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REGRESSION AND MATCHING ESTIMATES OF THE EFFECTS OF ELITE 

COLLEGE ATTENDANCE ON CAREER OUTCOMES 
 

ABSTRACT 

 

The central purpose of this research is to estimate the average treatment effect for male 

students that attended elite colleges or universities on career outcomes.   We compare the 

use of OLS regression and propensity score matching methods, and incorporate the role 

of “common support.”  Using data from the Wisconsin Longitudinal Study, we estimate 

various early, mid-, and late career outcomes.  Results suggest that any premium 

associated with elite college attendance occurs in the early career, and wanes thereafter.   
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REGRESSION AND MATCHING ESTIMATES OF THE EFFECTS OF ELITE 
COLLEGE ATTENDANCE ON CAREER OUTCOMES 

 
Numerous past studies have questioned the widespread belief that attending an elite 

college yields an advantage in educational and earnings outcomes.  Criteria in previous 

studies used to classify a college as elite have typically been based upon SAT scores of 

incoming freshman, authoritative ranking systems, and quality of schooling resources.  

Although the exact criteria for classification of colleges as elite have differed, highly 

comparable lists of elite colleges have formed across studies of elite college effects.  

Classifying colleges by admissions selectivity, many studies find strong evidence for a 

significant economic return to attending an elite institution (Brewer, Eide, & Ehrenberg 

1999; Bowen & Bok 1998; Behrman, Rosenzweig, & Taubman 1996; Loury & Garman 

1995; Kingston & Smart 1990; Morgan & Duncan 1979; Solmon & Watchel 1975), while 

some studies find little or no evidence of a significant economic return to attending an 

elite college (Black & Smith 2003; Dale & Krueger 1999; Brewer & Ehrenberg 1996; 

Alwin 1974).   

 Still, it is generally assumed that elite college attendees are more successful 

across their careers.  This study will broach this assumption on two fronts.  First, we ask 

whether elite college attendees’ career success is the result of elite college attendance, or 

whether it is the result of individual characteristics regardless of attendance at an elite 

college.  The key analytical issue in drawing the inference that the observed differences 

in various outcomes actually represent the causal effects of elite college versus non-elite 

college attendance is selection bias.  Since students are systematically sorted across 

institutions on the basis of individual and family characteristics known to be associated 
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with elite college outcomes, student pre-college characteristics must be effectively 

controlled to obtain meaningful estimates of elite college effects.  While most early 

studies use covariate adjustment for individual background characteristics to estimate 

elite college effects on labor market and educational outcomes, several recent studies use 

matching techniques or models designed to adjust for unobserved variables (Black & 

Smith 2003; Dale & Krueger 1999; Brewer, Eide, & Ehrenberg 1999; Brewer & 

Ehrenberg 1996; Behrman, Rosenzweig, & Taubman 1996; Loury & Garman 1995).   

The use of covariate adjustment to estimate elite college effects relies on the assumption 

of linear selection on observables to deal with the presence of non-random selection 

(Black & Smith 2003).  This assumption can mask the failure of the “common support” 

condition; i.e., for any set of values in the conditioning variables there may not be both 

elite and non-elite attendees.  Suppose that only students with high IQ attend elite 

colleges and students with only low IQ attend non-elite colleges; the counterfactual 

outcome, (i.e., high IQ students’ earnings or occupational status when attending non-elite 

colleges), is not identified.  An estimate of a causal effect in the absence of common 

support necessarily yields coefficients that include both the effects of an elite college and 

other pretreatment variables. Even if common support does not pose a problem, the 

assumption of linearity to account for selection bias is problematic, given that there is no 

theoretical justification for a specific functional form and evidence suggests that there are 

important non-linear relationships between ability and returns to schooling (Tobias 

2003). 

This study will compare the use of regression analysis to matching on estimated 

propensity scores.  The propensity score is the conditional probability of exposure to a 
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treatment, i.e. attending an elite college, given a set of observed covariates.  The use of 

the propensity score reduces the problem of dimensionality that curse matching methods.  

Attendees of elite colleges and universities are matched to those students who had similar 

propensity scores to attend an elite institution, but did not actually attend.  Matching 

methods make no functional form assumptions and clearly demonstrating the extent of 

overlap between the treatment and comparison groups in terms of the propensity score 

(Black & Smith 2003).  We address the issue of common support by estimating effects 

only for elite or non-elite attendees that overlap in the distribution of propensity scores.  

To estimate the treatment impact on the treated, rather than the average treatment effect 

for the entire population of interest, the outcome in the untreated state must be 

independent of the treatment assignment.  This is a less rigorous assumption than the 

assumptions needed to estimate the average treatment effect.   

As we stated, we broach the assumption that elite college attendees are more 

successful across their careers on two fronts.  We first question whether the premium 

associated with elite college attendance is causal and explicitly demonstrate how results 

change depending upon which parameter it is that we are in fact estimating.  The second 

major strength and uniqueness of this study is that it examines a 1957 high school cohort, 

allowing for an investigation of occupation and wage outcomes across the career.  Little 

is known about long-term effects of elite college attendance.  We estimate elite college 

effects for educational attainment, early career attainment, mid-career attainment (at 

approximately age 35), and “late” career attainment (at approximately age 53). This study 

is also unique in that it includes the effect of elite college attendance not only on 
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educational and earnings outcomes, but also on occupational status, job satisfaction, and 

employment status across the career. 

