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Abstract

This paper estimates the monetary return to quality in U.S. graduate ed-
ucation, controlling for cognitive ability and self-selection across award level,
program quality, and field-of-study. In most program types, I cannot reject the
hypothesis of no returns to either degree completion or program quality. Impor-
tant exceptions include master’s programs in health science, where completion
substantially increases earnings, and in MBA and professional degree programs,
where program quality has a positive influence on earnings. I explore the job
characteristics that predict greater earnings among students with tertiary educa-
tion, and I estimate the returns to quality in terms of non-monetary job benefits.
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1 Introduction

Graduate education (that is, degree-granting programs that require a bachelor’s degree

for entry) is among the fastest growing segments of the U.S. educational system. The

number of graduate degrees granted annually increased 119% (or at a 2.65% annualized

rate) between 1980 and 2010, compared to the 78% growth (1.94% annualized) among

bachelor’s degrees over the same period. In 1980, 40 graduate degrees were granted

for every 100 bachelor’s degrees. By 2010, there were 50 graduate degrees for every

100 undergraduates (see table 279 of Snyder & Dillow (2011)). Yet some very basic

economic facts about graduate education have not been established. In this paper, I

explore one set of such facts: the economic returns to graduate program quality.

While the returns to educational quality have been extensively studied at the under-

graduate level (Black & Smith, 2006; Brewer, Eide & Ehrenberg, 1999; Dale & Krueger,

2002), the literature on graduate program quality is quite sparse. A slowly growing

literature studies the monetary value of a graduate degree (Song, Orazem, & Wohlge-

muth, 2008; Titus, 2007), but aside from some preliminary descriptions (Stevenson,

2013), there is no broad evidence on the value of quality. Instead, there is a relatively

small piecemeal literature where each paper studies quality within a narrow graduate

field. For example, Stock & Seigfried (2006) focuses on the Ph.D. in economics, Link

(1975) on the Ph.D. in engineering, Arcidiacono, Cooley and Hussey (2008) and Grove

and Hussey (2011) on the MBA, and Ehrenberg (1989) on law school.

Conditional on holding an undergraduate (UG) degree, a student must make a

simultaneous choice of the graduate degree type and program quality they wish to

attend, if any. How students perceive the tradeoff between quality, field, and degree

at this level is an open question.1 We expect that students who tend to choose long,

costly, and/or high-ranked programs (like law or medical school) will tend to have high

levels of unobserved ability. Accordingly, they would tend to earn greater labor market

income than others, all else equal, regardless of educational choice.

I control for this complex selection process by following the procedure of Dubin

1For example, it is not a priori clear how a high-ranked master’s program in Public Administration
compares to a low-ranked JD program.
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and McFadden (1984). This method is analogous to the standard Heckman (1979)

correction for selection-on-observables, in the presence of a multinomial step-1 selection

process. My model controls for selection across a set of program types that are defined

by award level, field-of-study and educational quality, as a function of characteristics

that affect either the costs or benefits of graduate school attendance.

My evidence suggests that graduate program quality only bears a positive mone-

tary return in a limited range of program types. There are significant and substantial

returns to quality in MBA and professional degree programs, but there is little evidence

of returns to quality in any other graduate program type. In fact, aside from master’s

programs in the health sciences (dominated by nursing programs), there is no evidence

of positive returns to graduate degree completion whatsoever once we condition on

cognitive ability and selection across quality type. I go on to show that the graduates

of higher-ranked business and professional programs are paid more than others pri-

marily because they are placed into positions with higher supervisory and independent

decision-making authority.

The paper proceeds as follows. In the next section, I briefly describe my data. In

section 3, I address the issue of selection and describe student sorting across graduate

education. This section includes a formal model of the selection process, and my

estimates of the parameters of this model. Section 4 gives my main results, estimates

of the returns to educational quality at the graduate level. Section 5 presents the

results of a set of robustness checks.

2 Data

My primary dataset is the Baccalaureate and Beyond (B&B), which has four waves

of surveys, in 1993, 1994, 1997, and 2003. The B&B is a representative survey of the

students who obtained bachelor’s degrees from accredited U.S. institutions of higher

education in 1993. The B&B polls students about their household, job market, and

educational outcomes and background.2 Importantly, the B&B reports standardized

2Because this is a survey of undergraduate students in American schools, it excludes almost all
students who come to the U.S. exclusively for graduate education. The graduate student data I use
is representative only of students who earn a U.S. bachelor’s degree and then enroll in a U.S. school
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undergraduate admissions test scores: the SAT, ACT, or both. The B&B asks students

to report their standardized test scores. If the student does not report either, the B&B

goes to the student’s college transcript to recover the scores. I convert admissions test

scores into a common scale with mean zero and a standard deviation of one based on the

test-taking population (for example, the SAT has mean 1000 and a standard deviation

of 200), and use this variable as my primary measurement of cognitive ability. I remove

observations with no reported ability. Of the 8,076 individuals who participate in all

waves of the B&B, 5,873 have ability data.

I supplement the B&B with graduate program quality data. I use the term “pro-

gram” in this paper to represent the institution, award level, and major field of study

triplet. While most past papers have measured graduate degree quality at a more

aggregated level (for example, Borjas (2004) uses institutional spending; Zhang (2005)

uses the university’s Carnegie code), students make the decision of whether to con-

tinue into and through graduate education at the program level. This is the level at

which I collect quality data. My two sources of graduate program quality data are the

1994 Study of Research Doctorate Programs (SRDP) (Goldberger et al., 1995) and the

U.S. News and World Report’s “America’s Best Graduate Schools” survey (USNWR,

2005). The SRDP, based on a survey of academic reputation, is used to rank mas-

ter’s and doctoral programs in the arts and sciences. The USNWR has a strong focus

on vocational fields like law, medicine, education, and business. In the more popu-

lar fields, USNWR rankings are similar to their undergraduate rankings, where they

calculate a weighted score based on student average test scores, reputational surveys,

and other factors. In the rest, the USNWR simply administers a reputational survey.

This reputational score is effectively identical to that of the SRDP. The SRDP data are

measured around the time that most B&B students make their initial graduate school

application choices. The USNWR data comes from later; 2005 is the first year when

the USNWR data has wide coverage across many fields. Dichev (2001) has shown that

over 80% of the variation in USNWR rankings from one year to the next is random

(and mean-reverting).

Whatever the source and type of the quality data, I convert all rankings into centile

for further education. This is population is largely, but not entirely, made up of U.S. citizens.
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scores within each graduate degree program type (that is, at the degree-by-major level).

For students in programs where the major has a quality ranking, but that individual’s

program is unranked, I define that student as attending an unranked program.3 A small

number of B&B students are in fields where no ranking data are available. Instead of

defining these students as being in unranked programs, I omit them from the analysis.4

Hence in this paper unranked means “enrolled in an unranked program in a major where

quality rankings are available”.

In addition to restricting the dataset to students with valid ability and school quality

data, I further remove students who do not have full data in either the selection equation

or the main income regressions. All financial variables are stated in year-2002 dollars.

I focus on students who are in the labor force in 2002, bringing the final sample size

down to 5046. This restriction to individuals in the labor force is not onerous, even

among the women. This is a young and highly educated sample. Virtually all women

with advanced degrees remain in the labor force - only about 4% of women who hold

a professional or doctoral degree are outside the labor force. The traditional concern

of censoring in wage observations is not a major problem in my estimation procedure.

Many of the women who remain outside the labor force do so in order to rear

children. The choices of educational investment and child rearing are clearly made

jointly. Those women who make the choice to exit the labor market because of the

presence of children are also much more likely to opt out of further education. This

will tend to restrict the set of variables available for use in the selection equation. For

example, if a woman is married, or has children, at age 20-22 when she graduates

college, she will almost certainly not continue on to a professional or doctoral program.

These “predetermined” family status variables can not therefore be used to predict

the likelihood of graduate degree attainment across various program types; they are

perfectly collinear to a number of graduate program choices in the data. Since so few

individuals in the sample have children upon earning a bachelor’s degree, the presence

3Programs are typically left unranked because the program is so small or unknown at a national
level that the survey cannot gather sufficient data to evaluate its quality. Many small master’s
programs in the field of education that focus on training teachers for local districts, for example,
are unranked.

4There are only 35 such observations, in the fields of Philosophy, Design, and Communications
Technology.
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of children has virtually no power in explaining sorting across degree, field, or quality.

That said, it is important to control for the presence of children and a spouse in the

income equation, 10 years after earning a bachelor’s degree.

3 Selection Across Degree Programs

In this section, I describe the sorting of bachelor’s degree recipients across graduate

degrees. I model selection across degree programs as a function of characteristics that

shift the expected costs or benefits of earning a graduate degree, including cognitive

ability. The model allows me to control for endogenous sorting of students across field

of study, quality and degree level when I estimate the monetary return to educational

quality. Before the modeling exercise, I describe average ability and income across

graduate degree types and quality categories. There are substantial differences in

average ability both across degree types, and within degree type by quality. The

differences in student ability across quality but within award level are at least as large

as the differences in average ability across awards.

The vast majority of papers that study the value of post-secondary educational

quality focus on bachelor’s degrees. These undergraduate-focused papers typically use

observable characteristics to predict student sorting across quality (Brewer et al., 1999;

Black & Smith, 2004; Long, 2008). The small group of papers that systematically study

the return to graduate degree completion rarely consider program quality. Instead, they

focus on selection-on-observables across fields (as in Titus (2007), which considers only

master’s degree programs) or degree level (Song et al., 2008).

