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1 Introduction

Black and Hispanic workers are underrepresented in the high-wage, college degree-holding STEM—

science, technology, engineering, and mathematics—workforce (National Science Board, 2021). This

under-representation contributes to racial and ethnic wage gaps (Altonji et al., 2016).1 Racial

inequality and the lack of diversity in STEM fields are also detrimental to the quality of innovation

(Parrotta et al., 2014; Hofstra et al., 2020), and overall economic growth and the presence of racial

economic inequality in the United States (Cook et al., 2021; Hsieh et al., 2019).

Under-representation in the STEM workforce is preceded by disparities in who attains a college

degree in STEM. About 9 percent of STEM bachelor’s degrees went to Black students and 16

percent to Hispanic students despite these groups representing 14 and 21 percent of the college-

age population in the United States, respectively (National Science Board, 2022). The disparity

in STEM degrees is not due to differences in interest. Upon entering college, underrepresented

minority (URM) students plan to major in STEM fields at similar rates to their White peers, but

they are more likely to switch away from a STEM field or leave college (Riegle-Crumb et al., 2019).

Given that STEM preparation and college access are shaped prior to college entrance, STEM-

focused enrichment programs for high school students are promising vehicles to reduce disparities

in STEM degree attainment. However, we know little about the efficacy of such programs. The

existing evidence primarily relies on survey assessments and on observational studies whose findings

can be substantially driven by selection bias (unobserved differences between participants and non-

participants) and often focus only on short-term outcomes (Kitchen et al., 2018a; Kitchen et al.,

2018b; Bradford et al., 2021).2 An exception is Robles’ (2018) prior investigation of one of the three

programs we examine here (the six-week program). Using data on earlier cohorts and a selection-

1The STEM wage premium likely reflects selection into STEM fields by individuals with high earning potential,
but STEM earnings premiums remain even when controlling for student backgrounds (Altonji et al., 2012, 2016) or
estimating returns within a discrete choice model (Arcidiacono, 2004; Kinsler and Pavan, 2015).

2Some summer programs to increase representation in STEM-adjacent fields have been rigorously analyzed and
found to increase representation in their focus areas, including the American Economic Association Summer Program
(Price, 2005; Becker et al., 2016) and the Robert Wood Johnson Foundation Summer Medical and Dental Education
Program (Cosentino et al., 2015). However, although they are more rigorous about comparisons to non-program
students than many other studies, these evaluations are not randomized and focus on STEM-adjacent fields (e.g.,
economics, health professions). They generally find that program participation leads to greater success in the focus
field.
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on-observables design, she found that access to a STEM summer program increases matriculation at

the host institution, graduation rates, and likelihood of graduation with a STEM degree. However,

although this study has the benefit of a long time horizon and detailed administrative data, it still

cannot fully account for selection into the program. Thus, to better understand the impact of STEM

programs for high school students, we conducted a randomized controlled trial of a suite of summer

programs targeted at enhancing the pipeline of underrepresented students in STEM degrees and

careers, following students from their application to the programs through college graduation with

(or without) a STEM degree.

This study provides the first evidence from a randomized controlled trial on the impact of

a STEM-focused summer program on college matriculation, completion, and graduation with a

STEM degree. Three cohorts of high-achieving, STEM-interested students were randomized to

three STEM-focused programs and a control group in the summer between their junior and senior

years of high school in 2014, 2015, and 2016, prior to college application. The programs were

held at the Host Institution (HI), an elite technical university in the Northeast. They differed

in their modality and intensity: six weeks full-time on-site, one week full-time on-site, or six

months with periodic meetings online. Students were selected into the randomization pool based

on their academic preparation as well as a holistic assessment of need that included whether they

had backgrounds that were underrepresented in STEM fields. The six-week program was held

on the HI campus and offered a shortened version of the HI’s freshman curriculum, along with

college counseling, field trips, introductions to role models in STEM fields, and a college-like living

experience. The one-week version of the program offered a short, intensive course in a STEM field

and an abbreviated version of other aspects of the six-week program. Finally, the online version of

the program offered a six-month engagement in STEM enrichment activities, with online speakers

and interactions and a short “conference” visit to the HI campus over the summer.

All three programs increase the likelihood of application to, acceptance at, and enrollment

in the HI, with the largest magnitudes coming from the six-week program. The STEM summer

programs also increase enrollment at Barron’s most competitive colleges: for the six-week on-site

program, this operates entirely through the HI; for the one-week and online programs, enrollment
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in the most competitive institutions is split between the HI and other elite schools, though some

of the effects are not statistically significant. The STEM summer programs also induce students

to persist in college. Almost all students in the control group (87 percent) attend a four-year

college immediately after high school graduation, and the programs increase this a small amount

(2 to 4 percentage points, and not statistically significant). However, by the fourth year of college,

enrollment among the control group drops to 75 percent, most likely reflecting students dropping

out of college or taking time off before completion. In contrast, those offered a seat in any one of

the three STEM summer programs are 3 to 12 percentage points more likely to still be enrolled in

a four-year college, largely driven by enrollment in Barron’s top ranked colleges.

The STEM summer programs also increase on-time college graduation. Only 53 percent of

students in the control group graduate within four years from any four-year school, despite being

an academically talented group. The STEM programs increase this by 8 percentage points (six-

and one-week on-site programs) and 1.6 percentage points (online program) though the differences

are not statistically significant. Again, most of the gains for the six-week program operate through

increased graduation from the HI; for the one-week and online programs, college graduation in-

creases are shared by the HI and other highly ranked institutions. Graduation impacts are larger

and statistically significant with a five-year window for graduation, but this may be due to sample

composition as graduation information is only available for two of three cohorts due to a shorter

time horizon.3

Degree gains are entirely in STEM fields, reflecting both an overall increase in the number of

degrees and a shift to STEM fields among graduates. In the control group, 34 percent of students

graduate within four years with a STEM degree—64 percent of degree recipients. The six-week

program increases the rate at which students graduate with a STEM degree to 50.7 percent, 46.8

percent for the one-week program, and 37.2 percent for the online program (the latter is not

significant). Much of the shift to STEM occurs with degrees at the HI, but both the six-week and

one-week programs increase receipt of STEM degrees at non-HI institutions as well when looking

at five-year graduation, though these differences are not statistically significant. The gains for

3Table 3 presents positive six-year graduation effects as well, but they reflect only a single cohort, so the discussion
does not emphasize them. Online Appendix Table B.2 shows how graduation effects fluctuate across cohorts.
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the online program are split between an increase in STEM degrees at the HI and an increase in

non-STEM degrees at other institutions. The shift in composition of majors toward STEM induces

potential earnings increases of 2 to 6 percent, which is likely an underestimate because it only

accounts for changes in majors, not an increase in graduation.

Evidence indicates the programs’ effect on degree completion is due to the shift in institutional

quality that they induce. The increases in overall graduation are the same as what would be

predicted by the shifts in institutional quality, as measured by institution-level graduation rates.

The programs potentially achieve upgrades in institutional quality by improving information stu-

dents have about colleges and the college application process. We use survey data to explore

other mechanisms, such as improvements in study and independent living skills and high school

preparation.

This paper makes three main contributions. First, we add to the evidence on STEM degrees

attainment as well as diversity among STEM degree holders. Most research on STEM degree

production focuses on what happens during college, concentrating on the gender or race match

between students and instructors or peers (see, for example, Bettinger and Long (2005); Hoffmann

and Oreopoulos (2009); Griffith (2010); Carrell et al. (2010); Bettinger (2010); Price (2010); Fairlie

et al. (2014); Fischer (2017); Griffith and Main (2019), student beliefs in their own capability

and signals from grades (Astorne-Figari and Speer, 2019; Kaganovich et al., 2021; Owen, 2020;

Kugler et al., 2021; Owen, 2021) and institutional effects (Griffith, 2010; Arcidiacono et al., 2016).

Less attention has been paid to the preparatory experiences that may shape college attendance and

major choices, despite the potential influence of pre-college experiences on STEM degree attainment

(Sass, 2015; Green and Sanderson, 2018). The few studies on high school STEM exposure find

differing effects on STEM major choices and degree attainment. In the United States, Darolia

et al. (2020) found that exposure to more STEM courses in high school does not increase STEM

degree attainment in college, while De Philippis (2021) found that in the United Kingdom, such

exposure increases the likelihood of male students majoring in STEM, and in Denmark, Joensen

and Nielsen (2016) found an increase only for female students. Although the differences in these

findings may be due to differences in context, it is also possible that broad programs that do not
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specifically focus on underrepresented students or do not affect college applications may have little

effect.

Second, we contribute to the understanding of access to college, the match between student

preparation and institutional quality, and the potential for college education to reduce racial

economic inequality in the United States. There are large gaps in college enrollment by family

income in the United States. (Bailey and Dynarski, 2011; Chetty et al., 2020; Dynarski et al.,

2021). And, in addition to whether students enroll in college, there are differences in the type

and quality of institution they enroll in (Baker et al., 2018; Gerber and Cheung, 2008). College

enrollment and selectivity trail even for high-achieving, underserved students (Hoxby and Avery,

2013; Dillon and Smith, 2017) resulting in “undermatch,” that is, when students who could succeed

at selective institutions do not apply (and thus cannot enroll). The college a person attends can

influence the likelihood that the student graduates (on time), the likelihood the student graduates

with certain degrees, and the student’s future employment and earnings (Hoekstra, 2009; Cohodes

and Goodman, 2014; Zimmerman, 2014; Goodman et al., 2017; Chetty et al., 2020; Bleemer,

2021). Interventions prior to college application can influence enrollment and the specific institution

students enroll in (Avery, 2010, 2013; Carrell and Sacerdote, 2017; Castleman and Goodman, 2018;

Andrews et al., 2020; Dynarski et al., 2021). Similar to effective college counseling and informational

interventions that modify college application and enrollment behavior, the STEM summer programs

we examine happen at a crucial time: students are seriously considering college but have not yet

applied. However, the STEM summer programs we focus on differ in their intensity and focus on

STEM.

