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Returns to Graduate and Professional Education:  
The Roles of Mathematical and Verbal Skills by Major 

 

 A wealth of economic research has documented an increase in the returns to education in 

the 1980s.  Most of this research has concentrated on the relative returns to a bachelor’s degree 

relative to lower levels of education.   Since the 1980s, there has been a well-documented 

increase in returns to a college education relative to lower levels of schooling.  The trend in 

relative earnings for bachelor’s degree holders relative to high school graduates between 1976 

and 1998 is illustrated in Figure 1.  The bachelor’s degree premium over a high school degree 

rose from 25% in 1976 to 45% in 1998 with the gains beginning in the early 1980s.   Not as 

commonly known is that returns for those who entered or completed some post graduate training 

rose in a parallel fashion through the 1980s, and then began to rise even more rapidly than did 

returns to bachelor’s degrees in the 1990s. 

 This study has two objectives.  The first is to measure the returns to post graduate 

training, controlling for likely joint choices of years of schooling and their associated returns.  

The second objective is to determine if the rise in returns to post graduate training can be 

explained by changes in the quality of more recent cohorts of graduate students relative to their 

older colleagues or if we need to seek other explanations for the rising returns to graduate 

education. 

I.  Background 

 Skill-biased technological change is believed to have progressively raised returns to 

college graduates since the 1970s.  Given that graduate training is a heavy user of the 

information technologies believed to be a major source of technological innovations, one would 

expect that technological factors should have had a similar impact, if not a stronger impact on 



post-graduate earnings as on bachelor’s degree earnings.  The rising graduate degree premium 

over the bachelor’s degree premium in the 1990s might be a signal that graduate training has 

particularly benefited by skill-biased technical changes, although one might then have expected 

the premium to have risen earlier in the information technology adoption process. 

 To assess the role of technological change in explaining rising returns to graduate 

training, we focus on the role of quantitative skills on observed returns.  Several studies have 

documented changes in the returns to quantitative skills in the 1980s.  Murnane, Willett and 

Levy (1995) found that rising returns to mathematics skills can explain a substantial fraction of 

the observed increase in returns to college between 1978 and 1986.  The effect was stronger for 

women than for men.  Grogger and Eide (1995) and Levine and Zimmerman (1995) also 

reported that standardized mathematics scores or having taken more mathematics classes had a 

significant positive impact on women’s wages but not men’s wages.   

 The mechanism by which mathematical skills influence wages is not clear.  It is likely 

that stronger quantitative skills are complementary with the use of information technologies that 

are widely suspected to have raised worker productivity and wages.  However, quantitative skills 

may also affect the type of training individuals receive.  Willis and Rosen (1979),  Murnane, 

Willett and Levy (1995) and Taber (2001) all found that stronger mathematical skills in high 

school increased the likelihood of attending college.  Paglin and Rufolo (1990) found that 

quantitative skills influenced choice of graduate major.   

 There is a presumption that quantitative and verbal skills increase in importance as the 

education level rises, and so changes in the value of these skills would be expected to affect the 

market for post-graduate training as well.  Our review of the literature that concentrated on lower 

levels of education suggests that two effects are potentially at work: 



1)  Rising returns to cognitive skills may have increased the opportunity costs of attending 

graduate school, limiting incentives to pursue post-graduate education in the areas where the 

returns are rising the most rapidly.  Consequently, the most able students opt not to pursue 

graduate education in favor of capturing returns to those skills in jobs they can acquire with a 

bachelor’s degree. 

2)  The marginal product of cognitive skills may have risen atypically in post-graduate training, 

raising the returns to graduate training relative to lower education levels.   

 These two possibilities would have opposite effects on incentives to attend graduate 

school and on observed wages.  The former would suggest that the observed wage differentials 

between graduate and undergraduate degree holders would understate the true returns to graduate 

education because the earnings of those stopping at the bachelor’s degree exceed the opportunity 

costs of those who attended graduate school.  The latter would suggest the most able would 

attend graduate school, suggesting that the observed wage differential between graduate and 

undergraduate degree holders is an upward biased measure of the returns to graduate school.  

The latter argument would also potentially explain why we see rising graduate degree premia in 

the 1990s relative to earnings at the bachelor’s degree level.   