We measure college quality using a simple dichotomous variable differentiating 

elite and non-elite college, where elite is measured using Barron’s Profiles of American 

Colleges 1969 College Admissions Selector, which made determinations of categories 

based upon median examination scores for recent freshman classes (including SAT 

scores), grade average or class rank required for admission, and the proportion of 

applicants that the college offered acceptance to.1  Using the Wisconsin Longitudinal 

Study (WLS), a sample of 2,358 male respondents attended college, and 80 attended an 

elite school.  We restrict our analysis to men as the number of working women causes 

insufficient sample sizes to estimate career effects.  We explicitly estimate average 

treatment effects and average treatment effects for the treated, i.e. elite college attendees, 

and we provide these estimates without respect to the region of common support, and 

within the region of common support. 

 

RECENT RESEARCH ON COLLEGE QUALITY 

Recent research on the question of elite college effects is divided on several issues: how 

college quality is measured; which variables are to be included as controls, i.e. which 

inputs or selection and recruitment factors affect the dependent variables of interest; what 

method should be used to deal with selection bias; whether or not there is an elite college 

effect; if there is such an effect, what aspects of the elite institution are paramount in 

                                                 
1 Colleges in the top two categories, “Most Competitive” and “Highly Competitive,” are 
considered “elite.”  Several studies have used Barron’s Profiles as an indicator of elite universities 
(see Behrman, Rosenzweig, & Taubman 1996 and Brewer, Eide, & Ehrenberg 1999).   
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producing that effect; and how the effect of elite institutions may differ by race, class, 

and gender.  We first discuss the definition of “elite,” then discuss in some detail recent 

research that has used matching estimators to examine the effect of college quality, and 

then briefly discuss studies that have used covariance adjustment as the focal method.  

Table 1 is a summary of studies on the effects of college quality. 

-- Table 1 about here -- 

 Studies on elite college effects have differed in their measurement of college 

quality.  The most commonly employed college quality indicator is admissions selectivity 

(often measured by the school’s average SAT score); other indicators include net tuition, 

quality of schooling resources, expenditures per student, freshman retention rates, and/or 

faculty salaries (Behrman, Rosenzweig, & Taubman 1996; Dale & Krueger 1999; Black 

& Smith 2003).  A linearly scored variable may be used to measure quality, where more 

selective colleges have higher values, or quality can be classified using college sector and 

selectivity, where selectivity is a categorical classification (Brewer & Ehrenberg 1996; 

Brewer, Eide, & Ehrenberg 1999; Kingston & Smart 1990; Solmon & Watchel 1975).  In 

such studies, elite is considered the top category, and is sometimes further differentiated 

as elite public and elite private.    

 There are few exceptions to the common set of assumptions in studies of the 

effects of college quality; namely, most studies have assumed that selection bias is 

effectively eliminated by linear selection on observables.  A recent paper by Black and 

Smith (2003) using data from the NLSY uses propensity score matching to estimate 

college quality effects on earnings.  They pay particular attention to the role of common 

support in the estimation of elite college effects.  They find that ability sorting of students 
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is asymmetric: there are more high ability students in low quality colleges than low 

ability students in high quality colleges.  While sorting is not strong enough to cause the 

common support condition to fail, Black and Smith find that it barely holds for persons 

with a high probability of attending a high quality college.  This evidence suggests that 

the assumption of a linear functional form does significantly affect analyses of college 

quality on earnings.  They find that while OLS estimates yield statistically significant 

effects on earnings for a move from the 1st to 4th college quality quartile, there is a 

smaller and statistically insignificant impact using matching.  The estimates in the region 

of common support, in contrast, are all higher than OLS estimates.   

Dale and Krueger (1999) match 1976 entering cohort college attendees from the 

National Longitudinal Survey who had been rejected and accepted by the same or similar 

colleges to remove the effect of unobserved characteristics that influence college 

admission.  They measure several school quality indicators, including selectivity, as 

measured by the school’s average SAT score. They estimate college selectivity effects for 

earnings and academic outcomes and find that students who attended more selective 

colleges do not earn more than students who were accepted and rejected by comparable 

colleges, but attended less selective colleges.   

Behrman, Rosenzweig, and Taubman (1996) use data from a survey of female 

identical and non-identical twins born in Minnesota in 1936-55, most of whom completed 

their schooling in the late 1960s.  They control for prior educational quality, the home 

environment, and for variables that are correlated with school quality inputs by matching 

twin pairs who went to the same primary and secondary schools.  They find that Ph.D.-
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granting private universities with well-paid senior faculty and smaller enrollments 

produce students who have significantly higher earnings later in life.   

 Brewer, Eide, and Ehrenberg (1999) use data from both the NLS of the High 

School Class of 1972 and High School and Beyond utilizing 3 cohorts.  They estimate 

selectivity corrected outcome equations, allowing for the fact that students systematically 

select the type of college they attend on the basis of the net costs they face.  Brewer et al. 

concede that little evidence is found that this correction for selectivity significantly 

affects their results.  They find a large labor market premium to attending an elite private 

college, relative to bottom public institutions, and a smaller premium to attending a 

middle-rated private institution.  There was weak evidence that this was also true for elite 

publics.   

Loury and Garman (1995) use data from the National Longitudinal Study, out-of-

school males with positive earnings, who attended at least one year of a four year college.  

