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Abstract

This paper analyzes the effects of assignment to a one-year college preparatory program on academic

performance in college. To measure the value added from pre-college programs, we use a large dataset

of United States Naval Academy students from the 1988 to 2011 graduating classes, of which roughly

20% received post-high school remediation. Given the Academy’s unique admissions criteria that

each student must receive a nomination from their member of Congress, we instrument for pre-college

treatment using the degree of competition for a Congressional nomination. After incorporating this

instrument as well as a wide range of outcome measures and background characteristics, we find

that preparatory programs promote human capital at the extensive margin, but not at the intensive

margin. Specifically, these pre-college programs promote higher graduation rates but actually lower

average student achievement. Pre-college treatment gives struggling students just enough exposure

to academic material to keep them from failing out, but also lowers performance for otherwise capable

students.

• Keywords: human capital, remedial education, higher education, iv quantile regression

• JEL Codes: I20, J24
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1 Introduction

College kids need our help, or so we keep hearing. Graduation and performance rates at U.S. colleges

and universities continue to decline, and world education rankings place the U.S. at new all-time lows.1

A potential contributing factor to this decline is that students are arriving on college campuses across the

country ill-prepared for college level courses. According to the National Center for Education Statistics,

in 2011-2012 roughly one third of all students take remedial (developmental) courses in college.2 Even

at the most selective colleges and universities, 13.3 percent of students take a least one remedial course.3

A number of programs designed, either explicitly or implicitly, to aid potentially struggling students

have sprung up around the nation. These include community college systems which can help students

transition into 4-year bachelor programs and remedial programs which feed incoming students into

specific colleges (Bowen et al. 2009). Due to high demand for these developmental courses, roughly

80% of four year institutions offer remedial courses which do not count towards an undergraduate degree.

But do they work? Remedial education is expensive, costing over $3 billion in 2011 (See Alliance

for Excellent Education, 2011) and their effectiveness remains an open question. These costs are borne

not only by the students in terms of increased tuition and fees (increasing student debt burdens)

but also are often subsidized by the schools or state and federal funds. The high costs of remedial

provision at undergraduate institutions have prompted at least eight states to ban remedial courses at

4-year institutions, forcing students that need remediation to first attend community colleges.4 At an

annual cost of over one billion dollars for U.S. public colleges alone, critics of remediation wonder if such

programs should be offered at all (Breneman and Haarlow 1997). Measuring effectiveness is complicated

by heterogeneity in program implementation — in some cases students are prescribed remediation, in

other cases students enroll themselves. For example in 2007 the Texas Higher Education Coordinating

Board created a summer bridge program aimed at selecting students across 22 Texas colleges and

enrolling them in remedial math and reading courses.5 In other circumstances, the responsibility of

1From OECD report “Education at a Glance 2014.”
2The term “remedial” describes coursework that students should have mastered before entering college. Of note are

programs expressly intended to improve performance for minority students, such as the Meyerhoff Scholarship Program

at the University of Maryland – Baltimore County, the CARE program at Florida State University, the African American

Male Initiative at the University of Georgia, and the Black Male Initiative at City University of New York (Bowen et al.

2009).
3Statistics in Brief (January 2013), National Center for Educational Statistics.
4The National Center for Public Policy and Higher Eduction, Crosstalk Fall 2005
5”Bridging the Gap- An Impact Study of Eight Developmental Summer Bridge Programs in Texas”,Barnett et al, June

2012.
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remediation falls on the students.6

This paper examines the impact of participation in post-graduate education on student preparation

for undergraduate success. We use a large cross-sectional dataset of students from the United States

Naval Academy graduating classes of 1988–2011, and analyze the effects from two types of pre-college

programs — the Naval Academy Preparatory School (henceforth NAPS) and other independent post-

graduate programs. Students who are not admitted to USNA directly from high school may be offered

a one year appointment to either one of these programs. On average, over 20% of each graduating class

attends some type of pre-college program. The NAPS program is a USNA-run, tuition-free preparatory

school designed to ease students into the rigors of higher education. Students at NAPS attend college

level courses for an entire academic year before matriculating into USNA. The NAPS program is modeled

from the top preparatory schools around the United States. NAPS students must take courses in English,

math, chemistry, and physics. Students are given an assessment at the beginning of the academic year

and placed in courses according to their current level in each subject. Similar to preparatory schools

around the country, NAPS students are housed in a single dormitory, in this case located in Newport,

Rhode Island. This environment away from home gives students a taste of the independence they

will experience as college freshmen. Alternatively, applicants may be offered the chance to enroll in

an independent preparatory program that is sponsored by the Naval Academy Foundation. This is a

need-based system, but students are asked to pay at least 40% of tuition (a list of these schools appears

in Appendix 7.2).

There are a number of advantages to analyzing students from USNA to assess the effectiveness of

pre-college/post secondary school programs. The Naval Academy is a highly-ranked liberal arts college

that admits a wide range of students from all parts of the country and all ranges of socio-economic

levels and academic abilities. USNA admissions assigns two types of pre-college programs (NAPS

and independent), allowing us to observe differences in pre-college program types and helping us draw

general trends. More critical for statistical inference, upon matriculation students at USNA take very

similar courses during their freshman year, allowing for an unusual degree of comparability of academic

performance. All students have 100% of their tuition paid and are not permitted to hold jobs outside

of school, removing heterogeneity in terms of outside non-academic employment. Finally, USNA is a

college that has remained remarkably consistent in terms of curriculum and school policy relative to

6A related question is whether a one-year delay between high school graduation and college entrance helps students

succeed in college. Such “red-shirting” strategies have been studied for very young students (see for example Deming and

Dynarski 2008, and Elder and Lubotsky 2009), but typically not for college-bound students.
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most undergraduate institutions.7

Even with these advantages, these kinds of studies are often plagued by selection bias (students

are either prescribed or prescribe themselves), making assessment on the marginal impacts from any

educational program challenging. Our study is uniquely able to infer causal impacts by doing three

things. First, we instrument for pre-college selection by using Congressional district-level variation in

the degree of competitiveness for direct admission. The admissions process to the Naval Academy is

unique in that every student must be nominated by a member of Congress. Any member of Congress

can only have a maximum of five students. Therefore, students that come from districts with more

direct admittants that year have a higher chance of not being accepted directly on their first try

and instead be recommended to attend a pre-college program. Since a student’s home Congressional

district greatly impacts his or her chance of treatment but does not directly impact his or her academic

performance upon matriculation (we describe this more fully in section 4.2), we exploit this information

to perform instrumental variable (IV) analysis.8 The second thing we do is look separately at the

effects of two types of pre-college programs, each which conceivably have different criteria for selection.

This should allow us to understand the effects of such programs more generally. The NAPS program

is comparable to remedial programs administered by colleges and universities all around the country.

The Foundation school program on the other hand places students in independent preparatory school

programs alongside students who will go on to attend a wide range of civilian undergraduate institutions.

Finally, we also look beyond average treatment effects to observe how pre-college can affect different

segments of the population. To that end we employ instrumental variable quantile (IVQ) regression

analysis to understand not only the effects of pre-college treatment on the average but also on the tails

of the academic outcome distribution.9

Our findings are remarkably consistent across different programs and methodologies. In short, pre-

college appears to bolster human capital on the extensive margin, but not the intensive margin. What

we mean by this is these programs appear to have no impact on grades in general, even during the first

semester, when one might imagine the effects would be largest. But these estimated average treatment

7As one indication of this, our inclusion of year fixed effects in empirical specifications hardly alter any of our empirical

results.
8We also use information on the military background of students’ parents as additional instruments in an over-identified

model, with similar results. Details in section 4.2.
9As a robustness check we also perform propensity score matching (see Appendiz 7.1). Given our wide array of

background characteristics and reasonably large number of students, we can use a subset of students who are very similar

in apparent quality, with some attending pre-college and some not, and compare outcomes. This provides us an alternative

approach to assess the impacts of pre-college.
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effects belie the different effects from treatment on different groups of the student body. Pre-college

treatment can give “danger” students the necessary boost to successfully complete their degree. But

it can likewise damage the academic prospects of relatively high-performing students.10 There thus

appears to be a kind of “sheepskin effect,” where pre-college promotes more, though possibly lesser-

quality, graduates. Generally, low performing students do better which raises their rates of graduation,

while generally high performing students do worse which does nothing to their rates of graduation. The

net result is more but on average weaker college graduates. We show that unsolicited aid in the form

of remedial education can produce some negative consequences.

This paper is organized into the following sections: an overview of relevant literature, an explanation

of methodology, a description of the data, and a discussion of the empirical results.