 Even before we examine why returns to graduate training may have changed, we must 

document the returns to that training.  There are many studies that examine incentives to enter 

individual majors and the returns to those decisions.  However, more general studies of returns to 

graduate education are rare.1 The main advantage to a general study of returns to graduate 

education for our purposes is that if one of the phenomena we wish to examine is how 

quantitative skills sort individuals across degrees, we need to have the sample cover the universe 

of students and not just a specific field or major.  In addition, it is easier to compare estimated 



returns to an education level to the literature on returns to high school or college that do not 

distinguish by field than it is to compare returns to a specific graduate degree in, say,  law or 

sociology. 

 A frequent challenge for studies measuring returns to schooling is that individuals are not 

randomly assigned to different schooling levels.  If schooling choices are driven by individual 

comparative advantage, then the returns will reflect, at least in part, that nonrandom sorting of 

individuals across education levels.  A large literature has developed assessing the impact on 

measured returns to schooling of various procedures aimed at controlling nonrandom sorting 

across school levels.  A common tactic has been to use measures of parental education or other 

family background measures as instruments for education levels.  Other instruments have 

included distance to school or other measures of school costs.  As reviewed by Card (1999), 

these studies routinely obtain higher estimated returns to schooling when employing instrumental 

variables than they obtained using ordinary least squares.   

 However, these instruments are often challenged.  For example, commonly used family 

background variables (Willis and Rosen (1979), Altonji and Dunn (1996), Deschenes (2002)) 

may be correlated with unmeasured ability, rendering them invalid.2  Another large body of 

research has utilized data on twins to better control for unmeasured ability. Interestingly, results 

based on twins are similar to the findings reported from instrumental variables using family 

background or school attributes as instruments.  While this does not validate the use of 

instrumental variables, it at least suggests that instrumental variables can approximate the results 

obtained from presumably better controls for missing ability.  

II. Estimation Model 

 Our analysis begins with the standard log-earnings framework: 



1)   ln yi  = Si $s + Xi $x +:i$: + ui, 

where ln yi is the observed earnings of the ith individual;  Si is the observed schooling level, taken 

as a vector of dummy variables with the value of one indicating the individual’s highest degree 

earned; Xi is a vector of individual characteristics; :i  is an individual-specific ability component 

that influences earnings; and ui is a random error term that is uncorrelated with Si , Xi and :i. The 

$s and $x represent the estimated returns to schooling levels and individual attributes, 

respectively.   

 If :i is not observable by the econometrician, then (1) becomes 

1’)   ln yi  = Si $s + Xi $x + gi ;     gi = :i$: + ui, 

where the error term gi  will include both purely random components and unmeasured 

individual ability.  If that ability is correlated with schooling success, then exclusion of 

:i from the estimating equation will lead to E(Sigi) = E(Si:i$:) ≠ 0, and so the estimates of $s 

and $x will be subject to missing variables bias.  

 In our application, individuals decide between stopping at the bachelor’s degree or 

continuing on for additional schooling.  The choice set at the time the individual finishes 

undergraduate training includes four schooling levels: Bachelor’s, Master’s, Doctorate and 

Professional degree (mainly law or medicine).  These choices are denoted respectively by 

subscripts B, M, D, and P.  For simplicity, we consider these choices mutually exclusive, and 

so we only consider the choice of the highest degree earned.  This avoids complications 

related to sequential educational choices. 

 The schooling decision involves selecting the option that maximizes expected utility.  

This can be written as Si =max (SBi, SMi, SDi, SPi) where Sli is the expected utility from 



schooling choice l.  Although the utility levels are not observable, we can observe how the 

elements of  Sli affect the probability of selecting schooling choice l. 

 Suppose that the individual selects schooling level Si at least in part on the basis of 

expected earnings at that education level.  Then the individual will use knowledge of Xi  and 

:i  to forecast what he expects to earn from each of the four educational choices.  Suppose 

also that there is a vector Zi that contains factors that shift the individual’s taste for or cost of 

schooling choice l.  Then expected utility from each choice Sli can be approximated by  

(2)  Sli  =  Xi2xl +Zi2Zl +:i2:l + vli;   l = B, M, D, P. 

Now, even if E(Si:i$:) = 0, direct estimation of (1) will yield biased estimates if E(vli ui) ≠ 0.   

This endogeneity bias is caused by the joint selection of years of schooling with the expected 

returns from that schooling.  A large literature on returns to schooling suggests that both of 

the two sources of bias, missing measures of ability and endogeneity of the schooling choice, 

are likely to hold, although the biases are often small.3  However, we cannot infer from the 

past literature that there would be small biases in the context of estimated returns to post 

graduate education.  Consequently, we need to derive a mechanism to address the two 

potential sources of bias.4 

 To solve the problem, we follow two strategies commonly employed in the literature.   