An increasing number of papers tackle the issue of selection-on-unobservables across

undergraduate quality. Dale and Krueger (2002) do this by placing students into cate-

gories according to the quality of the programs they applied to, and to which they were

accepted or rejected. The B&B sample of graduate degree applicants is too small (par-

ticularly once disaggregated by degree and/or field) to allow me to apply this method.

Other methods that have been used include instrumental variables (Black & Smith,

2006) and regression discontinuity (including Hastings, Neilson & Zimmerman (2013)

and Zimmerman (2014) at the undergraduate level and Pop-Eleches & Urquiola (2013)
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in secondary school). While undergraduate educational quality has many available

measurements (for example, spending per student, admissions rates, average student

SAT scores, and so on), this is not so at the graduate level. It is a novel contribution to

simply collect and use one quality variable across the broad swath of graduate degree

program types.

3.1 Ability and Income across Graduate Program Field and Quality

The paper most similar to this one is Song, Orazem, and Wohlgemuth (2008, hereafter

SOW), which estimates returns to graduate degree completion using the SESTAT. That

dataset has the advantage of being larger than the B&B, and it surveys people at many

different points in their career (while, as discussed below, the B&B must be interpreted

as presenting “early career” outcomes). SESTAT does not contain standardized test

scores, and so SOW use GRE verbal and mathematical scores averaged at the level

of undergraduate majors as a proxy for individual scores. SOW stress that the OLS

estimate of the returns to graduate degree completion may be biased downwards be-

cause students who continue their formal education beyond the bachelor’s degree are

negatively selected according to major average GRE. This is particularly true, they

argue, with respect to mathematical skills, which have a greater labor market value

than verbal skills. But within major, students may still be positively selected into

graduate education, even if they are disproportionately drawn from majors with low

levels of quantitative skills.

Table 1 describes mean cognitive ability according to the student’s highest degree

completed by 2003. We can strongly reject equivalence of cognitive ability between

those who never attended graduate school and those who complete a master’s degree.

Master’s degree holders have an average cognitive ability that is 0.31 standard devia-

tions above that of students with a terminal bachelor’s degree. Master’s degree holders

have an average ability that is very similar to that of students who attended some

graduate education but who dropped out. Professional and doctoral degree earners

have mean ability that is around three-quarters of a standard deviation above college-

educated students with no graduate degree.

It is surprising that the average income among bachelor’s degree holders is so simi-
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lar to that of master’s and doctoral degree holders. On one hand, the average student

who never attended graduate education has around 4 more years of labor market expe-

rience than the average graduate degree completer in my sample. On the other hand,

average ability among terminal bachelor’s degree holders is lower than among graduate

students. The medians of income, reported in brackets, are lower than the means (as

expected), but show the same pattern across degrees. In unreported results, I regress

income on ability and a quadratic polynomial in actual labor market experience and

calculate the residuals - the unexplained variation in income. The mean residual in-

come among terminal bachelor’s degree, master’s degree, and doctoral degree holders

remains statistically indistinguishable. Holding constant ability and experience, stu-

dents holding these different degrees have the same expected earnings ten years out of

undergraduate education. Differences in ability and experience can not explain the sim-

ilarity in income across degrees in the sample. I discuss interpretations of the relatively

low apparent earnings of doctoral degree holders in the B&B in section 4.

A second reason why average income is so similar between bachelor’s, master’s,

and doctoral degree holders is that the results of Table 1 hide a substantial degree of

heterogeneity across program types. Panel a of Table 2 disaggregates the results of

Table 1 along two dimensions: by program quality and, among master’s degrees, by

broad field of study. Quality is divided into quartiles at the individual level.5 I place

master’s students in the humanities and social sciences into one group, science and

engineering into another, and health science students (nursing and public health) into

a third, while the fields of education and business (MBA) stand on their own.

Table 2 shows us that the proper interpretation of SOW is not that low-ability

students enter into graduate education, but (as they say,) that students who enter

graduate education come disproportionately from fields with low average quantitative

ability. Students from these fields tend to be employed in low-income sectors, biasing

estimates of the returns to the typical graduate degree downwards. By far the most

important example of this phenomenon is the master of education, the most popular

graduate degree in the US by a wide margin.

5That is, it describes the top 25% of students, ranked by their graduate program’s quality, and so
on.
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Mean ability among holders of a master’s degree in education is very low. Only the

graduates of top education programs have an average ability greater than the average

among those with no graduate education. For education students from the bottom

half of the quality distribution, as well as those attending unranked programs, ability

is below the mean of individuals who never attended graduate schooling, seen in Table

1.6 Apart from the field of education, no cell in panel a of Table 2 has a mean ability

below that of individuals with no graduate degree.7 There is positive selection into

graduate school in almost every field at almost every quality level. Within field, there

is only weak ability sorting across quality in the health science and among doctoral

programs.

Panel b of Table 2 describes mean and median annual labor market income across

the same field and quality cells. Mean income in the field of education is substantially

lower than in all other fields.8 Since education is the largest graduate program type,

this low income will tend to dominate the income of other fields when we group all

master’s degree students together. Further, most graduates in education come from

small regional schools. 60% of master’s degree graduates in education come from

programs with no national ranking data. Compare this to most other fields, where

20-25% of students attend nationally-unranked programs.9

The master’s in health sciences has similarly low ability and low income compared

to students in other fields and to individuals with no graduate degree. Students in the

health sciences have an average income of $49,000 per year, compared to the average of

$55,000 among workers with no graduate degree. The master’s in humanities and social

sciences category is also representative of SOW’s results: it is a less-quantitative set of

fields with low average income (around $42,000 per year). The MBA, unsurprisingly,

6In the bottom half of the quality distribution, mean ability is below zero, the average score of all
students who take the SAT or ACT exams, whether or not they attend or complete undergraduate
education. This difference is not, however, statistically significant.

7We cannot, however, reject equivalence of ability between terminal bachelor’s students and stu-
dents in unranked master’s of humanities and social science programs, unranked doctoral programs,
and a few cells in the health sciences.

8Notice that at the median, the field of education is comparable to the humanities and social
sciences. Presumably teacher salary schedules put a cap on income dispersion at the high end of the
income distribution in this field.

9The one other program group whose quality data has low coverage is the humanities. There are
many programs in the arts (performing, studio, or literary) that are not ranked.
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has a high average income. And unlike in the humanities, the MBA has large income

gap between those graduating from top- and bottom-ranked programs, amounting to

a $40,000 difference between the graduates of the top and bottom schools.

It is possible, but difficult to test the theory, that the income of graduate degree

holders is so low relative to bachelor’s degree holders because of selection effects that

are the result of idiosyncratic wage draws. For example, perhaps those who entered

graduate school had particularly bad job options immediately upon leaving UG edu-

cation, and so they chose to remain in school. How this would impact my estimates

depends on the nature of the selection. Permanent negative shocks that are related to

observable characteristics will be absorbed by my selection correction procedure. To

the extent permanent negative shocks are unrelated to observable characteristics, this

will tend to bias my estimates of the value of graduate degree completion and qual-

ity downward. Idiosyncratic shocks that are negative but temporary (in the style of

the famous “Ashenfelter dip” (Ashenfelter, 1978)) are less worrisome in this context.

My income measure comes ten years after the student exits UG schooling, but most

students enter graduate education directly out of UG, leaving a long time horizon for

income to mean-revert. Among those B&B students who ever enroll in graduate ed-

ucation, the median student had started her education in September 1994, one year

after college graduation. The 75th percentile start date is in 1997. The median date of

completion of graduate studies is February of 1998. The 75th percentile degree com-

pletion date is May of 2000. In addition, temporary and idiosyncratic shocks of this

kind would tend to bias estimates of the value of educational investment upward, but

I find few positive effects below.

Finally, there is an interesting pattern across quality in the income data. In a num-

ber of the columns of Table 2, the income among graduates of top-ranked programs

is below that of graduates from the next quality tier. This is most prominent among

doctoral degree holders and those with a master’s degree in the humanities and social

sciences. This difference is largely compositional. For example, a greater proportion

of the graduates from top PhD programs are in the social science fields than in the

next tier. Among PhD holders, social science is the lowest-paying field in the dataset.

Similarly, there are more PhD graduates in the physical sciences from top programs
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than from lower-ranked programs. These graduates of top schools are, generally speak-

ing, training for academic jobs. Graduates from lower-tier programs are more likely to

be from the fields of engineering, business, and the health sciences. These are more

applied fields that are geared more directly to the broader job market. Similarly among

holders of a master’s degree in the humanities and social sciences, social scientists are

over-represented among top schools, as are students of the liberal arts and letters. In

lower-ranked programs, students are more likely to be enrolled in a public service ori-

ented programs (social work, criminal justice, etc) or in applied media, like journalism

or design. In health sciences master’s programs, students at top-ranked programs are

very likely to have undergraduate backgrounds in social science and the physical sci-

ence. At lower-tier health science programs, they are most likely to have a previous

degree in the health sciences, and therefore greater experience and skill in the field to

begin with.

This should serve as a reminder that my data reflects academic rankings. Top-

ranked graduate schools are by definition, therefore, academically oriented. But stu-

dents who are particularly focused on academic quality at this level are not necessarily

those with the greatest degree of non-cognitive labor market skills, nor ambitions to

enter into the highest-paying job market sectors. As we’ll see below, undergraduate

GPA is predictive of sorting across graduate school field and quality, but not of subse-

quent income. I consistently find that at the level of graduate education, students who

have a high level of attachment to the academic system do not, all else equal, tend to

earn more income than others.