2 Related Literature and Methodology

2.1 Literature

Remediation for high school graduates that are under-prepared for undergraduate education typically

occurs directly before or directly after matriculation. While the cost and interest in pre-matriculation

programs has been on the rise, a greater proportion of research has focused on the benefits of remediation

in post-matriculation coursework. In this case, colleges assess student preparedness during the admis-

sions process and often encourages some students to enroll in remedial classes during their freshman

year.

Results from these programs are mixed. Attewell et al. (2006) finds remediation programs for

students during their first year in college decrease the likelihood of graduating on time by 6%, mainly

because students tend to fall behind their peers. Adleman (1999) on the other hand finds no relationship

between remediation and graduation. Lavin et al. (1981) study remedial coursework at CUNY where

students ostensibly enroll on a voluntary basis, finding slightly positive effects on graduation rates.

Bettinger and Long (2009) analyze remedial coursework in mathematics, suggesting some positive effects

on both retention and grades in follow-on math courses.

A major limitation in this literature is that the remediation programs studies are typically admin-

istered in-house. As such it remains unclear if students are chosen or self select academic help, and

it remains uncertain the extent to which remediation crowds out college study (as students must take

10See Card and Giuliano (2016) for similar impacts of tracking for gifted and high achieving courses.
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remedial and regular coursework simultaneously). This study produces a much cleaner analysis on the

academic effects of prescribing remedial education to college students. We study the pre-college effects

on students of various academic backgrounds who are all chosen by the Admissions Board of the Naval

Academy. The measured effects are also more comparable across cohorts, as all students have very

similar course and service obligations, especially during their freshman year.

The U.S. Naval Academy is a liberal arts college with a STEM-based education comparable to

moderate-to-top academic programs around the country. It is also a service academy — these institu-

tions have long generated a well-spring of insightful research in the economics of education.11 Further,

USNA is the only service academy employing tenured and tenure-track faculty — students interact

with faculty of similar caliber to faculty in other liberal arts colleges. The student body is drawn from

the same pool as other selective academic institutions around the U.S. The results of this study have

implications that apply to all types of remedial education outside the walls of USNA.

2.2 Methodology

The objective of this type of study is to compare differences in outcomes between “treated” and “non-

treated” individuals. In this case outcomes are measures of educational achievement, and treatment is

enrollment in a pre-college program. Specifically, the untreated group of students in the study is the

direct admissions group, and the treatment group is the group of students that attended NAPS or (in

separate analysis) an independent preparatory school.

The selection to a one year pre-college program is non-random, which means we may face severe

selection bias. As a baseline to compare our results to previous literature, we first estimate an OLS

model. As previously mentioned, many studies on this subject (NCES (1996), Fitzpatrick (2001))

utilize simple ordinary least squares regression, or some close variation. With non-random selection

other empirical techniques will be necessary.

To reduce selection bias, we run two-stage least squares. The first stage is simply a linear probability

model that estimates the likelihood of pre-college selection. Here we will include both excluded and non-

excluded instruments. Non-excluded instruments are those background variables which may influence

both treatment and outcome, such as math and verbal SAT scores, and rank in high school graduating

class.

11For a representative sample, see Brady et al. (2015), Carrell, Hoekstra & West (2011a), Carrell, Hoekstra & West

(2011b), Carrell, Maghakian, & West (2011), Carrell, Fullerton & West (2009), Carrell & West (2010), Lyle (2009) and

Lyle (2007).
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We also include some instruments that can be excluded from the primary regressions. The main

variable that satisfies this restriction is the number of other students from the same Congressional

district admitted directly to the Academy that year. As we mention in the introduction, Admissions

is required by law to select an incoming Academy class that is as geographically diverse as possible.

As we will discover, pre-college selection is motivated in part by a need for “geographic smoothing,”

where applicants from over-represented districts that year are admitted to pre-college so that they can

be admitted the following year. Whether students come from over- or under-represented Congressional

districts by itself should have no direct influence on future college success (we discuss this and further

robustness checks in section 4.2); we thus instrument for selection by exploiting variations in this

measure.

We can also employ a number of other potential instruments in an over-identified model, namely

variables which indicate if the student’s parents had ever been in military service, as well as the branch

of service.12 As we will discover, those with a parent who served in the Navy or Marine Corps also

have a greater propensity attend the NAPS program than to get admitted directly. This likely captures

an alumni effect — a fraction of these parents are USNA graduates (exactly which parents remain

unknown to us). Most colleges and universities have a preference for legacy children, and for those

students in particular to graduate. Relations with alumni and their children is as important for USNA

as for most colleges.13 Of course legacy children cannot be given preferential treatment while they are

students. Selecting these students for pre-college can give these students a “leg-up” to better ensure

they graduate. There is also no reason to expect that, controlling for other features, parental military

background by itself would influence academic performance (more on this in section 4.2).

Finally, to analyze different treatment effects on different segments of the student population we run

instrumental variable quantile regression analysis (Chernozhukov and Hansen 2005). Using the same

outcome variables as before, the analysis allows us to understand if pre-college treatment has different

effects on lower-tail students compared with upper-tail students.

As another robustness check on our IV approach, we also perform propensity score matching (PSM)

exercises (Heinrich et al. 2010) by first estimating scores using probit regressions. Propensity score

matching methods are designed to ensure that impact estimates of treatment are based on outcome

differences between comparable individuals. The approach culls through the entire sample by employing

12Tests of over-identifying restrictions support the inclusion of these instruments.
13See Meer and Rosen 2009 on the importance of legacy kids for alumni giving. USNA receives a substantial amount of

funding from alumni.
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matching algorithms which use estimated propensity scores to match untreated individuals to treated

ones. We use this as an alternative approach to our IV estimation, where we match those with like

scores who nevertheless have different starting points (one attends pre-college, one does not). Results

are reported in Appendix 7.1.

3 Data

The data covers the USNA graduating classes of 1988 through 2011, a total of nearly thirty thousand

students and 23,870 graduates.14 The full sample includes 22,743 students who entered directly from

high school, 4796 who went through NAPS, 1929 who went to another independent preparatory school,

and 1039 who attended another college before USNA. Along with distinguishing between students who

enter the Academy directly and those who first attend NAPS or another independent preparatory school,

the data contain a rich assortment of student characteristics. In terms of background information, the

data identify each individual’s age, race, gender, SAT scores, high school name and location, and median

income of residential area. In terms of potential educational outcome measures, the data include each

individual’s grades for all courses, name of declared major, aptitude grades, and academic, military and

overall orders of merit. Summary statistics including a breakdown of treated and control groups by

type of pre-college program are displayed in Tables 1 and 2.

Table 1 includes information on student background profiles. Verbal SAT is a record of the student’s

highest reported verbal SAT score. Math SAT is a record of the student’s highest reported math SAT

score. High School Standing is a standardized rank of each student within his or her respective high

school class. A score of 800 means the student was ranked top in his/her graduating high school class;

a score of 500 means the student was ranked in the very middle of his/her class. The variable Age

gives an accurate measure of a student’s age on the day he/she reported with the rest of his/her class

to Induction Day (matriculation) at USNA. The next five variables are geographic indicator variables

indicating 1 for the region in which a student’s home of record is located. Military Mother and Military

Father are both indicator variables for whether the individual’s parents ever served in any of the armed

forces.

Our measure for residential income comes from Population Studies Center at the University of

Michigan’s Institute for Social Research. These are mostly at the zipcode level and were measured for

14These include those who are admitted but ultimately choose not to attend the Academy. We do not observe applicants

who are flatly rejected.
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Table 1: Means and Standard Errors for Key Background Variables

Variable Direct NAPS Other Prep School

n=20629 n=4796 n=1929

Verbal SAT 651.6 585.3 636.5

(63.5) (65.9) (58.9)

Math SAT 673.6 603.4 655.3

(57.6) (58.9) (52.3)

HS Standing (standardized) 597.82 467.719 498.802

(110.0) (104.4) (98.214)

Age (upon matriculation) 18.4 19.8 19.3

(0.69) (1.04) (0.47)

Central 0.178 0.135 0.112

(0.383) (0.342) (0.316)

Northern 0.279 0.306 0.421

(0.449) (0.461) (0.494)

Pacific 0.155 0.174 0.206

(0.362) (0.379) (0.405)

Western 0.134 0.132 0.079

(0.34) (0.339) 0.27)

Southern 0.235 0.237 0.174

(0.424) (0.425) (0.433)

Military Father (indicator) 0.427 0.427 0.452

(0.495) (0.495) (0.479)

Military Mother (indicator) 0.031 0.051 0.028

(0.174) (0.220) (0.165)

Median Residential Income 64637.5 63524.3 72391.5

(24975.6) (23942.3) (27085.0)

“Intangibles” index 146.12 -369.3 -838.7

(2099.1) (2401.6) (1896.4)

Standard errors reported in parentheses.See Appendix 7.3 for variable descriptions.
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2010.15 Note that the income-of-residence levels are on average noticably higher for attendees of other

preparatory programs than for attendees of the NAPS program. This makes sense, as NAPS is a fully

funded program, while those agreeing to attend alternative prep programs must pay tuition, at least in

part.