College selectivity is included as a variable indicated by median SAT scores.  Loury and 

Garman employ covariance adjustment for observed variables, but also use regression 

selectivity correction for unobserved variables. They review previous regressions of years 

of schooling, college selectivity, observed ability, work experience, and local labor 

market conditions that have found a large and significant effect on earnings due to 

college selectivity.  They argue that these previous studies do not consider all 

components of a college education and fail to control for performance or the difficulty of 

gaining admission to a selective institution. Bowen and Bok (1998) use data from College 

and Beyond, 1976 college matriculants. They define admissions selectivity based upon 

average incoming student SAT scores, and deal with selection bias by using covariance 
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adjustment for observed variables.  Bowen and Bok find a real wage premium associated 

with enrollment at an academically selective institution; earnings are highest for those 

who attended the most selective schools.   

 Several earlier studies deal with selection bias using covariance adjustment for 

observed variables, and find a significant elite college effect (Kingston & Smart 1990; 

Morgan & Duncan 1979; Solmon & Watchel 1975).  One notable exception is Sewell, 

Hauser, and Alwin (1975) using the WLS and measuring eliteness with the WLS 

prestigious colleges and universities index. They deal with selection bias using 

covariance adjustment, and estimate college effects on earnings for men with some 

college experience.  Before adjustment, they find that men who attended Prestigious 

Colleges and Universities earned $330 more than average, but that after adjustment for 

input variables, these men earned $750 less than average.  Alwin (1974), using 

covariance adjustment for observed variables, estimates the effect of elite college 

attendance on 1964 educational attainment and occupational status for male WLS college 

attendees.  He concludes that the amount of schooling is important in the socioeconomic 

attainment process, but school differences are not as crucial.   

 

ANALYTICAL APPROACH 

The Evaluation Problem 

The estimation of a treatment effect hinges on a counterfactual; that is, inferences must 

be made about outcomes that would have been observed for the treated had they not 

received the treatment (Rubin 1974; Rosenbaum & Rubin 1983).  Let wi = 1 indicate elite 

college attendance, the treatment, and wi = 0 indicate non-elite college attendance, the 
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control.  Two potential outcomes are indicated by Yi1 and Yi0, with Yi1 the value of the 

outcome, or for example, earnings, that would be observed if the unit attended an elite 

college and Yi0 the outcome value observed on the same unit if he or she attended a non-

elite college.  The treatment effect is defined as: 

 ∆ = Yi1 – Yi0.          (1) 

The potential for exposing or not exposing each unit to the treatment is essential.  The 

fundamental problem of causal inference is that it is impossible to observe the value of 

Yi1 and Yi0 on the same unit; i.e. we observe Yi = wiYi1 + (1-wi)Yi0.  A student, for 

example, cannot attend an elite and a non-elite university at the same time.  In effect, we 

face a problem of missing data.   

 

Average Treatment Effects 

An average treatment effect (ATE) is an average partial effect for a binary explanatory 

variable on a randomly drawn person from the population (Woolridge 2000): 

 ATE ≡ Ε(∆) = E(Yi1 – Yi0)      (2) 

The assumption is that the effect of the treatment is the same for all persons.  This 

parameter is often confused with the mean effect of the treatment on the treated.   

To address the fundamental problem of causal inference, we must use a 

comparison group.  In a randomized experiment, the treatment and control samples are 

randomly drawn from the same population.  There is, in the language of Rubin (1977), 

“ignorable treatment assignment.”  In observational studies, the estimation of a causal 

effect obtained by comparing a group of units exposed to a treatment with a 

nonexperimental comparison group that is not exposed to the treatment is likely 
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influenced by selection bias, or the difference between the adjusted outcomes of the 

nonparticipants and the desired counterfactual mean.  While we do not have experimental 

control units, we do have the same set of pretreatment covariates.  Let Xi denote a vector 

of observed covariates.  The assumption required to estimate an average treatment effect 

is: 

 (Yi1, Yi0) ╨ wi | Xi,      (3) 

that is, the assumption is that there is ignorable treatment assignment conditional on the 

observed covariates. 

While the ATE averages the treatment effect across the entire population, the 

average treatment effect on the treated (ATT) is the mean effect for those who actually 

received the treatment: 

ATT ≡ Ε(∆| wi = 1) = E(Yi1 – Yi0 | wi = 1)    (4) 

For example, the estimator above answers the following question: How does elite college 

attendance change the earnings of elite college attendees compared to what they would 

have experienced if they had not attended an elite college?  The equation for the ATT can 

be expanded to emphasize the problem of missing data we face: 

 ΑΤΤ ≡ Ε(∆| wi = 1) = E(Yi1 | wi = 1) – E(Yi0 | wi = 1)    (5) 

While we can estimate E(Yi1 | wi = 1), we can not estimate E(Yi0 | wi = 1).  We can, 

however, again, condition on a set of pretreatment characteristics such that: 

Ε(∆| wi = 1, X)  = E(Yi1 | wi = 1, X) - E(Yi0 | wi = 0, X).   (6) 

The ATT can be consistently estimated under a weaker assumption, that the 

outcome in the base state (e.g., earnings if a student attends a non-elite college) is 

independent of elite college attendance, conditional on the observed covariates.   
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Yi0 ╨ wi | Xi.        (7)2 

If the stronger conditional statement [(Yi1,Yi0) ╨ wi | Xi] is true, then the ATE should 

equal the ATT; generally, the ATE and ATT differ.  Differences between ATE and ATT 

are evidence that the stronger assumption does not hold.3 

 