Table 2 shows us that the simple claim that there is negative selection into graduate

education is too sweeping a statement. There is selection of this sort in a few types of

master’s degree programs, dominated by the field of education, a low-pay, low-ability

field where many students attend low-ranked programs. But in other fields, most

notably science and engineering, and the MBA, there is positive selection according to

cognitive ability, particularly into the top-tier programs. In almost all degree program

types, there is a strong stratification across quality according to ability. I will control

for this endogenous sorting across both program type and quality when I estimate the

monetary value of a graduate degree.

11



3.2 Model of Selection

I now present the formal model of student sorting across graduate programs. The

method is very similar to that of Brewer et al. (1999) and SOW (2008). I generalize

the selection correction of previous papers by modeling selection across multiple (non-

hierarchical) dimensions.

Individuals i earn income through the labor market according to the equation

lnYi = βXXi + βpSSi + νi , (1)

where Yi denotes annual wage and salary income, Xi denotes individual characteristics

that influence earnings, and Si denotes a vector of educational attainment character-

istics. The most important components of this vector are the program type p and the

program’s educational quality Q.

I model student choice over graduate program types j as a function of the set of

latent variables

Uij = θjZi + γjCi + αjFi + ηij . (2)

The vector Zi measures endowed characteristics that predict positive benefits of

completing a given program type, while Ci measures cost-shifting factors. Fi is a set

of indicator variables measuring the individual’s broad field of undergraduate study.

In each case, the parameter vectors θj, γj, and αj should be interpreted as the re-

duced form influence of their associated variables on the likelihood of applying, being

accepted, enrolling, and completing a graduate degree at program type j. They also

capture the influence of the covariates on the likelihood of starting along a different

educational path but transferring into, and completing a degree, of type j. In the same

way, ηij represents the reduced-form influence of unobserved shocks to preferences for

each j, and to the transition probabilities. In theory, it is easy to differentiate between

benefit and cost variables Zi and Ci. In empirical application, the distinction is less

clear, as I discuss below. It is common to interpret Uij of equation (2) as “the utility

to student i of persisting to attainment at program type j”. This interpretation is not

applicable here, since it confounds both costs and benefits, as well as a joint horizontal
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and vertical choice across program types. Uij should instead be taken more literally: it

is the latent variable that determines the likelihood of eventually completing a degree

from program type j.

As a student chooses their graduate program, the available options have two dimen-

sions. The first, across field and degree, is plausibly horizontal. There will not be a

common agreement among students about which field or award level is superior. Choice

at this level is largely a function of individually-varying preferences and background

characteristics, for example, previous educational choices, demographic characteristics,

labor market goals, and so on.10 The other dimension, quality, is by definition vertical:

a ranking that students (within a field and degree) can all agree upon.

Because of this selection process, we do not expect the choice of program type

(one of the elements of Si in equation (1)) to be independent of the observed level of

income. For example, students who choose to earn degrees from high-ranked programs,

or who attend long and costly programs (such as law or medical school), are likely to

earn greater labor market income than others, regardless of educational choice. This

implies E(Siνi) 6=0, and so we cannot expect to recover a consistent estimate of βpS by

estimating equation (1) alone.

It is therefore necessary, in step 1 of my empirical methodology, to estimate the

choice of graduate program type j. I control for both this selection process, and for

other income shifters, including cognitive ability, in my step-2 earnings equations. The

returns to education literature is inconsistent in its method of selection correction

given a multinomial step-1 choice. While it is common to introduce inverse Mills ratios

(implicitly or explicitly following Lee (1983)), or perhaps the estimated probability of

making each choice (such as SOW (2008)), into the returns equation, recent work argues

that the Dubin and McFadden (1984) correction is preferable, on both theoretical and

practical grounds (Barrios, 2004; Bourguignon et al., 2007).

A critical assumption of the Dubin and McFadden framework is that the error terms

of step 2 (νi of equation (1)) are linearly related to the idiosyncratic shocks of step 1

10A growing literature models the choice of field as a matter of learning. This learning can take
place in terms of updating a student’s expected returns to a major (Arcidiacono et al., 2012) or in
terms of updating a student’s information about their aptitude in one field or another (Stinebrickner
& Stinebrickner, 2014). The B&B sample does not have the frequency, nor the expectations-elicitation
questions, required to model choice at this level.
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(the ηij equation (2)). Suppose the relationship can be stated

E(νi|ηi1 . . . ηiJ) =

√
6σ

π

∑
j=1...J

ρj(ηij − E(ηij)) (3)

where σ is the standard deviation of νi, and ρj is the correlation coefficient between νi

and ηij. Let c denote the choice of program type. With the further assumption that the

step-1 errors ηij are distributed according to an extreme value type I distribution, the

expected value of each term of the summation in equation (3) can be written
√
6σρj
π

λij,

where

λij = E (ηij − E(ηij)) =

 − ln(Pij) if j = c

Pij ln(Pij)

1−Pij
if j 6= c

. (4)

Pij is the probability that person i chooses program type j. This specification is what

Bourguignon et al. (2007) refer to as the “unrestricted” Durbin-McFadden correction.

Predicted probabilities, P̂ij are calculated using the estimated parameters of the se-

lection equation. These estimated probabilities are used to calculate selection terms,

λ̂ij. These are then collected in the vector λ̂i. Notice that both terms in equation (4)

are decreasing in Pij. A negative coefficient associated with a λ̂ij term in the income

regression implies that workers who are more likely to choose option j are more likely

to earn higher incomes, all else equal.

Under these conditions, I can fully account for the effects of step-1 selection-on-

observable-characteristics across graduate program type. A consistent estimate of the

effect of quality on income is recovered by estimating the log income equation

lnYi = βXXi + βpSSi + βλλ̂i + εi . (5)

The elements of the parameter vector βλ, to be estimated, are identical to
√
6σρj
π

. εi is

a fully iid error term.

There are three further issues to address with respect to the estimation of the step-

1 choice over graduate program type, equation (2). First, I discuss my definition of

program type categories j. Second, I discuss the implied form of the utility function,

and possible alternatives. Third, I discuss the included variables.
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On occasion, I will simply define j as the choice across the three graduate degrees

(as in SOW). Section 3 clearly illustrates, however, that a major dimension of selection

is not just the degree level but also the field-of-study, so that I will generally separate

choice across master’s degree fields - that is, the seven categories presented in Table

2. In most applications, j is defined as the choice across degree, field, and quality

category.11 The extensive list of program types (plus the baseline omitted option of no

graduate degree completion) is given in Table 2.

Regardless of the operative definition of the step-1 choice variable j, we cannot put

a universal a priori ranking across the options j. We must instead use multinomial

discrete choice methods to estimate how students sort across programs. Consider the

structure of preferences implicit in the multinomial logit model. First, it assumes the

only information relevant to the program-type choice is individual-level characteristics.

Choice-level characteristics are assumed to be irrelevant; they simply cannot be esti-

mated in this framework. Second, the multinomial logit maintains the assumption of

independence of irrelevant alternatives. Both of these aspects of the multinomial logit

are potentially undesirable, and there are other frameworks for multinomial discrete

choice estimation that relax them both. The simplest of these alternatives, such as the

nested or conditional logit, allow us to include choice-level variables (in this context,

obvious candidates would be expected net tuition, program length, expected income

upon graduation, and so on), but they do not allow for the presence of individual-level

characteristics. It is easy to show that student-level characteristics such as ability and

undergraduate field-of-study Fi are important determinants of the choice of graduate

school program type. A generalization of these methods, the mixed logit (Revelt &

Train, 1998) allows also for limited inclusion of individual characteristics and unob-

servable student-level heterogeneity in their preferences over choice characteristics. In

unreported regressions (available upon request), I estimate the step-1 sorting process

using a mixed logit model.12 This method’s step-1 predictive power is lower than

11In sensitivity analysis, I will also model choice j as across degree and quality (but not field).
In all cases, the comparison group, for whom all equation (2) parameters are normalized to zero, is
individuals who do not earn a graduate degree.

12Included regressors were student expectations over income, average net tuition, program length,
and selectivity. Preferences over these choice-level characteristics were allowed to vary systematically
with the observable individual-level characteristics of ability and gender. The step-2 income equation
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that of the multinomial logit (greatly under-estimating the likelihood of not earning

a graduate degree and over-estimating the likelihood of earning a degree from a high-

quality program), and it does not admit many individual-level covariates before the

dimensionality of the estimation problem becomes computationally intractable. Other

studies have shown that heterogeneity in preferences over choice-level characteristics is

relatively unimportant (Stevenson 2013). As such, I choose the more traditional and

analytically simpler multinomial logit framework to estimate equation 2.

Finally before presenting the evidence, consider the variables included in my esti-

mates. I include in my selection equation individual-level variables that may increase

the expected benefits or costs to the student of graduate degree completion, in addi-

tion to the undergraduate field of study indicators Fi discussed above. In some cases,

the included variables are clear measurements of costs Ci. I include parent income,

the average net tuition of graduate programs offered by public schools in the student’s

home state (a measure of expected direct costs), and expected income if the student

were to hold a terminal bachelor’s degree (a measure of opportunity cost).13 In most

cases, however, the distinction between cost and benefit is more ambiguous. It’s best to

interpret the remaining variables as shifters of the net benefit of one graduate program

choice over another. These variables include observable student ability, undergraduate

grade point average (GPA), undergraduate debt held as of 1994, indicators for parent

educational attainment, gender, age and race. As discussed above, it is not possible to

estimate the effect of the pre-determined household characteristics of marriage or chil-

dren, since they are so rare among newly-graduated traditional undergraduate students

with ambitions to continue their education.

