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I.  Characteristics of Employed Ph.D. Recipients 

 Table 1 presents the sample weighted averages for employed doctorates in the 

United States in 1997 by gender and race.  There are sharp differences between men and 

women and between races in field of study, sector of employment and nature of work. 

 Women who hold doctorate degrees are less likely to be married and to have 

children than are similarly educated men.  This suggests that for women home-life may 

be less compatible with jobs requiring the highest levels of education.  Surveys of 

average time allocation for men and women show that married women still face a 

disportionate share of household and child-care responsibilities.  These societal 

expectations may induce some women doctoral recipients to delay or avoid marriage and 

children to a greater extent than men.  In addition, women desiring marriage and family 

life may opt not to pursue the doctorate, presumably one reason why women represent 

only 23 percent of employed Ph.D.s. 

 Other demographic attributes are similar between men and women Ph.D.s.  On 

average, women are 1.6 years younger than men and are equally likely to be disabled. 

 Male Ph.D.s are nearly equally distributed across engineering, the biological 

sciences, the physical sciences and the social sciences.  In contrast, nearly half of women 

Ph.D.s are in the social sciences and another third are in the biological sciences.  Relative 

to men, women are much less likely to earn doctorates in computer science, engineering, 

mathematics, and the physical sciences. 

 Women and men also differ in job and employer attributes.  Women are 

somewhat more likely to find work closely related to field of study.  Women are much 

more likely to work part-time and average 2.3 fewer years of job tenure.  Nevertheless, 



job tenure for both male and female doctorates is 2 to 3 times higher than average tenure 

or workers in the economy as a whole.1 

 Over half of women doctorates are employed in academia, while just under half of 

men doctorates are employed by academic institutions.  Private sector firms are the next 

most important employer of Ph.D.s, with 35 percent of men and 22 percent of women 

locating in that sector.  Government agencies employ 12 percent of male doctorates and 

11 percent of female doctorates.  Women are more likely to be self-employed and to 

work for nonprofit agencies.  The prevalence of women in academia and self-

employment likely reflect the greater flexibility of hours of work in those sectors.  

Similarly, the lower proportion of women working for private firms reflects the 

prevalence of more rigid hours scheduling. 

 As is true in the labor market as a whole, institutions and firms employing women 

are smaller on average.2  As pay is positively correlated with firm size, this and many 

other differences in job and employer attributes between men and women may lead to 

differences in average pay between men and women Ph.D.s.  These differences are 

substantial.  Women’s log salary lags men’s by 0.25 log points, suggesting that women 

doctorates earn 78 percent of male doctorates,3 nearly the same as the pay gap between 

men and women in the economy as a whole.4  Analysis below will determine the extent 

to which pay differences can be explained by differences in personal and job attributes 

between male and female doctorates. 

 There are also differences in the attributes of doctorates of different racial 

backgrounds.  Asian doctorates are younger on average while Native American 

doctorates average over 50 years of age.  The age differences reflect a disproportionate 



share of Asians among young Ph.D.s.  Asian Ph.D.s are more likely to be males with 

spouse’s and children, compared to other racial groups.  Native American doctorates have 

a higher incidence of disability than other groups. 

 There are some sharp differences in disciplinary choices.  Asian doctorates 

atypically select engineering, mathematics and computer science fields.  Blacks and 

Native Americans are more likely to select social science disciplines.  Whites and 

Hispanics have almost identical field distributions. 

 There are corresponding differences in sector of employment.  Nearly half of 

Asian doctorates work for private for-profit firms, less than one-fifth of Black and Native 

American doctorates work in that sector.  Academia attracts a larger proportion of 

Blacks, Hispanics and Native Americans than of Whites and Asians.  Whites and Native 

Americans are somewhat more likely to work for small firms. 

These differences in average personal and job characteristics can affect average 

wages for these groups.  Relative to white doctoral salaries, Black doctorates earn 91 

percent, Hispanics earn 92 percent, Asians earn 95 percent and Native Americans earn 89 

percent.  For Asian doctorates, the earnings gap relative to white doctorates is similar to 

the overall gap across all education groups.  For Blacks, Hispanics and Native 

Americans, the gap in pay at the doctoral level is narrower than the overall gap. 

II.  Determinants of Earnings by Sector 

 Earnings of Ph.D.s differ by sector of employment.  There is a significant gap in 

earnings between private sector employees and the other sectors.  On average, doctorates 

in the private sector earn 17 percent more than in government, the next highest sector.  

Government salaries average 8 percent above those in nonprofit institutions, 21 percent 



more than those in academic institutions and 28 percent above the self-employed.  The 

pay premium for private sector employees over self-employed doctorates is 51 percent. 

 Such substantial gaps in average pay may seem surprising, but there are 

substantial differences in the characteristics of doctorates in the various sectors that help 

to explain the differences in pay. 

 Table 2 illustrates some of the differences in individual and job attributes across 

sectors.  The self-employed had the lowest average earnings, but 35 percent of the self-

employed worked part-time.  The self-employed were also atypically female (38%) and 

concentrated in the social sciences which would also help to explain the lower average 

salaries. 

