
Returns to and Option Values of Majoring in Business and

Engineering

Joseph Altonji∗ and Zhengren Zhu∗*

March 5, 2026

Abstract

Leveraging GPA cuto�s for internal transfer, we estimate the returns to majoring in business and

engineering among students who reach junior year status. The return relative to a mix of alternative

degree outcomes, including not graduating, is 0.125 for business and 0.277 for engineering. We �nd

signi�cant heterogeneity in the returns, with Asian students and students in less selective institutions

having lower returns to business and females having higher returns to both business and engineering.

Incorporating e�ects on degree completions, time to degree, and tuition, we �nd that the gain in present

discounted value is similar to the returns to log earnings for both business and engineering. The option

value of graduate degree accounts for about 23% of the gain in present discounted values from majoring

in business, but only 6% of gain from majoring in engineering.

1 Introduction

Earnings di�erences across college majors are large, with the gaps in average earnings between the

highest and lowest earning majors rivaling the college earnings premium (Altonji, Blom, and Meghir, 2012).

However, relatively little is known about the returns to speci�c college majors, especially in the US context.

This information is critical for multiple reasons. On a policy level, spurred by the increasing importance

of technology in the economy and beyond, policymakers have been calling for a major increase in the

number of STEM graduates in the labor force. Examples of recent policies include the America COMPETES

Reauthorization Act of 2010 and the American Innovation and Competitiveness Act of 2017. Without

accurate estimates of the return to STEM degrees, it is di�cult to evaluate the e�cacy of such policies. On

an individual level US college students must decide what they major in. Without causal estimates, students

often resort to comparing post-college earnings between majors, which can be misleading.

When considering the return to choosing a major, it is also important to take into account the uncertainty

in educational outcomes. In particular, the return to choosing a major may di�er from the value of attaining
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a bachelor's degree in the major when there is uncertainty in educational outcomes (Weisbrod, 1962; Altonji,

1993; Heckman, Lochner, and Todd, 2006). Reduced form evidence suggests that such uncertainty could be

large and could vary signi�cantly across majors. Using Texas administrative data, we calculate that among

juniors who major in business, 76% attain a bachelor's degree within 8 years of junior year with an average

time to degree of 2.6 years. In contrast, among juniors who major in engineering, only 68% attain a bachelor's

degree within 8 years of junior year with an average time to degree of 3.0 years. Making decisions based

only on the value of the corresponding bachelor's degree would overestimate the return when the graduation

rate is low or when time to degree is lengthy.

Another important source of uncertainty in the return to a major stems from the option value of attaining

a graduate degree (Eide and Waehrer, 1998; Black, Sanders, and Taylor, 2003; Stange, 2012). This is driven

by the sequential nature of degree attainment, where college degrees are required for graduate admission.

Moreover, the importance of the option values would di�er across majors. For example, using Texas admin-

istrative data, we calculate that 17% of college graduates with business degrees end up attaining graduate

degrees (mostly in business), while only 8% of college graduates with engineering degrees eventually attain

graduate degrees (mostly in engineering). As a result, the return to the same major could vary signi�cantly

depending on whether an individual is interested in or could a�ord graduate school.

Using Texas administrative data, we provide causal estimates for the returns to majoring in business

and engineering. In addition we estimate the causal e�ects of majoring in business and engineering on

the likelihood of attaining di�erent college and graduate degrees. This allows us to calculate the extent to

which option values from graduate degrees matter for the two majors. Business and engineering majors

are of special interest for two reasons. First, business and engineering have high returns according to

descriptive evidence (e.g., Altonji, Arcidiacono, and Maurel, 2016) and evidence from other countries using

fuzzy regression discontinuity design based on admission cuto�s (Hastings, Neilson, and Zimmerman, 2014;

Kirkeboen, Leuven, and Mogstad, 2016). Desk research on search engines and AI chat bots also consistently

lists the two majors among the most lucrative college majors. Second, anecdotal evidence suggests that

business and engineering are among the most competitive majors to gain admission into.1 The existence of

such excess demand implies that accurately estimating returns for business and engineering is particularly

important for students' decision making and for policy purposes. If business and engineering do in fact have

high economic returns, then there is a case for encouraging students to enter these �eld and for universities

to expand access.