I present one set of estimates of my step-1 choice model in Table 3, where j is

defined by the combination of graduate degree and master’s degree field. I omit the

results of my estimates of selection across degree, master’s degree field group, and

quality due to considerations of space (the number of estimated parameters exceeds

results are not substantially changed when using probabilities predicted by this method rather than
the multinomial logit.

13This expectation is calculated by regressing 2002 income on ability and broad field of undergrad-
uate study, allowing for full flexibility in parameters according to race and gender. This regression is
run including only those students who never attended graduate education. Predicted income is then
calculated for all students.
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800; the results are available on request). Professional degree students are drawn

from a notably higher-ability pool than the other degree types, especially compared to

students who complete a master’s in education or the health sciences. Interestingly,

almost the reverse is true with respect to undergraduate GPA. High-GPA students are

significantly more likely to continue on to master’s or doctoral programs, but not to

professional degree programs, all else equal. A primary characteristic of students who

earn master’s or doctoral degrees is that they are highly attached to the educational

system (Nevill & Chen 2007), even if that means enrolling in a program where expected

income is quite low.

Highly-educated fathers tend to select students into more male-dominated degree

programs, like professional and doctoral degrees (and to a lesser extent, science and

engineering) while highly-educated mothers tend to shift students into more female-

dominated programs like master’s programs in education and the health sciences. In

almost every case, having an undergraduate degree in a given field positively predicts

earning a master’s degree in that field. Undergraduate debt encourages continuation

to high-salary professional degree programs, as well as master’s programs in the hu-

manities and social sciences.14

4 Returns to Graduate Program Quality

In this section, I present my estimates of the monetary return to quality at the graduate

degree level. I largely replicate past results when I ignore the role of educational

quality. Controlling for both cognitive ability and selection across program types, I

show that the majority of graduate students are enrolled in programs where there are

no detectable returns to completion, much less returns to the quality of the program

granting the degree. A few important exceptions exist. There is a large economic

return to completion of a degree in the health sciences (primarily nursing programs).

There are substantial returns to quality in two program types: MBA programs, and

professional degree programs. It is presumably no accident that, excluding master’s

14The increased likelihood of professional degree completion is consistent with Schapiro et al. (1991),
but inconsistent with other findings (Millet, 2003). The literature on the effect of undergraduate debt
on the likelihood of continuation to graduate education is generally inconclusive.

17



programs in education, these are the major graduate degree program types that are

geared towards practical vocational training.

All returns regressions reported in this section include controls for ability, gender,

race, undergraduate school quality, undergraduate field-of-study (the same five cat-

egories I use at the master’s degree level), a second-order polynomial in job market

experience (stated in years, but measured using the monthly job market history pro-

vided in the B&B), and an indicator for whether the individual experienced a bout of

unemployment in 2002.15 Since the experience variable captures both time spent un-

employed and out of the labor force, it controls for length of time in full-time graduate

enrollment, as well as time spent in stay-at-home child rearing. I tested the possibility

that time spent out of the workforce due to schooling or child rearing has a differ-

ent cost than other bouts of time spent without a job (and that there were gender

differences in these differential costs), but I never found any evidence of such.

I also include the 2002 household characteristics of whether the respondent is mar-

ried, and how many children are present (included as indicators for the presence of

1, 2, or 3 or more children). Both of these are allowed to vary in effect according to

gender. As is commonly found, there is a marriage bonus for men but not women in

all specifications, and there is an income penalty to women for each additional child,

but there is no analogous penalty for men. Finally, I include proxies for ability, beyond

undergraduate admissions test scores. This includes undergraduate GPA (Jacob, 2002;

Jackson, 2013), parent household income, and indicators for the educational attain-

ment of both parents. Much like with observable congitive ability, once I control for

selection across field of study, degree, and program quality, none of these variables are

statistically significant, and their inclusion has no impact on the parameters of inter-

est. While secondary school GPA measures valuable non-cognitive characteristics like

“grit” or conscientiousness (Heckman et al., 2006; Jackson, 2013), college GPA appears

to measure something else. It is closer to a characteristic like educational attachment

or dedication to schoolwork. It positively predicts continuation to graduate school,

15Because of the typical timing of educational enrollment and the very low rates of unemployment
in this highly-skilled cohort, the experience variable goes a long way towards controlling for the effects
of entering the job market in a recession (see for example Oreopoulos et al. (2012)). Introducing
additional indicators for the year of labor market entry does not change any results.
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but given completion of a bachelor’s degree, educational attachment as measured by

college GPA has little value in the labor market.

Given this list of included variables, my step-1 selection framework implicitly main-

tains the assumption that the following factors affect graduate school completion, but

not income, all else equal: expected income if a terminal bachelor’s holder, in-state

public school graduate program net tuition, and undergraduate debt. Variables that

are maintained to affect income but not selection across graduate program include:

unemployment status in 2003, labor market experience by 2003, and children and mar-

ital status in 2003. These are in addition, of course, to the main variables of interest,

graduate degree program type and quality.

Before estimating the returns to graduate degree quality, it is useful to compare the

outcomes of my dataset and specification to those from prior research. SOW investigate

the return to graduate degree completion, and columns (1) and (6) of Table 4 present

specifications analogous to the main results of SOW (Table 3 of their paper), looking

only at the monetary value of graduate degree completion. Column (1) presents the

OLS estimates, while column (6) controls for selection across degree level, quality, and

master’s degree field. Since my selection correction works by introducing generated re-

gressors, I estimate standard errors in those specifications by bootstrapping coefficients

over 1000 replications.

For master’s and professional degrees, my column (6) results are very similar to

those in SOW. The magnitudes of the coefficients are very similar, with moderate

earnings gains due to completion of a master’s degree (on the order of a 10% increase).

For the average B&B student, a professional degree increases earnings around $22,000

per year - a 44% rise. Unlike SOW, I find no measurable return to earning a Ph.D..

This can be explained, at least in part, by differences in earnings profiles across the

degrees. Figure 1 presents the cross-section of mean labor market income for employed

men in the 2000 5% sample of the Census, estimated by local polynomial regression,

by highest degree earned.

In the first fifteen years of the plot, the individuals with slowest income growth

are those with doctorates. Until age 43, average doctoral income is below not only

professional degree holders, but master’s degree holders as well. However, shortly
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after age 40, the profiles of employed men become flat for every degree except the

doctorate. As a consequence, by the age at which doctoral earnings peak, annual

doctoral earnings are $19,000 higher than master’s degree earnings. The gap between

professional earnings and doctoral earnings falls from $25,000 among workers at age 40

to $16,000 at age 55 (and smaller yet for older workers, as incomes decrease with age

most slowly for Ph.D. holders).

Returning to the Table 4 results, I find no significant monetary returns to the Ph.D.

because my sample captures students in their first years out of undergraduate educa-

tion. Most participants are in their early 30s, when the earnings of Ph.D. students

are at their lowest relative to other graduate degrees. SOW find large returns to the

Ph.D. because the SESTAT allows them to observe many late-career Ph.D. holders,

when they have benefitted from a long career of steady income growth. When inter-

preting this paper’s results, we must keep in mind that I measure early-career returns

to quality, and that the earnings profiles of doctoral students are quite different from

the profiles of students in other degree programs.16

While in SOW’s study, selection correction increases the apparent value of the

degrees, in my estimates, the values fall. The changes at the master’s and professional

degree levels are statistically insignificant in both papers. There are potentially two

reasons for this difference. First, I control for individual ability in both the selection

process and in the earnings equation, while SOW must use major-level average GRE

scores as a proxy for individual ability. Second, my method of selection correction

differs from theirs. SOW uses the step-1 estimated probabilities directly, as a proxy

for completion (as a 2SLS estimator). I use the probabilities to construct selection

terms that explicitly account for the multinomial nature of the initial selection process

(as in Dubin and McFadden (1984)) and control directly for actual degree completion.

In unreported estimates, I replicate the SOW methodology by omitting the λj terms

and degree indicators from equation (5) and adding instead the estimated probabilities

of earning a degree in each program type. None of these degree-choice probability

coefficients are statistically significant, though the professional and doctoral coefficients

16It is also possible that the differences are due to changes over time in the value of each degree, or
to cohort effects in the returns to each degree, since the B&B cohort of doctors is too young to appear
in the SESTAT data.

20



are similar to those in Table 4 while the master’s coefficient is large and negative.

I also estimated regressions analogous to Table 4, column (6) for differing definitions

of program type j. This includes defining j only at the level of degree awarded, degree-

by-field (as reported in Table 3) or degree-by-quality combination. These results are

presented in Appendix Table A1, as are the coefficients of all the variables included in

the log income regression (not just the limited set presented in Table 4). Controlling

for selection at the level of degree alone has little effect on coefficients, relative to OLS.

Further controlling for selection across either quality or master’s degree field causes

the ability coefficient to disappear in terms of statistical and practical significance.

Conditional on sorting across both graduate degree and quality, there is little evidence

of additional market value to ability among students with at least a bachelor’s degree.