 In contrast, doctorates in private sector were atypically male (85%) with degrees 

in engineering (29%) and the physical sciences (28%).  The social science share of the 

private sector jobs (16%) was much lower than in the other sectors. 

 Nonprofit jobs are also atypically part-time (9%), filled by women (33%), and use 

social science degree holders (47%).  The government and academic sectors have similar 

demographic and degree distributions.  Means for those sectors tend toward the average 

across all sectors. 

 There are clearly differences in individual and job characteristics between sectors 

that can explain some of the differences in average earnings.  The relationship between 

these characteristics and earnings is explored in Table 3. 

 Table 3 reports the percentage change in annual earnings from a percentage 

change in individual or job characteristics.  These estimates are derived from the 

coefficients of a regression of the logarithm of annual earnings on the various variables.  



The estimation controls for possible self-selection bias.  Because individuals choose their 

sector of employment, earnings will reflect the attributes of those in the sector rather than 

the earnings of a randomly selected Ph.D.  By controlling for selection bias, the reported 

coefficients reflect the expected returns to the universe of doctorates rather than the 

returns to the subset of doctorates who actually work in the sector.  Details on the 

estimation are in Appendix A. 

 The results of the estimation suggest that those who are most likely to enter the 

private sector or academia will earn salaries below those who opt out of those sectors.  IN 

other words, those with the strongest tastes for private sector or academic employment 

accept lower wages than the average doctorate.  Self-selection does not appear to affect 

observed pay among the self-employed. 

 Holding job and other personal attributes fixed, men earn 17 percent in the 

nonprofit sector, 19 percent more in academia, and over 23 percent more in self-

employment.  There are no significant differences in pay between the sexes in private or 

government sector employment after controlling for other factors. 

 Blacks earn a 19 percent premium over white doctorates in the private sector but 

earn 12 percent less in academia.  Black and white pay are not statistically distinct in the 

other three sectors after controlling for other factors.  Comparison of Hispanic and white 

pay yields almost identical results to the black-white comparison by sector.  In contrast, 

in the private sector, Asian doctorates earn 17 percent less than otherwise equivalent 

white doctorates.  White and Asian pay are not statistically distinct in the other sectors.  

Native American pay lags white pay in four of five sectors but is only statistically 

different in academia. 



Disability does not have a significant adverse effect on earnings in any sector, 

although this may be due more to small samples than to the lack of an adverse effect.  

There appear to be adverse effects of disability on earnings in self-employment and in the 

nonprofit sector, albeit not precisely estimated. 

The various degree fields earn different premia in the various sectors.  Other 

things equal, doctorates in the social sciences and in the mathematical disciplines earn the 

most in the private sector.  Doctorates in the physical sciences and engineers earn 

significantly less in the private sector. 

Doctorates in engineering and the physical sciences earn significant premia in 

academia and government.  Doctorates in the mathematical disciplines also do well in 

government.  Earnings in the non-profit sector and self-employment do not differ 

significantly by field of doctoral degree. 

Administrators earn hefty premia in all sectors, as do those providing health 

services.   Post-doctoral appointments earn about one-third less than professional and 

scientific positions in all sectors except self-employment where the definition of post-

doctoral position is not clear. 

Doctorates earn a premium for finding employment closely related to their field.  

In all sectors, finding a job that only somewhat relates to the Ph.D. field results in lower 

earnings.  Finding a job unrelated to the Ph.D. field lowers earnings even further.  The 

adverse consequence of finding a job outside the Ph.D. field is smallest in the private 

sector and largest in self-employment and the non-profit sector. 

In the economy as a whole, pay is higher in larger firms (Brown, Hamilton, and 

Meadoff (1990)).  This holds in the market for doctorates as well.  In all sectors, earnings 



are higher in institutions with over 1000 employees than those below 500 employees.  

The pattern of rising earnings with increasing employer size is particularly apparent in 

the private, nonprofit and government sectors. 

The pattern of earnings over the life cycle is determined by the coefficients on 

age.  The pattern of earnings over a career with an employer is determined by the 

coefficients on job tenure.  Because the pattern of returns is nonlinear, it is easier to 

assess them by simulation. 

Figure 1 shows the age earnings profiles for an average doctorate in each sector.  

The profiles trace out log-earnings holding individual demographic variables and field of 

study fixed.  Age is believed to be a proxy for general work experience, a reasonable 

assumption In the market for Ph.D.s.  As age and work experience increase, the 

doctorate’s productivity is assumed to rise at a decreasing rate.  Eventually, the profiles 

may begin to decline, as they do in the nonprofit and self-employment profiles around the 

age of 50. 

Self-employment sector profiles dominate the others at all ages.  Private sector 

and nonprofit profiles overlap initially, but steeper increases in the private sector begin to 

dominate by age 45.  Age profiles for academic and government sectors lie below the 

others. 