Finally, this paper is relevant to a large literature on the impacts of affirmative action (or

lack thereof) in college admissions. The STEM summer programs do not introduce group-based

preferences in college admissions—policies that are typically the focus of the affirmative action

literature in economics. They do, however, focus on populations exhibiting a broad definition

of need that includes identifying with historically underrepresented groups, and aim to increase

access to STEM fields and elite universities. However, much of the literature on affirmative action

is concerned with “mismatch”—the idea that URM students will be unprepared for the academic
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rigor of campuses with affirmative action preferences and thus might be made worse off by such

policies (see Arcidiacono and Lovenheim (2016) for an overview). Although Arcidiacono et al. (2016)

found some evidence of mismatch, Bleemer (2022) found college and earnings benefits for URM

students induced to attend more selective University of California campuses due to affirmative

action. Our work adds to the evidence that when URM students are induced to attend high-

quality institutions, they reap the benefits of those institutions and are successful, in contrast to

the predictions of mismatch theory, though we note that the relevant sample here has significant

academic preparation for college.

The paper proceeds as follows. Section 2 describes program background and context, including

more details on the interventions; Section 3 details the data; and Section 4 explains the study

design and estimation methods. Results are reported in Section 5, with a discussion of potential

mechanisms in Section 6. Section 7 concludes.

2 STEM summer programs at the Host Institution

The HI maintains an office devoted to outreach programs to increase representation of URM

students in STEM fields; we refer to this unit as the “outreach office.” Programming includes

outreach to the local community with initiatives designed for elementary and secondary students,

as well as national summer programs for high school juniors. The summer programs are the focus

of this study. The aim of the programs is to diversify the STEM workforce and increase access to

STEM careers by exposing students to high-achieving peers, STEM mentors, STEM curriculum,

tours of a college campus and research facilities, and college admissions information. Recruitment

is national. All programs cover student costs except for transportation to and from the HI. The

programs are funded by the HI, with some funding due to earmarked charitable gifts. High-achieving

students in any geographic region can be recruited, as long as they are U.S. citizens or permanent

residents. One source of student information used in direct mailings for recruitment is the PSAT,

though test scores are not a prerequisite for admission.

We describe each summer program below as it existed in the summers of 2014-2016, the period

over which randomization occurred. All of the outreach office’s programs offer similar experiences

6



that are designed to promote persistence in STEM fields, but the intensity and modality of the

experiences vary.

1. Six-week program: The six-week program is the longest-running summer program of the

three studied. It is a residential program that immerses rising high school seniors in rigorous

science and engineering classes. Students take courses in math, physics, life sciences, and

humanities, as well as a STEM-related elective course with topics ranging from digital design

to genomics. In addition, students take tours of labs and work spaces at the HI; attend

workshops with leaders of industry and academics and admissions officers; and interact with

teaching assistants who are current college students. Students also visit STEM-focused

companies and workplaces. The program encourages social cohesion by bringing students

together to live in dorms at the HI and leading team-building exercises. About 80 students

are offered a seat in this program each year.

2. One-week program: The one-week program encapsulated some aspects of the six-week pro-

gram in a shorter time frame and was also a residential program. Over one week, students

completed a project course in an engineering field; attended admissions and financial aid

sessions; toured labs; met with HI faculty, students, and alumni; and participated in social

events. The time constraint necessarily reduced the dosage of all aspects of the six-week

program, though to what extent outcomes are sensitive to this reduction is an empirical

question. Typically, 75 to 120 students participated in this program each year4.

3. Online program: The online treatment draws on communications technology to serve students.

The six-month program provides a platform for multimedia interaction between students and

instructors, staff at the HI, and industry leaders. HI students are hired to mentor small

groups of participants and lead discussions. The online summer program provides top-down

content in the form of videos, articles, or webinars. Students must also complete project-

based engineering assignments. The forum and discussion groups provide user-generated (and

instructor facilitated) content. Finally, students spend five days on campus presenting their

4This program is no longer operating.
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final projects, attending workshops, and meeting their classmates in person. The campus visit

occurs five weeks into the online experience, which lasts until the end of the calendar year.

About 150 to 175 students participate in the online program. The summers we study occurred

well before the COVID-19 pandemic, but the technology platform used for the online program

facilitated a transition to digital learning for all of the summer programs in COVID-affected

years.

4. Control condition: Students assigned to the control condition also applied to the HI’s summer

programs but were not randomly assigned to participate in any programs offered by the out-

reach office. However, these applicants are generally also accomplished students (typically in

the top third of applicants to the summer programs as a whole). Being assigned to the control

group does not mean that an applicant has no exposure to STEM focused programming. Many

of students in this group participate in alternative summer programming, both STEM-focused

and otherwise, such as programs administered by other universities or organizations like Girls

Who Code or Leadership Enterprise for a Diverse America. However, many also work or

study over the summer in lieu of specialized programming.

3 Data and descriptive statistics

This study measures the effectiveness of STEM summer programs for high-achieving, underrep-

resented high school students using data from a randomized experiment of admission to these

programs for the summers of 2014, 2015, and 2016. Below, we detail the data sources used, which

include records from the outreach office on summer program application and admission, records

of college attendance and graduation, and survey data, and also describe the characteristics of

program applicants.

3.1 Data

Data for our key analyses come from two main sources: program application and admissions

information from the HI and college attendance and enrollment information from the National
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Student Clearinghouse (NSC). All applicants in the three cohorts from 2014 to 2016 were admitted

via conditional random assignment, and the assignment and randomization process was jointly

created by the research team, program staff, and the HI institutional research office to meet both

research and operational needs. Background information on the randomized sample comes from

program applications which include demographic information, academic qualifications, and essays,

as well as a baseline survey. The outreach office provided details on offers of admission and which

students ultimately participated in the programs, as well as details on ratings of applicants’ files

and details about the admissions process.

Outcome data come from records of college enrollment provided by the HI institutional research

office and the NSC; the former also provides information on applications and majors at the HI.

Almost all of the applicant pool appears in the HI or NSC college enrollment data, and since all

students’ information was shared with the NSC and HI for matching to enrollment data, there is no

differential attrition in the possibility of appearing in the college data (see Online Appendix Table

A.13). College outcomes include graduation as of spring 2021, included in both the HI and NSC

data, which means we have the potential to observe four-year college graduation for all cohorts,

five-year college graduation for the first two cohorts, and six-year graduation for the first cohort.

The NSC data also included information on students’ majors, which we categorize as either a STEM

field or not.5 Figure 1 shows data availability and progress through college for each of the three

cohorts, assuming on-time progression.

3.2 Surveys

The study also collected periodic survey data from the study sample. Longer surveys were con-

ducted in the fall shortly after the program summer, May of students’ senior year of high school, and

in the spring of students’ sophomore year of college. Shorter, more frequent surveys kept track of

college enrollment and students’ ultimate or intended college major. Respondents received Amazon

5Due to lack of reporting to the NSC, information is missing for 12 to 15 percent of degree recipients depending
on the time horizon. To address this, we assume that bachelor of science degrees represent STEM majors for those
missing information on majors. We also explicitly display results for rates of missing degree information, as well as
show upper and lower bounds from categorizing all missing degrees as non-STEM or STEM, respectively. The HI
always reports degree field. See Table 4 for details.
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gift cards if they participated (not contingent on answering all questions or on treatment assign-

ment), with larger incentives for participating in the longer surveys ($25) and smaller incentives

for participating in the shorter surveys ($5).

The survey at the end of the summer program included questions about college plans, knowledge

of the application process, intended major, and study and life skills. The survey in May of senior

year collected information on college application and admission information and fall plans. The

final long-format survey at the end of sophomore year in college asked about college experiences,

majors, and career intentions. More details on these surveys are in Online Appendix C. When a

survey included multiple items on similar topics, we constructed standardized indices of outcome

measures from the surveys by “family” of outcomes using the method in Anderson (2008) to

minimize concerns about multiple hypothesis testing.

Response rates were relatively high but declined over time and were lower for the control group.

Online Appendix Table A.13 shows response rates for each survey. For example, for the first long

follow-up survey in the fall after program participation, treatment groups’ response rates ranged

from 85 to 90 percent; 65 percent of the control group responded to this survey. Differences in

response rates are not surprising, given that treatment students were more likely to have positive

associations with the program office or be enrolled in the HI, which was the entity sending out the

surveys.

To assess the representativeness of the survey response sample, the analysis compares program

impacts on college attendance and graduation between the survey sample and the full sample both

with and without inverse propensity-to-respond weights (see Online Appendix Table C.1). Impacts

on attendance and graduation are generally quite similar when restricted to the sample of survey

respondents, perhaps a little larger for survey respondents. Adding inverse propensity weights

based on demographic characteristics and program assignment has an inconsistent impact on the

treatment effects. In some cases, it makes the estimates of college impacts for survey responders

look more similar to those of the full sample than those of the unweighted respondents; in others,

it makes the estimates for survey respondents look more divergent from those from the full sample.