First, we use family background measures as elements of Zi that are believed to alter the 

probability of continuing in school but that should not be directly related to what individuals 

earn after completing school.  We assume the E(Zi Vi) = 0.  However, as argued by Card 

(1999), family background measures may not solve the problem if they are correlated with 

excluded individual ability, even if they do not directly affect earnings.  Therefore, we also 

propose measures of individual ability to include in equations (1) and (2). 



 Let individual ability be given by  

(3)  :i = :jk + 0ij   

where :jk  is the average level of ability for an individual in major j of vintage k and 0ij is an 

individual-specific ability component that only becomes known to the individual after 

entering graduate school.  The specification in (3) presumes that the individual decides on 

whether to pursue graduate school based on the level of preparation provided by his major at 

the time he is in school.  Skill content of majors can change over time, and so variation in  :jk  

across successive cohorts of graduates from major j can affect the graduate school entry 

decision.  However, the dollar value of idiosyncratic success in the graduate program, 0in, 

only becomes apparent after entry and does not affect the graduate school decision.  

Elements of Zi can still serve as legitimate instruments for years of schooling provided that 

E(Zi0ij) = 0.5 

 Inserting equation (3) into equation (2), we obtain   

(4)  Sli  =  Xi2xl +Zi2Zl + (:jk + 0ij) 2:l + vli,  

       = Xi2xl +Zi2Zl + :jk 2:l + .il  ;  .il =  vli, + 0ij2:l  , l = B, M, D, P. 

If the .il are drawn independently from an extreme value distribution, then (4) can be 

estimated using multinomial logit.  The parameter estimates will generate predicted 

probabilities that individual i will select any of the four options SBi, SMi, SDi, and SPi.  Three of 

these are inserted into (1) in place of the endogenous Si to generate unbiased estimates of $s 

under the maintained hypothesis that E(Zi vli) = E(Zi0ij) = 0.6 

 This two-step procedure is inefficient because it does not incorporate the sampling errors 

in the parameter estimation of the multinomial logit estimates of (4) into the estimation of the log 

earnings equation (1).  We correct the second-stage standard errors using a bootstrapping 



procedure in which the two-step estimation was replicated 100 times, sampling with replacement, 

and sampling variation in the resulting estimates used to compute the second-stage standard 

errors.   

 If major-specific skills at the bachelor’s degree level are increasing in market value, then 

they will tend to lower incentives to pursue graduate work in that field.  Conversely, majors 

whose skills are falling in value at the bachelor’s level will have disproportionately high numbers 

of graduate students.  If this sorting effect drives lower earning bachelor’s degree recipients into 

graduate school and drives higher earning bachelor’s degree recipients out of graduate school, it 

would tend to depress estimated returns to graduate work.  If true, then least squares estimates of 

the returns to graduate school that ignored the role of major-specific ability measures would tend 

to understate the true returns.  Our empirical work provides evidence consistent with this sorting 

story. 

III. Data 

 The primary data source for this study is the Scientist and Engineer Statistics Data 

System (SESTAT) collected by the National Science Foundation (NSF).  The 1993 wave of 

SESTAT also incorporated the 1993 National Survey of College Graduates, a once-per-decade 

survey that also covered fields outside of the sciences and engineering.   The universe for the 

1993 SESTAT was approximately 29 million individuals who received a bachelor’s degree 

between 1939 and 1992.  Our working sample included 67,565 individuals who received a 

bachelor’s degree between 1963 and 1986.  The 1963 limit was necessitated by the lack of 

information on Graduate Records Exam (GRE) scores by major before 1963.  The 1986 limit 

was imposed because we needed to give bachelor’s degree recipients sufficient time to enter and 



complete higher degrees.  Through the use of sample weights, our subsample is representative of 

the population of all bachelor’s degree recipients in the United States between 1963 and 1986. 

 Table 1 includes summary statistics on the variables included in the analysis.  The 

dependent variables include the natural logarithm of annual salary in 1993 and a series of 

dummy variables indicating highest degree earned.  Earnings of all college graduates in 1993 

averaged just under $54,000.  Bachelor’s recipients averaged $48,000 while Master’s recipients 

averaged $53,000, Ph.D.s averaged $60,000 and those with professional degrees averaged 

$84,000.  Fifty-five percent of the college graduate population did not earn a degree beyond the 

bachelor’s level.  Twenty-nine percent had a Master’s degree, 10 percent held professional 

degrees, and 6 percent had doctorates. 