We also utilize an Admission’s score, an index produced by Admissions that incorporates not just SAT

scores and high school standing, but also many background variables unobserved by us such as extra-

curriculars, strength of recommendation letters, and athletic performance. We call these “intangibles”

— those qualitative factors that conceivably shape both admission decisions and subsequent college

performance. We wish to isolate these factors for use as an additional control variable. We thus

construct an “intangibles index” by running the following regression:

ascorei = φ0 + φ1vsati + φ2msati + φ3hssi +
∑

γtt+ εi (1)

where ascorei is an index for student i constructed by Admissions, vsati and msati are student i’s

SAT scores, and hssi is the student’s standardized high school standing. Our intangibles index for each

student i is ε̂i, the portion of the score left unexplained once we account for basic observable measures

of student quality. Factors such as quality of essay and interview are captured in the index, leaving us

with the same (though more aggregative) set of information that Admissions itself has when it assigns

students to enter directly or take a pre-college year. Also note the inclusion of year fixed effects. Since

Admissions was very likely to adjust the relative weights on the inputs to the multiple, inclusion of such

shift terms will likely give us a more accurate index measure. Given the intangibles data we have most

of the information that Admissions uses to admit students either directly or to a pre-college program.

To our knowledge no other study has exploited this level of academic student background in assessing

the effects of an educational program.

Table 2 includes information on performance variables for student assessment while at USNA. Gradu-

ation refers to the graduation rate of each cohort (for a full list of USNA’s majors by group see Appendix

7.3). We include major selection information for different cohorts (students take the same coursework

during freshman year and declare majors only at the end of that year). Grade Semester 1 through 4 are

measures of academic course GPAs during the first four semesters at USNA. Academic grades include

all academic coursework but exclude military and professional course grades. Normalized class rank

15For the few thousand students for which we cannot match zipcode information, we use medium income for the student’s

Congressional district, taken from ProximityOne Data Services
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Table 2: Means and Standard Errors for College Performance Variables

Variable Direct NAPS Other Prep School

n=20629 n=4796 n=1929

Graduated (indicator) 0.79 0.77 0.848

(0.4) (0.42) (0.36)

Sophomore Engineering Majors 0.355 0.255 0.278

(0.478) (0.436) (0.448)

Sophomore Math & Science Majors 0.211 0.261 0.192

(0.408) (0.439) (0.394)

Sophomore Humanities/ Social Science Majors 0.274 0.359 0.42

(0.446) (0.48) (0.494)

Senior Engineering Majors 0.313 0.189 0.235

(0.464) (0.391) (0.424)

Senior Math & Science Majors 0.2 0.228 0.181

(0.4) (0.42) (0.385)

Senior Humanities/ Social Science Majors 3 0.281 0.36 0.431

(0.449) (0.48) (0.495)

Grades Semester 1 2.703 2.34 2.544

(0.677) (0.583) (0.595)

Grades Semester 2 2.728 2.28 2.491

(0.644) (0.567) (0.58)

Grades Semester 3 2.87 2.34 2.585

(0.685) (0.627) (0.624)

Grades Semester 4 2.902 2.39 2.651

(0.661) (0.586) (0.592)

Normalized Class Rank 0.429 0.68 0.563

(0.284) (0.262) (0.276)

Academic Average 2.941 2.513 2.703

(0.505) (0.409) (0.434)

Sophomore dropout 0.111 0.151 0.086

(0.314) (0.358) (0.28)

Freshman dropout 0.053 0.059 0.044

(0.223) (0.235) (0.206)

Standard errors reported in parentheses. See Appendix 7.3 for variable descriptions.
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is a measure of academic performance during eight semesters of coursework. Academic Average refers

to the average course GPA in all academic courses for the first four semesters excluding professional

and military coursework.16 The variables Freshman dropout and Sophomore dropout are binary vari-

ables that indicate the likelihood of a member of that cohort leaving USNA as either a freshman or

sophomore.17

Considering the summary statistics above, note that average differences between treated and non-

treated groups for variables such as SAT scores and high school rank are quite large. For example, the

average math SAT scores for incoming high school students is 70 points higher than those of students

who first attend NAPS. Tables 1 and 2 display key differences in both background characteristics and

performance metrics between treated and control groups. Simply looking at the averages for background

characteristics, we find that there appears to be a dramatic difference in the magnitude and spread of

the high school percentile variable across student backgrounds. We also see a significant difference in

the means of performance variables like academic course grades. The difference in means and large

overlap in terms of standard deviation motivates our use of IV and IVQ estimation.

Figures 1 and 2 illustrate the overlap in Math SAT scores among the four feeder sources: NAPS,

other preparatory schools (Foundation), transfer from other colleges, and direct entry. This degree of

overlap between direct entry students and pre-college students also holds for verbal SAT scores and for

high school percentile rank (not illustrated). The significant overlap suggests that factors other than

just academics may play a role in selection to pre-college. This helps us isolate the marginal impacts of

such programs through IV and IVQ.

Figures 3 and 4 illustrate correlations in background characteristics. For example Figure 3 depicts

the relationship between Math SATs and Verbal SATs. The relationship is positive but with a great

deal of variation. Each SAT score and high school rank measure independently provide us valuable

information on each student’s academic background. Finally, it is clear from these figures that there

is no clear line of demarcation at which Admissions would be able to make a cut-off value for direct

admission. As such techniques such as discontinuity design would not render reliable results.

Because a student leaving a four year institution prematurely can be costly for the institution, the

students themselves and society as a whole, it is important to better understand the characteristics

of those that do complete their four year degree versus those that do not. Table 3 shows the average

16Military “coursework” includes things like physical education courses and professional conduct.
17Freshman year dropout percentages do not include students that leave during the summer before the start of classes

their freshman year.
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Figure 1: Math SAT Score Density by Feeder Source
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Figure 2: Distributions of Math SAT Scores for NAPS (Blue) and Direct (Gold) Students
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Figure 3: Correlation Between Math SAT scores and Verbal SAT scores
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Figure 4: Correlation Between Math SAT scores and Overall Class Rank
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Table 3: Summary Statistics Between Graduates and Non-Graduates

Variable Graduates Non-Graduates

n=23789 n=6150

Verbal SAT 640.5 635.4

(67.8) (68.9)

Math SAT 663.5 650.4

(62.7) (63.0)

HS Standing (standardized) 572.2 556.5

(119.9) (119.8)

Age (upon matriculation) 18.7 18.7

(0.93) (0.96)

“Intangibles” index 44.9 -173.8

(2143.1) (2204.7)

Median Income of Residential Income 59031.5 57222.1

(16161.4) (15788.2)

Grades Semester 1 2.72 2.18

(0.626) (0.750)

Grades Semester 2 2.702 2.213

(0.618) (0.713)

Grades Semester 3 2.82 2.27

(0.671) (0.783)

Grades Semester 4 2.85 2.29

(0.645) (0.777)

Standard errors reported in parentheses. See Appendix 7.3 for variable descriptions.

background characteristics and performance variables for those that finish relative to those that do not.

Students that leave college tend to have weaker academic backgrounds reflected in lower test scores

and class ranks. Despite not having to pay tuition at the Academy, drop-outs tend to come from lower-

income regions. Not surprisingly, those that do not graduate have lower grades on average. Students that

attended NAPS and then proceeded to drop-out had even lower pre- and post-matriculation academic

performance than the direct admits.

4 Model Estimation

As a baseline we start with simple OLS regressions. Next, we use 2SLS to isolate exogenous variation

in treatment on academic outcomes. Finally, to isolate pre-college effects on different segments of the

student population we estimate IVQ regressions. We explain the details of each procedure below.
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4.1 Ordinary Least Squares and Probit Estimation

Equations for the OLS and Probit models show the correlations between the binary treatment variable

(either NAPS or other independent preparatory schools) and a range of academic performance variables.

The OLS regressions take the following form:

api = β0 + β1prepi + β2msati + β3vsati + β4hssi + β5intangiblesi + β6incomei + εi (2)

for each student i. The academic performance variables, ap, include grades and relative class rank.

prep is an indicator that the student participated in NAPS or another independent preparatory school.

Other controls include math and verbal SAT scores, high school standing, the intangibles index, and

median income of residential area.

The Probit regressions take the following form:

Φ−1(P (gradi)) = γ0 + γ1prepi + γ2msati + γ3vsati + γ4hssi + γ5intangiblesi + γ6incomei + µi (3)

where grad is an indicator for whether a student graduated and the remaining explanatory variables

are consistent with Equation 2.