Thus, it is not clear that propensity to respond predicts program effects in a meaningful way.
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Following Dutz et al. (2021), we use unweighted survey responses but caution that the sample is

not fully representative; thus, we consider findings based on the surveys to be suggestive.

3.3 Descriptive statistics

Table 1 reports demographic and background academic information for the randomized sample. As

described below, randomization included design strata, so we do not expect treatment and control

groups to be exactly similar on all characteristics, though we show in Columns 6 through 8 that

the treatment group has fewer strata-adjusted differences than the control group.6 Overall, almost

all randomized applicants identify as a member of a group underrepresented in higher education

and STEM fields, with 35 percent of the sample identifying as Black, 43 percent identifying as

Hispanic, and 4 percent identifying as Native American (note that these categories are overlapping

as students reported more than one race or ethnicity). About one-quarter of the group are first-

generation college students, which we define as having no parents who ever attended a four-year

college. Program applicants have strong academic backgrounds. The average grade point average

(GPA) is 3.86, and the average standardized math test score is two standard deviations above

the national mean.7 The largest contrast between treatment and control groups is by gender.

The outreach office seeks to host programs equally split between young women and men, but the

applicant pool skews male. Thus, the randomization strata include gender.

4 Research design

STEM summer program applicants were randomized to receive an offer to participate in one of the

three summer programs or were randomly assigned to a control group. This section describes the

process through which applicants were randomized and how the analysis estimates program effects

6For more details on covariate balance, see Online Appendix Tables A.14 through A.16, which show that
within strata, there are few differences by background characteristics across treatment and control conditions within
randomization blocks.

7Applicants to the STEM summer programs submit standardized test scores from various exams, the most common
being the PSAT. We use information on national test score means and standard deviations to convert each test score
to a z-score, which allows us to combine across several standardized exams including the PSAT, SAT, ACT, and
PLAN. To compare to the HI, we standardized the HI’s 25th percentile of the math SAT in the same time period as
the STEM summer program experiment, which was 740, or 1.91 in standard deviation units. Thus average applicant
scores of program applicants were in line with scores of incoming students at the HI.
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based on that randomization process.

4.1 Selection

Selection into the programs is a multi-step process, described in more detail in Online Appendix

A. Each year, after an initial screening, the outreach office sent approximately 600 to 750 highly

qualified applicants to a selection committee made up of stakeholders, community members, and

affiliates with long-standing ties to the outreach office. The selection committee ranked applicants in

terms of suitability for the six-week program and provided detailed scores for academic preparation

and personal circumstances, based on grades, test scores, letters of recommendation, and application

essays. In addition, because the mission of the programs is to promote access to STEM for

traditionally underrepresented populations, the selection process included consideration of the

following factors on a holistic basis, though no element in isolation guaranteed admission:

1. The applicant would be the first in the family to attend college

2. The applicant’s family did not have science and engineering backgrounds

3. The applicant’s high school historically sent less than 50 percent of its graduates to four-year

colleges

4. The applicant attended a high school that presented challenges for success at an elite, urban

university (e.g., rural high school or a high school with a predominantly URM population)

5. The applicant was a member of a group that is underrepresented in the study and fields

of science and engineering (African American or Black; Hispanic or Latino/a; or Native

American)

Additionally, the outreach office requested regional priorities to increase representation across

the country and these entered into the rankings in 2015 and 2016. In 2014, the outreach office

exempted several applicants from randomization and offered admission to these applicants to

support national representation; we call these cases “certainty spots,” and they are excluded from

the analytic sample. The HI institutional research office performed the final program assignment
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by lottery after all students were ranked, creating a ranking variable that was a weighted average

of applicant ratings and regional priorities; the rankings were used to allocate students to random

assignment blocks as described in Section 4.2 below. Notably, because randomization occurs in

a group designated as top applicants from a pool of more than 2,000 applicants, program effects

estimated here may not apply to all applicants or to others outside the selective applicant pool.

The program, if offered to any high school senior, might have very different (or no) impacts on

those less academically prepared.

4.2 Randomization

The selection process above created a pool of 600 to 750 applicants eligible for randomization each

year. Because the outreach office wanted to ensure that top ranked students had access to one

of the summer programs, the study employed a block randomization design. The HI institutional

research office placed students into randomization blocks based on the rating variable that took

into account application ratings and regional priorities. An overview of the randomization scheme

is in Figures 2a-2c. Details on the randomization process for each cohort are in Online Appendix

A.

In general, the highest-ranked students were placed in Block 1 and randomized between the

three summer programs. To maintain gender balance in the program, there were different rating

score cutoffs for male and female students. Additionally, to ensure students in Block 1 were prepared

to take on the rigorous coursework in the six-week program, a math test score floor was imposed

for assignment to Block 1. The remaining students were placed in Block 2, and were randomly

assigned between the online program and a control group. The size of the blocks and assignments to

programs varied by year based on operational considerations. This randomization scheme formed

the research design in cohorts 2 and 3 of the experiment. Cohort 1, in 2014, underwent a slightly

different design, where students were differentiated to a greater extent and randomly assigned

within three blocks. Results are very similar including and excluding the first cohort (see Online

Appendix Table A.6). We include the 2014 cohort to increase statistical precision, despite the

slightly different underlying randomization structure, which we account for with randomization
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strata.

The crucial component of our randomization design is the overlap of the online program across

the blocks, which we use to extrapolate comparisons between Block 1 programs and the control

group in Block 2. The key assumption behind this extrapolation is that we assume that if we control

for randomization strata (based on application year, gender, block, and regional preferences), we

fully account for differences across the blocks and can compare applicants assigned to Block 1

(which has no control group) to those in Block 2 (which has a control group). By design, we can

fully account for membership in block with known variables. We test this assumption in multiple

ways, including controlling for the rating variable directly, which we describe below after presenting

our main estimation strategy.

4.3 Estimation

We use random assignment to program offers to estimate the causal effect of assignment to one of

the three STEM summer programs, as follows:

Yi = β16weeki + β21weeki + β3Onlinei +

J∑
j=1

δjRij +X ′
iγ + εi (1)

where Yi is an outcome of interest for applicant i, such as enrollment in a top ranked college, and

6weeki, 1weeki, and Onlinei are indicators for random assignment to an offer of treatment for each

of the three programs. The parameters of interest are the β coefficients, which reflect the intent-

to-treat estimate of assignment to one of the three programs. Most students attend their assigned

program if offered a spot, with 87 percent of students accepting a seat at the six-week program, 85

percent at the one-week program, and 77 percent at the online program (Online Appendix Table

A.2). Very few students end up participating in a different program, and the outreach office did not

offer any spots to students in the control group.8 A vector of student-level control variables, Xi,

including GPA, standardized math scores, race/ethnicity, and free and reduced-price lunch status,

increases precision. Gender is accounted for in the randomization strata described below. We use

8Assignment closely parallels participation, and our estimates will be quite close to treated-on-the-treated impact
estimates. Nevertheless, we also instrument program attendance with program assignment and present treatment-
on-the-treated estimates, as well (Online Appendix Tables B.3 andB.4).
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heteroskedasticity robust standard errors.

Key to our estimation strategy is the inclusion of a set of control variables, or risk sets, Rij ,

which are indicators representing randomization strata. Randomization strata represent gender,

regional preferences,9 and randomization block, and are formed within randomization year. Offers

are randomized within these strata. Students are assigned to randomization blocks based on a

rating variable and a standardized test score floor. The rating variable includes ratings by a

selection committee, assessment by the HI admissions office, and prioritization for certain regions

and states of the country (typically to make sure that participants are broadly representative of

the United States as a whole). Our estimation method compares students within the same cohort,

gender, regional preference, and randomization block. We show in Table 1, Columns 6 through 8,

that once we control for randomization strata there are few differences in student characteristics.

Online Appendix Tables A.14 through A.16 show that demographic characteristics are balanced

within randomization strata.

The fundamental assumption behind our randomization strategy is that once we control for

randomization block, we are controlling for all differences across blocks, and can compare students

randomly assigned to a treatment group to those in the control group, even when we do not

have a direct treatment-control contrast in the same block. Including the online program in

both randomization blocks provides the link that makes it possible to estimate this comparison.

Because assignment to block is based completely on known, observable variables, controlling for

randomization block should control for all differences between the two groups.

Nevertheless, because this differs from complete random assignment, several alternative esti-

mation strategies support the interpretation that the estimates represent causal effects, detailed in

Section 5.5. Specifically, we verify this strategy is successful by showing our results controlling for

the rating variable in lieu of the block-based randomization strata, which shows that the blocking

strategy fully accounts for the factors that determine assignment to randomization group, removing

selection bias. Because the blocks are constructed out of known parameters and the analysis

fully accounts for them, the modified random assignment structure comes close to estimates under

9These are geographic preference indicators for regions of the country that are preferred, neutral, or down-weighted.
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complete random assignment.

There is another potential threat to the validity of the modified randomization scheme: If

there are differential returns to the program for different types of applicants—that is, if there are

heterogeneous treatment effects—our results may not be fully representative because the control

group only includes relatively lower-ranked students. Online Appendix A.1.6 explores this concern

and shows little evidence of heterogeneous treatment effects.