 Variables included in the demographic vector Xi  are potential work experience (1993 – 

graduation year of highest degree), gender, citizenship, and racial and ethnic dummy variables.  

The vector Zi includes a series of dummy variables indicating father’s and mother’s education 

levels and a dummy variable indicating having been raised in a rural area.  These measures are 

included as likely indicators of taste for graduate education:  individuals from more educated 

households or from more cosmopolitan settings are expected to have stronger taste for graduate 

training.   

 Measures of :jk include a vector of dummy variables indicating bachelor’s degree major.  

We also know the year of graduation.  This allows us to append information on the average GRE 

mathematics and verbal score for the college major in the year of graduation.7   The GRE scores 

are used to approximate the skill content of the major.  These measures are not fixed over time, 

as can be seen in Figure 2.  Average verbal scores rose until 1975 and then fell thereafter.  



Average quantitative scores rose about 12 percent until 1975, retreated slightly over the next ten 

years, and then resumed modest growth.   

 These changes may reflect changes in the composition of foreign graduate students taking 

the GRE.  We computed the proportion of foreign doctorate recipients by major for each year in 

the sample period, using data from the Survey of Earned Doctorates.  We then regressed the 

GRE scores by major on the proportion of foreign doctoral graduates in the major six year 

earlier.8  The residual represents changes in the skill content of college graduates holding fixed 

the proportion of foreign test takers.  These corrected GRE time paths are also shown in Figure 

2.  The corrected verbal GRE path is very similar to the uncorrected path.  However, the 

corrected quantitative GRE path shows a much steeper decline in average scores after 1975 and a 

much steeper rebound after 1986.9  The time series of average GRE scores does not demonstrate 

a systematic improvement in the quality of GRE test takers over time, suggesting that rising 

quality of graduate degree holders is not the explanation for the pattern of rising returns to 

graduate school in Figure 1.  

 The GRE scores also varied across majors, genders, races, and education levels.  This 

variation provides cross-sectional variation in the skill content of bachelor’s degree recipients.  

As shown in Table 2, students whose highest degrees were at the bachelor’s level were in majors 

with the highest quantitative scores and the lowest verbal scores.  This is consistent with the 

speculation that the sorting into graduate school may be based in part on cognitive skill content 

of majors as proxied by GRE scores. Undergraduate majors in the sciences and engineering had 

markedly higher average quantitative scores while Engineering and Business had markedly 

lower average verbal scores.  If returns to these skills have changed over time, there will be 

asymmetric changes in the relative incentives to seek post-graduate training across majors.  



Because demographic groups concentrate in different majors, there is cross-sectional variation in 

major GRE scores by race, ethnicity and gender.  Men tended to be in majors with higher 

average quantitative GREs and marginally lower verbal GREs.   Asians also concentrate in 

majors with high quantitative and low verbal scores. 

 Together, the time series and cross-sectional variation in GRE scores should be 

sufficiently large to assess whether changes in cognitive skills developed in undergraduate 

programs have a role in explaining changes in the returns to post-graduate education in the 

United States. We proceed to that exercise in the next section. 

IV. Estimation Results 

A. Schooling Choices 

 Our primary interest is in deriving estimates of equation (1), but we also have an interest 

in assessing how bachelor degree recipients decide to continue on in school.  Results from the 

weighted multinomial logit estimation of the schooling choice equation are reported in Table 3.  

The estimation uses stopping education at the bachelor’s degree as the reference group, and so 

positive (negative) signs suggest an increased (decreased) probability of the educational choice 

relative to stopping at the B.A. level.  

 Family background variables are highly significant in influencing the choice of whether 

or not to pursue and advanced degree.  As mother’s and father’s education levels rise, the 

probability of seeking an advanced degree increases.  The effect is strongest at the PhD level.  

B.A. recipients who grew up in rural areas are less likely to pursue an advanced degree.  U.S. 

citizens are less likely to seek a Master’s or doctorate but are more likely to pursue a professional 

degree.  Asians are more likely than whites to pursue a Master’s or Ph.D., while Hispanics and 

Blacks are less likely to pursue the doctorate. 



 GRE scores have an interesting impact on the probability of pursuing a higher degree.  