4.2 Two-Stage Least Squares Estimation and Internal Validity

The IV estimation involves a two-stage approach. We include up to three excluded instrumental

variables. Cong measures the number of incoming freshman admitted directly to the Naval Academy

from the student’s home Congressional district. Navy.parent is an indicator variable measuring whether

or not at least one parent served (or is currently serving) in the U.S. Navy. Marine.parent is an indicator

variable measuring whether or not at least one parent served in the U.S. Marines. We utilize the

instrumented values of pre-college treatment (from a linear probability model) in a 2nd stage regression

(see Angrist (2001)).18 In this way we assess the causal impacts of pre-college programs on academic

performance.

Like all two-stage approaches, one might question its internal validity. Specifically, can we be reason-

ably confident that the degree of competition within an applicant’s Congressional district is unrelated

18Nevertheless, we can alternatively estimate the first stage using a probit model. We can also take estimates from this

probit analysis and use them as an instrument itself (this would constitute a 3-stage approach). All results remain closely

aligned to our original 2SLS estimates.
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to unobservables that may relate to academic success? We are for a variety of reasons. Figure 5 shows

the number of direct admittances per Congressional district for all years. We see that every now and

then a district will have many more direct admittances to the Naval Academy than average. Which

districts these are appear to be random — they happen in different districts all around the country in

different years, with no seeming relationship to district median income, average educational quality or

other district-level attributes.

Figure 5: Number of Direct Admittances From Each Congressional District
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First, when correlating the number admits from the student’s district to background observables,

we find no correlation.19 Next, for all two-stage results, we also use alternative instruments. One is an

indicator variable that equals one if the number of direct admits from the district exceeds the national

average for that year. Another is an indicator that equals one if the number of direct admits from

the district exceeds the average for that district across all years. In this way, we can observe if results

are driven by special districts or special time periods. In terms of signs and magnitudes, all two-stage

results shown in section 5 remain remarkably consistent (full set of results available upon request).

We also find no correlation between the likelihood of having a parent who served in the Navy

or Marine Corps and background academic observables. Finally, all tests suggest that the model is

identified, that we do not suffer weak instrumentation, and that instruments are not redundant. Tests

of over-identifying restrictions support inclusion of all instruments. Specifically, regressing residuals

generated from the 2SLS estimation on all exogenous variables generates an R2 that is essentially zero.

Again the full set of test results are available upon request. In summary, we use 2SLS confident that

we are able to capture the causal effects of remedial education.

4.3 Instrumental Variable Quantile Estimation

Finally we employ instrumental variable quantile estimation to observe pre-college effects on the

entire academic outcome distribution. Chernozhukov and Hansen (2005) consider identification and

estimation of quantile treatment effects in a model with endogenous treatment. We can define the effect

of treatment, which is binary, as

apτ = q(1,x, τ) − q(0,x, τ) (4)

where τ is quantile level of the outcome variable, and x are all co-variates described above. Here

we use the same academic performance measures as before, and instrument using either an identified

model (using just the Congressional district instrument) or an over-identified model (using Congressional

district and parental military background instruments).

19Specifically, out of four academic background traits, two have correlation coefficients with the instrument lower than

0.01, and two lower than -0.01.
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5 Results

Across our methods of analysis and type of pre-college program, empirical results generally hold

consistently. To summarize, remedial programs are weakly associated with positive returns to college

graduation rates. These programs thus appear to boost human capital on the extensive margin, as

they appear to help with degree attainment for struggling students. However, pre-college programs

also appear to deteriorate average student performance overall. The reason is linked to the fact that

these programs hurt academic performance for students in the middle to high areas of the academic

performance distributions. Thus, these programs do not appear to increase human capital on the

intensive margin, at least in terms of long-term retainable skills. Specific results are described below.

5.1 Ordinary Least Squares and Probit Regression

It is useful to first examine how ordinary least squares and probit regressions suggest returns to

educational outcomes based on participation in a preparatory school program. Table 4 illustrates the

relationship between participation in the NAPS program as well as other controls on key academic

performance variables.

Coefficients on the preparatory school indicator paint an interesting picture. Once we control for

measurable background academic characteristics, NAPS participation is associated with positive average

academic grades during the first semester. These diminish in magnitude during the second semester and

eventually go away entirely by the third semester (result not reported).20 Class rank is also positively

associated with NAPS attendance, on average appearing to boost those in NAPS twenty spots closer

to the top of the class. Probit results suggest no relationship between NAPS participation and overall

graduation rates.

The coefficients on the independent variables Math SAT, Verbal SAT and High School Standing

have the expected signs and magnitudes. Higher math and verbal SAT scores, and higher high school

standing, are associated with a higher class rank (a lower number), higher likelihood of graduation, and

positive returns for all semesters of academic grades. Interestingly, our intangibles index also appears

to significantly matter for academic performance. As one might suspect, factors such as letters of

recommendation and extra-curriculars are positive predictors for college success.

20Note that the first two semesters are the most comparable across cohorts, as almost all freshman at USNA take the

same courses. By the third semester, students have declared their majors and begin to take more specialized coursework,

although they still take many of the same engineer- and math-oriented classes as well.
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Table 4: OLS and Probit Regressions — Correlations between NAPS and Outcome Variables

Outcome: Grades Semester 1 Grades Semester 2 Class Rank Graduation Rates

PREP indicator 0.20*** 0.06*** -20.5*** 0.05

(0.02) (0.02) (7.6) (0.04)

Highest Math SAT 0.003*** 0.002*** -1.19*** 0.002***

(0.0001) (0.0001) (0.04) (0.0002)

Highest Verbal SAT 0.002*** 0.002*** -0.68*** 0.0002**

(0.0001) (0.0001) (0.03) (0.0002)

High School Class Rank (Standardized) 0.002*** 0.002*** -0.88*** 0.002***

(0.00003) (0.00004) (0.02) (0.0001)

Intangibles Index 0.00004*** 0.00003*** -0.01*** 0.00003***

(0.000001) (0.000001) (0.001) (0.000005)

Logged Median Income of Residential Area 0.11*** 0.09*** -50.4*** 0.23***

(0.01) (0.01) (7.1) (0.04)

Athlete indicator 0.04*** 0.01 2.2 0.19***

(0.008) (0.008) (4.0) (0.02)

Age 0.05*** 0.02*** 0.71 0.005

(0.008) (0.008) (4.0) (0.02)

Female indicator -0.08*** -0.07*** 8.9 -0.22***

(0.01) (0.01) (6.0) (0.03)

Minority indicator -0.13*** -0.12*** 72.7*** -0.16***

(0.01) (0.01) (5.9) (0.03)

Number of Observations 21820 20332 20484 22617

R-squared 0.35 0.33 0.32 0.05

Year Effects Included. Robust Standard Errors. See Appendix 7.3 for variable descriptions.

Graduation rates estimated with Probit.
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Further, the median income of the student’s residential area also strongly relates to academic per-

formance. This is informative for us since we do not have household income levels. One might expect

that the use of residential income as a proxy for household income may create excessive noise. Our

regions are (for the most part) at the ZIP code level, which for some may be quite large and may often

contain a number of US Census tracts. These results suggest, however, that between ZIP code income

variations are an important source of variation in understanding college performance.21

The OLS results here suggest an intuitive story. The NAPS pre-college program may generate some

positive grade effects early on, but these peter out as one progresses in one’s college career. However, we

still cannot rule out the possibility that pre-college selection is based on average on some other factor

that may be correlated with college success. Thus we turn to instrumental variable strategies.

5.2 Estimating the Likelihood of Pre-College Treatment

We start by estimating the likelihood of being selected into the NAPS program, as opposed to being

admitted directly to the Academy, using probit regressions. Results are presented in Table 5. We use

these estimates in our propensity score matching exercises; for 2SLS we use linear probability models

as the first stage. Not surprisingly, stronger measures of academic ability, including our measure of

non-tangible abilities, imply a lower likelihood of selection to NAPS.

It also appears that median residential income is an important control in NAPS participation. Even

though income level is associated with stronger academic performance, it is also a positive predictor of

pre-college attendance (when controlling for other predictors of academic success). This makes sense;

essentially, only those of a certain prosperity level can afford to take an entire year off to prepare for

college. This is true for those attending NAPS, even though it is a fully funded program. As we will

see, this will be even more important for other preparatory programs that are only partially funded.

Note our inclusion of age upon matriculation as an additional control. Causation obviously runs the

other way here — participation in pre-college delays the date of matriculation. Its inclusion however is

potentially important in that delayed entrance to school may help with academic performance simply

because students are older and more mature.