Section 5.5 presents several additional robustness checks. Because randomization possibilities

are constrained to only those within the strata discussed above (i.e., complete randomization is not

possible), we also present our estimates using randomization inference to account for the possibility

that only a subset of potential outcomes are possible given the constraints of our design (see Athey

and Imbens (2017) for a discussion of this). Specifically, we rerun our randomization scheme

1,000 times, subject to the same rules and constraints as in the actual randomization. We then

compare our point estimate to the distribution of estimates generated by random assignment. As

in a Fisher’s exact test, if the point estimate exceeds the 97.5th percentile of the distribution of

randomized estimates (or 95th percentile with a one-tailed test), we consider that estimate to be

different from zero.

5 Results

This section details how the programs increase both college enrollment and college graduation and

shift the type of institution that students attend to higher-quality colleges. The programs increase

enrollment in and graduation from the HI as they were designed to do. However, it could be the

case that the programs are simply shifting enrollment and graduation from similar institutions to

the HI. We explore the impact of a STEM summer program offer on enrollment and graduation

from four-year colleges more broadly, as well as by college quality and type. Because the NSC,

which tracks enrollment and graduation, is the data source for this analysis, we can only examine

college attendance and graduation, not application and admission.10 All of our outcomes are based

on time windows since high school graduation. For example, five-year college graduation reflects

10We discuss application and admission more in Section 6.
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college completion within five years of high school graduation (six years after the summer of the

programs), not five years since college entrance.

5.1 College Enrollment and Persistence

The STEM summer programs induce a small, positive increase in college enrollment, and large

shifts in institution type. The programs shift students to the HI and other elite institutions. As

time goes on, we observe that students offered a seat in any program are more likely to remain

enrolled throughout college and to graduate. These increases in enrollment and graduation are

concentrated at the HI and other elite institutions, indicating that the programs induce a college

upgrade, regardless of whether students attend the HI.

Figure 3 shows attendance at and graduation from four-year institutions, split between the

HI (darker bars) and other four-year institutions (lighter bars), with a panel for each program.

Table 2 shows the same estimates for college attendance as well as information about attendance

at elite institutions, as designated by Barron’s college ratings. Table 3 shows the estimates for

graduating college in four-, five-, and six-years. Because the time horizon differs for the cohorts,

the graduation outcomes have different samples: we observe four-year graduation for all cohorts,

five-year graduation for the 2014 and 2015 cohorts, and six-year graduation for the 2014 cohort

alone. For four-year colleges and Barron’s most competitive colleges, we show those groups both

with and without the HI included.

Almost all students in the study sample attend four-year college immediately after high school

graduation (one academic year after the program summer), with 87 percent of the control group

enrolling in the first year (Column 2 of Table 2). The remaining students either enroll in two-year

institutions, join the military, or work. Attending one of the STEM summer programs has positive,

but not statistically significant, impacts on attendance (Column 2). Column 3 shows attendance

at four-year institutions other than the HI and demonstrates the programs draw students to the HI

from other institutions. For the HI in particular (Column 1), 8 percent of the control group enroll.

The offer of the six-week program increases enrollment by 17 percentage points, with 25 percent of

students in this group enrolling. The one-week and online programs also increase HI enrollment, by
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5 and 4 percentage points, respectively. The estimate for the one-week program is not statistically

significant, despite being slightly larger than that of the online group.

The increases in immediate enrollment and shifts in institution reflect shifts to high-quality

colleges. The HI is an elite institution, and all three programs shift enrollment there, with the

largest gains for the six-week program (Column 4). Enrollment at any of Barron’s most competitive

institution, including the HI, sees a statistically significant gain of 17 percentage points for the six-

week program, a 14 percentage point gain for the one-week program, and a 10 percentage point gain

for the online program, as shown in Columns 4 and 5. For the six-week program, the institutional

upgrade offered by the STEM summer program operates through the HI, as there is no difference in

initial enrollment at other highly ranked institutions besides the HI (Column 5). However, the one-

week and online programs increase enrollment both at the HI (by 4 to 5 percentage points, Column

1) and other non-HI institutions rated as most competitive by Barron’s (by 6 to 8 percentage

points, Column 5). Thus, for the one-week and online programs, institutional upgrades are split

between the HI and other elite institutions. However, these enrollment differences are generally not

statistically significant. Effects on attendance in the second and third years of college are generally

similar to the initial enrollment effects (Panels B and C of Table 2). However, by the fourth year

of college, the STEM summer programs show an even greater edge.

In the fourth year after high school graduation, there are positive, statistically significant

impacts on enrollment in any four-year college (Column 2). Students assigned to a summer program

maintain enrollment in their fourth year, whereas control group students are less likely to be

enrolled. The differences in enrollment reflect a combination of control group students dropping

out, taking time off, or delaying. In the first year of college, 87 percent of control group students

were enrolled; by the fourth year control group enrollment falls to 75 percent. The drop for control

students is primarily coming from non-HI institutions: in the third year, 74 percent of control

group students are enrolled in a non-HI, four-year institution, but by the fourth year this drops to

68 percent. Persistence in the fourth year is particularly high at the HI for all summer programs

(Column 2). For non-HI institutions, the one-week program induces a 6 percentage point increase

in attendance in the fourth year (Column 3) and a 12 percentage point increase at Barron’s most
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competitive colleges besides the HI (Column 5). Additionally, the six-week program also appears

to support persistence into the fourth year at non-HI institutions, as the negative impacts on

attendance get smaller in the fourth year relative to earlier years (Column 3 and Column 5) but there

is not a commensurate increase at the HI (which could indicate transfers across schools as opposed

to differences relative to the control group in overall enrollment). By sustaining persistence through

the first four years of college, the STEM summer programs set the stage for college graduation.

5.2 College Graduation

Only 53.2 percent of control group students graduate from a four-year college in four years (Table

3, Column 2). This is higher than the national four-year graduation rate observed at all U.S.

institutions of 45.3 percent (U.S. Department of Education, 2020), but is low considering the stu-

dents in this sample have near-perfect GPAs and standardized test scores two standard deviations

above the country-wide mean. Additionally, the schoolwide four-year graduation rate at the HI for

the same cohort is 87 percent. Both the six-week and one-week programs increase the likelihood

that a student graduates from any institution within four years by about 8 percentage points. For

the six-week program, much of the increase in four-year graduation comes from the HI, but the

gains for the one-week program are split fairly evenly between the HI and other institutions. The

online program increases graduation from the HI by 3.3 percentage points, with a drop at other

institutions of 1.6 percentage points for an overall small gain. Column 4 of Table 3 shows that there

is an overall increase in graduating with a bachelor’s degree in four years from any highly-ranked

institution including the HI by 5 to 12 percentage points, though this is imprecisely measured.

For five-year graduation, the STEM summer programs maintain or increase their gains in

comparison to the control group (however, these estimates reflect one less cohort). Control group

graduation rates increase over time, but all three programs make it more likely that a student

graduates with a degree within five years; and, in the case of the one-week and online programs,

these gains are driven by non-HI institutions, especially highly-ranked institutions (Column 4). We

show six-year graduation impacts but note these findings rely on a single cohort. The one-week

and online programs continue to have an edge in six-year graduation, again driven by non-HI,
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highly-ranked institutions, but the six-week program shifts where (and when) students get their

degree, not whether they do so. However, the six-year graduation rates are only available for the

2014 cohort, so some of these findings may be due to idiosyncratic differences between cohorts.11

Online Appendix Table B.5 further explores where gains in graduation come from, showing

four-year graduation from various college types. Most of the graduation gains come from students

who would not have otherwise graduated from a four-year college on time (Column 1), while some

reflect a shift from graduation at slightly lower ranked institutions (Barron’s rankings of highly

competitive and very competitive, as shown in Columns 4 and 5). Thus college graduation gains

are due both to a greater number of completions, as well as from upgrading institutional quality,

either by shifting students to the highly ranked HI or other high-ranking institutions.

As a whole, assignment to any of the three programs increases enrollment in and graduation

from a four-year college. The gains are concentrated at elite institutions: the HI for the six-week

program, and the HI and other highly-ranked colleges for the one-week and online programs. The

largest increases in on-time graduation come from the six-week program. The programs were

successful at two of their goals: (1) increasing representation of URM students at the HI, and (2)

improving the trajectories of students regardless of institution. In the next section, we consider

whether the programs induce an increase in STEM degrees attainment.

5.3 STEM degree attainment and potential earnings

The STEM summer programs increased college graduation, both at the HI and other elite institu-

tions. One of the stated goals of the programs is to increase the proportion of URM students in

STEM careers, and a key part of the STEM pipeline is completing a major in a STEM field. We

examine STEM degree completion in Table 4. This table shows overall degree attainment and then

divides that by major between STEM degrees, non-STEM degrees, and bachelor’s degrees with

no reported information on majors in the NSC. The table shows completion within four years in

11Online Appendix Table B.2 shows graduation from the HI, limited by cohorts, and gives some credence to the
idea that the differences in six-year graduation are due to fluctuations across cohorts. Current graduation outcomes
include students who graduated in 2020 and 2021, the latter of whom may have been affected by the COVID-19
pandemic. We will continue to update graduation information as time goes on. See Figure 1 for a timeline of the
cohorts and their on-time progress through college.
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Columns 1 through 4, and within five years (one less cohort) in Columns 5 through 8. The STEM

degree category includes any degree within the broad categorizations used by IPEDS that denote

STEM fields, following the National Center for Education Statistics: Computer and Information

Science, Engineering, Engineering Technologies, Biological and Biomedical Sciences, Mathematics

and Statistics, Physical Sciences, and Science Technologies.12 We categorize all other degrees that

report a major as non-STEM degrees and also separately report degrees with no major code as

“missing major.”