Average tenure for Ph.D.s is high relative to the economy as a whole.  Job tenure 

is also believed to be productive.  The profiles in Figure 2 simulate the returns to tenure 

for an average doctorate through 40 years of job tenure. 

The steepest returns to tenure are for the self-employed, peaking after 26 years of 

tenure.  Academia has the next steepest profiles which peak at about 30 years of tenure.  



The nonprofit and government tenure profiles are nearly linear and overtake the academic 

profiles after 30 years of tenure.  Returns to tenure in the private sector lage those in the 

other sectors. 

Figure 3 adds the effects of tenure and work experience and then adds the 

expected value of all other attributes in the sector evaluated at sample means.  These 

simulations are the closest to reflecting the expected earnings profile that a given 

doctorate recipient would face in deciding on continuous employment in each of the five 

sectors. 

Despite having relatively flat age and tenure profiles, the private sector dominates 

earnings in the other sectors.   Returns to the other attributes shift the private sector 

earnings profile upward. 

Self-employment has the highest returns to experience and tenure but has 

relatively low returns to the other factors.  Expected returns to self-employment initially 

lag those in academia but overtake the academic profile by age 30.  The government and 

nonprofit sectors lag the other three profiles. 

III.  Sector Choice 

 The earnings functions estimated in Part II allow us to predict sectoral earnings 

for every doctorate in every sector, even if they are not employed in that sector.  This 

makes feasible the estimation of a model of sector choice. 

 The model assumes that an individual’s expected utility from working in sector j, 

Uij, depends on wages Wij, and individual human capital and demographic attributes Xi.  

The utility can be specified as 

ijijiijWojij XWU εγγγ +++= ln  



 Individual I will choose sector j if expected utility exceeds that in all other 

sectors.  If the error terms, ijε , have a Wiebull distribution (McFadden (1982)), then the 

parameters can be estimated using a mixed multinomial logit specification with the 

restriction that wages have the same effect on utility, wγ , in all sectors.  The model 

explained 36.5 percent of the variation in sector choices made by Ph.D.s. 

 The original coefficients of the estimation are reported in Yap (2000).  We 

summarize the most important results.  First, as shown in Table 4, sector choice is 

extremely responsive to relative expected earnings across sectors.  The top numbers 

reported are wage elasticities which are interpretable as the percentage change in the 

probability of selecting a sector, given a 1 percent change in the wage.  For example, a 1 

percent change in private sector earnings will raise the probability of selecting private 

sector employment by 3.3 percent.  On the other hand, a 1 percent increase in government 

wages will lower the probability of choosing private sector employment by 0.5 percent.  

Wage increases in the other sectors also lower the probability of choosing employment in 

the private sector.  The estimation imposes the logical restriction that equal percentage 

wage increases in all five sectors will leave sector choices unchanged. 

 Sector changes are most sensitive to own sector wages.  However, wages in the 

private sector and in academia have the largest cross effects on incentives to choose 

employment in the other sectors. 

 Table 5 reports the effects of current age and age at graduation on sector choice.  

In general, the effects are small.  As Ph.D.s get older, they are less likely to be employed 

in the private sector and marginally more likely to be employed in the other four sectors. 



 For every year that a graduate student remains in school rather than complete the 

Ph.D., the probability of being in the private sector drops by 0.8 percentage points.  Older 

age at graduation increases the probability of being in government or academic 

employment.  Again, these effects are very small. 

 Table 6 reports the impacts of demographic variables and Ph.D. degree field on 

the probability of choosing the five sectors.  Men are 11.6 percent less likely to be 

employed in academia than are otherwise equivalent women.  Men are 8.7 percent more 

likely than women to be employed in the private sector and 4.4 percent more likely to be 

in the government sector. 

  Black, Hispanic, and Native American doctorates are about 10 percent more 

likely than observationally equal white doctorates to find employment in Academia.  

White doctorates have modestly higher employment probabilities in the other four 

sectors.  Asian doctorates are 12.1 percent more likely than white doctorates to be 

employed in the private sector but are 10.3 percent less likely to be in academia.  

Doctorates with disabilities are slightly more likely to be in academic employment. 

 There are some sharp differences in sector probability by degree field.  The 

reference is a Ph.d. in the biological sciences.  Those with degrees in the physical 

sciences and engineering are much more likely to find employment in the private sector 

and much less likely to be employed in academic institutions.  Social scientists are 7.1 

percent more likely to be in self-employed and 9.4 percent less likely to be in academia. 

 Referring back to the sample means in Table 1, we find that women are 

disproportionately in self-employment in part because of their greater concentration in 

the social sciences.  Men are relatively less likely to be in academia and concentrate more 



intensively in private sector employment because men are more likely to have fields in 

engineering and the physical sciences.  Asian concentration in the private sector is also 

related to their concentration in engineering. 

IV.  Earnings Differentials by Gender and Race 

 In Table 1, we found sharp differences in earnings of Ph.D.s by gender and race.  

We speculated that some of these differences may be related to differences in productive 

attributes or job attributes between the sexes, races, or ethnic groups. 