From the data we can see NAPS is also apparently used to promote gender and ethnic diversity. This

is certainly not the case for alternative pre-college programs. Our study thus allows us to examine the

21Thomas et al. (2006) find that around 67 percent of the total variation in tract-based income is attributable to

variations between ZIP codes (as opposed to variations within ZIP codes).
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Table 5: Estimating the Likelihood of Pre-College Treatment — NAPS

Model 1 Model 2 Model 3

Highest Math SAT -0.01*** -0.01*** -0.01***

(0.0004) (0.0004) (0.0004)

Highest Verbal SAT -0.006*** -0.006*** -0.007***

(0.0004) (0.0004) (0.0004)

High School Class Rank (Standardized) -0.005*** -0.005*** -0.005***

(0.0002) (0.0002) (0.0002)

Intangibles Index -0.0002*** -0.0002*** -0.0002***

(0.00001) (0.00001) (0.00001)

Logged Median Income of Residential Area 0.11** 0.12** 0.11**

(0.05) (0.05) (0.05)

Athlete Indicator -0.06 -0.04 -0.04

(0.04) (0.04) (0.04)

Age 1.49*** 1.50*** 1.49***

(0.05) (0.05) (0.05)

Female indicator 0.15*** 0.14*** 0.14***

(0.05) (0.05) (0.05)

Minority indicator 0.73*** 0.74*** 0.74***

(0.04) (0.04) (0.04)

Degree of Competition for Congressional Nomination 0.29*** 0.28*** 0.28***

(0.04) (0.04) (0.04)

Navy Parent - 0.26*** 0.28***

(0.05) (0.05)

Marine Corps. Parent - - 0.24***

(0.07)

Number of Observations 23694 23694 23694

pseudo R-squared 0.66 0.66 0.67

Year Effects Included. Robust Standard Errors. See Appendix 7.3 for variable descriptions.
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academic effects of pre-college programs with different selection criteria. The hope is lessons can then

be learned for pre-college or remedial programs outside this study.

The final three variables are used as excluded instruments. Our degree of competition for Con-

gressional nomination measure is the number of direct admittants to the Academy from the student’s

Congressional district. This measure varies over time as well as over districts. It is in large part a

function of the number of applicants from that district that year. We see that it is a strong predictor

for NAPS selection.

Those with a parent who served in the Navy or Marine Corps also have a greater propensity to

attend the NAPS program than to get admitted directly. Importantly, having a parent serve in the Air

Force shows no affect at all (results not shown), suggesting that these variables proxy for alumni effects

discussed earlier. We also see that these excluded instruments do not correlate with any of our high

school academic measures such as SAT scores or high school rank.

5.3 IV Estimation — Two-Stage Least Squares

Results for two-stage least squares estimates on the academic effects from the NAPS program are

displayed in Table 6. For these we estimate an over-identified model using a linear probability model as

the first stage. As we can see, these results dramatically change the story told by OLS regressions. Now

there appears to be essentially no average freshman grade effects. There is a small positive coefficient

on NAPS for the first semester, but this is very imprecisely estimated. This coefficient actually turns

negative for the second semester. When looking at overall class rank, the sign on NAPS coefficient

reverses from its corresponding OLS coefficient. The result here is statistically insignificant, but suggests

that students from the NAPS program graduate around 85 spots below their direct-entry peers.

These results suggest that our OLS estimates on NAPS’s influence on average grades are biased

upwards. It suggests the potential presence of other factors that Admissions may observe which predicts

the (at least short-run) success of these students. When we attempt a true randomization of selection,

these positive effects go away.

Yet we do find a modest positive effect of the NAPS pre-college program on overall rates of graduation.

This begs the question: how can pre-college be shown to have no short-run average grade effects, yet

appears to have a positive longer-run graduation effect? The answer is that it helps shore up bottom

performers, such that low performers are able to avoid getting into academic trouble and potential

dismissal from the college. Observing only average grades obscures this potential channel for pre-college
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Table 6: Effects of Pre-College on College Performance — 2SLS Estimation

Outcome: Grades Semester 1 Grades Semester 2 Class Rank Graduation Rate

Estimated NAPS Selection 0.05 -0.20 84.5 1.03*

(0.22) (0.22) (105.6) (0.60)

Highest Math SAT 0.003*** 0.002*** -1.10*** 0.002***

(0.0002) (0.0002) (0.09) (0.005)

Highest Verbal SAT 0.002*** 0.001*** -0.62*** 0.0009**

(0.0002) (0.0002) (0.07) (0.0004)

High School Rank (Standardized) 0.002*** 0.002*** -0.84*** 0.002***

(0.0001) (0.0001) (0.05) (0.0002)

Intangibles Index 0.00004*** 0.00003*** -0.01*** 0.00004***

(0.000002) (0.000002) (0.001) (0.000006)

Logged Median Income of Residential Area 0.12*** 0.10*** -55.5*** 0.17***

(0.02) (0.02) (8.84) (0.06)

Athlete Indicator 0.03*** 0.007 3.30 0.19***

(0.008) (0.008) (4.14) (0.02)

Age 0.09 0.09 -26.7 -0.25

(0.06) (0.06) (27.8) (0.16)

Female indicator -0.07*** -0.07*** 6.40 -0.23***

(0.01) (0.01) (6.75) (0.03)

Minority indicator -0.11*** -0.08*** 59.3*** -0.28***

(0.03) (0.03) (15.1) (0.08)

Number of Observations 20757 20332 20484 20898

R-squared 0.35 0.32 0.31 -

Robust standard errors in parentheses.

*** indicates significance at the .01 level. ** indicates significance at .05. * indicated significance at .1.

See Appendix 7.3 for variable descriptions.

First stage uses Model 3 on Table 5.

Graduation rates estimated using an instrumented Probit.
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Table 7: Further Unpacking the Effects of Pre-college: Avoiding Academic Trouble

Outcome: Drop 1st Year Drop 2nd Year D’s and F’s Sem 1 D’s and F’s Sem 2

Estimated NAPS Selection -1.64** -1.16* -1.05*** -0.53***

(0.74) (0.64) (0.10) (0.10)

Highest Math SAT -0.003*** -0.002*** -0.010*** -0.008***

(0.0.005) (0.0005) (0.0003) (0.0003)

Highest Verbal SAT -0.002*** -0.002** -0.003*** -0.002***

(0.0005) (0.0004) (0.0003) (0.0003)

High School Rank (Standardized) -0.002*** -0.002*** -0.006*** -0.005***

(0.0003) (0.0002) (0.0002) (0.0001)

Intangibles Index -0.00004*** -0.00004*** -0.0001*** -0.0001***

(0.000008) (0.000007) (0.000007) (0.000008)

Logged Median Income of Residential Area -0.010 -0.16*** -0.25*** -0.17***

(0.07) (0.06) (0.04) (0.04)

Athlete Indicator -0.33*** -0.23*** -0.12*** -0.06*

(0.03) (0.02) (0.04) (0.03)

Age 0.36* 0.28* -0.05 0.06

(0.20) (0.17) (0.04) (0.04)

Female indicator 0.28*** 0.30*** 0.35*** 0.30***

(0.04) (0.03) (0.04) (0.03)

Minority indicator 0.22** 0.24*** 0.42*** 0.36***

(0.10) (0.08) (0.04) (0.04)

Number of Observations 20876 20876 21941 21941

pseudo R-squared - - 0.10 0.07

Regressions 1 and 2 are estimated using Instrumented Probit. Regressions 3 and 4 are estimated using Instrumented Tobit

*** indicates significance at the .01 level. ** indicates significance at .05. * indicated significance at .1.

Robust standard errors in parentheses.

See Appendix 7.3 for variable descriptions.

effects.

Furthermore, consider class rank. The possibility of pre-college producing poorer-quality students

could potentially arise from two sources. Pre-college can help retain bottom students that would oth-

erwise have failed out, and it can worsen performance of students who were never in danger of failing

out. Both will pull down average student quality. As we will see in subsequent sections, both are indeed

occurring.

To further unpack the effects of pre-college, we look at a few other measures of academic performance.

Results are presented in Table 7. The dependent variables for the first two columns of regressions are

binary variables indicating, respectively, whether the student dropped out before the start of his or

her sophomore year, and whether the student dropped out before the start of his or her junior year.

Dependent variables for the last two columns of regressions are count variables indicating the number

of D’s or F’s the student received in academic courses during the first two semesters. The former
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regressions are estimated using an instrumented Probit. The latter regressions are estimated using an

instrumented Tobit.

The first regression results on Table 7 make clear that the effects of the NAPS program on rates of

graduation come mainly from retaining students in the first year. This is the time where students are

most susceptible to academic trouble. All students at this stage take virtually the same courses, when

specialization through academic majors have yet to occur. Results for the first two years of academic

study remain statistically significant but noticeably weaker.22 Thus the study gives some evidence

suggesting that NAPS helps under-performing students clear academic hurdles and does not provide

well performing students the incentive to leave voluntarily.