Propensity Scores Methods 

One method by which to condition on Xi would be stratify the data into bins each defined 

by a particular value of X.  However, as the number of variables increases, the number of 

bins increases exponentially creating a dimensionality problem (Dehejia & Wahba 2002; 

Rosenbaum & Rubin 1983).  Rosenbaum and Rubin (1983) recommend the use of a 

propensity score to reduce the dimensionality of the problem, allowing us to condition on 

a scalar variable.  A propensity score is defined as the probability of assignment to the 

treatment group given a set of observed covariates: 

 p(X) = P(w = 1 | X).       (8)  

While the propensity score is unobserved (all that is observed is the value wi = 1 or wi = 

0), it can be estimated using a probit or logit regression model.  Rosenbaum and Rubin 

(1983) prove that when Y0 outcomes are independent of treatment conditional on X, they 

are also independent of treatment conditional on p(X). 

                                                 
2 Heckman, Ichimura, and Todd (1998) show that a mean independence assumption suffices; that 
is, E(Yi0 | wi = 1, X) = E(Yi0 | wi = 0, X) is the fundamental identification condition.  
3 Technically, ATE = ATT when E(U1 – U0 | X, wi = 1) = 0, where U1 – U0 is the idiosyncratic 
gain for a particular person.  This term added to the difference in population means is the gain of 
participants over the average gain that would be experienced by the entire population of interest 
(see Heckman 1997; also see Quandt 1988 for a discussion of the “switching regression” model). 
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The conditional average treatment effect on the treated can now be estimated by 

the following equation: 

Ε(∆| wi = 1, p(X)) = E(Yi1 | wi = 1, p(X)) - E(Yi0 | wi = 0, p(X)).  (9) 

To estimate an ATE, we must also assume that 0 < p(X) < 1; to estimate an ATT, we 

assume that p(X) < 1.4 

 

Matching on Estimated Propensity Scores 

Most studies of college quality have based analyses on the assumption of linear selection 

on observables.  Neither linear regression nor cross-sectional matching does anything to 

account for selection on unobservables.  However, linear regression tends to assume that 

bias resulting from the differential selection of students into elite colleges is taken care of 

by including pre-determined observable characteristics of students in a linear outcome 

model.  Matching using estimated propensity scores has the advantage of comparing two 

similar groups and makes intuitive sense: the effect of attending an elite school is 

estimated by comparing one student who had the propensity to attend an elite school, and 

did attend, with a student or students that had the same (or very similar) propensity to 

attend an elite school, but did not attend.  Propensity score matching solves many of the 

problems we have discussed with estimating treatment effects.  First, the use of 

propensity scores to match units solves the problem of dimensionality.  Second, matching 

methods make no functional form assumptions.  Matched control units serve as 

observation-specific counterfactuals for each treated unit that allow us to avoid potential 

                                                 
4 In other words, while the ATE requires the possibility of a treated analogue for each non-treated 
unit and the possibility of a non-treated analogue for each treated unit, the ATT only requires the 
latter. 
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bias due to misspecification of the functional form in a linear model.  Third, matching 

highlights the problem of common support in a way that linear regression does not (Black 

& Smith 2003).  Regression analysis is not concerned with how similar treated and 

control groups are in the distribution of covariates.  By using propensity score matching 

methods, we uncover how many comparison units are in fact comparable and hence, how 

much smoothing one’s estimator is expected to perform (Dehejia & Wahba 2002).   

 

DESCRIPTION OF DATA AND MEASUREMENT 

Heckman, Ichimura, and Todd (1998) and Smith and Todd (2003) have shown that data 

quality is a crucial component to any reliable estimation strategy.  In particular, matched 

control group data were only found to perform well in replicating the results of the 

experiment when the data satisfied the following conditions: (1) the same data sources 

are used for both treated and controls, so that earnings and other characteristics are 

measured in an analogous way; (2) treated and controls reside in the same local labor 

market; and (3) the data contain a rich set of variables relevant to modeling the 

probability of treatment.  To study the effects of elite college attendance, we use high 

quality data obtained from the Wisconsin Longitudinal Study (WLS).   These data satisfy 

condition 1 and condition 3 well.  Condition 2 is somewhat more problematic, although 

there is a certain geographic correspondence; all respondents originally resided in 

Wisconsin, and the majority of respondents continue to do so throughout their lives.   

The WLS is a random sample of 10,317 1957 Wisconsin high school graduates.  

The data for this study, thus, come from a different historical period than most other 

studies of elite college effects.  The WLS sample predominately includes white men and 
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women who have completed a high school education.  We use survey data from the WLS 

that was collected from the original respondents or their parents in 1957, 1964, 1975, 

1992 and Wisconsin state records.  These data provide a full record of social background, 

schooling and mental ability, and labor market experiences of the original respondents. 

The WLS has enjoyed remarkably high rates of response and sample retention; more than 

80% of the graduate sample responded to the 1992 telephone survey.   