 The gap in log earnings between a majority group M and a minority group m can 

be written as 

 mM WW lnln − , (4.1) 

but the earnings function allows us to explain earnings for the majority and minority 

groups by the equations 
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where XM and Xm are vectors of individual attributes.  Estimating (4.2) over the majority 

sample only will yield estimates of 
iMβ  the returns to individual attributes for the 

majority group.  Similarly, mβ  will be returns to those attributes obtained by the minority 

group. 

 The observed difference in log wage can be decomposed into two parts 
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 The first term is the difference in log earnings that can be attributed to differences 

in productive attributes between the two groups.  The second term reflects differences in 



earnings due to differential returns to those attributes.  The second term has been viewed 

as a potential measure of discriminatory earnings differences between groups.  More 

conservatively, it can be viewed as the earning differential that cannot be explained by 

differences in observable productive attributes.  The third term will equal zero in 

expectation. 

 Table 7 presents the results of the analysis of equation (4.4) applied to male-

female wage differences and wage differences between white doctorates and doctorates 

from the other racial and ethnic groups.  The explained differences are summarized by 

attribute type in the columns labeled “Attributes”.  The unexplained differences are 

summarized under the columns labeled “Returns”.  Positive values raise the gap between 

majority and minority groups, while negative numbers work to reduce the observed pay 

gap. 

 Pay for women doctorates lags that of male doctorates by .245 log points so that 

women are paid 78 percent of what men are paid.  Fifty-four percent of this gap can be 

explained by differences in observable attributes.  The most important attributes 

explaining the difference in average wages are degree field, part-time employment and 

sector of employment.  Average pay for women is lower in part because of their relative 

concentration in self-employment, part-time labor, and the social sciences. 

 However, just under half of the wage gap is due to differential returns to 

attributes.  The most important of these is the differential returns to age or work 

experience.  Women have flatter life cycle wage profiles.  Some of this difference is 

artificial:  older women have lower wages relative to men than will younger cohorts as 



they age.  However, reanalysis concentrating only on men and women under age 45 

found similar results. 

 Women also get lower returns to Marriage and family variables.  Marriage and 

children do not seem to interfere as much with male doctoral careers as they do for 

women.  Women also get lower returns within employment sectors, primarily in 

academia. 

 The black-white wage gap is .089 log points, so black doctorates earn 91 percent 

of what white doctorates earn.  Ninety-one percent of this gap can be explained by 

observable differences between black and white Ph.D.s.  The most important are sector of 

employment.  Blacks are relatively less concentrated in the private sector which has 

higher returns.  While the overall gap due to differences in returns is small, blacks did 

have lower returns to academic and nonprofit jobs.  However, this was counteracted by 

apparent higher returns to blacks from age, job tenure and degree field.  Overall, the 

unexplained wage gap between black and white doctorates is less than 1 percent. 

 The Hispanic-White gap is .079 log points, meaning that Hispanic Ph.D.s earn 92 

percent of what white Ph.D.s earn.  Eighty-six percent of the gap can be explained by 

differences in attributes.  Hispanics have lower average age and job tenure, a difference 

that will presumably disappear with time.  Hispanics were disadvantaged in terms of 

occupational status overall, although the effects due to specific occupations are very 

small.  Hispanics also had lower average salary due to lack of presence in the private 

sector. 

 As was the case for blacks, Hispanic Ph.D.s had lower returns to sector of 

employment, primarily in academia.  However, as was the case for black doctorates, 



Hispanic Ph.D.s have higher returns to work experience, degree field and job tenure.  

Overall, the unexplained Hispanic-White wage gap is around 1 percent. 

 The gap in average pay between white and Asian doctorates is .045 log points, 

implying that relative pay for Asians is 96 percent that of whites.  Unlike the other cases, 

none of the gap can be explained by differences in attributes.  In fact, the unexplained gap 

is larger than the overall gap, so Asian doctorates have the advantage over white 

doctorates in attributes.  The gap in returns primarily results from flatter age earnings 

profiles for Asians.  Asian doctorates also earn less premium from male and marital 

status, although these last two effects are not related to market problems.  Overall, the 

unexplained gap in pay between Asian and white doctorates is 5 percent. 

 Native American doctorates lag white doctorates by .118 log points, implying that 

Native American pay is 89 percent that of whites.  Thirty-six percent of the gap can be 

explained by differences in attributes.  The most important attribute is sector of 

employment (underrepresentation in the private sector).  In terms of returns, Native 

American doctorates have flatter returns to job tenure and work experience and lower 

returns to degree field.  In this way, the pattern of unexplained wage differences for 

Native Americans is very different from that of Hispanics and Blacks.  Overall, the 

unexplained gap between Native American and white doctorates is 7 percent. 

 Table 8 explores the stability of the earnings differentials over time.  The earnings 

difference decomposition methodology was applied to the 1993 and 1997 waves of the 

SESTAT data on doctorates.  The analysis looks at the wage differentials between men 

and women and between whites and minorities.  The analysis also examines wage 

differentials between men and women of the same race or ethnicity. 



