance” of S. Furthermore,
our construction implies that no workers receive the same wage unless they have the
same productivity. Also, for any two workers i,j with θi > θj, wϵ

i >wϵ
j . Therefore, Item

1 and Proposition 1 imply that both Sϵ and its reflection Sr
ϵ satisfy the strict monotonicity

property, meaning that FL(S)=FL(Sr
ϵ)=FL(Sϵ)=1.

• Second, let S be such that there does not exist a non-decreasing function ϕ : [min
i∈I

θi,max
i∈I

θi]→
[0,1] such that any worker i of productivity θ receives wage wi=ϕ(θ). Then FL(S)=0 by
Proposition 1. Moreover, the proof of Proposition 1 implies that there exist distinct i,j∈ I
such that wj>wi and θj≤θi. If there exist such i and j with θj<θi, then letting Sϵ=S for
any ϵ>0 implies that FL(S)=FL(Sr

ϵ)=FL(Sϵ)=0. If there does not exist such i and j
with θj<θi, then for any ϵ>0 we can construct Sr

ϵ such thatFL(S)=FL(Sr
ϵ)=FL(Sϵ)=0

in a similar fashion as in the previous cases we consider.

In both of these exhaustive cases, we have shown the desired result. Therefore, we conclude
that FL is nearly symmetric.

Finally, note that from Proposition 1 and Item 1 of the current proposition, it is clear that F̄L

is stronger than FL. Consider any symmetric fairness rule F that is stronger than FL. We show
that this F is also stronger than F̄L. To this end, consider S :=(I,(θi,wi)i∈I) such that FL(S)=
F(S)=1. By Proposition 1, there exists a non-decreasing function ϕ : [min

i∈I
θi,max

i∈I
θi]→ [0,1]

such that any worker i of productivity θ receives wage wi=ϕ(θ). The combination ofFL(S)=1
and the symmetry restriction implies that there are no two workers i,j∈ I such that θi ̸=θj and
wi=wj, because otherwise this would contradict that F(S)=1. But then by the proof of Item
1 of the current proposition, there exists a strictly increasing function ψ : [min

i∈I
θi,max

i∈I
θi]→ [0,1]

such that for each worker i of productivity θ ∈ [0,1], wi =ψ(θ). This implies that F̄L(S) = 1,
completing the proof.

A4 Proof of Proposition 4

Proof. We prove the result by considering each of the following three claims.

Symmetry: We begin by demonstrating the claim regarding symmetry. We say that g∈{A,B}
experiences a strong group-level violation of EPEW compared to group g′ ̸=g if the average pay of
g-group members is lower than the average pay of g′-group members across all iso-productivity
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bands: for each θ∈Θ̂,

∑i∈gθ wi

|gθ|
≤

∑i∈g′θ wi

|g′θ|
, (24)

where the inequality is strict for at least one θ∈Θ̂ and where gθ and g′θ indicate the set of work-
ers of group g and g′, respectively, who have productivity θ. We similarly say that g∈{A,B}
experiences a strong group-level violation of EWEP if the average productivity of g−group mem-
bers is higher than the average productivity of g′−group members across all iso-wage bands.

By construction, if a firm structure S admits a strong group-level violation of EPEW (EWEP)
for group B, then βisoprod < 0 and βcontprod < 0 (βisowage > 0 and βcontwage > 0), implying that
F isoprod(S)=F contprod(S)=0 (F isowage(S)=F contwage(S)=0). Moreover, the inequalities in the
previous sentence are reversed if S admits a strong group-level violation of EPEW (EWEP) for
group A. Therefore, the desired claim is established via the following remark.

Remark 5. A firm structure S := (I,(θi,wi)i∈I) with partition A,B of workers can simultaneously
exhibit the following features:

• S does not satisfy EPEW or EWEP, and

• Group A experiences a strong group-level violation of EWEP while group B experiences a strong
group-level violation of EPEW.

These claims follow from the example firm structure presented in Table 1. For each iso-wage band at the
firm (rows), group A workers are strictly more productive on average. However, for each iso-productivity
band (columns), group B workers are strictly lower paid on average. Therefore, group A experiences a
strong group-level violation of EWEP while group B experiences a strong group-level violation of EPEW.

Distinct fairness rules: Next, we demonstrate that F isoprod,F contprod,F isowage, and F contwage

are distinct fairness rules. That F isoprod ̸= F isowage and F contprod ̸= F contwage follows from
Remark 5 and the argument immediately preceding it, which jointly demonstrate the existence
of a firm structure S for which F isoprod=0=F contprod and F isowage=1=F contwage. To see that
F isoprod ̸=F contprod and F isowage ̸=F contwage, note that for any firm structure S=(I,(θi,wi)i∈I)

in which wi ̸=wj and θi ̸=θj for all distinct i and j, F isoprod(S)=F isowage(S)=1 by construction.
However, note that βcontprod and βcontwage are continuous in worker types holding fixed the
set of workers. Formally, for any firm structure S=(I,(θi,wi)i∈I) and ϵ>0, there exists δ>0
such that any firm structure Sδ =(I,(θδ

i ,wδ
i )i∈I) where |θδ

i −θi|< δ and |wδ
i −wi|< δ, it is the

case that |βcontprod
S −β

contprod
Sδ

|<ϵ and |βcontwage
S −β

contwage
Sδ

|<ϵ, where we index the regression
coefficients by the firm structure. In light of this statement, consider the firm structure S
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presented in Table 1. For such a “nearby” firm structure Sδ for sufficiently small δ in which
all workers have distinct wages and all workers have distinct productivities, it is the case that
F isoprod(Sδ)=1, F contprod(Sδ)=0, F isowage(Sδ)=1, andF contwage(Sδ)=0. Thus, our arguments
in this paragraph have established there exist firm structures for which any two of the fairness
rules discussed differ in their output.

Near symmetry: Finally, we demonstrate the claim regarding near symmetry. First, we
consider F isoprod. Consider a firm structure S = (I,(θi,wi)i∈I) for which β

isoprod
S < 0 and in

which all workers have different wages, wi ̸= wj for all distinct i,j∈ I. Then F isoprod(S) = 0
and F isoprod(Sr) = 1 by construction, where Sr is the reflection of S. Also, for sufficiently
small δ, any nearby (i.e., defined as in the proof of distinctness of the four fairness rules) firm
structure Sδ = (I,(θδ

i ,wδ
i )i∈I) is such that wδ

i ̸=wδ
j for all distinct i,j∈ I. Therefore, as argued

previously, F isoprod(Sr
δ)= 1 for the reflection of any such firm structure Sδ given sufficiently

small δ. Therefore, F isoprod is not nearly symmetric because F isoprod(Sr
δ) ̸=F isoprod(S)=0. A

nearly identical argument in which wages and productivity are interchanged establishes that
F isowage is not nearly symmetric.