In 2019, 36 percent of bachelor’s degrees in the US were in STEM fields (National Science

Board, 2022). The study population is predisposed to STEM fields to a greater extent than other

students in the US: 69 percent of degrees earned within four years in the control group were in

STEM fields. Even so, the STEM summer programs increased the prevalence of STEM degrees.

The six-week program increases overall receipt of four-year degrees by 8.2 percentage points:

this reflects both small shifts away from non-STEM degrees (-2.6 percentage points) and unreported

majors (-1.9 percentage points), and a large increase in STEM degree attainment (12.7 percent).13

The shift to STEM induced by the six-week program is entirely driven through the HI. For the

one-week program, STEM gains come mostly from increased graduation, with a small amount of

switches in major, though the increases are not statistically significant. About 39 percent (0.0350.090)

of the 9 percentage point increase in STEM degree attainment from the one-week program comes

from non-HI institutions. For the online program, all of the attainment gains are concentrated in

STEM fields at the HI.

The shift to STEM is even larger when looking at five-year STEM degree attainment in Columns

5 through 8. With five-year graduation, the six-week program increases STEM degrees by 20

percentage points, the one-week program by 15 percentage points, and the online program by

5 percentage points. HI-driven increases are about the same for four-year and five-year degree

outcomes, meaning that the five-year gains are coming from non-HI institutions (possibly because

12If a student is missing information on major, but their degree is designated a bachelor of science degree (or some
variation thereof, like B.S.) rather than a bachelor of arts or B.A. degree, then we count it as a STEM degree.

13Online Appendix Tables B.6 and B.7 report the same results with missing majors counted as non-STEM and
STEM fields, respectively. The coding of missing degrees does not affect the overall finding that the programs increase
STEM degree attainment, though the various coding schemes do change the magnitudes and statistical significance
of some coefficients. However, the pattern of changes is not systematically smaller or larger.
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a large share of students at the HI graduate on time). Online Appendix Table B.8 separates the

STEM majors into specific fields, showing that engineering dominates the increase in STEM. These

programs induce not just college graduation, but college graduation in STEM fields.

The shift in STEM degrees is due to degree completion, not differences in STEM interest for

applicants offered a seat in the program. Turning briefly to survey evidence, the programs do

not change reported interest in STEM majors immediately after the program (Figure 6), with 93

percent of both treatment and control students finishing the program summer reporting plans to

major in a STEM degree. Once in college, both treatment and control students maintain very high

levels of interest in STEM degrees, with about 83 percent of students planning to declare a STEM

major. There are some differences when it comes to intentions to pursue a STEM career: both

the six-week and online programs increase the likelihood that students report wanting to pursue a

STEM career in the fall of the senior year of high school, and the six- and one-week programs induce

similar gains in STEM career intentions mid-college (though they are not statistically significant).

Thus, we conclude that the increase in STEM degree attainment is due to the groups with program

offers being more likely to follow through on STEM intentions—perhaps due to an upgrade in

institutional quality that we discuss more below—rather than the programs inspiring a greater

degree of interest in STEM fields.

To understand how the shift to STEM may influence future earnings, we use the concept of

“potential earnings” from Sloane et al. (2021). Sloane et al. (2021) define potential earnings as the

earnings of “the median middle-aged, US-born, White male” by major, and calculate this using

the American Community Survey from 2014 to 2017. This measure represents the major-specific

potential earnings subtracting out labor market experiences such as discrimination and penalties

for taking time off for family responsibilities. We assign to each student in the sample the potential

earnings of their major (in natural log units) and plot the distribution of majors by earnings,

for those who graduate with a degree in four years and in five years (Figure 4). The changes in

distribution of degrees will thus reflect changes in potential earnings due to the composition of

majors, not differences due to the increased graduation rate induced by the program. Thus it is

perhaps a conservative estimate of impacts on potential earnings. Included in the figure are the
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program-specific impacts on potential earnings based on graduates. Online Appendix Table B.9

reports these regression estimates, along with estimates that impute earnings for non-graduates.

Figure 4 shows the same shift to engineering shown in Online Appendix Table B.8 but highlights

that engineering is the major with the highest potential earnings. The figure also shows a decline in

psychology majors for the six- and one-week programs. The average difference in potential earnings

is about 4 percent for the six- and one-week programs, and 1.4 percent for the online program (not

significant) when using four-year graduation. With five-year graduation, these estimates are even

larger, at 6 percent for the six-week program, 5 percent for the one-week program, and 2 percent

for the online program. Although these estimates cannot predict exact earnings, they show that

those offered seats in the program are set up to enter fields where their earnings are at least 2 to 6

percent higher than they would have been in the absence of the STEM summer programs.

5.4 Heterogeneity

In Online Appendix Tables B.10 through B.13, we present estimates for key outcomes by gender,

URM status, self-reported free or reduced-price lunch receipt (a proxy for family income), and

first-generation college-going status as these groups include populations of particular interest for

increasing representation in STEM fields. Both male and female students appear to benefit equally

from the six-week program, but female students have slightly larger gains from the one-week and

online programs, especially for graduating from a highly ranked institution (Online Appendix Table

B.10). Larger gains for female students are perhaps not surprising because women are less likely

to choose STEM majors so there is more room for improvement. Thus, STEM programs that also

emphasize serving women (by ensuring gender balance in the program, even while not explicitly

focusing on women’s representation) can also contribute to closing gender gaps in STEM.

In Online Appendix Table B.11, we show estimates for Black, Hispanic, and Native American

individuals separately from students who do not identify as such (White, Asian, multiethnic, and

“other race” students are in the non-URM category). Because less than 18 percent of the sample is

non-URM, estimates are noisy, but there is some evidence, at least for STEM degree attainment,

that the non-URM impacts are larger for the six- and one-week programs. However, it appears
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that almost all of the benefits of the online program accrue for URM students. Again, the sample

of non-URM students is quite small, and there are large and meaningful benefits for both groups.

The clearest difference comes from a comparison of students who report receiving subsidized

lunch at their high school with those that do not (Online Appendix Table B.12). Although exposure

to the programs is generally beneficial for both groups, students who do not receive subsidized lunch

reap larger gains, especially for graduating from an elite institution and graduating with a STEM

degree. Students with more resources may be better poised for an institutional upgrade, perhaps

because of fewer concerns about college costs. Increasing representation by race in STEM fields

will not necessarily increase representation by family income, and vice versa.

Examining differences by first-generation college-going status (defined as no parent ever at-

tending a four-year college) shows that both groups benefit from participation in a STEM summer

program, but that the six-week program is more effective for first-generation students than non-

first generation students, likely due to the large shift to the HI. Gains at elite institutions from the

one-week and online programs (which we showed earlier were split between the HI and other elite

institutions) are more consistent for the non-first-generation group. The programs may be most

effective for first-generation students who are directly influenced to attend the HI, and the non-HI

benefits of the programs may accrue more for students who already have social capital.

5.5 Validating the Experiment

This section considers several tests of whether the estimation strategy under constrained random

assignment effectively accounts for selection bias and the extent to which heterogeneous treatment

effects account for our findings, the role of cohort variability, and the importance of limiting

the range of randomization scenarios. We compare estimates from Equation 1 to alternative

specifications on key outcome variables at the HI and across institutions.

5.5.1 Investigating selection bias

We argue that our conditional random assignment specification is as good as random because the

conditions of random assignment are based on observable characteristics that we fully account
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for with randomization blocks. To make this explicit, in Online Appendix Tables A.3 and A.4, we

show how controlling for randomization block effectively controls for selection bias. Panel A of these

tables first shows the main specification, but without controls for randomization block (retaining

controls for cohort, gender, and geographic preference). In this case, most of the estimates are

biased upward in comparison to the main estimates with the blocks (Panel B) because students

with higher rating variables have greater success in college, regardless of program participation.

Panel C adds a control for the rating variable to the main estimates in Panel B, which leaves

the findings unaffected. This is not surprising because within the block, the rating variable is

randomly assigned. Panel D shows an alternative way of controlling for assignment: removing the

rank-component of the blocks as in Panel A, but controlling for rating variable as in Panel C. In this

case, the estimates are of slightly smaller magnitudes at the HI but tell the same story as the main

estimates. Outside of the HI, the reduction in magnitudes is slightly larger but again show positive

effects of program offer. Any of the estimates in Panels B through D are causal estimates of the

programs’ effectiveness, and they all account for the selection bias shown in Panel A. We use the

estimates in Panel B as our main specification, as this was the intended design of our experimental

estimates. In Online Appendix A.1.6, we also discuss the scope for heterogeneous treatment effects

in this modified random assignment to explain the treatment effects. Although the heterogeneous

response of highly rated students may contribute to the magnitudes for the one-week program, the

evidence that differential response by rating drives program effects is limited (Online Appendix

Tables A.11 and A.12). We also show in this appendix that estimates of the online program effect,

both within block and across blocks—using the alternative controls from Online Appendix Table

A.3—show very similar treatment effects for the online program, demonstrating that our “link”

across blocks is sound.