Some a fortiori evidence regarding this can be seen in the last two columns of results on Table 7.

The NAPS program appears to enable students to receive fewer D’s and F’s. Naturally this will not

influence a student who generally receives A’s and B’s. But for marginal students, this can serve as an

important boost to help them avoid academic probation and dismissal. This affect persists in the second

semester but is greatly diminished. It goes away entirely by the third semester (result not shown).

Our IV estimations suggest pre-college helps on the extensive margin of education (by promoting

graduation rates for lower-performing students). What about the effects to medium and high-performing

students? For this we turn to quantile analysis.

5.4 Different Effects for Different Subsets — IVQ Regressions

Here we show results of our instrumental variable quantile (IVQ) regression analysis. We display

the results for two outcome variables — overall academic order of merit (AOM), and GPA for the

students’ first semester. We perform separate regressions for each vigintile (moving in 5 percentile point

increments), and include the full set of instruments that we use in our two stage least squares analysis.

Use of alternate instruments discussed in section 4.2 all yield similar results to those described below.

Figure 6 demonstrates the estimated coefficient on the NAPS treatment on AOM (95 percent confi-

dence intervals are shown as dotted lines). Strikingly, we see that treatment actually worsens academic

performance for those who finish under the 70th percentile for academic order of merit. That is, middle

to high performing students (those near the top of their academic class) perform worse due to pre-

college. Not all estimates are statistically significant, but all estimates in the middle to high range

22Those students leaving after their fourth semester are not liable to pay any tuition; once the fifth semester begins,

students are obligated to pay back all tuition and fees if they choose to exit the Academy without graduating.
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Figure 6: Estimated impact of pre-college treatment (NAPS) on Academic Order of Merit by Quantile

percentile

Estimated effect on AOM 

Note: Horizontal axis is quantile by Academic Order of Merit — rising value indicates worsening academic performance.

Estimates made in 5 percentile increments. Dots indicate statistically significant estimates (at 95 percent confidence).
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of academic performance are positive — pre-college raises their order of merit which means a worse

academic outcome.

We also see that the signs on these estimates reverse beyond the 75th percentile. For those near

the bottom of the class, the NAPS program improves students’ academic order of merit. These results

conform to our findings discussed earlier — the NAPS pre-college program on average worsens academic

performance as measured by order of merit, but this effect is attenuated by the bottom students whose

performance is somewhat improved.

Figure 7: Estimated impact of pre-college treatment (NAPS) on First Semester GPA by Quantile

Estimated effect on first 
semester GPA

percentile

Note: Horizontal axis is quantile by first semester GPA — rising value indicates improved academic performance. Estimates

made in 5 percentile increments. Dots indicate statistically significant estimates (at 95 percent confidence).

Figure 7 demonstrates the estimated coefficient on the NAPS treatment on first semester grades

(GPA). A similar picture emerges. Treatment improves performance for bottom students (those under

35th percentile for first semester GPA). Treatment however worsens performance for middle to top

students (those above 60th percentile for first semester GPA).

How robust are these findings on pre-college? To answer we analyze an alternative pre-college

program, and we attempt an alternative methodology. We tackle each in turn.
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5.5 Other Preparatory Schools

One might question whether the NAPS program is too specialized or focused on specific material

to extrapolate the above results to understanding the educational effects of pre-college more generally.

The Naval Academy also allows students to participate in other private or public preparatory schools

through its Foundation school program. We thus re-do our empirical exercise, now considering only

those students who attend an alternative preparatory program as the treated group.

Students who do not attend NAPS and are not admitted directly to USNA may be offered appoint-

ment to a “Foundation school.” Foundation students have up to 60% of their tuition covered by the

Foundation Program and have a 95% guarantee of transfer to the Academy. Families are expected to

contribute resources to pay for at least 40% of tuition based on their income level. Students offered

the opportunity to go to an independent preparatory school have the option to apply to 15 civilian

and 4 military preparatory schools including Hargrave Military Academy, the Kent School, Peddie, and

various other civilian and military preparatory schools. A full list of current Foundation preparatory

schools is included in Appendix 7.2.

This program differs significantly from the NAPS program. Rather than being offered a place at a

specific institution like NAPS, other independent preparatory school students may choose their desired

preparatory school, introducing variation in location, cost, and quality of education. Other independent

preparatory school students make up a smaller cohort of pre-college entrants at 6% of each entering

USNA class. The Foundation program provides a different perspective on returns to investment in

pre-college education.

Similar to the NAPS program, the other independent preparatory school program is designed as a

preparatory year for students who are deemed academically unprepared for USNA. Foundation students

participate in what is known as a post-graduate or “PG” year. At preparatory school, they enroll in

courses that include at a minimum English, science, and math. Foundation schools fall into one of three

categories: military preparatory schools, preparatory schools affiliated with a college or university, or

independent preparatory schools.

The range of schools that participate in the Naval Academy Foundation program includes schools

across all of the U.S. They are a cross-section of typical preparatory school programs. Like other

preparatory schools, Foundation schools place high emphasis on academic performance, athletic per-

formance, and college matriculation. Taken together, conclusions from the treatment groups described
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Table 8: Estimating the Likelihood of Pre-College Treatment —

Other Preparatory Programs

Model 1 Model 2 Model 3

Highest Math SAT -0.001*** -0.001*** -0.001***

(0.0004) (0.0004) (0.0004)

Highest Verbal SAT -0.0007** -0.0007** -0.0007**

(0.0003) (0.0003) (0.0003)

High School Class Rank (Standardized) -0.004*** -0.004*** -0.004***

(0.0002) (0.0002) (0.0002)

Intangibles Index -0.0002*** -0.0002*** -0.0002***

(0.000009) (0.000009) (0.000009)

Logged Median Income of Residential Area 0.37*** 0.36*** 0.36***

(0.05) (0.05) (0.05)

Athlete Indicator -0.23*** -0.22*** -0.22***

(0.04) (0.04) (0.04)

Age 1.41*** 1.41*** 1.41***

(0.05) (0.05) (0.05)

Female indicator 0.02 0.01 0.02

(0.02) (0.06) (0.06)

Minority indicator -1.09*** -1.09*** -1.09***

(0.11) (0.11) (0.11)

Degree of Competition for Congressional Nomination 0.37*** 0.37*** 0.36***

(0.04) (0.04) (0.04)

Navy Parent - 0.14*** 0.15***

(0.05) 0.04

Marine Corps Parent - - 0.10

(0.08)

Number of Observations 20663 20663 20663

pseudo R-squared 0.49 0.49 0.49

Year Effects Included. Robust Standard Errors. See Appendix 7.3 for variable descriptions.

above can be extrapolated to broader national education given the level of detail of the USNA dataset.

Table 8 displays the results from Probit regressions on selection to other pre-college programs, com-

pared to being admitted directly. Estimated coefficients on background academic variables are very

similar to those estimated for the NAPS program. Just like NAPS, selection into other pre-college

programs is in large part driven by perceived academic weakness.

Yet in other ways selection is very different compared with NAPS. Residential income is a stronger

predictor of pre-college attendance here. This makes sense, as these pre-college programs are only

partially funded, compared with the fully-funded NAPS program. Students from these programs will

on average come from more affluent backgrounds.

Further, it is clear that unlike the NAPS program, these alternative pre-college programs are not

designed to produce diversity. Indeed, minorities appear to have less likelihood to being admitted to
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Table 9: Effects of Pre-College on College Performance – 2SLS Estimation

Other Preparatory Programs

Outcome: Grades Semester 1 Grades Semester 2 Class Rank Graduation Rate

Estimated Pre-College Selection 0.11 -0.35 70.9 1.07*

(0.22) (0.22) (112.3) (0.60)

Highest Math SAT 0.003*** 0.002*** -1.18*** 0.002***

(0.00008) (0.00008) (0.04) (0.0002)

Highest Verbal SAT 0.002*** 0.002*** -0.72*** 0.0001

(0.00007) (0.00007) (0.04) (0.0002)

High School Rank (Standardized) 0.002*** 0.002*** -0.90*** 0.002***

(0.00009) (0.0001) (0.05) (0.0002)

Intangibles Index 0.00004*** 0.00003*** -0.01*** 0.00006***

(0.000004) (0.000004) (0.002) (0.00001)

Logged Median Income of Residential Area 0.11*** 0.13*** 63.0*** 0.13***

(0.02) (0.02) (12.4) (0.05)

Athlete Indicator 0.05*** 0.007 -0.19 0.23***

(0.01) (0.010) (4.73) (0.02)

Age 0.04 0.10** -13.6 -0.18

(0.05) (0.05) (25.8) (0.14)

Female indicator -0.09*** -0.07*** 12.4* -0.26***

(0.01) (0.01) (6.8) (0.03)

Minority indicator -0.12*** -0.14*** 80.9*** -0.13***

(0.02) (0.02) (8.5) (0.05)

Number of Observations 19505 19103 19293 20663

R-squared 0.33 0.28 0.28 -

Robust standard errors in parentheses.