Undergraduates in majors with higher verbal scores and lower quantitative scores are more likely 

to pursue the doctorate or professional degrees.  The standard deviation of GRE scores in the 

major tend to reinforce the effects of the mean scores: higher standard deviation of GRE verbal 

scores raises the likelihood of pursuing the doctorate, while increasing the standard deviation of 

the quantitative score lowers the likelihood of pursuing the doctorate.  If changes in returns to 

these skills over time also had an impact on educational choices, we should find that the impacts 

vary with year of graduation.  There is some evidence that higher GRE verbal scores have an 

increased impact on PhD or Professional degree entry for more recent cohorts (those with the 

least labor market experience).  However, the impact of the quantitative score has not changed 

over time.  If returns to quantitative skills have risen over time, the impacts must have been 

neutral across education levels. 

 Our main results concerning the impact of changing cognitive skills on graduate school 

choice are illustrated in Figures 3-5, using the results from Table 3.  The simulations are carried 

through to 1993 because all necessary information was available, although the parameter 

estimates are based on data just through 1986.  The most dramatic changes are due to changes in 

the GRE quantitative score.  As shown in Figure 3, the proportion of students stopping at the 

bachelor’s degree rises and falls with the average quantitative GRE score, while the likelihood of 

seeking doctoral or professional degrees is negatively related to the quantitative GRE.  The result 

from Table 3 that the marginal impact does not vary across graduation cohorts suggests that this 

is a result of rising quantitative skills and not rising returns to those skills. 

 Because verbal scores raise the likelihood of seeking advanced degrees, rising GRE 

verbal scores in the 1960s and 1970s tended to increase the likelihood of entering graduate 



school.  However, the erosion in verbal skills indicated by the steady decline in average GRE 

verbal scores since 1975 have tended to reverse that effect.  By 1993, most of the increase in 

predicted probability of seeking advanced degrees associated with verbal skills had disappeared. 

 Putting the two effects together, we show in Figure 5 that changes in quantitative skills 

increased the probability of seeking a doctorate until 1978 and then the probability began a slow, 

steady decline.  The probability of stopping at the bachelor’s degree level began to rise at the end 

of the 1980s.  Since that time, the probability of seeking a professional degree has fallen the most 

for the post graduate educational options. 

B. Estimated Returns to Post Graduate Education 

 Table 4 contains the Ordinary Least Squares and Two-stage estimation of the log 

earnings equation (1).   Both sets of results correct for sample weights.  Least squares estimates 

of returns to graduate education are positive and significant.  However, the implied annual 

returns are small.  Assuming a Master’s program takes two years and a PhD program takes 6, 

implied annual returns are only 5.9% and 4.3% respectively.10  Annualized returns to 

professional degrees are more reasonable at 15.1%, assuming a four year program.  There is a 

significant positive return to GRE mathematics scores, but no measurable return to verbal skills.  

There is a significant premium for postgraduate degrees in business and a significant discount for 

postgraduate degrees in the sciences. 

 Controlling for the likely endogeneity of the schooling choices raises the measured 

returns to advanced degrees.  The implied annual return to a Master’s degree rises to 10.1%, and 

the returns to a Ph.D. rises to 13.9%, very similar to instrumental variable estimates of the 

returns to a year of education obtained at lower levels of education.  The annualized return to a 

professional degree rises to 23.3%.11   



 Returning to the two alternative possibilities discussed at the beginning of the paper, our 

findings are consistent with the hypothesis that students who would be atypically successful in 

graduate school are actually more likely to halt their education at the bachelor’s level.  

Consequently, average earnings of bachelor’s degree recipients overstate the opportunity cost 

faced by those opting to pursue advanced degrees.   

 Our assessment is that the sorting is most easily observed when examining the role of the 

average GRE quantitative score.  As indicated before, higher average GRE quantitative scores 

actually lower the probability of pursuing graduate education, even though strong quantitative 

skills are presumed to increase the likelihood of success in graduate school.  Consequently, 

atypically strong graduate school prospects are actually less likely to pursue graduate training.   

 We can illustrate the impact of changing GRE scores on observed returns to schooling.  

We simulate how GRE scores alter log earnings directly and indirectly through their implied 

impact on the probability of receiving an advanced degree illustrated earlier in Figure 5.  The 

results of the simulation are shown in Figure 6.  The direct effect of increases in the GRE 

quantitative score is to raise earnings, although the coefficient is no longer precisely estimated.  

There was little direct effect of the verbal score on earnings.  The rise in average GRE scores 

also lowers the likelihood of attending graduate school, which counteracts the positive direct 

returns to quantitative scores.   

 The GRE verbal score does have an impact on earnings through its influence on post 

graduate training.  However, when GRE scores start to slide, the resulting earnings retreat to just 

2% above their 1963 level.  The summed effects of the changes in GRE scores is a modest 

increase in average earnings across all college graduates. 