Second, we consider F contprod. Consider a firm structure S = (I, (θi, wi)i∈I) for which
β

contprod
S < 0 and β

contprod
Sr > 0, as in Table 1. Then F contprod(S) = 0 and F contprod(Sr) = 1. But

as previously argued, F contprod is continuous in worker types, that is, for any “nearby” firm
structure Sδ=(I,(θδ

i ,wδ
i )i∈I) for sufficiently small δ, it is still the case that F contprod(Sδ)=0 and

F contprod(Sr
δ)=1. Therefore, F contprod is not nearly symmetric because F contprod(Sδ)=0 ̸=1=

F contprod(Sr
δ). A nearly identical argument in which wages and productivity are interchanged

establishes that F contwage is not nearly symmetric.

A5 Common limitations of EPEW restrictions

Our analysis thus far has interpreted EPEW broadly, binding across all workers within the firm.
In this section, we consider two real-world limitations that restrict the set of constraints that
EPEW often imposes.

Formally, given a set of workers I, let c : I ⇒ I be a correspondence that tracks for each
worker i∈ I which set of workers I\{i} cannot “violate” i by the definition of EPEW. That
is, given a firm structure S= (I,(θi,wi)i∈I) and such a “comparability correspondence” c(·),
the (limited by c) EPEW condition prohibits S from including i and j∈c(i) such that θj≤θi and
wj>wi. We assume that c(·) is symmetric: for i,j∈ I, j∈c(i) if and only if i∈c(j).

We now discuss two common restrictions on c(·):
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Job-based restrictions: Some firms employ workers for jobs that are qualitatively different
from others, the set of comparable workers are those doing the same job. To capture this, we
assume that c(·) is transitive: for i,j,k∈ I, for any {j,k}⊂ c(i) then j∈ c(k) (and k∈ c(j)). With
such a comparability correspondence c(·), all of our earlier results can be interpreted as being
“within job.” That is, our conclusions hold within a particular set of workers J⊂ I such that all
members i∈ J are comparable to one another and not comparable to any workers outside of J.

Demographic-based restrictions: Some EPEW explicitly bind across, and not within, demo-
graphic groups. For example, Kansas recognizes two demographic groups, men and women,
and EPEW restrictions bind only across genders (Kan. Stat. Ann. § 44-1205 (2025)):

“[N]o employer having employees of both sexes shall discriminate, within any establishment in which
such employees are employed, between employees on the basis of sex by paying wages to employees
in such establishment at a rate less than the rate of wages paid to employees of the opposite sex in
such establishment for equal work on jobs...”

Formally, we assume that c(·) is associated with a partition {P1,P2,...,Pm} of set I where
m≤|I|. For any i ̸= j∈ I, j∈ c(i) (and, by symmetry, i∈ c(j)) if and only if i∈Pℓ and j∈Pk for
k∈{1,...,m} and ℓ∈{1,...,m}\{k}.

This restriction to across-demographic comparison groups is necessarily weaker than the
all-worker comparison group we have studied heretofore. To see this visually, consider Figure 4.
This figure displays a firm structure with six workers, numbered 1 through 6. Odd-numbered
workers are members of the first demographic group (partition member P1) and even-numbered
workers are members of the second demographic group (partition member P2). Plotted are
the types of workers in demographic group 1. To accord with a demographic-based EPEW
with two groups defined as above, workers in group 2 can have types anywhere in the white
regions and on any of the segments of the dotted lines adjacent to white regions. Clearly, pay
monotonicity is not satisfied: worker 5 is more productive and lower paid than is worker 3.

Remark 6. Having displayed the difference between the “all comparisons” EPEW and the demographic-
based EPEW restriction, we make some observations about conditions under which they converge:

• Holding fixed a firm structure S and considering two comparability correspondences c(·) and
ĉ(·) such that the partition of workers induced by ĉ(·) is finer than the partition induced by c(·),
then ĉ(·) the firm structure satisfies demographic EPEW with respect to ĉ(·) only if it satisfies
demographic EPEW with respect to c(·). In the limit that c(·) produces the trivial partition (all
workers are of the same demographic group) then EPEW with respect to c(·) imposes no restriction.
In the limit that ĉ(·) induces the finest possible partition (each worker is of a distinct demographic
group) then EPEW with respect to ĉ(·) is equivalent to pay monotonicity (our Proposition 1).
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Figure 4: Demographic-Based EPEW Restriction

0 1

1

(θ1,w1)

(θ3,w3)

(θ5,w5)

θ

w

Notes: This figure represents demographic-based EPEW restrictions for a particular firm structure
and comparability correspondence. There are six workers, and odd-numbered workers are of one
demographic group and even-numbered workers are of a second. Even-numbered workers can have
types anywhere in the white regions and on any of the segments of the dotted lines adjacent to white
regions, but pay monotonicity is necessarily violated (see workers 3 and 5).

• Even if the comparability correspondence does c(·) does not induce a partition such that each worker
is in their own partition member, EPEW with respect to c(·) will be equivalent to pay monotonicity
if for each i∈ I of type (θi,wi) either: there exists no distinct j∈ I with productivity θj such that θj≥
θi, or there exists a distinct worker j∈ I with productivity θj such that there exists no distinct worker
k∈ I with productivity θk such that θj>θk≥θi and where j is of a different partition element from
i. Similar logic as the proof of Proposition 1 binds, leading to a violation of EPEW with respect to
c(·) if pay monotonicity is not satisfied. The “next most productive” worker j (or one of the “next
most productive” workers) is of a different demographic group, implying that j is paid no less than
i. If there is another worker k of the same demographic group as i and the productivity as j cannot
be paid strictly less than j, which, by transitivity, means that k cannot be paid strictly less than i.

• Given a demographic-based comparability correspondence c(·), an analogue of Proposition 2 holds
with minor modifications. First, adding a new worker to the firm structure (holding fixed the
demographic groups of all existing workers) again makes EPEW with respect to c(·) (the analogue
of point 1 of Proposition 2). Second, the “flexibility” result in part 2 of Proposition 2 holds if
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there exists a worker of each demographic group induced by c(·) within either a δ productivity
neighborhood or a δ wage neighborhood of any value in [0,1].

A6 New Group-Level Equality Measure

Although our main paper highlights complications with regression based notions of EWEP and
EPEW, there exist different group-level measures of fairness that satisfy our axioms. Given that
the approaches above control for productivity when considering wages (or vice versa), it seems
intuitive that relevant notions of fairness may take into account both wage and productivity
discrepancies across groups. For example, one could define a fairness rule F that deems a firm
structure to be unfair if and only if βcontprod≤0 and βcontwage≤0. Alternatively, consider the
following fairness rule:

Group-Aggregated Distance to Monotonicity. Let S be a firm structure, and consider a par-
tition of workers represented in S into groups A and B. For each i∈A we consider the violated
set of workers Ui :={j∈B|θj≥θi,wj≤wi}\{j∈B|θi =θj,wi =wj}which are the workers in B
who are more productive and paid less than i (with at least one comparison strict). Similarly,
consider the violating set of workers Li := {j∈ B|θj≤ θi,wj≥wi}\{j∈ B|θi = θj,wi =wj}. For
any pair of workers i and j, let dij := (wi−wj)

2+(θi−θj)
2 be the Euclidean distance (in the

two-dimensional plane specifying wage and productivity) between i and j. We define

βdist := ∑
i∈A

∑
j∈Li

dij−∑
i∈A

∑
j∈Ui

dij (25)

which is the total “overpayment given productivity” (first term) minus the total “underpayment
given productivity” of group A. If and only if the total overpayments weakly exceed the total
underpayments is βdist≤0. A fairness rule F that renders a firm structure S fair if and only
if βdist≤0 is clearly symmetric due to the fact that the Euclidean distance of any two points
in R2 is invariant to reflection along the 45 degree line.