*** indicates significance at the .01 level. ** indicates significance at .05. * indicated significance at .1.

See Appendix 7.3 for variable descriptions.

First stage uses Model 3 on Table 5.

an alternative pre-college program than being admitted directly. We would like to see if pre-college

produces different effects for less diverse and more affluent group of students.

On Table 8 we also see that our instrumental variables of Congressional district competitiveness and

indicator for having a parent in the Navy are also strong positive predictors for pre-college selection

(having a Marine parent in this case does not produce a statistically significant affect). We thus once

again use the linear probability version of this model as the first stage in our IV approach.

Table 9 displays the results from 2SLS estimation, where treatment is alternative pre-college pro-

grams. We find that average effects are quite consistent with the findings for the NAPS program.

Specifically, there are no statistically significant effects on average grades during the first two semesters.

Overall class rank is once again estimated to be lower for pre-college students, although this is impre-

cisely estimated. Finally, we again see positive effects on graduation rates. Magnitudes for all estimates

appear quite comparable to the NAPS case.
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Table 10: Further Unpacking the Effects of Pre-college: Avoiding Academic Trouble

Other Preparatory Programs

Outcome: Drop 1st Year Drop 2nd Year D’s and F’s Sem 1 D’s and F’s Sem 2

Estimated Pre-College Selection -1.60** -1.49*** -0.80*** -0.14

(0.75) (0.59) (0.17) (0.14)

Highest Math SAT -0.002*** -0.002*** -0.009*** -0.008***

(0.0003) (0.0002) (0.0003) (0.0003)

Highest Verbal SAT -0.0005* -0.0002 -0.002*** -0.001***

(0.00027) (0.0002) (0.0003) (0.0003)

High School Rank (Standardized) -0.002*** -0.002*** -0.006*** -0.005***

(0.0002) (0.0002) (0.0001) (0.0002)

Intangibles Index -0.00006*** -0.00005*** -0.0001*** -0.00008***

(0.00001) (0.00001) (0.000007) (0.000007)

Logged Median Income of Residential Area -0.08 -0.09* -0.25*** -0.17***

(0.06) (0.05) (0.05) (0.04)

Athlete Indicator -0.36*** -0.26*** -0.18*** -0.07**

(0.03) (0.02) (0.04) (0.03)

Age 0.31* 0.29** -0.02 0.03

(0.17) (0.14) (0.05) (0.04)

Female indicator 0.30*** 0.32*** 0.41*** 0.34***

(0.04) (0.03) (0.04) (0.04)

Minority indicator -0.002 0.07 0.34*** 0.32***

(0.06) (0.05) (0.04) (0.04)

Number of Observations 20643 20643 20643 20643

pseudo R-squared - - 0.10 0.08

Regressions 1 and 2 are estimated using Instrumented Probit. Regressions 3 and 4 are estimated using Instrumented Tobit

*** indicates significance at the .01 level. ** indicates significance at .05. * indicated significance at .1.

Robust standard errors in parentheses.

See Appendix 7.3 for variable descriptions.
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Can we suggest here that these pre-college programs shore up the struggling students in a similar

matter to that of the NAPS program? Table 10 recreates the exercises done in table 7 but for these

alternative pre-college students. Again, findings are fairly consistent — pre-college students are less

likely to drop out during freshman year, and are less likely to receive D’s or F’s, especially during the

first semester.

Figure 8: Estimated impact of pre-college treatment (foundation schools) on Academic Order of Merit

by Quantile

Estimated effect on AOM 

percentile

Note: Horizontal axis is quantile by Academic Order of Merit — rising value indicates worsening academic performance.

Estimates made in 5 percentile increments. Dots indicate statistically significant estimates (at 95 percent confidence).

Finally, we can redo the instrumental variable quantile analysis considering selection to the Foun-

dation school program. Results from these exercises are illustrated in figures 8–9. Given our smaller

number of observations, standard errors are much larger here, and we get no statistically significant

results when we consider academic order of merit as our outcome variable. Nevertheless, the patterns

are basically the same — treatment worsens or does nothing to performance for middle to top students

(those under the 70th percentile for AOM). Treatment improves performance for only the very bottom

students (those higher than 75th percentile for AOM).
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Figure 9: Estimated impact of pre-college treatment (foundation schools) on First Semester GPA by

Quantile

Estimated effect on first 
semester GPA

percentile

Note: Horizontal axis is quantile by first semester GPA — rising value indicates improved academic performance. Estimates

made in 5 percentile increments. Dots indicate statistically significant estimates (at 95 percent confidence).
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When considering first semester grades, quantile results are remarkably similar to those found for

NAPS treatment. Treatment improves performance for bottom students (those under 40th percentile

for first semester GPA). Treatment however worsens performance for top students (those above 65th

percentile for first semester GPA).

Thus, despite significant differences in selection criteria and student composition, both the NAPS

program and alternative public and private pre-college programs produce very similar effects. This

raises our confidence that what we are capturing are true program effects, not selection effects.

6 Conclusions

College graduation rates and overall college performance measures have been declining, in part due

to lack of student preparation. Can prescribing remediation help stem this trend? Of course the answer

is: it depends. Mainly, it depends on how we define college “success.” In contrast to the findings

of Adleman (1999) and Attewell et al. (2006), we suggest that remedial education can significantly

improve college retention rates and increase graduation rates. Whether by providing students the skills

to persevere during their first year of college, or merely serving as powerful commitment devices, these

programs appear capable of helping struggling students.

We argue however that while pre-college can raise human capital on the extensive margin (raising

total number of graduates), it tends to lower human capital on the intensive margin (lowering average

quality of graduates). We suggest lower average human capital quality arises from two potential sources

– a compositional effect, where there is greater retention of the weakest students; and a quality-erosion

effect, where there is lower academic performance of the strongest students.

Preparatory school programs appear to prepare the bottom students for specific introductory level

courses, rather than give the overall group the kinds of study skills important for subsequent college

level work. Educators and administrators intent on raising human capital and education levels should

consider how they should measure success — is it the number of sheepskins they can provide, or the

skills they can imbue in the students? Of course schools are very interested in doing well on college

rankings (see Jin and Whalley 2007), and graduation rates are far more accessible measures of “success”

than educational quality.

These results suggest that pre-college/post secondary preparatory schools seem to play an important

role in student persistence toward earning a degree. Yet inductively-reasoned conclusions from this

study paint a less than flattering picture of remedial college programs in general. It could be that giving
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assistance to already capable students damages their self-confidence and undermines their performance.

For future work one would like to better understand the precise ways unsolicited aid (educational or

otherwise) can backfire. Further one would also like to link attendance at pre-college programs not just

with graduation rates but with future income in the work force.
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7 Appendix

7.1 Alternative Method: Propensity Score Matching

We perform propensity score matching to check the robustness of our results. This involves a two-

stage approach where we first derive a propensity score, and then match individuals with similar scores

in order to compare treated and non-treated groups.

Over-specifying the first stage in calculating the propensity score can exacerbate what is referred to

as the common support problem: where there is no overlap in background characteristics for treated

individuals in the un-treated sample, those treated individuals are dropped from the analysis. There is

thus the potential for eliminating a significant number of treated observations (Caliendo and Kopeinig

2008). At the same time, isolation of a specific cohort of the data is part of what informs returns to

treatment and helps eliminate selection bias (Bryson et al. 2002).