Column (6) of Table 4 implies that a one standard deviation improvement in cognitive

ability is associated with a 0.003 log point increase in income - only about $150 annually.

The other set of variables that fall into insignificance when we control for sorting across

graduate degree field are gender and the indicators for undergraduate field. Students

from undergraduate programs in the sciences and business tend to earn more than

others. In terms of the monetary returns to schooling, students appear to be sorted

relatively efficiently into programs of varying quality and field according to cognitive

ability. Conditional on enrollment, students (of both genders) with high ability and

more-quantitative majors are sorted very effectively into higher-quality programs in

better-paying fields.

There are too many βλ parameters to summarize easily, but it is useful to discuss

them briefly. Consider the λj variables calculated from the Table 3 definition of j,

estimating selection across degree and field. This corresponds to the results shown

in column (3) of Table A1. Equation (4) states that λj is strictly decreasing in the

probability of making choice j, and it puts more weight on the student’s optimal choice

than on the alternatives. Thus, the more negative a βjλ coefficient is, the more expected

income rises as choice j becomes more likely. For example, the βjλ coefficient for the

MBA has twice the magnitude of any other alternative. The MBA βjλ is -1.961 (and it

is the only βλ coefficient that is statistically significantly different from zero) while the

PhD’s coefficient is the next-closest value, at -0.878. The λij variable has no obvious
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interpretation, but clearly the students who are most likely to earn an MBA tend to

earn substantially more than others, regardless of whether they actually earn an MBA.

The pattern of the other coefficients is mostly as expected. The smallest is for holders

of a master’s in the humanities or social sciences, followed by education (-0.0675 and

-0.301, respectively). Interestingly, the coefficients for professional degree holders and

for terminal bachelor’s holders are very similar (-0.496 vs -0.505).

Further controlling for selection across the full interaction of field and quality does

not substantially affect any coefficients of interest in the income equation, relative to

these estimates. It is, however, important to control for this degree of selection in

my main results (of Table 4, column (8)), when I estimate the impact of quality on

earnings across each field separately. For the sake of consistency and comparability, I

hereafter report only the results of specifications that control for selection across the

intersection of field and quality.

In columns (3) and (7) of Table 4, I finally add quality to the estimates. I allow the

return to quality to vary with degree level. I include, but do no report, the coefficient

of the indicators for unranked status (at each degree level), to avoid imposing the as-

sumption that unranked programs are identical to low-ranked programs. In practice,

these indicators never achieve statistical significance. This is not surprising: in Table 2,

we can see that mean income and ability are almost always statistically indistinguish-

able between students in unranked and bottom-ranked programs (with the exception of

ability among doctoral students). Column (2) of Table 4 reports the quality coefficients

of a regression that does not include any variables other than those reported.

The only degree type where there is a significant monetary return to quality is

the professional degree. The results of column (7) suggest that a student who earns

a degree from a top-ranked professional degree program can expect an income that

is more than double that of the average holder of a bachelor’s degree. Very little of

this, only 0.0895 log points, is due to completion. The remainder (equivalent to about

$67,000 annually) comes from the return to quality. The quality coefficients are not

substantially affected by the selection correction. This finding is not novel; Brewer et

al. (1999) come to the same conclusion when they study the returns to educational

quality at the undergraduate level. While selection bias is an important problem in
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estimating the value of educational attainment, it does not appear to have a major

influence over our estimates of the returns to quality.17

Column (8) presents my main results, giving estimates of the return to quality by

award level and master’s degree field. Its OLS analogue is given in column (5) (and the

version with no additional controls in column (4)). As made clear in the comparison

between Tables 1 and 2, grouping all master’s degree students together hides a lot of

heterogeneity. Average student ability and income are very different between master’s

degree programs in education and the MBA, for example.

Column (8) shows that there are substantial returns to quality at the professional

degree level, and there is no (early-career) monetary return to completion or quality

among doctoral degrees. Similarly, there is no significant return, regardless of quality,

to most master’s degree programs. Admittedly, once I control for program quality,

the standard errors on the degree completion coefficients become so imprecise that I

could not detect relatively large wage premiums. This is less of a concern with the

returns to quality, my main focus. There are two exceptions to the rule that master’s

programs have undetectable economic returns. The first is among master’s degree

programs in health sciences (comprised almost entirely of nursing programs). While

there is no detectable value to quality in this field, there is a large return to degree

completion, increasing earnings over the average bachelor’s student by 37% ($21,000),

all else equal. The second exception is the MBA, where there are substantial returns

to quality. Not only do the graduates of high-ranked MBA programs earn much more

than other students, but students who graduate from an unranked MBA program earn

on average 50% more than comparable students with only a bachelor’s degree. A

test of joint significance between the degree completion coefficient and the “unranked”

coefficient rejects the hypothesis of no effect with p < 0.003. This is consistent with

the findings of Grove and Hussey (2011).

These estimates measure the monetary benefits of a graduate degree, and show that

most students earn degrees from programs where the earnings benefits are statistically

17In Dale & Krueger (2002), the results are more mixed. Correcting for selection sometimes does
not change their estimates of the returns to quality relative to the OLS benchmark, as when we
measure undergraduate quality with mean student SAT scores, or Barron’s rankings. In many other
specifications (which are the main results of their paper), controlling for selection causes the estimated
return to quality to disappear.
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indistinguishable from zero. There are, of course, costs to education. It is possible that

the costs of investing in quality are large enough that there are negative net returns.

It is difficult to find evidence for or against this possibility using my data. I calculate

net tuition for each student by taking annual tuition from the IPEDS (for graduate

or professional degree enrollment, given in-state or out-of-state charges, as applicable)

and self-reported financial aid from the B&B. The difference in average net tuition

between top-quartile master’s programs and bottom quartile programs is $1,500 per

year.18 The difference among Ph.D. students is just over $3,000 annually. It is not

possible to reject equivalence of net tuition across quality, due to imprecision of the

estimates. While these sums are not insubstantial to a young worker, in terms of the

lifetime present value of earnings, they are small.

Presumably some of this cost differential across quality is attributable to the con-

sumption value and other amenities offered at higher-quality programs. This con-

sumption value is likely to be especially important to students in masters and Ph.D.

programs. As argued above, the students in these programs have a high attachment

to the educational system. We now also see that they are enrolled in programs with

few monetary benefits. The consumption value of higher education is an increasingly

important dimension of the industry (Jacob et al., 2013). Christiansen, Joensen and

Nielsen (2007) show that, among Danes, master’s programs in education and the hu-

manities have a particularly poor mean-variance tradeoff in terms of monetary returns.

They argue that standard portfolio theory suggests that these programs must have

substantial consumption benefits to explain student investment in these fields.

5 Robustness checks

Before concluding, I explore the robustness of my results. First, I look into whether

we can explain the returns to quality in professional and business programs using

observable job traits. For example, are the graduates of higher-quality law schools

paid more because they are more likely to enter higher-wage industries? I show that

while sorting across industry or occupational categories can not explain the positive

18The difference in “sticker prices” between top and bottom ranked master’s programs, ignoring
financial aid, is around $7,000 annually.
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returns to quality seen in section 4, all returns to quality disappear once we include

some simple measures of job responsibilities.

Next, I explore the possibility that I find no monetary returns to quality in fields like

education because graduates of higher-quality programs are the recipients, instead, of

higher non-wage benefits and job amenities. If so, we might expect that positive returns

to quality will appear once we compare workers with the same level of these benefits.

That is, graduates who earn degrees from high-quality programs but do not receive

these other benefits may be paid a compensating differential. I find that controlling for

other job benefits, the result remains that there are no additional monetary returns to

quality. Nor does higher quality predict a greater likelihood of receiving these non-wage

benefits.

I test the sensitivity of my main results to the inclusion of a number of job-related

variables. The results (in terms of the coefficients of the educational attainment vari-

ables) can be seen in the first four columns of Appendix Table A2. All coefficients in

that table come from a regression that is identical to column (8) of Table 4, aside from

the inclusion of the job-related variables described below.

The graduate education coefficients are largely unaffected by the inclusion of in-

dicators for a worker’s occupation, which I enter as a 22-category classification. The

measured value of a master’s degree in education jumps substantially, but falls just

short of statistical significance at the 5% level. Education majors are paid poorly on

average because, unsurprisingly, they become teachers. 86.8% of master’s students in

education become educators, compared to the 15.9% of graduate degree holders outside

the field of education who become educators. Controlling instead for industry (also a

22-category classification), the coefficient associated with MBA program quality drops

almost 20%, from 0.0049 to 0.0040. An important component of the value of a high-

quality MBA is placement into higher-paying industries such as finance. Controlling

for both industry and occupation simultaneously has no further effect on the estimates.

The B&B contains a number of variables that describe the tasks and responsibilities

of a worker’s job. I include variables that measure whether the worker has hiring and

firing power, whether the worker can set the salaries of others, whether the worker has

supervisory responsibilities, and the degree of autonomy the worker has in defining their
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own tasks. I also include a set of indicators for the sector of the worker’s employment

(private, governmental, and so on).