 Because of differences in available variables over the two years, the specification 

differs somewhat from that used in Table 7.  In particular, we could not control for job 

tenure, part-time work and employer size because these variables were not available in 

1993.  The exclusion of these variables increases the unexplained wage gaps in Table 8 

relative to those in Table 7, but we should be able to assess if the unexplained gaps are 

getting larger or smaller. 

 The male female gap is relatively stable:  the unexplained gap increased from 9 to 

11 percent.  The male-female wage gap is smaller among blacks and Asians and larger 

among Native Americans.  For whites, blacks, and Asians, the unexplained male-female 

gap rose.  It fell among Hispanics and stayed constant among Native Americans. 

 Unexplained wage gaps between whites and other groups got smaller in 3 of 4 

cases:  black, Hispanic and Asian Ph.D.s.  They rose for Native American Ph.D.s. 

 All in all, wage gaps appear to be fairly stable, changing up or down by a few 

percentage points.  The conclusions from Tables 7 and 8 are that wage gaps between 

white and nonwhite doctorates are small.  Nevertheless, white doctorates consistently 

earn a slight premium over otherwise identical nonwhites.  Male doctorates have a larger 

11 percent advantage in pay over otherwise identical women.  This gap is consistent over 

time. 
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Table 1.  Sample Means of the Characteristics of Ph.D. Holders, by Sex and Race 
 
Variable 

 
Male 

 
Female 

 
White 

 
Black 

 
Hispanic 

 
Asian 

Native 
American 

        
Demographics        

Age 48.4 46.8 48.0 47.2 45.6 43.3 50.7 
Male 1.0 0.0 .77 .65 .72 .82 .72 
Married .85 .68 .79 .65 .75 .86 .71 
Married with Children .50 .40 .41 .41 .45 .56 .37 
Disability .07 .07 .06 .05 .05 .03 .17 

        
Type of Degree        

Math/Comp Sci .07 .04 .06 .04 .06 .09 .02 
Physical Science .22 .10 .20 .12 .18 .22 .16 
Biological Science .26 .34 .29 .26 .27 .22 .28 
Social Science .24 .48 .31 .47 .35 .10 .47 
Engineering .21 .04 .14 .11 .14 .37 .07 

        
Job Attributes        

Tenure 11.8 9.5 11.3 8.9 9.4 7.6 12.9 
Part-time .03 .12 .06 .05 .05 .03 .05 
Job Related to Degree .69 .74 .71 .73 .76 .65 .77 

        
Employer Attributes        

Government .12 .11 .11 .11 .10 .08 .13 
Private .35 .22 .29 .19 .25 .48 .19 
Nonprofit .04 .06 .05 .07 .04 .03 .02 
Self-employed .04 .08 .05 .03 .04 .01 .06 
Academia .46 .53 .50 .61 .58 .40 .60 
< 100 employees .14 .19 .16 .12 .12 .12 .17 
> 1000 employees .73 .66 .70 .74 .75 .75 .71 
Log Salary 11.18 10.93 11.07 10.98 10.99 11.02 10.95 

 



 
Table 2.  Selected Means by Sector. 
 
 
 

 
 

Private 

 
Self-

Employed 

 
 

NonProfit 

 
 

Government 

 
 

Academia 
Variable      
      
Demographic      

Male .849 .617 .668 .781 .742 
White .763 .933 .864 .857 .836 
Black .014 .012 .030 .024 .028 
Hispanic .017 .019 .019 .019 .026 
Asian .204 .033 .086 .096 .106 
Native American .002 .004 .001 .004 .004 
Age 46.2 51.7 46.9 48.3 47.7 

      
Degree      

Math/Computer Science .060 .017 .039 .030 .079 
Physical Science .284 .106 .129 .226 .160 
Biological Science .207 .138 .270 .302 .329 
Social Science .159 .669 .474 .306 .319 
Engineering .291 .070 .089 .136 .111 

      
Job Attribute      

Tenure 8.2 11.1 8.7 10.6 12.3 
Part-Time .068 .351 .091 .036 .062 

      
N 8846 1123 1410 3142 15288 
      
Percent of Total 29.7 3.8 4.7 10.5 51.3 
 



 
Table 3.  Impact of Individual Attributes on Doctoral Earnings, by Sector of Employment. 
 Sector 
Attribute  

Private 
Self-

Employed 
 

NonProfit 
 

Government 
 

Academe 
Gender (vs. Female)      

Male .06 23.3** 16.6** 2.6 19.1** 
Race (vs. Caucasian)      

Black 19.0** 18.2 -5.7 -2.2 -12.3** 
Hispanic 18.9** 5.2 6.0 -0.07 -9.6** 
Asian -17.1** -11.0 0.7 -3.5 2.4 
Native American 30.2 -15.2 -14.7 -13.7 -18.8** 

      
Disabled (vs. Not Disabled)      

From Birth 8.1 -36.0 -37.2 2.3 -7.8 
Ages 0-30 6.2 -19.1 -1.8 -2.0 -5.0 
Ages 31-65 1.2 -11.9 -9.6 -2.3 -5.4 