5.5.2 Alternative specifications

Online Appendix Tables A.5 and A.6 report alternative specifications for outcomes across institu-

tions and at the HI, respectively. Panel A shows the main estimates without baseline covariates.

As expected, precision decreases a bit, but the magnitude and direction of the estimates remain
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the same. Panels B through D remove each cohort in turn. We expect there to be idiosyncrasies

across cohorts due to sampling variation, but each panel reports estimates that are generally in

line with the main findings. In some cases there is a loss of precision due to smaller samples.

Panel B is notable in that it removes the 2014 cohort. This cohort had the most modifications to

random assignment, with more blocks than in the two subsequent cohorts. If the study design with

a greater number of blocks did not remove selection bias as fully as the design with fewer blocks,

we would expect that the estimates in Panel B would be smaller than the main findings because

removing 2014 would remove upwardly biased estimates. Instead, the results limited to the two

later cohorts with a design closer to complete random assignment show either very similar or larger

impact estimates.

5.5.3 Randomization inference

A different, but related, threat to validity comes from the randomization scheme. By imposing

randomization strata and modifying complete random assignment, the study limits the range of

potential outcomes that is possible. For example, if a state is preferred in the assignment for

representational reasons, it is always going to limit the range of randomization scenarios possible

under the assignment scheme. Standard inference methods do not account for these constraints

(Athey and Imbens, 2017). As an alternative, we present results using randomization inference.

Specifically, we re-randomize applicants to the programs, using the same randomization criteria

(blocks, location, gender preferences, etc.) 1,000 times, and compare the estimate from our main

specification to the distribution of estimates from the 1,000 randomizations. Each randomization

faces the constraints imposed by our research design, so we are limiting possible comparisons to

those that might actually occur rather than a hypothetical scenario of full randomization.

We display results from this exercise in Online Appendix Figures B.3 and B.5. Each panel

shows the distribution of treatment estimates from the 1,000 hypothetical randomizations (bars),

compared to the main specification estimate (dashed line). If the impact estimate from the main

specification is at or above the 97.5th percentile (two-tailed test) or 95th percentile (one-tailed

test), then that implies statistical significance. For any college attendance, impact estimates are at
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the 76th to the 83rd percentiles, but at elite institutions, impacts on attendance are at the 97th

to 99th percentile—generally similar to the pattern of findings in the main estimates. Impacts on

graduation and STEM degree attainment range from the 80th percentile to the 98th percentile,

with six-week program effects more likely to be outliers. Again, this pattern aligns with our main

estimates.14 We consider the randomization inference exercise as confirmatory evidence that we can

draw inferences from our constrained randomization scheme using traditional statistical methods.

6 Mechanisms

In this section, we explore mechanisms behind the successful STEM summer programs, focusing

on graduation from a four-year college and obtaining a STEM degree as the main outcomes of

interest. For many of these analyses, we use data from student surveys, which have some differential

response by treatment arm. As we note in Section 3, we use unweighted survey responses due to the

inconsistent influence of reweighting schemes to address survey response bias, and instead consider

findings from the surveys suggestive rather than conclusive.

There are several reasons why the programs might improve college graduation and STEM

degree attainment, and we focus on three, human capital-related explanations here.15 First, the

programs may drive impacts by increasing participants’ human capital with respect to the college

application process, which shifts where students go to college. In turn, this drives differential

institutional quality, which causes the differences in outcomes that we observe. We also discuss

the extent to which institutional upgrading is due to greater likelihood of admission because of a

14In the case of application and admission to the HI, the main specification estimate is above the 99th percentile of
the distributions of placebo randomization estimates, implying that it is extremely unlikely that the estimate was due
to chance. When we turn to the impacts on attendance at and graduation from the HI, the patterns again follow the
main estimates closely. The estimates for the six-week program are larger than all of the estimates from the placebo
randomizations. The one-week and online programs have the impact estimates at the 80th to the 87th percentiles
of the placebo randomizations. However, this, too, is in line with our main estimates, as attendance and graduation
impacts for the one-week program tend to be of modest magnitude and not statistically significant.

15We focus on these explanations both because they are meaningful, plausible mechanisms and because we have
the most data to bring to bear on these mechanisms. Another interesting possibility is that participation in the
program serves as a signal to college admissions officers. Signaling is probably most powerful at the HI, and many
of the one-week and online program gains are at non-HI institutions. Additionally, while this channel may play a
role, we note that it would primarily influence admission but not necessarily what happens during college. So, it
is unlikely to be an explanation for the increase in STEM degree attainment, especially given that students in both
the treatment and control groups report an intention to major in STEM at very high rates. Nonetheless, we discuss
signaling with respect to college admissions when we discuss college application behavior below.
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signaling effect of the programs. Second, the program may improve participants’ human capital

with respect to subject matter knowledge, helping them get ahead in college and more likely to

graduate. Finally, we consider whether there is an increase in participants human capital with

respect to their soft skills, which better position them to succeed in college. As we detail below,

we have the most evidence that the first channel explains our findings, though we cannot fully rule

out other explanations.

6.1 College application behavior and college quality shifts

The STEM summer programs have potential to affect the trajectories of young people, but ulti-

mately, even the most intense six-week program is a short period in a young person’s life. However,

by shifting students to different colleges from those they would have attended otherwise, the

programs may set students on a different path. We have shown that program participation increases

enrollment in and graduation from the HI and other highly ranked colleges. Here, we show the

primary path for shifting students into these institutions is through changing college application

strategy. We first show that application and admissions patterns change for program participants,

and then discuss how this shift induces institutional upgrading.

We observe increased application to the HI (via administrative data from the HI, displayed

in Online Appendix Figure B.1 and Online Appendix Table B.1) and other elite institutions (via

survey data, displayed in Table 5). About 31 percent of control group students apply to the

HI. This would be a very high rate of application for typical high school students, but program

applicants are a selected group who were interested in the outreach office’s summer programs. Even

so, being assigned to one of the summer programs more than doubles application to the HI for all

the programs, with almost all students (78 percent) in the six-week group applying to the HI.

Almost 11 percent of the control group are admitted to the HI, again demonstrating that the

study sample is a selected group: the HI typically admits fewer than 10 percent of applicants.

Given that a little over 30 percent of the control group applied, this is an admission rate of about

34 percent. Admissions rates are generally on par with the control group admission rate among

those with program offers. About 31 percent of students assigned to the six-week program are
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admitted to the HI, with an implied admission rate of 40 percent. For the one-week program,

about 21 percent are admitted, with an admission rate of about 30 percent; for the online program,

19 percent are admitted, with an admission rate of about 29 percent. Thus, while there is a small

bump in likelihood of admission for the six-week program, the main difference between the control

group and treatment groups is likelihood of applying. Students offered seats at the STEM summer

programs are more likely to be admitted to the HI, but for the most part this seems to be due

to greater likelihood of application, rather than greater admission conditional on application. We

explore this in more detail below.

Enrollment and graduation changed beyond the HI, with programs shifting students to elite

institutions other than the HI (especially the one-week and online programs), so admission behavior

to these institutions likely changed as well. We turn to survey responses to examine changes in

application behavior more broadly. Survey respondents reported their college applications and

admission in a survey conducted in May of their senior year of high school. As we show in Table

5, those offered seats at STEM summer program are more likely to apply and be admitted to a

Barron’s most competitive institution, even when excluding the HI from that category (Column 5).

The one-week and online programs also induce an increase in the overall number of applications

and admissions (Column 2), though only the online program’s effect on applications is statistically

significant. However, the most dramatic change in application behavior comes from a reduction in

application to a single school (Column 4). Attending the six-week program eliminates the (small)

possibility that students apply to only one school, and attendance at the one-week or online program

halves this likelihood. As shown by enrollment in higher-quality institutions (Table 2), these changes

in application behavior translate into more chances to attend a high-quality institution.

These improvements in college application come from increased knowledge about the college

admissions process. The programs also improve students’ college resources through knowledge of

both the landscape of available colleges and the college application process itself, as we show in

Online Appendix Table C.3. Survey responses from the fall of the senior year of high school show

that the programs—especially the six-week program—increase sources of college application advice

(Columns 1 through 4), with students assigned to the treatment group reporting greater likelihood
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of getting advice from friends and a teacher or counselor. Assignment to a program also increased

familiarity with non-HI institutions: students were more likely to report familiarity with a technical

institution (by 7 to 10 percentage points), an elite institution (by 1 percentage point), and a liberal

arts college (by 7 to 11 percentage points), and were less likely to report familiarity with a highly-

ranked public university or a fake institution with a made-up name, though these differences are

not significant.

These changes in knowledge of the college application process and application behavior translate

into increased enrollment in high-quality institutions, as we show in Section 5. We investigate

whether enrollment in these institutions spurs the college graduation and STEM results we observe

in Figure 5, which compares the institution-level outcome of the university attended immediately

after high school graduation to the individual-level outcome. To generate the institution outcomes,

we assign the institution-specific graduation rate to those who attend an institution in their first

year of college.16 This outcome then measures the “predicted” graduation rates for each treatment

group, if we assume that students in the study group graduate at the graduation rate of the

institution they attend. We construct a similar outcome for STEM degrees, which is the institution

specific share of degrees that are in STEM fields, based on degrees reported to IPEDS.