For the first stage here we include a subset of background variables that directly effect both treatment

and academic performance. This more parsimonious specification follows:

prepi = β0 + β1msati + β2vsati + β3hssi + β4intangiblesi + β5incomei +
∑

γtt+ εi (5)

The propensity score is the estimated value of p̂rep. We estimate this using probit regression. In the

second stage, we employ nearest neighbor, caliper, and kernel matching to compare the difference in

mean outcomes between the treatment and control groups for matched observations.23 (Other matching

23There are a number of matching algorithms we can employ, the most common of which are nearest neighbor matching,

radius matching, and kernel and local-linear matching. Nearest neighbor matching is one of the most straightforward

matching procedures. An individual from the control group is matched with an individual from the treatment group in

terms of the closest propensity score. One can vary this approach to include matching with or without replacement where,

in the former case, a member from the control group can be used more than once as a match (this is potentially important

for us as far more students enter the Academy directly as opposed to going through NAPS or another independent

preparatory school — see Caliendo and Kopeinig, 2005 for more details). In this study, we employed nearest neighbor

matching on the closest nearest neighbor and 5 nearest neighbors, all with replacement. To avoid the potential risk of

poor matching, radius matching specifies a maximum propensity score distance (sometimes called a “caliper”) by which

a match can be made. This approach differs in that it uses not only the nearest neighbor, but also all of the comparison

group members within the caliper. That is, it uses as many comparison cases as are available within the caliper, but not

those that are poor matches based on the specified distance. Finally, kernel and local linear matching are non-parametric

matching estimators that compare the outcome of each treated person to a weighted average of the outcomes of all those

in the control group. The highest weight is placed on those with scores closest to the treated individuals (Caliendo and
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Table 11: Robustness: Propensity Score Matching. Second Stage Matched Results Comparing NAPS

and Direct Entry Students

Unmatched NN(1) NN(5) Caliper

Class Rank 272.6 57.4 53.9 42.5

(6.5) (18.3) (15.7) (16.7)

Grades Semester 1 -0.42 0.015 0.04 0.05

(0.01) (0.04) (0.03) (0.03)

Grades Semester 2 -0.52 -0.11 -0.11 -0.08

(0.01) (0.03) (0.03) (0.03)

Freshman dropout 0.007 -0.04 -0.04 -0.03

(0.005) (0.01) (0.01) (0.015)

Sophomore dropout 0.04 -0.01 -0.01 -0.007

(0.007) (0.02) (0.02) (0.02)

D’s and F’s Sem 1 0.25 -0.10 -0.12 -0.12

(0.02) (0.06) (0.05) (0.05)

D’s and F’s Sem 2 0.39 0.11 0.10 0.06

(0.01) (0.06) (0.04) (0.05)

Coefficients are estimated differences between

treated and control groups.

Standard errors in parentheses.

See Appendix 7.3 for variable descriptions.

algorithms produce very similar findings — full results available upon request).

For unmatched cases displayed in the first column, we see the average differences between those

attending pre-college (NAPS) and those admitted directly (controlling for no other factors). Those

from the NAPS program are further from the top of their class (270 spots below on average), receive

lower average grades during the first two semesters (roughly half a letter grade below), and are more

liekly to receive a D or F in their freshman year.

The matched results paint a much different picture. It is a picture much more aligned with our 2SLS

estimates than our original OLS estimates. While it still appears that pre-college does not help with

average grades, it does appear to help with early drop-out/failure rates, and with limiting D’s and F’s.

Compared with our 2SLS estimates, gains from the NAPS program appear to be strictly confined to the

first semester of academic study. But they generally support our conclusion from the previous sections

— the NAPS pre-college program assists with helping potentially struggling students get through and

graduate, but not with average performance, even in the first semester.

In fact, the matched results here suggest that NAPS students graduate with a lower class rank than

their matched direct-entry counterparts, just as results suggest in the 2SLS estimation. Here however

Kopeinig, 2005).
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differences are statistically significantly away from zero. We thus have further evidence suggesting that

pre-college is a valuable tool in promoting college completion, but may result in poorer quality students.

7.2 Institutional Specifics

Naval Academy Foundation Schools 1. Avon Old Farms School, Avon, Connecticut 2. Blair Academy,

Blairstown, New Jersey 3. Greystone Preparatory School at Schreiner University, Kerrville, Texas 4.

Hargrave Military Academy, Chatham, Virginia 5. The Hill School, Pottstown, Pennsylvania 6. The

Hun School of Princeton, Princeton, New Jersey 7. Kent School, Kent, Connecticut 8. The Kiski School,

Saltsburg, Pennsylvania 9. The Marion Military Institute, Marion, Alabama 10. The Mercersburg

Academy, Mercersburg, Pennsylvania 11. New Mexico Military Institute, Roswell, New Mexico 12.

Northfield Mount Hermon School, Northfield, Massachusetts 13. Northwestern Preparatory School,

Crestline, California 14. The Peddie School, Hightstown, New Jersey 15. Portsmouth Abbey School,

Portsmouth, Rhode Island 16. Salisbury School, Salisbury, Connecticut 17. Valley Forge Military Junior

College, Wayne, Pennsylvania 18. Western Reserve Academy, Hudson, Ohio 19. Wyoming Seminary,

Kingston, Pennsylvania

7.3 United States Naval Academy Majors by Group

• Group 1 – Engineering and Weapons:

– Aerospace Engineering

– Computer Engineering

– Electrical Engineering

– General Engineering

– Mechanical Engineering

– Naval Architecture

– Ocean Engineering

– Systems Engineering

• Group 2 – Mathematics and Science:

– Chemistry

– Computer Science
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– Cyber Operations

– General Science

– Information Technology

– Mathematics

– Oceanography

– Operations Research

– Physics

– Quantitative Economics

• Group 3 – Humanities and Social Sciences:

– Arabic

– Chinese

– Economics

– English

– History

– Political Science

7.4 Variable Descriptions

• Background Characteristics

– African American- Binary variable indication whether a student classifies themselves as

African American

– Asian American- Binary variable indication whether a student classifies themselves as Asian

American

– Caucasian- Binary variable indication whether a student classifies themselves as Caucasian

– Hispanic- Binary variable indication whether a student classifies themselves as Hispanic

– Age on IDay- A student’s age on their first day at the Naval Academy, Induction Day/

Matriculation
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– Central- A binary variable indicating whether a student is from Illinois, Indiana, Iowa, Ken-

tucky, Michigan, Minnesota, Missouri, Ohio, or Wisconsin

– Northern- A binary variable indicating whether a student is from Connecticut, Delaware,

Maine, Maryland, Massachusetts, New Hampshire, New Jersey, New York, Pennsylvania,

Rhode Island, or Vermont

– Pacific- A binary variable indicating whether a student is from Alaska, Arizona, California,

Hawaii, Nevada, Oregon, Utah, or Washington

– Southern- A binary variable indicating whether a student is from Alabama, Arkansas, Florida,

Georgia, Louisiana, Mississippi, North Carolina, South Carolina, Tennessee, Virginia, or West

Virginia

– Western- A binary variable indicating whether a student is from Colorado, Idaho, Kansas,

Montana, Nebraska, New Mexico, North Dakota, Oklahoma, South Dakota, Texas, or Wyoming

– Verbal SAT- A student’s highest reported SAT score for the verbal section

– Math SAT- A student’s highest reported SAT score for the math section

– Sex- A binary variable indicating gender where 1=female

– High School Quality Measure- A measure of the academic quality of individual high schools

on the same scale as the SAT: from 200 to 800

– High School Rank (Percent)- A student’s percent rank in their high school class where .99

signifies being in the top 1% of high school graduating class

– Military Father- Binary variable indicating whether the student’s father was in the military

– Military Mother- Binary variable indicating whether the student’s mother was in the military

– Ascore- an index that incorporates not just SAT scores and high school standing, but also

many background variables unobserved by us such as extra-curriculars, strength of recom-

mendation letters, and athletic performance.

• Performance Variables

– AC grades1- First semester academic grade point average

– AC grades2- Second semester academic grade point average

– AC grades3- Third semester academic grade point average
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– AC grades4- Fourth semester academic grade point average

– Academic Average- Average course GPA in all academic courses for the first four semesters

excluding professional and military coursework

– AOM- Normalized class rank based on eight semesters of academic grades

– Graduated (indicator)- A binary variable indicating whether a student graduated

– Major Switch- A binary variable indicating whether a student changed their major while at

USNA

– MajorGrade3- Third semester majors courses grade point average

– MajorGrade4- Fourth semester majors courses grade point average

– Majorgrade5- Fifth semester majors courses grade point average

– MajorGrade6- Sixth semester majors courses grade point average

– Class Rank- Normalized class rank based on combined AOM and MOM, eight semesters of

academic grades and military performance grades

– Freshman dropout- A binary variable indicating whether a student left USNA during their

freshman year

– Sophomore dropout- A binary variable indicating whether a student left USNA during their

sohpomore year

– Start Group 1- A binary variable indicating whether a student elected a major in group 1

during their freshman year

– Start Group 2- A binary variable indicating whether a student elected a major in group 2

during their freshman year

– Start Group 3- A binary variable indicating whether a student elected a major in group 3

during their freshman year

– STEM grades1- First semester STEM grade point average

– STEM grades2- Second semester STEM grade point average

– STEM grades3- Third semester STEM grade point average

– STEM grades4- Fourth semester STEM grade point average
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– Tutor- A binary variable indicating whether a student was involved in the student-tutor

program while at USNA

– Varsity Athlete- (indicator) A binary variable indicating whether a student was a varsity

athlete while at USNA
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