Once I control for this set of job characteristics, all the estimated returns to quality

fall into insignificance (this is entirely due to a change in the coefficients; precision is

unaffected). The MBA coefficient falls only slightly, while the professional degree qual-

ity coefficient decreases around 25%. Graduating from a highly-ranked professional

degree program does not give graduates access to significantly higher-paying occupa-

tional categories, or to better-paid industries. These students are instead performing

tasks that are more difficult, require more skill, and/or are more productive. Except

for the power to set salaries, the coefficients for all job characteristics variables are

strongly significant, and quite large. Hiring and firing power is associated with a 25%

average increase in income (a $14,000 increase at the mean), supervisory positions pay

11% more, and jobs with a high degree of autonomy pay 24% more. Controlling for

industry and occupation in addition to job characteristics has no further impact on the

results. None of these additional controls have any impact on the estimated value of

completing a master’s degree in the health sciences.

As another set of robustness tests, I investigate whether I can find evidence of

positive returns to graduate degree quality in other specifications where my main results

find none. I take two approaches to this sensitivity analysis. First, I replicate my

main results from Table 4 using alternate dependent variables, including log wage,

and indicators for whether the worker is the recipient of employer contributions to

medical benefits, other health benefits, or retirement benefits. Second, I re-estimate

the Table 4 column (8) specification, controlling also for a set of non-monetary benefits

and job amenities. If on average the graduates of higher-quality programs are receiving

higher benefits, then we may expect that at the same level of benefits, the graduates

of higher-ranked programs will earn significantly higher incomes.

In Appendix Table A3, I present the results of alternate returns equations. The first

simply replaces the dependent variable of log income with log wage.19 The remainder

of the columns come from probit estimates of the likelihood that a worker receives

19Wage is calculated as annual labor market income, divided by annual hours. Annual hours is
calculated from the B&B’s “typical weekly hours worked” variable, under the assumption of a 50-
week work year.
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various non-monetary employment benefits, including medical insurance, other health

insurance (primarily dental and vision), and employer contributions to a retirement

benefits package.

In terms of log wages, my estimate of the value of a degree in nursing holds up:

the wages of graduates from master’s programs in the health science are significantly

higher than they would be in alternative educational paths. The quality coefficients

in MBA and professional programs remain statistically significant, and of a similar

magnitude to the log income estimates of Table 4. There are no differences across

degree programs in terms of who receives non-monetary benefits.20 While a few of the

doctoral coefficients are statistically significant, the degree completion indicator and

quality variables tend to offset, with only small net effects.

The last column of Appendix Table A2 includes the results of a selection-corrected

estimate of the main log earnings equation that also controls for non-monetary benefits.

This regression includes all the non-wage dependent variables from Appendix Table A3,

plus the availability of employer contributions life insurance; the availability of facilities

or subsidies for either child care or physical fitness; and the availability of an option to

place income into flexible spending accounts.

Controlling for the level of non-wage benefits, there are no further monetary returns

to quality among MBA and professional degree graduates. Neither do any monetary

returns to quality become apparent in the programs with insignificant returns in Ta-

ble 4. The doctoral degree quality coefficient increases 50% in the presence of these

controls, but it is too imprecisely measured to arrive at any concrete conclusions. All

benefits variables except for child care support are individually statistically significant.

Most notably, my estimates suggest that jobs that offer medical insurance pay 63%

more on average than those jobs that do not. In fact, we see little difference in the

non-wage benefits received across either graduate degree or program quality, and no

income differences conditional on benefits.

20The B&B only allows us to investigate the presence of non-wage benefits. It contains no data
with respect to the generosity of these benefits.
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6 Conclusion

The evidence regarding the economic value of quality at the graduate degree level is at

best mixed. In three of the most popular, most competitive program types, business,

medicine, and law, there is strong and robust evidence that educational quality “pays”

on the job market. Further, while program quality appears to have a negligible return

in the health sciences, simple completion in this field carries a large wage premium.

The finding of substantial returns to a master’s degree in the health sciences is the

most robust conclusion of the paper.

But for most students and in most fields (particularly in education and in the

humanities and social sciences), there is consistent support for the hypothesis that

there is no monetary value to completion of a graduate degree, regardless of quality.

Nor are there detectable differences in who receives non-wage benefits, relative to the

typical bachelor’s degree holder. In those relatively applied fields where there are

monetary returns to graduate degree program quality, the returns largely come from

greater job responsibilities: more hours, more supervisory tasks, and more autonomous

decision-making authority.

Of course, many students attend high-ranked programs in fields where there are no

detectable monetary returns to quality and positive costs. My quality data is inher-

ently an academic ranking (typically generated by polling by professors and deans),

and in many fields, top-quality programs are explicitly designed to prepare students

for a career in academia. Academia is not an especially high-paying sector among

the options available to the students in my sample, and academic skills at this level

do not appear to translate into strong labor market returns in other industries and

occupations. Further work is required to understand why students attend these pro-

grams. High-ranked programs may grant higher social status, or better consumption

amenities. Alternately, graduate school in these fields may serve primarily as a tool

for switching careers. If students ex post regret their undergraduate major choice and

wish to switch occupations, graduate education may facilitate this transition. Perhaps

higher-ranked programs are more able to place students into the occupational category

they prefer for non-monetary reasons, with academia as a prime example.
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No graduate 
school 

attended

Graduate 
school drop-

out Master's Professional Doctoral
Ability 0.183 0.488* 0.491* 1.013* 0.948*

(0.022) (0.040) (0.036) (0.079) (0.087)
Income in 2002 56.107 53.449 55.525 81.295* 55.42

[45] [43] [44] [70] [50]
(1.277) (1.507) (1.350) (4.045) (2.931)

N 2727 933 1069 167 150

Hum. and 
soc. science

Science and 
Eng.

Health 
Sciences Education Business Professional Doctoral

panel a:  Standardized test scores in 1992 ("Ability")
Top 25% 1.054 1.662 0.586 0.579 1.104 1.507 1.304

(0.202) (0.192) (0.285) (0.160) (0.119) (0.137) (0.219)
Quality 75-50% 0.557 1.241 0.456 0.262 0.774 1.411 1.135

(0.174) (0.137) (0.182) (0.147) (0.178) (0.124) (0.173)
Quality 50-25% 0.714 1.065 0.363 -0.018 0.572 0.822 1.107

(0.163) (0.144) (0.180) (0.168) (0.211) (0.193) (0.127)
Bottom 25% 0.599 1.006 0.603 -0.091 0.436 0.687 1.051

(0.169) (0.126) (0.161) (0.137) (0.158) (0.130) (0.132)
Unranked 0.297 0.565 0.438 0.03 0.475 0.709 0.317

(0.112) (0.389) (0.153) (0.065) (0.096) (0.180) (0.205)

panel b: Income in 2002
Top 25% 46.798 66.062 45.721 39.264 105.555 96.463 46.297

[38] [65] [43] [39] [98] [93] [45]
(6.188) (10.018) (3.344) (2.597) (8.373) (8.816) (7.063)

Quality 75-50% 52.481 65.445 45.971 41.695 85.518 79.545 64.768
[43] [65] [53] [38] [71] [75] [55]

(5.174) (5.110) (6.900) (4.061) (9.487) (6.150) (6.266)
Quality 50-25% 42.15 62.162 59.473 43.584 73.15 98.662 62.06

[36] [60] [49] [35] [52] [69] [54]
(4.663) (5.565) (5.643) (4.886) (14.034) (12.561) (6.884)

Bottom 25% 41.545 58.98 54.699 37.822 65.566 63.462 51.323
[39] [60] [48] [40] [59] [55] [45]

(3.510) (6.001) (5.251) (2.822) (5.244) (5.019) (5.511)
Unranked 42.739 53.309 43.679 39.4 68.093 70.987 54.068

[39] [52] [44] [38] [62] [65] [50]
(2.196) (3.589) (5.855) (1.584) (3.969) (4.849) (4.987)

N 262 142 123 326 211 167 150
% unranked 0.52 0.29 0.17 0.6 0.27 0.18 0.21

Master's
Table 2: Mean ability and income  by graduate degree, master's field, and quality  

Table 1: Mean ability and income by graduate degree earned 

Note: Income is measured in  thousands of 2002 dollars.  Square brackets give 
median income.  Standard errors  of the mean are in parenthesis.  * indicates 
that the value is significantly higher than  among non-graduate-attenders, at 
the 1% level of confidence. 

Note: Income is measured in  thousands of 2002 dollars.  Square brackets indicate median income.  
Standard errors of the mean are in parenthesis. 



Hum. and 
soc. science

Science 
and Eng.