The results from this exercise are in Figure 5, with more details in Online Appendix Table

B.16. Panel A compares the difference in “actual” graduation with the “predicted” graduation

rates. For the six-week and one-week programs, the change in actual four-year graduation rates

almost exactly parallels the difference in predicted graduation rates (for the online program, the

change in graduation is about one-third the size of the difference in expected graduation), which is

consistent with many of the program benefits operating through students’ upgrading college quality.

When we conduct a similar analysis for STEM degree share, we see in Panel B that the six-week

and online programs increase attendance at institutions with higher proportions of STEM degrees,

but the actual gains in STEM degree receipt are even greater than the predicted difference. Thus,

students offered STEM summer programs increase their likelihood of graduation by the amount

predicted due to institutional upgrading, but they increase their STEM degree attainment to an

16For students who attend community colleges or do not attend college, we substitute zeroes instead.
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even greater extent, providing evidence that program participation helps students achieve their

intention to obtain a STEM degree in very competitive institutions.

6.2 Signaling

We examine how much of the application effect is due to applying as opposed to greater odds

of admission upon applying to colleges in Online Appendix Table B.14. In this table, we show

application, admission, and admission conditional on applying to the HI (Columns 1 through

3), at any Barron’s most competitive institutions (Columns 4 through 6), and at Barron’s most

competitive institutions excluding the HI. The latter two categories are restricted to the survey

respondents who report admissions and enrollment. The conditional admissions estimates show the

increased likelihood of being admitted to an institution for the STEM summer programs, which may

be due to signaling or program-induced improvements in students’ application packages or human

capital. At the HI, part of the admissions gains are due simply to increased likelihood of application,

but part of the gains are from an additional bump in admissions for the STEM summer programs

(15 percentage points for the six-week program, and 5 to 5.5 percentage points for the one-week

and online programs, though these differences are not statistically significant). At non-HI elite

institutions, the online and one-week programs increase the likelihood of conditional admissions by

5 and 6 percentage points, respectively, though only the former is statistically significant. Overall,

these findings show that there are some increases in conditional admission but the role of changes

in application behavior is large.

Panel B compares the HI STEM summer programs to a restricted control group, where control

students are limited to those who report attending any STEM summer experience.17 This control

group is more likely to be female and has slightly higher rating scores than control students who do

not participate in STEM summer experiences, but is otherwise quite similar to the control group

overall (see Online Appendix Table B.18). If we assume different STEM summer experiences impart

similar human capital gains, comparing those assigned to the HI STEM summer programs with

those in the control group with STEM summer experiences tests whether the HI programs have

17These include similar programs at other colleges and universities, nonprofit programs like Girls Who Code,
internships in STEM or medical fields, and taking STEM courses.
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signaling value above and beyond that of having any STEM summer programming. Even with this

comparison group, there is still a conditional admission gain of 10 percentage points at the HI for

the six-week program, but there is no difference for the one-week and online programs. We interpret

this to mean there is likely some role for signaling for the six-week program at the HI. However,

outside the HI, there appears to be little difference in conditional admissions between the HI STEM

summer groups and control group members with STEM summer experiences, implying that outside

of the HI there are no special gains for HI STEM summer program compared to any STEM summer

programs who operate outside the application channel.18 These estimates are consistent with some

role for signaling, but do not prove its existence. Even when comparing to control students with

STEM summer experiences, our assumption about similar human capital gains across programs

could be wrong, and the additional boost for the six-week program compared to control students

with STEM summer experiences might be due to human capital gains from the program. These

findings provide a ceiling on the signaling mechanism and confirm the application channel accounts

for many of the program effects.

6.3 Subject matter knowledge, skills, and confidence

Another reason the STEM summer programs may lead to college graduation and STEM degrees

is by increasing students’ STEM subject matter knowledge, helping them get ahead in college.

This could occur in two ways: the programs could change high school classes taken prior to college

entrance, or they could directly increase knowledge of STEM, better preparing them for future

STEM majors. Additionally, the programs may improve more general skills such as study skills, as

well as soft skills such as confidence and self-esteem.

Table 6 shows impacts on both high school course plans and on a direct measure of human

18We also compare graduation and STEM degree outcomes between those assigned to HI STEM summer programs
and the selected control group with STEM summer experiences in Online Appendix Table B.15). This comparison
contrasts randomly assigned students with a group that will both have gains from their STEM summer experiences
and a selection effect, as these students sought out additional STEM experiences. Thus, we expect program impacts
to be smaller when comparing to this group, and they are, as seen in Panel B. However, we note that the HI STEM
programs still maintain an increase above this selected comparison group in five-year graduation (Column 6), due
to increased five-year graduation at the HI for the six-week program (Column 2) and increased five-year graduation
from other institutions for the one-week and online programs (Column 10), though the magnitudes are smaller and
they are not statistically significant with the full control group (Panel A). In terms of STEM degrees, the shift is less
stark, which makes sense if we think the control group represents the most STEM-ambitious comparison.
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capital. Most students were already planning to take at least one Advanced Placement (AP) or

International Baccalaureate (IB) course in their senior year in high school (control group mean of

89 percent), and program participation had positive impacts on these intentions (only statistically

significant for the one-week program), as shown in Panel A. When it came to increasing AP/IB

coursework, the programs increased computer science take-up. About 10 percent of the control

group planned to enroll in such a course, and program offers increased that by 7 to 10 percentage

points. Perhaps because science and math advanced coursework was already extremely popular

(control means of 73 to 74 percent for both), the programs made little difference in science and

math advanced coursework. During the fall of the senior year of high school, applicants offered

seats in the programs were slightly better able to answer a calculus question, though the differences

were not statistically significant (Column 7 in Panel B). The minor calculus improvement and

coursework changes in non-core subjects indicate that although the programs may impart STEM

knowledge and inspire subsequent high school coursework, these changes are relatively small.

We illustrate program impacts on soft skills in Table 6, which shows student survey responses

to questions about life skills, study skills, confidence, interest in learning, and attention span.19

Life skills include tasks such as setting an alarm to be on time and doing one’s laundry. For many

program participants, the time on the HI campus might be their first time away from their family,

and we observe an increase in the self-reported life skills that one would gain in such a situation. As

predicted, gains in life skills are larger for residential programs as opposed to the online program

(even though this program had a short campus visit). We also see that the programs increase self-

reported study skills, such as asking questions and taking notes. However, there is no statistically

significant change in confidence, which included a self-assessment of students’ math ability, though

the direction is positive. The negative coefficients for attention span (statistically significant for the

one-week and online programs) may reflect students engaging with more challenging material over

the summer and in the fall of their senior year of high school. The positive, statistically significant

increases in life and study skills, and the positive but not statistically significant increases in

confidence and enjoyment of intellectual activities are all consistent with the idea that the STEM

19See Online Appendix C for details on the variables included and how we generated indices from individual
variables. Online Appendix C also includes additional survey responses not discussed in the text.
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summer programs better prepare students to succeed in and graduate college and may contribute

to the increases in STEM degree attainment that we cannot account for solely through upgrades

in institutional quality.

7 Conclusion

We present evidence from the first randomized controlled trial to investigate the impact of STEM

summer programs for underrepresented youth, examining a suite of programs that includes a six-

week program, a one-week program, and an online program. Program offers increase student

matriculation at the HI and other elite universities. Students exposed to the STEM summer

programs are more likely to persist through college, with the most notable difference coming in the

fourth year of college, when a larger share of control group students are no longer enrolled. The

programs increase overall four-year college graduation, with gains concentrated at the HI and other

elite institutions. The programs also induce increases in attainment of STEM degrees. Response

to program assignment, especially at the HI, is largest for the most intensive, six-week program,

but both the one-week and online programs consistently increase graduation and STEM degree

attainment. The shift in major toward STEM degrees may increase potential earnings by 2 to 6

percent. We show evidence consistent with the idea that a change in college application behavior

shifts students to higher-quality institutions, which drives the gains in college graduation.

The benefits for generating STEM degrees, in contrast, go beyond what we would expect solely

based on institutional quality (as measured by share of STEM degrees on campus). This is a

highly STEM-motivated group, with almost all of the study sample intending to major in STEM in

college. Like students across the nation, those intentions face a “leaky pipeline” where students leave

STEM preparation throughout college. The STEM summer programs make students more resistant

to leaks in the pipeline, though there are still STEM-intending students who do not ultimately

complete a STEM degree. We cannot definitively say why this is but note that the programs

have comprehensive coverage of many hypothesized STEM-supportive pathways, including STEM

curricula; URM role models in the form of near-peer teaching and residential assistants, staff and

instructors, and guest speakers; and a shared group experience.
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The contrast between the three programs provides some basis for a back-of-the-envelope cost

effectiveness calculation. The six-week program generates the largest response, but is also the most

expensive, in contrast to the one-week and online programs. In 2015, the six-week program cost

about $15,000 per student, while the one-week and online programs cost about $2,000 per student.

Perspectives on which program is the most cost-effective will differ by the objective. For the HI, the

six-week program produces an increase in on-time graduation four times as large as the one-week

or online program, using the treatment-on-the-treated estimates from Online Appendix Table B.4.