From a total of 10,317 respondents of the Wisconsin Longitudinal Study, 4,092 

of these respondents attended college as of 1975, 2,358 of whom are men.  Out of the 

2,358 male college attendees, 80 attended an elite university.  As the WLS 1957 high 

school cohort of women were oftentimes out of the labor force across the working career, 

there were too few observations to conduct a notable analysis of occupational outcomes.5  

We restrict analysis to respondents who attended college, but did not necessarily graduate 

from college.  We do not restrict attention to college graduates because completing 

college is potentially one of the effects of elite college attendance and intervenes between 

college attendance and later career outcomes.  Confining attention to elite college 

attendance and not graduation is in line with most studies of elite college effects (Black 

& Smith 2003; Dale & Krueger 1999; Brewer & Ehrenberg 1999; see Brewer & 

Ehrenberg 1996 for a survey of earlier literature).  We further restrict analyses to 

respondents that attended college within 2 years of graduation from high school.  We do 

this primarily for comparability between treated and control units.  While most of the 

elite college attendees attend college soon after high school, non-elite college attendees 

attend college from 1957 through the 1980s.  Restricting the analysis to within 2 years of 

                                                 
5 In fact, only 35% of elite college women (a sample size of 17) were full-time workers in 1974. 
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high school helps insure that both groups are facing comparable educational and labor 

market opportunities at similar points in their age trajectory.  This leaves our sample at 

2,286 men who attended college within two years of high school graduation. 

 We examine 12 outcome variables to estimate elite college on career outcomes.  

First we estimate educational attainment using a dichotomous variable indicating 

respondent received a bachelor’s degree and a dichotomous variable indicating 

respondent received a master’s or doctorate degree.  Next, to estimate effects on the early 

career, we use occupational status for respondent’s first job; occupational status is 

measured in Duncan SEI units scaled 0-96.  To measure effects of elite college 

attendance on mid-career outcomes, when respondents are approximately 35 years old, 

we examine occupational status in 1974, started log of 1974 yearly earnings, started log 

of 1974 yearly wage, and job satisfaction in 1974.6  Job satisfaction is measured on a 

scale of 1-4, 4 indicating that a respondent is very satisfied with his or her current / last 

job as a whole, 3 indicating fairly satisfied, 2 indicating somewhat dissatisfied, and 1 

indicating very dissatisfied.  To estimate effects on the late career, when respondents are 

approximately 53 years old, we look at measures that parallel our 1974 outcomes: 

occupational status in 1992, earnings and (hourly) wages in 1992, and job satisfaction in 

1992. And finally, because the WLS collected a detailed employment history in 1992, we 

are able to construct a cumulative measure of unemployment over 17 years of the prime 

working years.  This variable indicates the proportion of months respondents were out of 

work between 1975 and 1992. 

                                                 
6 A started log is defined as a natural log with a $500 constant added to the 1974 yearly earnings, 
1974 yearly wage, 1992 yearly earnings and a $0.50 constant added to 1992 hourly wages before 
taking the logs. 



 17

 

ANALYSIS AND FINDINGS 

Estimation of Propensity Scores 

Prior research on college quality suggests several variables that should be included in a 

model estimating the propensity to attend an elite college: home environment and family 

variables (family size, family income, parents’ education, parents’ occupation), variables 

correlated with school quality inputs (rural / urban high school, public / private high 

school), respondents’ academic differentiation (students’ rank in class, high school grade 

point average and curriculum, test scores including measures of mental ability), 

occupational aspirations, influence of significant others, sex, ethnicity, other measures of 

talent including athletics, and financial aid received (Alwin 1974; Behrman, Rosenzweig, 

& Taubman 1996; Brewer, Eide, & Ehrenberg 1999; Loury & Garman 1995).   

We estimate propensity scores by running probit regressions on a set of observed 

covariates, all known or hypothesized to be related to elite college attendance.  We first 

estimate an equation with 13 independent variables: rank in high school class, mental 

ability, college preparatory program, parent’s income (started log), father’s (head’s) 

occupational status, mother’s education, religion (Catholic and Jewish dummy variables), 

high school math, public / private high school, intact family status, number of siblings, 

and rural / urban residence.  We then estimate a regression on a subset of the long list of 

covariates that includes 7 variables: class rank, mental ability, college track, parent’s 

income, father’s occupational status, mother’s education, and a dummy for Catholic.  To 

estimate propensity scores, we split the sample into k equally spaced intervals of the 

propensity score, and within each interval test that the average propensity score of treated 
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and control units do not differ.  If the test in one interval fails, the interval is split in 

halves and tested again.  This process is continued until, in all intervals, the average 

propensity score of treated and control units do not differ.7  This series of steps can also 

be restricted to the region of common support to improve upon the quality of matches 

used to estimate the treatment effects.   

Table 2 shows the results of running the probit regressions on a binary response 

indicating elite college attendance.  Since the propensity score equation with the long list 

of variables does not significantly increase the predictive power over the short list, we 

chose to use the short list of variables in all further analyses.8 

--- Table 2 about here --- 

 Table 3 presents cumulative distributions of propensity scores grouped by elite 

college attendance, as well as the mean and standard deviation for propensity scores for 

elite and non-elite college goers.  There is a large standardized difference in propensity 

scores between elite and non-elite college attendees.  Almost 90% of non-elite college 

attendees have a propensity score below 0.1.  Even the majority of elite college attendees 

have low propensity scores (almost 40% under 0.1), although this is not uncommon in 

distributions of propensity score estimates (Rosenbaum 1984).  There is, however, 

representation of non-elite attendees in each category that we have elite attendees.   

--- Table 3 about here --- 

                                                 
7 Within each interval, the means of each characteristic are tested for differences between treated 
and control units.  This is a necessary condition for the balancing hypothesis (see Becker & Ichino 
2002). 
8 Matching methods essentially offer no guidance as to which variables to include or exclude in 
the conditioning sets, and the choice of which variables to include can influence results (Heckman 
& Navarro-Lozano 2003).  This is a potential weakness of the use of matching methods. 
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 Figure 1.1 is a boxplot of the estimated propensity scores, grouped by elite 

college attendance.  While the elite boxplot has a majority of observations higher along 

the axis of the estimated probability of elite college attendance, as would be expected, 

there is overlap between the two groups, displaying the opportunity for successful 

matching of treated and control units.  