B Methodology Details

B1 Weak Pairwise Inequalities

Our main linear program for rationalizability tests where the followingset is non-empty:

B≡
{⃗

β∈RK :wi>wj =⇒ β⃗ ·⃗θi> β⃗ ·⃗θj,∀i ̸= j
}

.
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We can reformulate this as follows.

maximize
β⃗,δ

δ

subject to β⃗·(⃗θi−⃗θj)≥δ, ∀i ̸= j :wi>wj (1),

∑βk=1 (2),

βk≥0 (3),

δ≥0 (4)

(26)

Interpretation. Constraint (1) says that if wi>wj, then i’s productivity must exceed j’s by a com-
mon slack term δ. Constraints (2) and (3) are scale normalization. Without some normalization,
the LP becomes scale-invariant and unbounded, and the objective (maximize δ) would blow
up to +∞. Constraint (4) keeps δ positive. Then the solver finds the largest common slack δ that
fits every pairwise inequality with the same direction as the observed wage ordering. We call
this term δ⋆. This produces a clear certificate.

δ⋆>0⇐⇒ the strict system is feasible (all inequalities can be made strict).

δ⋆=0⇐⇒ the strict system is infeasible (at least one inequality can only hold weakly).

Empty δ⋆⇐⇒ the system is infeasible (cannot even hold weakly).

Note that this approach can be combined with other constraints. In our empirical application,
we also require that all βk terms be weakly positive, and that at least one β be strictly positive.

B2 Minimal Strict Cap ρ̄ via Charnes-Cooper and Lexicographic Search

This appendix gives a procedure to compute

ρ̄strict = inf
{

ρ≥0: ∃(β,η) with (θi−θj)·β+ηi−ηj>0 ∀(i,j) :wi>wj and ρmax
k

βk≥max
i

ηi

}
,

that is, the minimal cap on unobserved productivity, normalized by maxk βk, that admits a
strictly monotone rationalization of the observed pay ordering. Because (β,η) are only identi-
fied up to a common positive scaling, this normalization is substantive. Throughout, both ρ̄strict

in this appendix and ρ̄ in the main text are defined relative to maxkβk, i.e. the most heavily
weighted observable metric in the feasible solution; they are not separate ratios to an ex ante
“top metric” anchor.

The method uses a lexicographic two-stage scheme: an outer search over ρ and, at each ρ,
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a small family of linear programs (one per candidate maximizer of the observable weights) that
certifies that the feasible set is non-empty with strict pairwise inequalities.

Setup. Fix a cell (school× discipline× rank× year). For each worker i let

θi=(θi1,...,θiK)∈RK
+

collect observable productivity metrics, and write latent productivity as

yi=θi ·β+ηi,

with unknown weights β=(β1,...,βK)∈RK
+ and nonnegative unobservables ηi≥0. If wi>wj,

strict consistency of pay with latent productivity requires

(θi−θj)·β+ηi−ηj > 0 for all (i,j) with wi>wj. (27)

In a series of upcoming steps, this appendix bounds the size of unobservables relative to the
strongest metric weight by

ρ·max
k

βk ≥max
i

ηi, (28)

and seeks the smallest ρ that permits a strict solution to (27). As discussed in Section 4.2, solving
this system of equations yields a bound on the relative importance of unobserved productivity
compared to observed productivity metrics.

Step 1: Charnes-Cooper scaling (1962) makes the cap linear. The ratio in (28) is nonlinear. Let

B :=max
k

βk, t :=
1
B

, β̃ := tβ, η̃ := tη, H̃ := t·max
i

ηi.

We restrict attention to solutions with B>0 (equivalently, at least one βk>0), which is without
loss for our computation because the inner LP normalization β̃k = 1 enforces B > 0. Then
0≤ β̃k≤1 for all k. By construction, maxkβ̃k=1. Operationally, we implement this in the inner
step by solving one LP for each k∈{1,...,K}with the normalization β̃k=1 (and 0≤ β̃ℓ≤1 for
all ℓ), and then taking the best (largest) strictness margin across k. Multiplying (27) by t yields
the scaled strict inequalities

(θi−θj)·β̃+η̃i−η̃j > 0 for all (i,j) with wi>wj. (29)
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Similarly, multiplying (28) by t yields the scaled bound

H̃ = tmax
i

ηi = max
i

η̃i ≤ ρ. (30)

Because LPs cannot encode strict inequality relationships directly, we introduce a common
margin δ≥0 and require

(θi−θj)·β̃+η̃i−η̃j ≥ δ for all (i,j) with wi>wj, (31)

so that δ>0 certifies strict feasibility. In the primitive (unscaled) variables, the common margin
equals δ/t.

Why do K LPs suffice? After the scaling, the nonlinear condition maxkβ̃k=1 is equivalent
to the union over k of the linear events {β̃k = 1, 0≤ β̃ℓ≤ 1 ∀ℓ}. Any feasible solution must
belong to at least one such polyhedron; if several metrics tie for the maximum weight, the same
solution belongs to several of them. Hence solving one LP per candidate maximizer k and
taking the largest common slack exactly recovers the feasible set.

Step 2: Inner LP at a fixed cap ρ: maximize the common margin. For a given ρ≥0 and each
k∈{1,...,K}, define the LP

ϕk(ρ) := max
β̃,η̃,H̃,δ≥0

δ (32)

s.t. (θi−θj)·β̃+η̃i−η̃j ≥ δ,∀(i,j) :wi>wj, (33)

0≤ β̃ℓ≤1, ∀ℓ, (34)

β̃k=1, (35)

0≤ η̃i≤ H̃, ∀i, (36)

H̃≤ρ. (37)

Note that the constraints 0 ≤ η̃i ≤ H̃ implement maxi η̃i ≤ H̃, and hence are equivalent to
imposing maxiη̃i≤ρ together with an auxiliary variable H̃. Define the strictness certificate at
ρ as ϕ(ρ) :=maxk∈{1,...,K}ϕk(ρ).

This is the same device used to guarantee strict inequalities as in Appendix B1. The normal-
ization β̃k=1 pins down the overall scale of (β̃,η̃,δ) so that the objective δ is well-defined and ρ

retains the interpretation of bounding maxiηi relative to the most heavily weighted observable
metric.