But if a policymaker is interested in overall graduation from the most competitive institutions, the

six-week program only outperforms the one-week program by a small amount (an increase of 13

percentage points versus an increase of 12 percentage points, as shown in Online Appendix Table

B.3), though it still doubles the effect of the online program. The comparison is similar for on-time

STEM degrees. A more detailed cost-effectiveness analysis is left as a future exercise.

This analysis shows that targeted programs to increase representation on college campuses can

have wide-ranging benefits for participants. There may be additional spillover benefits for peers

at elite institutions who benefit from a more diverse and inclusive STEM classroom. As the U.S.

Supreme Court continues to erode affirmative action as a component of higher education admissions,

more colleges and universities may turn to programs like the STEM summer programs we study

here to provide the benefits of diversity to their campuses through indirect avenues. Indeed, many

campuses already have “summer bridge” programs that provide support for matriculating under-

represented students in the summer before their freshman year. Additionally, federal investment

in STEM fields is targeted to higher education, not earlier in the pipeline.20 Our findings show

that focusing on higher education after students apply to college may miss a key opportunity to

intervene in students lives before they apply to college—the point in time crucial to the institutional

choices that may ultimately help students succeed.

20In 2011, there were over 250 federal programs and $3.4 billion invested in the STEM pipeline (Granovskiy,
2018), including over $1 billion in funding through the National Science Foundation (NSF) with the specific goals
of increasing diversity and representation (see NSF budgets for “Broadening Participation” efforts here: https:

//www.nsf.gov/od/broadeningparticipation/bp_investments.jsp.) About three-quarters of federal investment
supports undergraduate and graduate education and training, with less support for K-12 initiatives. (Authors’
calculations from Granovskiy (2018).)
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Figure 2a: Randomization Design: Cohort 1 (2014)

Ranked Applicants
653

Certainty Spots
19

Randomized
Applicants

634

Block 1
123

Six-week
61

One-week
62

Block 2
130

One-week
60

Online
70

Block 3
381

Online
102

Control
279

Notes: This figure shows the blocked randomization design in 2014. Certainty spots were applicants offered admission
with certainty and excluded from the experimental analysis. All other ranked applicants were subject to random
assignment within block. Block assignment reflects applicant ratings, math scores, and regional priorities, with gender
as a stratum within block.
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Figure 2b: Randomization Design: Cohort 2 (2015)

Ranked Applicants
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Certainty Spots
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Randomized
Applicants
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Control
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Notes: This figure shows the blocked randomization design in 2015. All other notes are the same as in Figure 2a.

Figure 2c: Randomization Design: Cohort 3 (2016)
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Randomized
Applicants
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Control
433

Notes: This figure shows the blocked randomization design in 2016. All other notes are the same as in Figure 2a.

42



Figure 3: The Impact of STEM Summer Assignment on Four-Year College Attendance and
Graduation
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For details on the specification and exact point estimates and standard errors, see Tables 2 and 3.
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Figure 5: Actual vs. Predicted Graduation and STEM Rates
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Notes: This figure compares program effects on four-year college graduation and STEM degree attainment, marked
as “actual,” with “predicted” graduation and STEM degree attainment based on institution-level characteristics.
The institutional-level outcomes are college-level characteristics calculated from IPEDS data in 2013. Values for
community colleges and non-college-going respondents are set to 0 for both institutional-level bachelor’s four-year
graduation rates and STEM degrees. For additional details, see Online Appendix Table B.16.
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Figure 6: The Impact of STEM Summer Programs on STEM Major and Career Intentions
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Notes: This figure shows the proportion of students reporting the intention to major or have a career in a STEM
field, by program assignment. All responses come from surveys except for STEM degree completion which uses NSC
data. For detailed impact estimates on STEM intentions, see Online Appendix Table B.17.
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Table 2: The Impact of Assignment to STEM Summer Programs on Four-Year College Attendance

Any 4-Year Barron’s Barron’s
Host 4-Year Excluding Most Most Comp.

Institution College HI Competitive Excluding HI
(1) (2) (3) (4) (5)

(A) Attended in Year 1

6-Week 0.169∗∗∗ 0.038 -0.131∗∗∗ 0.172∗ 0.003
(0.041) (0.025) (0.046) (0.065) (0.084)

1-Week 0.053 0.042 -0.011 0.136∗ 0.083
(0.038) (0.031) (0.046) (0.060) (0.072)

Online 0.038+ 0.020 -0.018 0.095∗ 0.057
(0.020) (0.015) (0.030) (0.035) (0.049)

Control Mean 0.080 0.867 0.786 0.494 0.414

(B) Attended in Year 2

6-Week 0.171∗∗∗ 0.006 -0.166∗∗∗ 0.126∗ -0.045
(0.038) (0.035) (0.055) (0.059) (0.079)

1-Week 0.058 0.033 -0.025 0.118∗ 0.060
(0.038) (0.034) (0.050) (0.047) (0.062)

Online 0.043+ 0.012 -0.031 0.097∗∗∗ 0.054
(0.022) (0.023) (0.038) (0.027) (0.043)

Control Mean 0.076 0.845 0.768 0.492 0.415

(C) Attended in Year 3

6-Week 0.161∗∗∗ -0.005 -0.166∗∗∗ 0.123∗ -0.038
(0.038) (0.035) (0.060) (0.058) (0.080)

1-Week 0.051 0.023 -0.029 0.128∗ 0.077
(0.038) (0.039) (0.046) (0.051) (0.064)

Online 0.043+ 0.005 -0.038 0.100∗∗∗ 0.057
(0.022) (0.021) (0.036) (0.032) (0.048)

Control Mean 0.078 0.815 0.737 0.469 0.391

(D) Attended in Year 4

6-Week 0.178∗∗∗ 0.072+ -0.107+ 0.160∗∗∗ -0.018
(0.044) (0.041) (0.054) (0.053) (0.068)

1-Week 0.059 0.120∗ 0.061 0.177∗∗∗ 0.118+

(0.039) (0.044) (0.043) (0.048) (0.060)
Online 0.047∗ 0.033+ -0.014 0.112∗∗∗ 0.065

(0.022) (0.017) (0.031) (0.031) (0.046)

Control Mean 0.070 0.754 0.684 0.437 0.368

Notes: Each coefficient labeled by program is the estimate of the impact of assignment to one of the three STEM
summer programs on the outcome indicated in the heading. All regressions control for randomization strata and
a vector of characteristics including indicators for GPA, standardized math score, race/ethnicity, and free and
reduced-price lunch status. The sample includes STEM summer program applicants who applied in 2014, 2015,
and 2016 and passed an initial screen, who were then subject to random assignment as described in Section 4.2.
The control mean is adjusted for randomization strata. Robust standard errors are in parentheses (+ p<0.10 *
p<0.05 ** p<0.01 ***p<0.001). N = 2,084 for outcomes during the fourth year and prior, N = 1,335 for fifth
year graduation, and N = 634 for sixth year graduation.
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Table 3: The Impact of Assignment to STEM Summer Programs on Four-Year College Graduation

Any 4-Year Barron’s Barron’s
Host 4-Year Excluding Most Most Comp.

Institution College HI Competitive Excluding HI
(1) (2) (3) (4) (5)

(A) Graduated by Year 4

6-Week 0.146∗∗∗ 0.082+ -0.064 0.115+ -0.031
(0.035) (0.048) (0.054) (0.061) (0.069)

1-Week 0.040 0.080 0.040 0.099 0.059
(0.036) (0.056) (0.050) (0.066) (0.064)

Online 0.033+ 0.016 -0.016 0.046 0.014
(0.019) (0.027) (0.038) (0.039) (0.048)

Control Mean 0.065 0.532 0.468 0.368 0.303

(B) Graduated by Year 5

6-Week 0.133∗ 0.122+ -0.010 0.160+ 0.028
(0.051) (0.061) (0.064) (0.083) (0.085)

1-Week 0.022 0.163∗ 0.141∗ 0.176∗ 0.154∗

(0.049) (0.072) (0.059) (0.080) (0.071)
Online 0.024 0.082+ 0.058 0.117∗ 0.093+

(0.027) (0.047) (0.048) (0.049) (0.050)

Control Mean 0.084 0.654 0.570 0.408 0.324

(C) Graduated by Year 6

6-Week 0.204∗∗∗ 0.009 -0.194∗ 0.046 -0.158
(0.060) (0.062) (0.068) (0.124) (0.105)

1-Week -0.009 0.068+ 0.077 0.102 0.111+

(0.053) (0.031) (0.051) (0.076) (0.058)
Online 0.022∗ 0.098∗∗∗ 0.076∗ 0.171∗∗∗ 0.149∗

(0.007) (0.027) (0.032) (0.045) (0.051)

Control Mean 0.086 0.736 0.651 0.431 0.346

Notes: Each coefficient labeled by program is the estimate of the impact of assignment to one of the three STEM
summer programs on the outcome indicated in the heading. All regressions control for randomization strata and
a vector of characteristics including indicators for GPA, standardized math score, race/ethnicity, and free and
reduced-price lunch status. The sample includes STEM summer program applicants who applied in 2014, 2015,
and 2016 and passed an initial screen, who were then subject to random assignment as described in Section 4.2.
The control mean is adjusted for randomization strata. Robust standard errors are in parentheses (+ p<0.10 *
p<0.05 ** p<0.01 ***p<0.001). N = 2,084 for outcomes during the fourth year and prior, N = 1,335 for fifth
year graduation, and N = 634 for sixth year graduation.
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