 These are the average earnings effects, but they can be used to motivate the hypothesized 

sorting effect discussed above.  Those who do not go on to graduate school are drawn atypically 

from the upper tail of the GRE quantitative distribution and the lower tail of the GRE verbal 

distribution, both of which are expected to raise their earnings.  On the other hand, those who go 

on to graduate school are drawn disproportionately from the lower tail of the quantitative GRE 

distribution and from the upper tail of the GRE verbal distribution, both of which lower their 

opportunity costs of graduate school.  Consequently, the observed premium of average earnings 

for post graduate degree holders over bachelor’s degree recipients understates the true returns to 

graduate school.  Correcting for the sorting raises the estimated returns, as found in Table 4. 

V. Conclusion 

 Returns to advanced degrees are positive and significant.  Least squares estimates are 

quite low, on the order of 5% per year.  Estimates increase in magnitude after controlling for 

likely endogeneity of the choice of pursuing an advanced degree, with estimated returns of 

comparable size to those estimated for schooling more generally.  The findings of downward 

bias in least squares estimates of  returns to graduate education are similar to findings in other 

settings. 

 Our study points out an interesting role for cognitive skills in the market for advanced 

degrees.  Students in majors with higher average quantitative GRE scores are less likely to attend 

graduate school, even though such students presumably are more likely to be successful in 

graduate education.  The opposite happens for verbal skills—students in majors with higher 

average verbal GRE scores are more likely to attend graduate school.  This leads to a sorting 

effect whereby students whose cognitive skills would suggest lower earnings at the bachelor’s 

level are more likely to attend graduate school.  This sorting effect appears to be part of the cause 



of the downward bias in estimated returns to graduate education—the average earnings of those 

who do not go to graduate school overstate the opportunity costs of graduate education for those 

who do pursue advanced degrees.  

 These conclusions are subject to the usual caveat that our instruments may not be valid, 

although we do try to control for unmeasured ability to a greater extent than has been possible in 

most studies.  Nevertheless, we must acknowledge that to the extent that remaining unmeasured 

ability is important and correlated with our measures of family background variables, our results 

may still be subject to biases that we cannot control with the data at hand. 
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Table 1: Descriptive Statistics (N = 67565) 

  Variables Mean 

Demographics Age (Year) 41.2  

 Experience (year) 17.4  

 Male 72.3% 

  Citizen 95.6% 

Education BA 54.9% 

 MA 28.7% 

 PHD 6.3% 

  Professional Degree 10.1% 

Race Hispanic 3.1% 

 White 84.9% 

 Black 5.2% 

 Asian 6.6% 

 Native American 0.2% 

Earnings   (1993 dollar) Overall 53864.2 

 BA 47900.5 

 MA 53325.4 

 Ph.D. 59656.6 

 Professional Degree 84154.6 

Parents Education Mother Less Than High School 15.4% 

 Mother High School Graduate 39.8% 

 Mother Some College 21.1% 

 Mother College Graduate 15.1% 

 Mother More than College 8.6% 

 Father Less than High School 18.9% 

 Father High School Graduate 26.8% 



 Father Some College 18.1% 

 Father College Graduate 17.6% 

 Father More than College 18.5% 

BA Major Field Science Majors 34.2% 

 Engineering Majors 20.5% 

 Social Science Majors 32.6% 

 Business Majors 3.2% 

 Other Majors 9.5% 

 



 

Table 2: Average GRE Score for the major, by attributes of individuals in the 
major 

Individual Attribute  Verbal GRE Quantitative GRE 

BA  500.8 581.9 

MA  502.4 568.7 

PhD  508.2 573.0 

Professional Degree  515.4 555.7 

Science Majors  512.0 606.0 

Engineering Majors  469.2 649.5 

Social Science Majors  518.6 518.5 

Business Majors  475.4 542.3 

Other Majors  502.4 507.5 

White  503.6 573.9 

Black  504.9 553.2 

Asian  497.1 604.0 

Native American  506.9 563.2 

Male  501.0 585.3 

Female  509.0 547.8 

 

 



 

Table 3. Multinomial Logit Estimation of  Higher Education Choices  

       

Variable MA   PhD   Professional 

FAMILY BACKGROUND       

Mother Less than High School 11.761 (4.631) 19.793 (5.517) -10.943 (9.509) 

Mother Some College 4.699 (4.199) 22.042 (4.849) 17.853 (6.962) 

Mother College Graduate 5.240 (4.974) 23.397 (5.554) 25.252 (7.942) 