Interpretation.
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• If ϕ(ρ)>0, then there exists a solution with strict pairwise inequalities at that cap ρ.

• If ϕ(ρ)=0, only weak inequalities (or infeasibility) can be attained at ρ.

Because the feasible set of observed and unobserved productivity weights expands as ρ in-
creases, ϕ(ρ) is nondecreasing in ρ. Consequently, there exists a threshold ρ̄strict such that
ϕ(ρ)>0 (i.e., strict feasibility holds) if and only if ρ∈ [ρ̄strict,∞).

Step 3 (Outer search): bisection for the minimal strict cap. We now locate the smallest cap
ρ that admits strict feasibility. Because our procedure uses numerical rather than symbolic
optimization, the algorithm approaches ρ̄strict iteratively by evaluating a sequence of candidate
values of ρ. We describe the procedure for selecting and testing candidate values immediately
below (Step 3.1).

To decide when this iterative search has converged (Step 3.2), we introduce a small positive
constant τconv>0, called the convergence tolerance. This quantity sets the numerical precision of
the search: once successive candidate values of ρ differ by less than τconv, the procedure halts
and reports the corresponding approximation to ρ̄strict (Step 3.3). The convergence tolerance
is purely computational—it governs the stopping rule for the numerical search and does not
affect the theoretical model itself.

Numerical implementation. Because the inner problems are solved numerically, we distin-
guish the solver tolerance from the outer bisection tolerance. Let τLP>0 denote a small inner
tolerance. We classify a candidate ρ as strictly feasible only if the solver returns feasibility and
the optimal common slack satisfies ϕ(ρ)>τLP; values in [0,τLP] are treated as numerically zero.
The outer search then stops once U−L<τconv, with τLP≪τconv. This keeps the strict-feasibility
classification from being driven by machine precision.

Step 3.1: Bracketing. We begin by calculating the end points for our search over candidate
values for ρ. We compute a weak lower bound

ρ̄weak = min
k∈{1,...,K}

min
β̃,η̃,H̃

H̃ s.t. (θi−θj)·β̃+η̃i−η̃j ≥ 0 ∀(i,j) :wi>wj, 0≤ β̃ℓ≤1∀ℓ, β̃k=1, 0≤ η̃i≤ H̃ ∀i.

Set L := ρ̄weak. This value represents the smallest cap on unobserved productivity for which
the weak system (with δ = 0) is feasible; for any ρ < L, the model cannot satisfy even the
non-strict inequalities. We then check ϕ(L): if ϕ(L)>0, then we have found that L is already
the strict cap and can proceed to Step 3.3 (completion and report).

Otherwise, we next find an upper bound for our interval search. We grow an upper bound
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geometrically until strictness appears: set the variable U equal to max{1,2L}.32 We then keep
doubling U until ϕ(U)>0.33

The upper bound U found in this step is only an upper bound for the search. It is not the
minimal strict cap itself. The geometric doubling in Step 3.1 is only used to locate an initial
bracket (that is, end points for our search). This consists of a lower bound L with ϕ(L) = 0
and an upper bound U with ϕ(U)>0. This ensures that the true minimal strict cap ρ̄strict lies
somewhere in (L,U]. In the step below, we locate the cap within this interval.

Step 3.2: Bisection (if L<U). We now proceed with a binary search over the bracketing in-
terval (Knuth, 1997; Cormen et al., 2009, described in detail next). This requires a monotonicity
condition that we show is met at the end of this appendix (page a17).

If the width of the search interval exceeds the convergence tolerance (U−L>τconv), then
we compute the midpoint M=(L+U)/2 and solve the family of inner LPs (32)–(37) at ρ=M
(one for each k∈{1,...,K}) to evaluate

ϕ(M)= max
k∈{1,...,K}

ϕk(M).

This determines whether the system is strictly feasible at ρ=M.

Because M lies between L and U, monotonicity implies that either ϕ(M)=0 (in which case
the strict threshold exceeds M) or ϕ(M)>0 (in which case the strict threshold is at most M).
In the former case, we know that the minimum cap lies in the interval (M,U]. In the latter
case, we know the minimum cap lies in the interval (L,M]. Therefore, in the former case we
can repeat this bisection stage recursively over the interval (M,U]. In the latter case we can
repeat this bisection stage recursively over the interval (L,M]. This procedure can be iterated
arbitrarily many times to give a tighter upper and lower bound of the strict cap.

Notationally, at each iteration we maintain the convention that L denotes the largest value
of ρ tested so far that fails strict feasibility (ϕ(L)=0) and U denotes the smallest value of ρ that
succeeds (ϕ(U)>0). The midpoint M is simply the next test value in the iteration. If ϕ(M)>0,
we update the upper bound U← M; otherwise, we update the lower bound L← M. By
construction, the feasible interval shrinks by half each iteration. The procedure continues until
the interval width U−L is smaller than the numerical tolerance τconv.

32The expression max{1,2L} is a numerical safeguard that ensures the initial upper bound U starts from a pos-
itive, nontrivial value even if L is zero or extremely small. Once L>0, the “max” term has no effect—the doubling
loop proceeds in exactly the same way and still locates a finite U for which ϕ(U)>0, whenever such a value exists.

33Because strict inequalities are imposed only on pairs with wi>wj, the binding comparisons define an acyclic
order over distinct wage levels; ties generate no constraint. Assigning sufficiently separated η-values across those
wage levels therefore yields strict feasibility once ρ is large enough.
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At that point, the interval endpoints satisfy ϕ(L)=0 and ϕ(U)>0, with width U−L<τconv.
By monotonicity, the true threshold ρ̄strict lies in (L,U], so reporting U approximates ρ̄strict to
within τconv.

Step 3.3: Completion and Report. After the bisection procedure terminates (i.e., once
U− L < τconv), the interval endpoints satisfy ϕ(L) = 0 and ϕ(U) > 0, with U− L < τconv.
Thus, by monotonicity, ρ̄strict∈(L,U], and we report the approximation

ρ̄strict=U, with strict common margin δ⋆(U)=ϕ(U)>0.

Because only the relative scale of (β,η)matters for the inequalities and the cap, the inner LP iden-
tifies these objects only up to a positive multiplicative factor. The solution (β̃⋆,η̃⋆), normalized
by β̃⋆k⋆=1 for some maximizer k⋆∈argmaxkβ̃⋆k, provides one convenient representative. Any
positive rescaling of (β,η) leaves the inequalities and the minimal strict cap ρ̄strict unchanged.