Health 
Sciences Education Business Professional Doctoral

Ability 0.185 0.325 -0.153 -0.230* 0.317* 0.567** 0.482**
(0.102) (0.182) (0.164) (0.098) (0.139) (0.187) (0.184)

Ability2 0.077 0.181** -0.158 -0.174** 0.026 0.014 0.071
(0.046) (0.058) (0.101) (0.062) (0.064) (0.078) (0.076)

Female -0.463 -0.467 0.964* 0.298 0.116 -0.866 -1.153*
(0.347) (0.574) (0.489) (0.301) (0.422) (0.468) (0.477)

UG GPA 1.457** 0.14 1.957** 0.729** 0.553 0.404 1.451*
(0.327) (0.503) (0.488) (0.273) (0.400) (0.502) (0.593)

Parent income 0.005 -0.02 0.025** -0.008 0.022** 0.014 -0.004
     (x1000) (0.010) (0.022) (0.009) (0.014) (0.008) (0.010) (0.016)
Father BA -0.001 0.39 -0.182 -0.076 0.074 0.431* 0.520*

(0.178) (0.238) (0.259) (0.166) (0.194) (0.215) (0.228)
Father >BA 0.169 0.284 0.015 0.054 0.185 0.492* 0.608*

(0.186) (0.257) (0.265) (0.181) (0.205) (0.227) (0.243)
Mother BA 0.119 0.432 0.455 0.435** -0.308 -0.129 0.173

(0.182) (0.229) (0.248) (0.167) (0.208) (0.216) (0.223)
Mother >BA 0.348 0.182 0.702* 0.520* 0.132 -0.089 0.037

(0.204) (0.291) (0.292) (0.206) (0.224) (0.251) (0.266)
UG Humanities 0.315 -0.836 -0.167 0.136 0.569* 0.490* 1.229**
    or Soc Stud (0.168) (0.697) (0.330) (0.198) (0.243) (0.226) (0.323)
UG Science -0.720** 2.709** -0.865 -0.162 0.438 -0.983** 1.622**
    or Engin (0.248) (0.398) (0.475) (0.265) (0.251) (0.333) (0.318)
UG Biology -1.598** 1.452** 1.332** -1.034** -0.593 0.268 1.548**
    or Health (0.329) (0.425) (0.261) (0.316) (0.357) (0.240) (0.319)
UG Education -0.718** 0.519 -0.13 1.095** -0.024 -1.552** 0.09

(0.255) (0.616) (0.425) (0.222) (0.365) (0.512) (0.458)
UG Business -0.464 -0.061 -0.432 -0.36 1.131** -0.437 -1.492

(0.284) (0.726) (0.440) (0.294) (0.298) (0.410) (1.057)
UG debt 0.015** 0 -0.018 0.008 0.008 0.019** 0.008
     (x1000) (0.006) (0.010) (0.014) (0.007) (0.007) (0.006) (0.009)
N

Master's

5046

Table 3: Multinomial logit estimate of degree choice, over degree and master's field 

Note:   Dependent variable is a categorical variable indicating the highest degree earned, and 
field of study, if at the master's level, by 2003.  The omitted category is "no graduate degree 
completion".   Other variables included  are: undergrad school quality, an interaction between 
undergrad GPA and undergrad quality, student race, age at undergraduate graduation, and 
expected income if the student undertakes no PB education.   * indicates p < 0.05, ** indicates 
p < 0.01. 



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

Ability 0.0541* 0.1121** 0.0516* 0.1044** 0.0491* 0.0028 0.0004 0.0018
(0.0235) (0.0232) (0.0241) (0.0236) (0.0245) (0.0321) (0.0320) (0.0305)

Master's 0.0850* 0.007 0.0251 0.0985** 0.0418
(0.0374) (0.0711) (0.0723) (0.0307) (0.0593)

Professional 0.4491** 0.2062 0.1675 0.208 0.1696 0.4437** 0.0895 0.089
(0.0719) (0.1519) (0.1598) (0.1520) (0.1599) (0.0760) (0.2241) (0.2168)

Doctoral 0.0131 -0.1852 0.0527 -0.181 0.0494 0.0318 -0.1389 -0.1438
(0.0941) (0.4435) (0.3135) (0.4448) (0.3133) (0.0618) (0.2625) (0.2751)

Master's, Hum. -0.1671 -0.0217 -0.0398
      and Soc. Sci. (0.1464) (0.1392) (0.1229)
Master's, Nat Sci 0.3395 0.1321 0.2136
      and Engineer. (0.1906) (0.1623) (0.1736)
Master's, Health 0.2296 0.3180* 0.3116**
       Sciences (0.1193) (0.1537) (0.1133)
Master's, Educ. -0.1366 -0.0462 -0.0366

(0.1057) (0.1429) (0.0960)
Master's, Business 0.1889 0.0416 0.0564

(0.1610) (0.1384) (0.1315)
Master's x quality 0.0015 0.0016 0.0015

(0.0014) (0.0014) (0.0010)
Prof. x quality 0.0037 0.0060* 0.0038 0.0060* 0.0079* 0.0080*

(0.0023) (0.0026) (0.0023) (0.0026) (0.0034) (0.0034)
Doct. x quality 0.0023 -0.0014 0.0023 -0.0014 0.0029 0.003

(0.0068) (0.0048) (0.0068) (0.0048) (0.0038) (0.0040)
Mast Hu/SS 0.0013 0.0005 0.0011
        x quality (0.0025) (0.0024) (0.0020)
Mast Sci/eng -0.0043 -0.0025 -0.0034
        x quality (0.0044) (0.0038) (0.0040)
Mast health -0.0033 -0.0039 -0.0024
        x quality (0.0035) (0.0032) (0.0019)
Mast education -0.001 -0.0001 -0.0003
        x quality (0.0019) (0.0022) (0.0016)
Mast business 0.0034 0.0046 0.0049*
        x quality (0.0026) (0.0027) (0.0021)
Other controls? Yes No Yes No Yes Yes Yes Yes
N 5046 5046 5046 5046 5046 5046 5046 5046
Adjusted R2 0.251 0.019 0.252 0.026 0.254 0.264 0.265 0.268

Selection corrected at degree-by-
field-by-quality levelOLS

Table 4: Return to  graduate education completion and quality 

Note: The dependent variable is the log of annual income in 2002.  Other controls  include 
indicators for gender and race, a measure of undergraduate school quality, a set of 5 
indicators for undergraduate field-of-study, a second-order polynomial in labor market 
experience, undergraduate GPA, parent income and indicators for parental education, gender 
interactions with marital status, gender interactions with number of children, and an indicator 

              



   , g      ,    
for whether the individual experineced a bout of unemployment in 2002.  Regressions that 
include quality also contain indicator variables for unranked status.  Standard errors are in 
parenthesis.  Standard errors in the selection-corrected models (6) - (8) are calculated from 
1000 bootstrap replicates.  * indicates p < 0.05, ** indicates p < 0.01. 



Figure 1: Earnings profiles, by highest degree earned 

Note: Average labor market income, estimated by local polynomial regression. Calculated 
for working men in the year-2000 5% sample of the U.S. Census.  Plots are estimated 
according to the individual's reported highest degree earned. 



Table 4 Col 
(1): OLS

degree-level 
selection

degree-by-
field selection

degree-by-
quality 

selection

Table 4 col (6): 
degree-by-field-

by-quality 
selection

Ability 0.0541* 0.0428* -0.0057 0.0025 0.0028
(0.0235) (0.0168) (0.0229) (0.0258) (0.0321)

Master's 0.0850* 0.0962** 0.0947** 0.0955** 0.0985**
(0.0374) (0.0298) (0.0288) (0.0297) (0.0307)

Professional 0.4491** 0.4367** 0.4272** 0.4384** 0.4437**
(0.0719) (0.0765) (0.0732) (0.0786) (0.0760)

Doctoral 0.0131 0.024 0.0206 0.0374 0.0318
(0.0941) (0.0646) (0.0683) (0.0654) (0.0618)

Female -0.1464** -0.1133* -0.0764 -0.1511* -0.0634
(0.0519) (0.0464) (0.0536) (0.0636) (0.0637)

White -0.1074* -0.1003* -0.0303 -0.0782 -0.0142
(0.0445) (0.0448) (0.0559) (0.0692) (0.0763)

Asian 0.0162 0.049 0.157 0.0109 0.1502
(0.1025) (0.0838) (0.1017) (0.1093) (0.1375)

Undergraduate 0.0009 0.0013** 0 0 0.0006
     school quality (0.0006) (0.0005) (0.0007) (0.0009) (0.0009)
UG Humanities 0.0609 0.0698 -0.0129 0.0165 0.1147
    or Soc Stud (0.0494) (0.0434) (0.0515) (0.0508) (0.0727)
UG Science 0.1645** 0.1736** -0.0034 0.0603 0.0447
    or Engin (0.0506) (0.0513) (0.0754) (0.0782) (0.0945)
UG Biology 0.1016* 0.1356** 0.0555 0.1371 0.0692
    or Health (0.0487) (0.0492) (0.0715) (0.0850) (0.0929)
UG Education -0.0485 -0.0293 -0.024 -0.104 0.0929

(0.0500) (0.0462) (0.0818) (0.0914) (0.1117)
UG Business 0.1921** 0.1991** 0.0287 0.1204 0.0024

(0.0556) (0.0496) (0.0772) (0.0642) (0.1159)
Experience 0.9141* 0.6888* 0.6711* 0.6819* 0.6764*

(0.3905) (0.2827) (0.2752) (0.2693) (0.2862)
Experience2 -0.0335 -0.0208 -0.0197 -0.0204 -0.0201

(0.0225) (0.0164) (0.0158) (0.0156) (0.0165)
Unemployed -0.9262** -1.1112** -1.1152** -1.1151** -1.1164**

(0.0491) (0.0384) (0.0372) (0.0381) (0.0375)
1 child in household -0.0072 -0.0224 -0.0186 -0.0191 -0.0167

(0.0564) (0.0446) (0.0463) (0.0453) (0.0439)
2 children 0.0547 0.0713 0.079 0.074 0.0919

(0.0612) (0.0486) (0.0508) (0.0508) (0.0507)
3+ children 0.1433 0.0894 0.0919 0.0922 0.1111

(0.0880) (0.0704) (0.0726) (0.0715) (0.0725)
1 child* female -0.3600** -0.3275** -0.3310** -0.3340** -0.3347**

(0.0905) (0.0744) (0.0729) (0.0743) (0.0736)
2 children * female -0.3327** -0.3584** -0.3702** -0.3643** -0.3947**

(0.1171) (0.0978) (0.0988) (0.0977) (0.1009)