--- Figure 1.1 about here --- 

It is rare to find two units with exactly the same propensity score; the objective is to 

match a treated unit to the control unit whose propensity score is sufficiently close so as 

to regard them as approximately the same.  When there is substantial overlap in the 

distribution of propensity scores between treated and control units, most matching 

algorithms will bring the distance between propensity scores close to its minimum.  

While the distribution of propensity scores for elite and non-elite college attendees is 

considerably different, matching is achievable due to the large difference in the number 

of observations.  Table 3 provides sample sizes of each group at each distribution 

category to demonstrate that there are adequate numbers of non-elite goers to match to 

elite goers in every category of the distribution of propensity scores.   

 

Regression Estimates 

We first estimate the effect of attending an elite college using ordinary least squares 

(OLS) regressions.  The first regression is a regression of the outcome variable Yi on elite 

college attendance; i.e., this equation is basically a difference in response means between 

elite and non-elite college attendees: 

Yi = α + δ(wi) + ε.       (10) 
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We estimate this first regression to determine how different elite and non-elite college 

attendees look across their careers without respect to causality.  Second, we estimate a 

regression of Yi on elite college attendance and the set of pretreatment covariates: 

Yi = α + δ(wi) + β(Xi) + ε.      (11) 

Ordinary least squares regression assumes that the average treatment effect is equal to the 

average treatment effect for the treated and that these effects are constant across 

individuals.  Third, we estimate a regression similar to the one above, but instead of 

conditioning on the set of covariates, the propensity score plays the role of the control 

function: 

Yi = α + δ(wi) + β p(Xi) + ε.      (12) 

And finally, we estimate a fourth regression, in which we add an interaction term to the 

equation above: 

 Yi = α + δ(wi) + β p(Xi) + γ{(wi)[ p(Xi) – µp]} + ε,   (13) 

where µp is the sample average of  p(Xi), i = 1,2,…N.  The control function in equation 14 

includes the interaction of the propensity score with the treatment variable.  This 

regression allows for varying effects across individuals; that is, the δ coefficient gives an 

estimate of the treatment effect at the mean of the propensity score.9   

Table 4 reports the results of running all four OLS regressions for each of the 12 

outcome variables for men.  We first look at simple difference in means, i.e. the first 

column of Table 4.   

                                                 
9 In a personal communication, Jeffrey A. Smith suggested that any significant interaction term 
that involves the treatment indicator is evidence of heterogeneous treatment effects.  Therefore, in 
general, differences between the parameters in equations 13 and 14 suggest that ATT ~= ATE, but 
not necessarily so. 
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--- Table 4 about here --- 

There are large and highly significant differences between elite and non-elite college 

attendees.  Elite students are more likely to graduate from college and obtain a graduate 

degree.  They have first occupations that are on average 15 occupational status points 

higher than non-elite students.  By the mid-career, elite students still significantly 

outperform non-elite students in terms of occupational status, and earnings and wages.  

Elite college students have 6% higher yearly earnings and 7% higher yearly wages than 

non-elite students.  A striking mid-career finding, however, is that while occupation and 

wage outcomes are significantly different, elite students are not more likely to be satisfied 

with their jobs.  Following column 1 to late-career attainment, we find that elite students 

still have significantly higher occupational status, but not higher earnings, wages, or job 

satisfaction.  In fact, both earnings and job satisfaction have negative point estimates.  In 

addition, we find that elite students are not more likely to experience less cumulative 

unemployment.  Turning once again to occupational status which remains significant 

across the career in the simple difference in means, we see that the magnitude of the 

effect declines: from 15.1 occupational status points at the first job, to 9.5 in 1974, to 7.9 

in 1992.  This suggests a waning differentiation between elite and non-elite students in 

terms of occupational status. 

 In the second column of Table 4, we control for the 7 pretreatment covariates 

used in the propensity score equation.10  As we glance down this second column, we see 

that after we control for background variables, we have only one (masters/doctorate 

                                                 
10 Again, these variables include class rank, mental ability, college track, parent’s income, father’s 
(head’s) occupational status, mother’s education, and Catholic. 
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attainment) statistically significant gain associated with elite college attendance.  The 

elite college premium for occupational status for first job is now 4.7, and then 2.1 in 1974 

and 1.5 in 1992, substantially reduced in magnitude and no longer statistically significant 

net of background factors, although again showing the waning effect of an elite college 

education across the career.  In fact, yearly earnings and job satisfaction in 1992, while 

not statistically significant, have consistently negative coefficients.  However, hourly 

wage in 1992 has a large (but statistically insignificant) effect.  The third column replaces 

the individual covariates as controls with the propensity score.  These results should be, 

and are, very similar to those in the second column.  Here, however, even 

masters/doctorate attainment is no longer statistically significant.  The fourth column 

adds to the third column an interaction term of the propensity score with the treatment 

variable, such that the treatment effect depends upon a unit’s propensity score.  These 

results indicate that it matters who is obtaining an elite college education.  While an elite 

college education may matter little in terms of career effects for those who actually attend 

an elite school, other college attendees with a lower propensity to attend may have 

benefited considerably had they attended an elite school. 