      
Work Experience      

Age 8.6** 11.1** 9.3** 6.2** 5.3** 
Age2 -0.08** -0.11** -0.09** -0.06** -0.05** 
Tenure 1.0** 3.8** 1.6** 1.1* 2.0** 
Tenure2 -.02** -0.07** -0.02 -0.0 -0.03** 
Part-Time -40.2** -46.0** -49.8** -52.7** -45.4** 

      
Degree Field (vs. Life Science)      

Math/Computer Science 7.6* -14.5 10.2 20.0** -1.0 
Physical Science -25.7** -10.5 5.5 17.7** 17.3** 
Social Science 19.1** 8.6 4.1 1.1 1.2 
Engineering -25.6** 1.4 0.3 33.4** 38.4** 

      
Occupation (vs. Professional/Scientific)      

Engineer -6.6** 25.8 8.8 -7.2 7.7** 
Administration 31.8** 50.1** 41.4** 20.1** 52.2** 
Sales and Technical -11.7** 21.7 -1.7 -7.5 -18.0* 
Health Services 51.1** 76.5** 19.0* 10.9* 25.7** 
Other Services -21.3 -42.0** -4.2 -6.8 -3.3 
Post Doctoral -34.8** 30.2* -38.0** -29.2** -31.5** 

      
Working in Field? (vs. Yes)      

Somewhat -3.1* -17.9* -7.5** -5.6** -3.3** 
No -5.9** -30.4** -29.3** -11.1** -10.6** 

      
Employer Size (vs. >5000)      

<10 employees -9.7** -46.1** -39.1** -69.2** 21.8* 
10-24 -4.5 -50.1** -3.6 -25.9 -5.7 
25-99 -0.7 -34.8 -16.8** -14.7* -21.4** 
100-499 0.2 -14.0 -8.1* -13.7** -12.8** 
500-999 5.5 -94.9* -0.8 -19.3** -5.6** 
1000-4999 3.0 -27.6 -4.5 -1.0 6.9** 

λ -.88** .12 .30** .13** -.55** 
Mean of dependent variable 11.21 10.80 10.97 11.05 10.86 
Log likelihood -407291 -112129 -106107 -187971 -481837 
N 8846 1123 1410 3142 15288 
R2 .25 .30 .44 .41 .40 



Table 4.  Elasticities and Marginal Effects of Predicted Earnings on Probabilities of All Choices in the 
Modela. 
 

Wage P(private) P(government) P(nonprofit) P(self-emp.) P(academia) 

Private 3.335 -1.497 -1.500 -1.491 -1.493 
 [1.031] [-0.156] [-0.072] [-0.070] [-0.734] 
 (0.254) (0.039) (0.018) (0.017) (0.181) 
Government -0.050 4.327 -0.500 -0.511 -0.502 
 [-0.156] [0.451] [-0.024] [-0.024] [-0.247] 
 (0.039) (0.111) (0.006) (0.006) (0.061) 
Nonprofit -0.233 -0.230 4.604 -0.234 -0.232 
 [-0.072] [-0.024] [0.221] [-0.011] [-0.114] 
 (0.018) (0.006) (0.055) (0.003) (0.028) 
Self-employment -0.226 -0.230 -0.229 4.600 -0.226 
 [-0.070] [-0.024] [-0.011] [0.216] [-0.111] 
 (0.017) (0.006) (0.003) (0.052) (0.027) 
Academia -2.375 -2.370 -2.375 -2.364 2.453 
 [-0.734] [-0.247] [-0.114] [-0.111] [1.206] 
 (0.181) (0.061) (0.028) (0.027) (0.296) 
 
a Marginal effects are in brackets. Bootstrap standard errors of marginal effects are in parentheses.  

Elasticity = (∂P / P) / (∂W / W); Marginal Effect = ∂P / (∂W / W); P denotes probability, and W denotes   
predicted current annual earnings. (∂Pj / Pj) / (∂Wk / Wk) may not equal (∂Pk / Pk) / (∂Wj / Wj) due to 
rounding. 



 
Table 5.  Effects of Age and Year of Graduation on Sector Employment Probabilitiesa. 
 

Sector Marginal Effect of Age Marginal Effect of Age at Graduation 

Private -1.422(0.362) -0.822(0.164) 
Public 0.569(0.086) 0.321(0.046) 
Nonprofit 0.176(0.060) 0.069(0.034) 
Self-employment 0.422(0.434) -0.115(0.064) 
Academia 0.254(0.242) 0.548(0.190) 
 
a Marginal effect = 100(∂P/∂X), where X denotes a continuous variable. Bootstrap standard errors are 
reported in parentheses. 



 
Table 6.  Marginal Effects of Gender, Race, Disability, and Marital Status on Sector Employment 
Probabilities.a 

 
 
 
Variable 

 
 

Private 

 
 

Government 

 
Sector 

Nonprofit 

 
 

Self-emp. 