Note on Monotonicity. During the bisection search, the current candidate values of the cap
always lie in an interval I=(L,U] whose width is eventually driven below the convergence
tolerance τconv. Let ρ1 and ρ2 be any two values in this interval with ρ1≤ρ2. Because increasing
ρ relaxes the linear constraint H̃ ≤ ρ in each LP (32)–(37), every solution feasible for ϕk(ρ1)

remains feasible for ϕk(ρ2) whenever ρ1≤ρ2. Hence each ϕk(ρ) is nondecreasing in ρ, and there-
fore their maximum ϕ(ρ)=maxkϕk(ρ) is also nondecreasing in ρ. This monotonicity property
is what makes bisection on ρ valid: once we find an interval (L,U] with ϕ(L)=0 and ϕ(U)>0,
the true threshold lies inside this interval, and bisection shrinks it to length no more than τconv.

B3 Gender Rationalizability

In our setup thus far, we have included all pairwise comparisons between workers (Definition
6). Example 1 included 3 workers and (|3|2 ) = 3 pairwise comparisons. However in certain
jurisdictions, equal pay laws regulate only certain pairwise comparisons. A common relaxation
of EPEW is to require no worker receives strictly lower pay than a worker of the opposite gender
if the worker is weakly more productive. For example, the California Equal Pay Act (adopted
1949) implemented this form of equal pay regulation before broadening in 2015 to include a
larger set of pairwise comparisons.

Our monotonicity test can be easily adjusted to such scenarios by dropping all productivity
inequalities involving two workers of the same gender.
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Definition B1. Let g(i) represent the gender of worker i. The pairwise inequalities of differently-gendered
workers define a feasible set for the weight vector β⃗:

BG≡
{⃗

β∈RK :wi>wj =⇒ β⃗ ·⃗θi> β⃗ ·⃗θj,∀i ̸= j,g(i) ̸=g(j)
}

.

A wage structure is gender rationalizable if the feasible set BG is non-empty.

“Gender rationalizability” can be generalized to arbitrary characteristics beyond gender
(i.e., race or other characteristic). In the next two sections, we measure “distances to mono-
tonicity” for wage distributions that are not rationalizable. Each distance metric is based on
pairwise inequalities, and can be specialized to a gender-specific version by similarly dropping
same-gender inequalities.

C Dataset Construction

Below, we detail the procedure used to construct our main dataset.

C1 Salary Sample Selection

We began by selecting the top 100-ranked economics graduate programs from US News and
World Report’s “Best Economics Schools” (2022) as sample candidates. From this pool, we
identified 63 public universities where faculty salaries are presumed to be public record (legal
obligation) and conducted our search for salaries in two passes. In the first, using search terms
“[university] faculty salary database,” we retrieved salaries for 18 universities, often sourced
through their institutional resource offices. For another 31, using search terms “[state] salary
database,” we obtained salaries from the corresponding state database. Data was unavailable
for the remaining 14 universities. Certain universities in the top 100 list belonged to a larger,
statewide university system, with all salaries consolidated into a single file (e.g., University of
California System). In such cases, we included all universities in the system if they operate as
non-branch institutions and offer an economics graduate program. This added four universities,
bringing our sample to 53.

We excluded 21 universities, reducing our final sample to 32. Nearly half of these exclusions
can be attributed to lack of coverage of the Card et al. (2022) publication data and our scraped
salary data in the same year. Other shortcomings in state-published salary data contributed
to another significant portion of exclusions. Pennsylvania’s PennWATCH, for instance, lacks
a university identifier, while Virginia’s Data Point does not provide faculty names. Our final
sample spans from 2008 to 2019 and includes an average of eight years of salaries per university.
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C2 Salary-Publication Merge

Card et al. (2022) compile annual and cumulative publications for active NAS and AAAS
researchers in economics, mathematics, and psychology across 42 top-ranked journals. We use
STATA’s reclink2 function to probabilistically link authors’ salaries with their publications, and
supplement this with a manual review to eliminate false positive matches.

C2.1 Data Preprocessing

Before matching, we replicate the name standardization procedure outlined in Card et al. (2022).
Accented or non-English characters are replaced with the closest standard English characters
and special characters, suffixes, and honorifics are removed. We convert names to a standard
case format, such that the first letter of each name is capitalized, middle names are reduced to
initials, and periods are added after initials (e.g., Janet Louise Yellen becomes Janet L. Yellen). If
a name includes an initial succeeded by a fully spelled out middle name, for example, A. James
Robinson, the order is swapped to become James A. Robinson. Fuzzy matching on names
is preferable in our situation because it allows us to reconcile individuals that may appear
under different naming conventions across datasets or over time (e.g., alternative spellings or
shortened names like Steve vs. Steven).

In addition to standardizing names, we standardize titles to establish a clear hierarchy
among assistant, associate, and full professors, while excluding non-tenure-track positions.
Since titles are often abbreviated (e.g., “asst.” for assistant), we standardize them to account
for inconsistencies in representation across files. We remove part-time (e.g., visiting professors),
emeritus, and other non-tenure-track positions (e.g., clinical professors). Table C1 lists all
keywords (and their associated abbreviations) used to filter faculty titles.

Table C1: Title Classification and Exclusion

Position Keywords

Classification
Assistant Professor assistant, assist, assnt, asst, ast
Associate Professor associate, assoc, asoc
Full Professor professor, prof

Exclusion
Administrative roles dean, chair, head, director (dir), chancellor, provost, president (pres)
Part-time faculty visiting (vis, vst), adjunct (adj), acting (act), affiliated (affil), emeritus (emer)
Other non-research lecturer, teach (tch), clinical (clin), practitioner (prac), extension (ext)

Note: Assistant and associate professor classifications also require “professor” and “prof.”
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We also address variation in how universities report salaries, as well as part-year employ-
ment (e.g., resulting from sabbaticals or furloughs). Specifically, 17% of universities separately
report base pay and “bonus” pay which captures additional compensation such as summer
salary, while 83% report only total pay. We therefore use total pay for our analysis. If one’s
salary falls by more than 25% from one year to the next at the same university-department, that
observation is flagged as part-year employment and dropped. We also drop salaries below the
federal minimum wage ($14,500) for similar reasons.

C2.2 Probabilistic Linkage

A challenge at the linkage stage is isolating economics, mathematics, and psychology faculty
from the broader pool of staff, given the absence of a department identifier in the salary data.
To facilitate within-department matching between salaries and publications, we use the Way-
back Machine to retrieve faculty rosters for each university-department combination, drawing
from a one-year window around the corresponding salary period. Fuzzy matching between
salaries and rosters is then performed on names, excluding middle initials, using a modified
bigram string comparator.34 We omit middle initials because they are not reported consistently,
however, a final validation step removes cases where middle initials, if present in both datasets,
do not match. University and year matches must be exact, and we impose a minimum match
score of 0.95 for a match to be accepted.

Since rosters are unavailable for 10% of university-years in economics, 11% in mathematics,
and 9% in psychology, we use data from adjacent years to fill 71% of the gaps in economics,
53% in mathematics, and 56% in psychology. If a faculty member is present in the salary data
but absent from the roster for a given university-year, we check whether they appear in both
the salary data and the roster (i.e., they match) in either the preceding or following year. When
this condition is met, we retain these observations as matches.