 All the results discussed above pertain to regressions without respect to the 

region of common support, as defined by the propensity score.  The fifth through eighth 

columns of Table 4 reestimate the 4 regressions on the 12 dependent variables in the 

region of common support.  For bachelor’s degree attainment, for example, this means 

the elimination of 414 control units and 0 treatment units.  When we estimate the 

treatment effect in the region of common support, the parameter must be redefined as the 

treatment effect for units whose propensity scores lie within the common support region.  
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The use of the common support restriction does somewhat change the results.  In 

particular, the regressions of Y on w have lower occupational status gains for elite college 

students, while the regressions of Y on [w, X] have higher occupational status gains.  

Other estimated gains fluctuate such that some are smaller and some are larger in the 

region of common support in contrast to the regressions without respect to common 

support.  The fact that these results do differ supports the notion that the assumption of 

linearity hides the failure of the common support condition.  The effect of elite college 

attendance on Yi is only identified for students within the region of common support; it is 

not identified non-parametrically for students outside the support region.  The implied 

counterfactual for students outside the region of common support in estimating a 

regression without respect to the support region is the product of the linear functional 

form assumption (Black & Smith 2003). 

 

Matching on Propensity Scores Estimates 

Figure 1.2 is a boxplot of estimated propensity scores, displaying how the construction of 

a matched control group creates a comparable population to estimate effects of elite 

college attendance.  We use nearest neighbor matching without replacement to illustrate 

the full distribution of propensity scores after matching.  Our actual nearest neighbor 

matching estimates are made with replacement.11 

--- Figure 1.2 about here --- 

                                                 
11 See Dehejia and Wahba (2002) for a discussion of the pros and cons of matching with and 
without replacement.  In general, while matching with replacement reduces bias, matching without 
replacement can improve the precision of the estimates.  The decision of which method to select in 
practice depends upon the data and the degree of overlap in the distribution of propensity scores. 
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Another graphical representation of the comparability in treated and control 

unit’s propensity scores after matching can be found in Figure 2.  Figure 2 is a vertical 

parallel line plot of treated and control units along a propensity score axis showing the 

almost equivalent propensity scores for matches up to a certain propensity score value.   

--- Figure 2.1 about here --- 

 Analysis was made of how successfully bias was controlled by matching along 

the estimated propensity score.  Table 5 describes the covariate imbalance before and 

after matching; again, we use nearest neighbor matching without replacement to 

demonstrate a conservative estimate of the percent reduction in bias achieved with 

propensity score matching.  The percent reduction in bias is over 80% for all 7 variables, 

and there is a more than 95% reduction in bias for 3 of the 7 variables.   

--- Table 5 about here --- 

Our parameter of interest in Table 6 is the mean effect of attending an elite 

college as compared to a non-elite college on students who attended an elite college, i.e. 

the average treatment effect on the treated.  We use various matching methods to estimate 

results to demonstrate the differences in these methods and the robustness of the results to 

different matching algorithms.  The methods we discuss differ on the tradeoff between 

quality and quantity of matches.  We first do stratification matching.  This method 

consists of dividing the range of variation of the propensity score in intervals such that 

within each interval treated and control units have on average the same propensity score 

(Becker & Ichino 2002).  The same blocks identified by the algorithm to estimate the 

propensity score are used here.  Within each interval, the difference in the average 

outcome between treated and control units are computed; the average of the ATT of each 
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block is the estimated overall ATT, with weights given by the distribution of treated 

across blocks.  One downfall of using stratification matching is that it discards 

observations in blocks where either treated or control units are absent.  The nearest 

neighbor matching method takes a different approach: it takes a treated unit and searches 

for the control unit with the closest propensity score.  In this way, we are never at risk of 

discarding a treated unit.  This method can be done with replacement, such that a control 

unit can be a best match for more than one treated unit.  The ATT here is the average 

difference between treated and control outcomes.  One downfall of the nearest neighbor 

method is that some matches may be poor (i.e., have large differences in propensity 

scores) but still contribute to the ATT.  With kernel matching, all treated units are 

matched with a weighted average of all controls with weights that are inversely 

proportional to the distance between propensity scores of treated and controls.  All 3 of 

these methods can also be estimated in the region of common support.   

Table 6 provides average treatment effects on the treated of career outcomes on 

elite college attendance.  All dependent variables that were estimated in Table 4 are 

included in Table 6.  We obtain ATT estimates for each of the 12 dependent variables for 

stratification matching, nearest neighbor matching with replacement, and kernel 

matching, both without respect to the region of common support and in the region of 

common support.   Sample sizes vary depending upon matching method and dependent 

variable.  Using attainment of a bachelor’s degree as an example, we have 1,733 cases, 

which includes 74 elite and 1,659 non-elite units.12  When we restrict analysis to the 

                                                 
12 Some observations were lost due to listwise deletion of pretreatment variables, and due to 
missing cases on the dependent variable. 
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region of common support, we lose 414 control cases.  This number varies slightly 

depending upon the outcome variable and the degree of missing data.  When we estimate 

the ATT with stratification matching, we use all the cases.  In fact, in almost all situations 

we do not discard cases by using stratification matching.13  Estimating the ATT for 

bachelor’s degree attainment using nearest neighbor matching with replacement, we 

match 74 elite college units to 63 unique control units. 