Mother More than College  25.027 (6.244) 72.327 (6.462) 47.826 (9.290) 

Father Less than High School -6.206 (4.699) -15.268 (5.652) -29.190 (9.165) 

Father Some College -1.530 (4.623) 0.706 (5.426) 8.875 (8.105) 

Father College Graduate 8.561 (4.833) 14.482 (5.558) 27.429 (8.408) 

Father More than College 41.654 (5.162) 68.782 (5.739) 91.234 (8.190) 

Rural Background -18.073 (3.244) -23.859 (3.634) -40.157 (5.687) 

GRE       

Verbal mean -0.244 (0.207) 1.353 (0.244) 3.051 (0.309) 

Quant. mean 0.095 (0.092) -0.442 (0.118) -1.551 (0.155) 

Verbal stdv 0.230 (0.037) 0.141 (0.042) -0.287 (0.074) 

Quant. Stdv -0.204 (0.034) -0.135 (0.038) 0.247 (0.065) 

Verbal mean * experience 0.027 (0.009) -0.004 (0.011) -0.066 (0.016) 

Quant. mean * experience -0.003 (0.004) 0.001 (0.005) 0.002 (0.007) 

Foreign Student Ratio -57.679 (16.472) 150.053 (12.596) 163.878 (18.018) 

 UNDERGRADUATE MAJOR           

Science group -87.165 (7.857) -20.648 (8.836) 248.189 (18.508) 

Engineering group -61.213 (10.372) -56.204 (12.212) 154.873 (26.275) 

Social science group -72.173 (6.493) -94.964 (7.950) 117.228 (16.424) 

Business group -65.632 (10.123) -153.638 (18.839) -100.075 (55.811) 



 DEMOGRAPHICS             

Male  -22.608 (3.534) 34.276 (4.263) 65.969 (5.959) 

Citizen  -38.382 (5.615) -151.576 (6.281) 33.981 (11.684) 

Hispanic  -4.564 (5.721) -27.285 (8.790) 7.366 (8.841) 

Black  -4.854 (4.958) -31.521 (9.343) -16.717 (8.700) 

Asian  23.654 (4.333) 35.818 (5.217) -7.600 (7.865) 

Native American 10.595 (15.253) 26.883 (17.339) -53.771 (27.508) 

 OTHER             

Postdoc  10.075 (2.745) 3752.491 (4.853) -10.004 (4.779) 

Experience -4.686 (6.153) 9.423 (7.693) 43.567 (9.762) 

Experience squared -0.037 (0.042) 0.087 (0.048) -0.268 (0.069) 

constant 16.366 (122.127) -724.454 (164.752) -1243.780 (185.444) 

* Coefficients and standard deviations are scaled up by 100. 

 



 
Table 4:  Ordinary Least Squares and Two-Stage Estimation of the 
Log Earnings Function 

 

     

Equation OLS Estimates   IV Estimates   

Variables Coef. Std. Err. Coef. Std. Err. 

     

MA 11.481 (0.685) 19.255 (14.341) 

PhD 24.982 (0.755) 78.190 (12.677) 

Professional 56.375 (1.286) 83.652 (8.575) 

         

Verbal mean 0.037 (0.042) -0.047 (1.404) 

Quant. mean 0.184 (0.018) 0.239 (1.432) 

Verbal stdv 0.031 (0.007) 0.028 (0.011) 

Quant. Stdv -0.026 (0.007) -0.024 (1.980) 

Verbal*Experience -0.006 (0.002) -0.006 (1.169) 

Quant.*Experience 0.000 (0.001) 0.000 (1.030) 

Foreign Student Ratio -3.989 (2.899) -13.108 (12.321) 

          

Science Group -6.843 (1.581) -10.482 (1.235) 

Engineering Group -0.126 (2.136) -2.768 (3.652) 

Social Science Group 1.467 (1.286) 2.665 (27.491) 

Business Group 10.725 (1.941) 13.148 (0.051) 

         

Experience 5.856 (1.221) 6.044 (0.011) 

Experience Squared -0.038 (0.008) -0.044 (0.024) 

Male 16.655 (0.739) 14.861 (0.009) 

Citizen 10.414 (1.255) 16.089 (0.001) 



Posdoc -36.983 (1.112) -79.752 (0.002) 

Hispanic -5.317 (1.122) -4.305 (3.779) 

Black -9.399 (0.930) -7.851 (4.432) 

Asian -8.175 (0.875) -9.200 (4.130) 

Native American -14.880 (3.382) -13.891 (2.921) 

          

Constant 880.841 (24.337) 885.358 (3.298) 

R square 22.870   13.930   

*Coefficients and bootstrapped standard deviations are scaled up by 100. 