Now, within-department, we link salaries with publications, applying the same fuzzy match-
ing approach as before, yet require only an exact match on year (no university identifier in the
publication data). We also retain faculty who matched in the previous merge though do not
appear in the Card et al. (2022) data. These individuals are classified as “rookie” faculty, with
their publications set to zero for missing years. If a faculty member is a rookie in some years
but not others, we adjust their publication metrics accordingly.

Not all salary or roster files provide faculty titles. When matching salaries with rosters, we
retain titles from rosters to account for any missing or mismatched titles in the salary data. Still,
some missing titles remain for the three Indiana universities in our sample, affecting a fraction

34See Wasi and Flaaen (2015) for additional details.
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of author-year cells: 27% in economics, 66% in mathematics, and 52% in psychology. We drop
these observations at the conclusion of the matching process.

C2.3 Gender Imputation

A limitation to the Card et al. (2022) data is the lack of gender indicators for all authors. Post-
matching, ungendered authors represent 31% of economics, 31% of mathematics, and 32% of
psychology. We infer these genders via the Genderize.io API, which predicts genders based
on a dataset of one billion name-to-gender mappings spanning 220 countries. For a given
name, the API returns the likely gender and an associated probability, reflecting the propor-
tion of individuals in the dataset with that name who are classified as that gender. We set a
threshold of 95% and impute the corresponding gender when the threshold is met or exceeded.
Still, some names, like Andrea, whose gender varies by nationality remain ungendered. To
resolve these cases, which involve 4% of economics authors, 11% of mathematics authors, and
4% of psychology authors, we conduct a manual review, consulting online sources, such as
researchers’ websites or university directories.

C3 Citation Record Inclusion

The Scopus citation and abstract database, maintained by the publisher Elsevier, indexes over
24,000 high-quality, peer-reviewed journals. We query this database to supplement the pub-
lication data from Card et al. (2022) with annual and cumulative citation records as additional
productivity measures. Scopus is particularly advantageous to us because its references date
back to 1966, aligning well with the timeframe of the Card et al. (2022) data, which covers
publications from 1960 to 2019. We detail our query procedure below.

First, we pass author names (first and last) along with their university affiliations and depart-
ment codes (e.g., “ECON” for economics) into the Author Search API, which returns IDs linking
authors to their publications. If a call returns multiple IDs for a single author, we retain all IDs
and handled these duplicate entries in the subsequent step. Next, we feed author IDs into the
Author Retrieval API, receiving a list of publication IDs. To avoid double-counting publications
caused by multiple IDs assigned to a given author, we remove duplicate publication IDs before
proceeding with the final step. We then pass each author’s publication IDs into the Citation
Overview API with a date range of 1996 to 2019 and extract annual citations per publication.
From here, we calculate two citation measures: annual citations per author, aggregated across
all journals, and cumulative citations per author, aggregated across all journals and all prior
years up to and including the current year. Since Scopus catalogs a much wider range of
journals compared to the 42 high-impact ones selected by Card et al. (2022), an implication is
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that some (primarily) rookie faculty accumulate citations despite never publishing in any of
those journals. We leverage this feature to also compute variables for annual and cumulative
non-Card et al. publications.

D Additional Empirical Results

D1 Main Specifications (without Controls)

Table D2: Differences by Discipline

(1) (2) (3)

-izable?
Rational

Distance
Cap (

¯
ρ)

Unobservable

Distance
Dollar (

¯
δ)

Economics .24*** .028 -14,366***
(.048) (.074) (3,808)

Psychology .019 .006 1,939
(.054) (.053) (4,446)

Math Mean .31 .17 31147.52
Observations 1,926 1,926 1,755
R2 .15 .03 .32

Notes: This table reports the results of Equation 18, which examines how pay rationalizability varies by
cell characteristics. Math professors are omitted. The outcome measures are defined in Section 5.2. All
specifications include school, discipline, year, and title fixed effects. Robust standard errors clustered
both at the school×year and the discipline×title levels (as shown in parentheses). Significance levels: *
p<0.10, ** p<0.05, *** p<0.01.
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Table D3: Changes over Time

(1) (2) (3)

-izable?
Rational

Distance
Cap (

¯
ρ)

Unobservable

Distance
Dollar (

¯
δ)

Year -.0075* .012 504**
(.0041) (.013) (225)

Math Mean .31 .17 31147.52
Observations 1,926 1,926 1,755
R2 .15 .025 .31

Notes: This table reports the results of Equation 18, which examines how pay rationalizability varies by
cell characteristics. The outcome measures are defined in Section 5.2. All specifications include school,
discipline, year, and title fixed effects. Robust standard errors clustered both at the school×year and the
discipline×title levels (as shown in parentheses). Significance levels: * p<0.10, ** p<0.05, *** p<0.01.

D2 With Additional Controls

For our descriptive results, there are a few cell characteristics that make monotonicity easier to
satisfy. For example, it is possible that non-monotonicity is higher among Full Professors simply
because there are often more of them in a given department. This creates more inequalities in
the linear system. All other things being equal, this narrows the space of monotonic β weights.

Similarly, disciplines or groups that publish in a wider variety of journals will find it easier
to satisfy monotonicity. Suppose the highest-paid professor in a group has only one publication
in their entire career. However, no other person in the group has ever published in that journal.
Monotonicity could be rationalized by placing high weight on that one journal. For these
reasons, we present our descriptive result both with and without these Controlssdjt. To control
for these patterns flexibly, we use fixed effects for the size of the cell and the total number of
journals (and other productivity metrics).
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Table D4: Differences by Seniority (with Controls)

Rationalizable? Distance (
¯
ρ)

Unobservable Cap Dollar Distance (
¯
δ)

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Full Professor .21*** .025 .11** -.11** .045 .036 -15 11,930*** 3,611

(.045) (.055) (.045) (.044) (.037) (.042) (2,999) (3,645) (2,923)
Associate .11*** .08* .08** .068 .072 .082 -5,707** -6,204** -4,907**

(.033) (.041) (.032) (.097) (.066) (.069) (2,367) (2,803) (2,292)
Assistant Mean .44 .44 .44 .21 .21 .21 16921.64 16921.64 16921.64
Controls Size #J Both Size #J Both Size #J Both
Observations 1,926 1,926 1,926 1,926 1,926 1,926 1,755 1,755 1,755
R2 .41 .2 .45 .03 .77 .78 .58 .43 .6

Notes: This table reports the results of the descriptive Equation 18, which examines how pay
rationalizability varies by cell characteristics. Assistant professors are omitted. “Size” controls refers to
fixed effects for the number of researchers in each cell, and “#J” refers to the number of distinct journals
or other publication metrics observed in this cell. The outcome measures are defined in Section 5.2. All
specifications include school, discipline, year, and title fixed effects, plus controls for cell size and
number of journals. Robust standard errors clustered both at the school×year and the discipline×title
levels (as shown in parentheses). Significance levels: * p<0.10, ** p<0.05, *** p<0.01.