Table A1: Monetary returns to graduate degree completion 



3+ children * female -0.5984 -0.5632* -0.5641* -0.5642* -0.6049*
(0.3081) (0.2512) (0.2379) (0.2390) (0.2357)

Married 0.1746** 0.1918** 0.1883** 0.1910** 0.1899**
(0.0424) (0.0392) (0.0389) (0.0396) (0.0391)

Married * female -0.1880** -0.2216** -0.2121** -0.2210** -0.2168**
(0.0613) (0.0548) (0.0552) (0.0543) (0.0554)

Undergrad GPA 0.0031 0.0182 -0.0379 -0.0964 0.0311
(0.0360) (0.0363) (0.0574) (0.1022) (0.0760)

Parent household 0.0064* 0.0055 0.0045 0.0045 0.005
     income (0.0026) (0.0034) (0.0035) (0.0047) (0.0043)
Father ed = bachelor's 0.0328 0.0103 -0.0129 0.0308 0.0233

(0.0451) (0.0366) (0.0387) (0.0456) (0.0590)
Father ed > bachelor's -0.0308 -0.0169 -0.0488 -0.0261 -0.0378

(0.0551) (0.0410) (0.0440) (0.0474) (0.0575)
Mother ed = bachelor's -0.0533 -0.0205 0.004 -0.0552 0.0929

(0.0495) (0.0360) (0.0396) (0.0516) (0.0588)
Mother ed > bachelor's 0.0431 0.0292 0.012 0.04 0.0277

(0.0461) (0.0425) (0.0462) (0.0776) (0.0761)
N 5046 5046 5046 5046 5046
Adjusted R2 0.251 0.259 0.260 0.259 0.264

Note:   Column (1)  here and column 1 of Table 4 are identical.  Column (5) here and Table 4 column  
(6) are identical. The other columns here have the same independent variables, but alternate selection 
terms  λ.  * indicates p < 0.05, ** indicates p < 0.01. 



Occupation 
controls

Industry 
controls

Ind and occ 
controls

Job 
characteristics

Job chars + 
job benefits

Quality
0.0011 0.0007 0.001 0.0003 0.0009

(0.0019) (0.0019) (0.0017) (0.0019) (0.0017)
-0.0035 -0.0033 -0.0033 -0.0007 -0.0002
(0.0041) (0.0039) (0.0040) (0.0029) (0.0026)
-0.002 -0.0027 -0.0021 -0.0035 -0.0027

(0.0018) (0.0020) (0.0019) (0.0021) (0.0018)
-0.0001 -0.0001 0.0001 0.0003 0.0005
(0.0015) (0.0016) (0.0016) (0.0012) (0.0011)
0.0047* 0.0040* 0.0041* 0.0037 0.0038
(0.0021) (0.0019) (0.0020) (0.0020) (0.0020)
0.0085* 0.0088* 0.0088* 0.0061 0.0062
(0.0033) (0.0035) (0.0035) (0.0036) (0.0037)
0.0033 0.0035 0.0035 0.0044 0.0068

(0.0039) (0.0040) (0.0041) (0.0037) (0.0038)
Completion

0.0542 0.0203 0.0593 0.0108 -0.0238
(0.1147) (0.1178) (0.1082) (0.1133) (0.1077)
0.1783 0.166 0.1414 0.0095 -0.0063

(0.1757) (0.1735) (0.1750) (0.1307) (0.1026)
0.3071** 0.3339** 0.3231** 0.3426** 0.3105**
(0.1089) (0.1178) (0.1086) (0.1181) (0.1042)
0.1054 0.092 0.1054 0.0602 0.0313

(0.0941) (0.0909) (0.0912) (0.0905) (0.0840)
0.0201 0.0547 0.0356 0.0199 -0.0166

(0.1281) (0.1244) (0.1226) (0.1288) (0.1213)
-0.1755 0.007 -0.2083 0.0924 0.1592
(0.2424) (0.2314) (0.2531) (0.2294) (0.2429)
-0.0753 -0.1098 -0.0761 -0.2397 -0.3737
(0.2701) (0.2753) (0.2787) (0.2595) (0.2667)

Unranked
0.0553 0.057 0.0487 0.1066 0.1776

(0.1234) (0.1299) (0.1182) (0.1210) (0.1160)
-0.0919 -0.1211 -0.0656 0.0677 -0.0262
(0.1943) (0.1912) (0.1922) (0.1501) (0.1202)
-0.1148 -0.1763 -0.1377 -0.0826 -0.1392
(0.1994) (0.2122) (0.2013) (0.2564) (0.2560)
0.0389 0.0429 0.0491 0.0257 0.0496

(0.1010) (0.1040) (0.1034) (0.0984) (0.0911)
0.1855 0.1616 0.1431 0.2385 0.2618*

(0.1802) (0.1776) (0.1749) (0.1395) (0.1329)
0.2638 0.2505 0.2974 0.2003 0.1761

(0.2450) (0.2512) (0.2636) (0.2385) (0.2597)
0.0704 0.1729 0.0837 0.1817 0.4386

(0.2980) (0.3091) (0.3096) (0.3057) (0.3192)

Education

Business

Professional

Doctoral

Business

Professional

Doctoral

Hum. and 
soc. science
Science and 
Eng.
Health 
Sciences

Education

Science and 
Eng.

Hum. and 
soc. science

Health 
Sciences
Education

Business

Professional

Doctoral

Hum. and 
soc. science
Science and 
Eng.
Health 
Sciences

Table A2: Sensitivity of  estimates of the monetary returns to educational quality 



Note: Specification and unreported controls are identical to the selection-corrected 
regression in Table 4.  "Job characteristics" variables include hiring and firing power, salary-
setting power, supervisory power, the degree of job autonomy, and the sector (public, 
private, etc) of the employer.  Job benefits include the amenities of percieved job security and 
promotion possibilities as well as the non-wage benefits including the availability of child care 
support; employer provision of medical insurance, life insurance, or other health insurance;  
the availability of fitness programs  or flexible spending programs; and employer 
contributions to retirement packages.  Standard errors are calculated from 1000 bootstrap 
replicates.  * indicates p < 0.05, ** indicates p < 0.01. 



Log wage

Probit, 
medical 
benefits

Probit, other 
health 

benefits

Probit, 
retirement 

benefits
Quality

0.0013 -0.0066 -0.0019 -0.0005
(0.0019) (0.0069) (0.0059) (0.0059)
-0.0033 0.0032 -0.0058 -0.0032
(0.0032) (0.0180) (0.0060) (0.0077)
-0.0004 -0.0037 -0.0042 -0.001
(0.0017) (0.0092) (0.0055) (0.0068)
-0.0014 0.0035 0.0005 0.0025
(0.0015) (0.0053) (0.0045) (0.0043)
0.0040* 0.0007 -0.0047 -0.0012
(0.0020) (0.0066) (0.0050) (0.0091)
0.0077* -0.0007 -0.0013 0.0059
(0.0035) (0.0068) (0.0046) (0.0051)

0.003 -0.0169 -0.0182* -0.0108
(0.0044) (0.0144) (0.0087) (0.0084)

Completion
0.0073 0.4017 0.2211 0.0443

(0.1215) (0.4815) (0.3668) (0.3564)
0.2393 0.1987 0.3052 0.2474

(0.1393) (1.0374) (0.3838) (0.4962)
0.2909** 0.1804 0.0441 0.0267
(0.0855) (0.5189) (0.3208) (0.3777)
-0.0146 0.1004 0.1636 -0.0433
(0.0802) (0.3108) (0.2640) (0.2643)
0.0567 0.2397 0.5829 0.3997

(0.1244) (0.5092) (0.3767) (0.7634)
-0.0316 0.001 -0.3071 -0.5082
(0.2280) (0.4257) (0.2832) (0.2948)
-0.1937 1.0374 1.0566 0.5236
(0.3059) (1.0865) (0.6438) (0.6134)

Unranked
0.0847 -0.4188 -0.5243 -0.291

(0.1308) (0.5017) (0.3884) (0.3811)
-0.2059 . 0.4105 0.4939
(0.1527) . (0.4905) (0.6361)
-0.1584 -0.1311 -0.0608 0.2536
(0.2220) (0.6317) (0.4905) (0.5020)
-0.0295 0.3741 -0.11 0.2146
(0.0923) (0.3499) (0.2861) (0.2900)
0.1568 0.2333 -0.4704 0.1604

(0.1816) (0.5574) (0.4417) (0.8111)
0.2181 0.0284 0.409 0.5659

(0.2487) (0.5290) (0.4441) (0.4457)
0.1794 -1.7072 -1.5692* -1.231

(0.3340) (1.1584) (0.7003) (0.6465)

Business

Hum. and soc. science

Science and Eng.

Health Sciences

Education

Business

Professional

Doctoral

Hum. and soc. science

Science and Eng.

Health Sciences

Education

Business

Professional

Doctoral

Professional

Doctoral

Hum. and soc. science

Science and Eng.

Health Sciences

Education

Table A3: Returns regressions with alternative measures of job benefits 



Note:  All right hand side variables are identical to those used in the Table 4 selection-
corrected specification.  Each column presents the results of a regression with the dependent 
variable indicated in the header. The log wage specification is estimated following the same 
process as the log income regressions.  The other benefits regressions are estimated by 
selection-corrected probit regression.  Standard errors are calculated from 1000 bootstrap 
replicates.  * indicates p < 0.05, ** indicates p < 0.01. 
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