 



Figure 1. Estimated Returns to Schooling Relative to High School Graduates: 1976-1998
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Notes:  Values based on coefficients from annual regressions of log weekly wage on a vector of dummy variables indicating educational 
attainment, age, age squared, and a vector of demographic dummy variables.  Data taken from the March Current Population Survey (1976-
1998)
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Figure 2: Trends of Observed and Corrected GRE Verbal and Quantitative Scores, 
1963-1997
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Figure 3: Simulated Probability of Schooling Choices from Changes in the 
Quantitative GRE Score, all else equal

(1963 normalized to 1)
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Figure 4: Simulated Probability of Schooling Choices from Changes in the 
Verbal GRE Score, all else equal

(1963 normalized to 1)
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Figure 5: Simulated Probability of Schooling Choices from Changes in both the 
Quantitative and Verbal GRE Scores, all else equal

(1963 normalized to 1)
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Figure 6:  Simulated Direct and Indirect Impact of Changes in GRE Scores on the 
Average Earnings of Bachelor's Degree Recipients, 1963-1993

(in 1993 dollars)
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1 See Ehrenberg (1992) for a review.  The most recent study of which we are aware is Jaeger and 
Page (1996).  Earlier studies include Ashenfelter and Mooney (1968) and Taubman and Wales 
(1973).  There is a vast literature on incentives to enter and returns to specific graduate degrees, 
pioneered by Richard Freeman (1976 a, b; 1999).   
 
2 In their study of twins data, Ashenfelter and Rouse (1998) found that family background 
variables strongly affected educational choices but did not affect earnings, exactly what one 
would want in an instrument.  However, as Card (1999) argues, even that is not sufficient to 
validate family background measures as instruments if family background is correlated with 
unobservable ability.  
3 See Griliches (1977) and Card (1999) respectively for early and recent reviews of this 
literature. 
 
4 Considerable attention has also been paid to problems of measurement error in years of 
schooling.  That is unlikely to be a problem in our application as the information on schooling 
levels improves as years of education increase.   However, our two-step estimation procedure 
designed to correct for the endogeneity problem would also serve to correct for biases associated 
with measurement error in schooling levels. 
 
5 This last assumption would be strengthened if we had measures of individual success in the 
major (GPA, GRE scores) rather than averages for the major in the year the individual graduated.   
 
6 The predicted probabilities sum to one, so any three values imply the fourth.  For our purposes, 
it is convenient to use the bachelor’s degree choice as the reference group, so that the 
coefficients on the predicted probabilities of M,D, and P will yield the additional income earned 
from selecting additional graduate schooling relative to the bachelor’s degree.  
 
7 The Educational Testing Service provided this data for selected years:1963, 1974 to 1976, 1983 
to 1986. The number of majors included in the report varied from 21 majors in 1963; 92 majors 
in 1974 – 76; and 98 majors in 1983 – 86.  These were aggregated into 28 major groups to 
correspond with the majors reported in the SESTAT. The GRE did not report data on 9 of the 
majors 1963, and so the nearest included major was used: e.g. computer science was placed in 
mathematics; agricultural and food science was placed in biology; and so on.  Once consistent 
data series were generated for the four reporting dates, the values were interpolated to generate 
continuous values for the intervening years. As most average scores change very slowly, this 
process is unlikely to generate wildly inaccurate estimates of average scores by major. 
 
8 We presume that the average doctoral program takes six years and that the percentage of 
foreign graduates completing the program is proportional to the percentage taking the GRE exam 
six years earlier. 
 
9 Bishop (1989) traced the time path of 12th grade high school cognitive skills.  Our GRE scores 
would lag his measures by four years.  The timing of the decline in verbal and quantitative scores 
is roughly consistent with the pattern of scores he reported for the Iowa Test of Basic Skills. 
 



                                                                                                                                                             
10 Jaeger and Page (1996) also estimate similarly small returns to Master’s and PhD degrees 
under the assumption of exogenous education levels.  Their estimation method includes both 
years of schooling as well as dummy variables indicating degree, so our annualized results are 
not directly comparable to theirs. 
 
11 These are likely to be overstated in that we do not incorporate tuition costs into the analysis, 
and these are likely to be substantial for professional degrees.  In contrast, tuition is often waived 
in doctoral programs. 