--- Table 6 about here --- 

Turning to the results, we see that the only statistically significant gains occur in 

the early career.  Stratification and kernel matching suggests that elite college attendees 

are more likely to graduate from college and have first jobs that have higher occupational 

status, a gain of somewhere in the magnitude of between 5 and 9 occupational status 

units.  In contrast to the regression estimates in Table 5, matching estimates suggest that 

elite college attendees are not more likely to obtain a graduate degree.  Kernel matching 

estimates suggest that there is an occupational status advantage at the mid-career, 

although smaller in magnitude than on the first job.  Kernel and nearest neighbor 

matching estimates suggest a yearly wage gain roughly between 4 and 7%.  There are no 

statistically significant gains in the late career, and in fact, yearly earnings and job 

satisfaction again have negative estimates.   

In the first column of Table 7, we provide ATT nearest neighbor matching 

estimates with replacement, where we weight the control units by the number of times the 

unit is used as a match.  These estimates are slightly different from the nearest neighbor 

                                                 
13 Stratification matching was done using 7 blocks to ensure that treated and control units have on 
average the same propensity score within each block. 
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estimates in Table 6.  We then attempt to remove some of the bias that remains after 

matching by adjusting the difference within the matches for the differences in their 

covariate values (Abadie et al. 2002).  We present two sets of bias adjusted ATT 

estimates; one set adjusts for bias remaining in the covariates we use in the propensity 

score, and one set adjusts for the longer set of 13 covariates we presented in Table 2.  We 

find that most of our estimates are slightly smaller than the estimates that are not bias 

adjusted.  These estimates do not change the substantive story: we still find no 

statistically significant career affects, and a waning effect across the career.  Bias-

adjusted estimates using the long list of covariates show slightly different results, in no 

clear direction.  Still, the substantive story remains the same. 

Finally, Table 7 provides ATE estimates.14  While the matching estimator for the 

average treatment effect for the treated is calculated by 

1/N1 Σi: wi=1 (Yi – Ŷi0),       (14) 

the matching estimator for the average treatment effect is calculated by 

1/N Σi=1 (Yi1 – Ŷi0).       (15) 

The ATE estimates in Table 7 clearly do not equal the ATT estimates.  Rather, they tell a 

story similar to that which we saw in the 4th column of Table 4.  These results suggest 

that the OLS regression assumption that the average treatment effect is equal to the 

average treatment effect for the treated is misguided. 

 

 

 
                                                 
14 Technically, these estimates are sample average treatment effects. 
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CONCLUSIONS 

Students are not randomly allocated to universities.  In an assessment of elite college 

effects on career outcomes, the effect of student inputs must be disentangled from the 

effect of college quality factors.  The problem of causal inference is that it is impossible 

to observe the effect of attending an elite college and the effect of not attending an elite 

college on the same individual.  The traditional method for dealing with selection bias in 

studies of college quality has been covariate adjustment.  As we have shown, the linearity 

assumption of OLS regression is probably too restrictive for studying elite college 

effects.  Matching, however, makes no functional form assumptions and is a useful 

method by which to lucidly uncover the region of common support.  Still, we make the 

assumption that the conditioning variables available are sufficiently rich and an 

assumption about how unobserved relevant information is related to observables 

(Heckman et al. 1998). 

Most prior studies of elite college effects have focused on earnings.  We include 

a set of 12 variables across the career, including educational attainment, occupational 

status, earnings and wages, job satisfaction, and employment status.  We provide results 

for several regression equations and propensity score matching by way of several distinct 

matching algorithms, both in the region of common support and without respect to the 

region of support.  Regression results conditional on pretreatment covariates suggest that 

while elite college attendees have on average higher educational attainment, higher 

occupational status across the career (although declining in magnitude), and higher 

earnings and wages at mid-career, elite college attendance is not the causal factor.  We 

find no effect of elite college attendance on job satisfaction or employment status, even at 
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the simple difference in means level.  Results based upon propensity score matching 

suggest that elite college attendance may yield some educational and early career benefit.  

Still, the results are somewhat mixed.  Stratification and kernel estimates use more 

control cases and tend to report more significant results in the early career.  These 

estimators increase efficiency, but also introduce more bias than nearest neighbor 

matching.  Matching results also clearly demonstrate that the average treatment effect for 

the treated does not equal the average treatment effect on a randomly selected college 

attendee. 

Throughout the analysis, estimated gains for occupational status in 1992 are 

considerably less than in 1974, and those in 1974 are considerably less than occupational 

status on the first job.  Our results indicate a waning effect of elite college attendance on 

career gains for students who attended an elite college.  This is consistent with recent 

research indicating that the effects of education on occupational attainment are 

“attenuated with age, such that returns to formal schooling are greatest at the beginning 

of the occupational career” and that effects decline thereafter (Warren, Hauser, & 

Sheridan 2002). Employers use credentials, including attendance at elite colleges and 

universities, as an imperfect measure of skills/capabilities, but later in the career can use 

other sources of information.  Our results suggest that in terms of college quality, there is 

not only no direct effect on mid- and late-career attainment, but no significant effect at 

all.  This study questions the consequential belief that an elite college education 

necessarily translates into privileged socioeconomic status throughout the life course.  

Are there students, however, for which an elite college education would actually result in 

socioeconomic gains?  We find that while students that actually attended elite schools 
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would likely do just as well across their careers had they attended non-elite schools, 

randomly selected college attendees may have reaped significant rewards had they 

attended elite schools.  This finding poses an interesting implication for the process of 

social stratification in American society. 
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