 
 

Academia 
      
Demographics      

MALE 8.716 4.383 -1.244 -0.700 -11.611 
 (1.526) (1.128) (0.885) (1.261) (2.525) 
BLACKc -4.086 -2.904 -1.959 -0.989 9.937 
 (1.595) (0.868) (1.384) (1.274) (2.591) 
HISPANICc -3.744 -2.721 -3.049 -0.726 10.240 
 (1.394) (0.823) (0.908) (1.130) (2.067) 
ASIANc 12.117 -0.482 -0.885 -0.455 -10.295 
 (2.562) (0.909) (0.879) (1.414) (3.175) 
NATIVE AMERICANc -4.394 -1.505 -2.975 -0.282 9.157 
 (1.959) (3.279) (2.702) (2.313) (6.051) 
DISABLED -1.759 -1.524 -1.618 0.078 4.823 

 (1.166) (0.687) (1.149) (1.437) (2.446) 
MARRIED 0.460 -0.279 -0.026 -0.080 -0.076 

 (0.388) (0.353) (0.517) (0.311) (0.852) 
Degreed      

COMMATH -0.386 -4.003 -2.755 0.950 6.195 
 (1.271) (1.180) (1.154) (2.904) (3.179) 
PHYSCI 47.042 -1.695 -1.173 3.205 -47.379 
 (8.290) (0.859) (1.157) (6.126) (7.780) 
SOCSCI -2.593 1.660 3.157 7.173 -9.396 
 (1.676) (3.286) (3.914) (42.114) (34.677) 
ENGINRG 77.183 -3.047 -1.393 -0.047 -72.695 
 (9.620) (0.858) (1.329) (1.585) (9.421) 
Base Probabilityb 4.790 4.921 4.477 1.034 84.778 

 
a Marginal effect of D* = 100(P(Yi = j | x* = x, D* = 1) – P(Yi  = j | x* = x, D* = 0)) where x* = x denotes 
all other continuous(discrete) regressors held at means(zero). Bootstrap standard errors in parentheses.  
b Add the marginal effect of an attribute to the base probabilities to get predicted probabilities of sector   
employment for persons having that particular attribute. 
c Relative to Caucasian Ph.D. with otherwise equal characteristics. 
d Relative to Ph.D. in Biological Sciences. 



 
Table 7.  Decomposition of the Gender and Racial Wage Gaps for Ph.D.s. 
 
  

Male-Female 
 

White-Black 
 

White-Hispanic 
 

White-Asian 
 

White-Native American 
Variable Attributes Returns Attributes Returns Attributes Returns Attributes Returns Attributes Returns 
           
Demographics           

Male --    --    .015 .041 .007 .001 -.006 .045 .006 .031 
Race/Ethnicity -.001 -.003 --    --    --    --    --    --    --    --    
Marriage/Family .015 .067 .007 .001 .001 -.003 -.008 .037 .006 .041 
Disability .000 .001 -.000 -.001 -.000 -.001 -.001 -.002 .004 .024 
Age .013 .618 .006 -.028 .019 -.123 .036 .111 -.021 .183 

           
Degree Field .031 -.013 .006 -.034 .000 -.014 -.027 -.006 .011 .109 
           
Job Attributes           

Job Training .002 -.005 .004 -.022 .001 -.022 .000 -.011 .005 -.062 
Tenure .012 -.065 .020 -.028 .016 -.032 .032 -.009 -.010 .109 
Part-Time .030 .001 -.005 -.010 -.006 -.006 -.013 -.007 -.006 -.008 
Job Related to Degree -.003 -.004 -.001 .007 -.002 -.004 .003 -.000 -.001 -.014 
Occupation .005 .009 -.007 -.016 .020 .026 .044 .001 -.011 .027 

           
Employer Attributes           

Sector .028 .036 .043 .081 .022 .044 -.050 -.031 .032 .087 
Firm Size .010 .015 -.005 .002 -.006 .002 -.008 .003 .003 -.035 
Region -.003 -.023 -.003 .005 -.004 -.087 -.007 -.016 .018 -.127 

           
Other -.007 -.521 .001 .000 .000 .192 -.003 -.062 .006 -.288 
           
Summed Differences .132 .113 .081 .008 .068 .011 -.008 .053 .042 .076 
           
Total .245 .089 .079 .045 .118 
           



Table 8. Explained and Unexplained Differences in Earnings between Male and Female Ph.Ds, 1993, 1997. 
 
 1993  1997 

 Total Explained Unexplained  Total Explained Unexplained 

Female vs. Male        
All .802 .906 .094  .800 .891 .109 
White .798 .892 .108  .774 .881 .119 
Black .898 .945 .055  .843 .920 .080 
Hispanic .768 .885 .115  .714 .908 .092 
Asian .814 .945 .055  .757 .929 .071 
Native American .876 .839 .161  .907 .840 .160 

        
Minority vs. White        

Black .898 .950 .050  .896 .962 .038 
Hispanic .912 .966 .034  .919 .986 .014 
Asian .956 .923 .077  .941 .939 .061 
Native American .917 .931 .069  .873 .904 .096 

 



Figure 1:  Age-earnings profiles
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Figure 2:  Tenure-Earnings Profiles, by Sector
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Figure 3:  Age-Earnings Profiles with Tenure and 
Experience
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Appendix A 

 The earnings functions in Table 3 are of the form 

 ijjiij eXW += βln  (A1) 

  where ln Wij is the earnings of the ith individual in the jth sector, Xi is a vector of 

individual human capital and demographic variables, and the jβ  a sector-specific 

parameters relating these characteristics to sectoral earnings. 