Table D5: Differences by Discipline (With Controls)

Rationalizable? Distance (
¯
ρ)

Unobservable Cap Dollar Distance (
¯
δ)

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Economics .048 .17*** .076* .045 -.1** -.088* 2,759 -8,693*** 1,484

(.037) (.042) (.038) (.075) (.046) (.046) (3,592) (2,967) (3,032)
Psychology .0016 .0063 .016 .021 -.02 -.021 6,367** 2,847 5,826*

(.037) (.048) (.038) (.053) (.046) (.047) (2,809) (3,774) (2,941)
Math Mean .31 .31 .31 .17 .17 .17 31147.52 31147.52 31147.52
Controls Size #J Both Size #J Both Size #J Both
Observations 1,926 1,926 1,926 1,926 1,926 1,926 1,755 1,755 1,755
R2 .41 .2 .45 .03 .77 .78 .58 .43 .6

Notes: This table reports the results of Equation 18, which examines how pay rationalizability varies by
cell characteristics. Math professors are omitted. “Size” controls refers to fixed effects for the number of
researchers in each cell, and “#J” refers to the number of distinct journals or other publication metrics
observed in this cell. The outcome measures are defined in Section 5.2. All specifications include school,
discipline, year, and title fixed effects, plus controls for cell size and number of journals where labeled.
Robust standard errors clustered both at the school×year and the discipline×title levels (as shown in
parentheses). Significance levels: * p<0.10, ** p<0.05, *** p<0.01.
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Table D6: Changes over Time (with Controls)

Rationalizable? Distance (
¯
ρ)

Unobservable Cap Dollar Distance (
¯
δ)

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Year -.0056 -.006 -.0059 .014 .0021 .0026 680*** 539** 765***

(.0041) (.0038) (.0038) (.015) (.002) (.0021) (209) (224) (229)
Math Mean .31 .31 .31 .17 .17 .17 31147.52 31147.52 31147.52
Controls Size #J Both Size #J Both Size #J Both
Observations 1,926 1,926 1,926 1,926 1,926 1,926 1,755 1,755 1,755
R2 .41 .2 .45 .032 .77 .78 .58 .44 .6

Notes: This table reports the results of Equation 18, which examines how pay rationalizability varies by
cell characteristics. “Size” controls refers to fixed effects for the number of researchers in each cell, and
“#J” refers to the number of distinct journals or other publication metrics observed in this cell. The
outcome measures are defined in Section 5.2. All specifications include school, discipline, year, and title
fixed effects. Robust standard errors clustered both at the school×year and the discipline×title levels (as
shown in parentheses). Significance levels: * p<0.10, ** p<0.05, *** p<0.01.

E Group EPEW Symmetry Violations: Empirical Examples

In the settings below, we empirically measure group-level EPEW and EWEP violations and
show that a violation of one of these fairness notions does not imply a violation of the other, as
we previously theoretically showed in Table 1. In all settings below, we estimate the following
four variants of (2) and (4). In each equation, i indexes workers, and j indexes employers. The
first two are group-regression versions of EPEW.

wij=β1Femalei+γθij+δj+ϵi, (38)

where where wij indicates worker i’s wage at employer j, θij is the worker i’s productivity at
firm j, and δj are firm fixed effects. Femalei=1 for women, and =0 for men (all datasets below
code only for two genders). In each of the applied settings below, we state how θij is measured.
This specification is the realized version of the linear productivity approach (4).

We also estimate the iso-productivity approach to EPEW:

wij=β1Femalei+ ∑
θ∈Θ̂

γθ1(θij=θ)︸ ︷︷ ︸
fixed effects

Iso-productivity band

+δj+ϵi, (39)

where the variables have the same meaning. The γθ terms refer to iso-productivity fixed effects
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(whose implementation we clarify below). We also estimate the equivalent linear and iso/FE
versions for EWEP:

θij=β1Femalei+γwij+δj+ϵi, (40)

and

θij=β1Femalei+ ∑
w∈Ŵ

γw1(wij=w)︸ ︷︷ ︸
fixed effects

Iso-wage band

+δj+ϵi. (41)

The γ coefficient in these is now attached to the wage effects (linearly and with FEs).

For all four regressions above, we use Poisson pseudo-maximum likelihood regressions
(PPML, Davies and Guy, 1987; Silva and Tenreyro, 2006; Correia et al., 2020) to facilitate in-
terpretation as percentage increases. We also limit the sample to avoid singletons and keep
the same sample across both types of analysis (although the qualitative results are robust to
relaxing this limitation). Finally, we cluster standard errors at the evaluator level.

Motivating Example 1 (Pay in Math Jobs) A well-known paper by Bohren et al. (2023, Review
of Economics and Statistics) collect data on workers’ math ability using a standardized test. They
use this as a measure of productivity for jobs whose tasks require skills tested on the exam. The
authors then collect data from subjects assuming the role of employers, asking them employers
to predict workers’ performance on the exam, and to propose a wage for each worker.

Table E7 shows patterns using the data from Bohren et al. (2023) similar to Table 1. Bohren
et al. (2023) contains a within-subject information treatment. Here, we examine only the pre-
treatment data (we examine the effects of the intervention separately in Appendix E1). In
columns 1 and 2, we see that women are paid less on average, controlling for their levels of
productivity (i.e., test scores). However, in columns three and four, we see that female subjects
were less productive (i.e. lower scores) compared to men paid the same.
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Table E7: Equal Work and Pay in Bohren et al. (2023) by Gender

(1) (2) (3) (4)
Wage Wage Productivity Productivity

Female Worker -.027*** -.026*** -.087*** -.087***
(.0062) (.0065) (.0045) (.0045)

Control Productivity (FEs)
Productivity Wage (FEs)

Wage

Observations 11,507 11,507 11,507 11,507

Notes: This table contains the results from specifications (38) through (41) applied to the replication data
from Bohren et al. (2023). Columns 1 and 2 predict wages conditional on productivity, and columns 3
and 4 prediction productivity conditional on wages. Standard errors in parentheses, clustered at the
evaluator level. All columns include fixed effects for the “employer ID” (i.e., the subject id of the subject
performing the evaluation). * p<0.1, ** p<0.05, *** p<0.01.

Motivating Example 2 (Algorithmic Pay) Cowgill et al. (2020) conduct a similar exercise as
Bohren et al. (2023). Instead of administering a math test to new subjects, the authors use the
results of the PIAAC standardized exam administered to 200K subjects by OPEC.

Rather asking employers propose wages subjectively, the authors work with 400 machine
learning engineers to develop a predictive model for 20K test subjects. Engineers were given
test results from other subjects as training data, along with rich biographical details about
each subject in the training set. Rather than subjectively predicting their math scores, the
engineers developed prediciton models from the biographical covariates. We call the engineers’
predictions the “pay index.”