 We only observe an individual’s earnings in sector j if he actually is employed in 

sector j.  Consequently, the earnings are subject to self-selection.  If, for example, 

individuals enter occupation j because their skills are atypically valued in sector j, there 

will exist a correlation between the errors ei, and the regressors Xi.  This will bias the 

estimated returns, jβ . 

 In the spirit of Heckman (1979) and Kiefer and Neuman (1989), we can posit a 

model of sector choice so that the ith individual selects sector j when his reservation wage 

(ln ri) is smaller than the wage offered (ln Wij) 

 ijjiiji eXWr +=< βlnln  (A2) 

The reservation wage is not observable, but we observe whether the individual is 

in sector j.  Let Sij be the dichotomous variable which takes the value of 1 when the ith 

individual is in sector j and 0 otherwise.  Suppose the individual sets his reservation wage 

as  

(A3) 

 

ijiiiij ZXr εδα ++=ln



where the Zi include attributes believed to affect an individual’s taste for sector j but not 

his productivity in sector j.  Combining (A2) and (A3) and rearranging, we can define the 

sector choice as  

 
otherwise0

)(if1

=

+−>= iiiiiijij ZXUS δβα
 (A4) 

where iijij εeU −= . 

 Under the assumption that Uij has the standard normal distribution, (A4) defines a 

probit equation were Xi, Zi and are used to estimate the probability that an individual i is 

in sector j.  Furthermore, it can be shown that 

 ijijij j
e ηλβλ +=  (A5) 

where ijλ  is the inverse Mills’ ratio calculated as 

 ,
)((1

))((

)jijjiiii

jijjijii
ij YZX

YZX
γδβα
γδβαφ

λ
+−Φ−

−+−
=  

jλβ  is a parameter, ijη  is a random error uncorrelated with any of the regressors.  The 

sign of 
jλβ  will be positive if raising the probability of individual i being in sector j will 

raise the observed wage.  It is also possible to have 0β
jλ <  so that those who are most 

likely to select sector j have lower expected earnings than those who are least likely to 

select sector j. 

 The estimation method employed for the sectoral earnings function is to employ a 

probit equation to predict sector choice for each of the 5 sectors.  The regressors include 

individual demographic and education attributes.  Measures of the Zi’s (factors that may 

influence tastes for but not wage offers from sector j) are the education levels of the 



individual’s parents.  The probit model is estimated jointly with the earnings function 

(equation 1) to generate unbiased estimates of the jj γandβ . 

 The most interesting result of the probit estimation is the effect of parental 

education on sector choices of their children who earn doctorates.  Mother’s education 

had more influence on their children’s sector choice than did father’s education.



 
Table A1.  Impact of Parental Education on Sector Choices of Their Children with Doctoral Degrees. 
 

 Private Self-Employed NonProfit Government Academia 

Father’s Education      
< High School -.020a .041 -.149** -.057 .066** 
 (.03)b (.057) (.054) (.04) (.024) 
Associate’s Degree -.002 .041 -.062 .02 .027 
 (.03) (.06) (.05) (.04) (.025) 
Bachelor’s Degree -.010 .017 .010 -.013 .023 
 (.03) (.06) (.05) (.04) (.023) 
Graduate Degree -.043 .081 -.04 .018 .052** 

 (.03) (.06) (.05) (.04) (.024) 
      
Mother’s Education      
      

< High School -.057** .000 .108** -.018 .002 
 (.025) (.06) (.05) (.04) (.02) 
Associate’s Degree -.057** .022 -.004 -.029 .069** 
 (.023) (.05) (.05) (.04) (.022) 
Bachelor’s Degree -.050** -.063 .068 -.064* .057** 
 (.022) (.06) (.05) (.038) (.023) 
Graduate Degree -.054** .027 -.004 -.036 .088** 

 (.026) (.07) (.06) (.05) (.027) 
 

a Coefficients from probit estimation of sector choice.  Other regressors include controls for sex, race, 
marital status, disability, children, degree type of the children. 

bStandard errors are in parentheses.  Two asterisks signal significance at the .05 level.  One asterisk 
implies significance at the .10 level. 
 
 
 



Endnotes 

                                                           
1 Median tenure in 1996 was 4 years according to Neumark, Polsky and Hansen (1999). 
 
2 Blau  (1977). 

3 Average wage of women relative to men is equal to )MlnWFexp(lnW
MW
FW

−= where WM = male 

wages and WF = female wages. 
 
4 Blau and Kahn (2000). 