Table E8 presents group EPEW and group EWEP comparisons for the highest quartile of
math subjects. We document group EPEW violations in the pay index (on average) favoring
men, and group EWEP violations (on average) favoring women.
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Table E8: Equal Work and Pay in Cowgill et al. (2020) by Gender

(1) (2) (3) (4)
Pay Index Pay Index Productivity Productivity

Female Worker -13*** -13*** -.056*** -.033***
(.87) (.86) (.000011) (.001)

Control Productivity (Quintile FEs)
Productivity Pay Index (Quintile FEs)

Pay Index

Observations 897,242 897,242 897,242 897,242

Notes: This table contains the results from specifications (38) through (41) applied to the data from
Cowgill et al. (2020). Columns 1 and 2 predict wages conditional on productivity, and columns 3 and 4
prediction productivity conditional on wages. Standard errors in parentheses, clustered at the evaluator
level. All columns include fixed effects for the engineer ID (i.e., an identifier for the engineer performing
the evaluation). * p<0.1, ** p<0.05, *** p<0.01.

Motivating Example 3 (Economics Faculty Research) In Table E9, we examine the salaries and
research productivity of economists using data compiled for this paper. Research productivity
metrics were complied by the authors based on Card et al. (2022) and other sources (described
in Section 5), and merged with publicly-available salary information following the procedure
in Appendix C. We use cumulative citations as the productivity metric. For the employers, we
use school× year fixed effects. For the iso-productivity fixed effects, we use within-cell deciles.

The two regressions use the same data, but reach different conclusions depending on which
variable is tested for equality, and which is used as a conditioning control variable. In Columns
1 and 2 of Table E9, we show that female faculty are paid less than men with the same number
of cumulative citations. If cumulative citations were the key productivity metric, women as
would have a group-level EPEW complaint. Columns 3 and 4 show that female faculty during
this period on average have fewer cumulative citations compared to men with the same salary.
If cumulative citations were the key productivity metric, men would have a group-level EWEP
complaint.
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Table E9: Equal Work and Pay in Academic Citation Data, by Gender

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

Salary Salary Citations
Cumulative

Citations
Cumulative

Female Professor -.02* -.018* -.36*** -.27***
(.012) (.011) (.054) (.055)

Control Citations
Cumulative

(Decile FEs)
Citations

Cumulative

(Linear)
Salary

(Percentile FEs)
Salary

Observations 3,167 3,167 3,167 3,167

Notes: This table contains the results from specifications (38) through (41) applied to the data assembled
for this paper in Section 5 and Appendix C, based on Card et al. (2022). Columns 1 and 2 predict wages
conditional on productivity, and Columns 3 and 4 prediction productivity conditional on wages.
Standard errors in parentheses, clustered at the evaluator level. All columns include fixed effects for of
the employer (school)× year. * p<0.1, ** p<0.05, *** p<0.01.

E1 Treatment Effects on Equal Work and Pay

Remark 2 uses a counterexample to show that interventions aiming to improve group EPEW
could possibly have the an opposite effect on group EWEP (and vice versa). In this section we
study an experimental interventions taking place in the Bohren et al. (2023) and Cowgill et al.
(2020) data. In both cases, the interventions increase violations of group EPEW. By contrast,
we find no detectable improvement in group EWEP; if anything, the point estimates weakly
suggest the opposite.

Pay in Math Jobs. In the Bohren et al. (2023) study of math tests, subjects in the experiment
were given an informational intervention: They were shown data summarizing how average
performance varied by age, gender, and nationality. The authors find that employers signif-
icantly changed their wage offers on the basis of gender and nationality. We now show how
this had different effects on group EPEW and group EWEP.

In Table E10, we run specifications (38) through (41) with the Bohren et al. (2023) data. We
add an interaction between Femalei and the intervention. In Columns 1 and 2, the interaction
is negative and statistically significant, so the intervention makes the female wage coefficient
more negative and therefore increases violations of group EPEW. In Columns 3 and 4, the
interaction is positive but imprecisely estimated, so we find no detectable improvement in
group EWEP; if anything, the point estimates suggest a slight worsening.
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Table E10: Treatment Effects on Equal Work and Pay (Bohren et al., 2023, by Gender)

(1) (2) (3) (4)
Wage Wage Productivity Productivity

Female Worker -.029*** -.029*** -.088*** -.088***
(.0062) (.0063) (.0044) (.0044)

Female Worker× Post-Intervention -.021** -.02** .0092 .0089
(.0087) (.0087) (.0081) (.008)

Control Productivity (FEs)
Productivity Wage (FEs)

Wage

Observations 17,280 17,280 17,280 17,280

Notes: This table contains the results from specifications (38) through (41) applied to the replication data
from Bohren et al. (2023) (with treatment interactions). Columns 1 and 2 predict wages conditional on
productivity, and Columns 3 and 4 prediction productivity conditional on wages. Standard errors in
parentheses, clustered at the evaluator level. All columns include fixed effects for the “employer ID”
(i.e., the subject id of the subject performing the evaluation). * p<0.1, ** p<0.05, *** p<0.01.

Algorithmic Pay. The aforementioned Cowgill et al. (2020) study of programmers also con-
tained an intervention. In the control group, programmers were given data featuring a natural
sample section problem: The training data consisted of people who were already employed
in math-intensive jobs. This mimics real-world problems in resume screening algorithms,
where the only resumes with productivity labels are the non-random subsample able to gain
employment at the target firm.

As an experimental intervention, some programmers were given a representative sample
(rather than a selected sample). This was made possible by PIAAC’s careful representative
sampling and weighting. There were also two other experimental interventions within the
“selected sample” condition, attempting to educate and inform the programmer about the
potential for algorithmic bias. Neither of these had any effect, and thus we merge the with the
control in the results that follow.

Table E11 reports the results of this randomized intervention using specifications (38) through
(41) with the Cowgill et al. (2020) data. We add an interaction between Femalei and the inter-
vention. Again, we find a large effect negative effect on group EPEW, but no detectable effect
on group EWEP; if anything, the point estimates weakly suggest the opposite.
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Table E11: Treatment Effects on Equal Work and Pay in Cowgill et al. (2020) by Gender

(1) (2) (3) (4)
Pay Index Pay Index Productivity Productivity

Female Worker -.29*** -.18*** -.056*** -.033***
(.0079) (.0079) (.000011) (.0011)

Female Worker x Intervention -14*** -14*** .000032 .00085
(.85) (.84) (.000035) (.0015)

Control Productivity (Quintile FEs)
Productivity Pay Index (Quintile FEs)

Pay Index

Observations 897,242 897,242 897,242 897,242

Notes: This table contains the results from specifications (38) through (41) applied to the data from
Cowgill et al. (2020). Columns 1 and 2 predict wages conditional on productivity, and Columns 3 and 4
prediction productivity conditional on wages. Standard errors in parentheses, clustered at the evaluator
level. All columns include fixed effects for the engineer ID (i.e., an identifier for the engineer performing
the evaluation). * p<0.1, ** p<0.05, *** p<0.01.
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