The primary challenge for estimating the causal returns to majors comes from the endogenous sorting into

1Our empirical strategy leverages cuto� GPA requirements for internal transfers, and business and engineering are the majors
for which we consistently observe such requirements among a large number of institutions. This indirectly shows that business
and engineering are the majors with the most excess demand from students.
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majors. Students choose what they major in based on their ability and preference across majors, which are

partially unobservable. By combing thorough university catalogs of all Texas public four-year institutions,

we compile GPA cuto�s for internal transfers for eight universities in the case of business and two in the case

of engineering majors. Leveraging these GPA cuto�s and a fuzzy regression discontinuity (RD) design, we

estimate the returns to majoring in business and engineering for students who started college undeclared or

in a di�erent major and transferred into their universities' business and engineering majors by the beginning

of junior year.23 Essentially, we compare students who just crossed the GPA cuto�s and majored in business

and engineering to students who just missed the GPA cuto�s and did not major in business and engineering.

In the absence of information on which students' applied for internal transfer, we leverage students' course

selection to help identify students who are likely interested in applying for internal transfers into the business

and engineering majors. Leveraging this RD design as our �rst stage, we estimate the return to majoring

in business and in engineering. We also estimate the e�ects of majoring in and engineering on college and

graduate degree outcomes. The estimated e�ects will be the latent average treatment e�ects (LATE) for

students who are on the margin of being admitted into business and engineering majors through internal

transfer. They are relative to the counterfactual majors of those near the GPA cuto�s. This student

population is of great interest for policies that aim to expand access to business and engineering majors.

We estimate that the return to majoring in business is 0.13 (0.02) log points and the return to majoring

in engineering is 0.28 (0.08) log points. We �nd signi�cant heterogeneity in the return for business. Non-

Hispanic White students, Hispanic and Black students, and Asian students experience di�erent returns to

majoring in business � 0.20 (0.02) vs. 0.14 (0.03) vs. 0.05 (0.03). We also �nd that students in more

selective institutions gain a higher return to majoring in business � 0.15 (0.02) vs. 0.09 (0.03). Compared

to male students, female students have a higher return to majoring in business � 0.17 (0.02) vs. 0.13 (0.02),

although the di�erence is not statistically signi�cant. As for engineering, we also �nd that females gain

higher returns to majoring in engineering � 0.50 (0.13) vs. 0.09 (0.10). We are under-powered to examine

other dimensions of heterogeneity for engineering.

To examine the option values of majoring in business and engineering, we estimate the e�ects of majoring

in business and engineering on college and graduate degree attainment. Unsurprisingly, majoring in business

and engineering increase the likelihood of attaining bachelor's degrees in business and engineering, respec-

tively. Examining degree attainment four-years after junior year, we �nd that majoring in business increases

the likelihood of attaining any college degree by 0.052 (0.014), and majoring in engineering increases the like-

lihood of attaining any college degree by 0.047 (0.010). Examining degree attainment two-years after junior

2Tranfers account for about 40% of all business graduates and 30% of all engineering graduates.
3Throughout the paper, transfers refers to internal transfers into business and engineering majors in the same university,

not transfers between universities.
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year, which corresponds to the �on-time� graduation timeline, majoring in business increases the likelihood

of attaining any college degree by 0.09 (0.03). However, majoring in engineering decreases the likelihood of

attaining any college degree by 0.24 (0.03).

The e�ects of majoring in business on college degrees (four years after junior year) display signi�cant

gender heterogeneity. Majoring in business decreases the chance of attaining a college degree in engineering

by 0.27 (0.03) for males but only by 0.05 (0.01) for females. In contrast, majoring in business decreases the

chance of attaining a college degree in social sciences or �other� majors, which includes education and hu-

manities majors, by 0.29 (0.03) for males but by 0.36 (0.03) for females. Notice that engineering is the major

category with the highest average earnings, while �other� majors have the lowest average earnings. These

results suggest that majoring in business pulls male and female students from very di�erent counterfactual

options, which explains the higher return estimated for females.

The e�ects of majoring in business and engineering on graduate degrees (eight years after junior year)

show substantial di�erence between the two majors with respect to their e�ects on the likelihood of attaining

graduate degrees. Relative to the counterfactual majors for those near the GPA cuto�, majoring in business

increases the chance of attaining a graduate degree by 0.032 (0.018) and the chance of attaining a graduate

degree in business by 0.16 (0.01). In comparison, majoring in engineering decreases the chance of attaining

a graduate degree by 0.06 (0.03).

Finally, we incorporate earnings during school, time to degree, and cost of enrollment by calculating

the present discounted values (PDV) of majoring in business and engineering. To do so, we compute the

weighted average of net income across all possible outcomes from 2 to 39 years after junior year. These

outcomes include working in the labor market with various college and graduate degree combinations, and

being enrolled in college or graduate school. To compute the weighted average, we take the probabilities of

di�erent outcomes from the RD models and compute the net income for each outcomes with OLS estimates

from an earnings model with rich controls. Subject to potential biases in the OLS estimates, PDVs are

calculated under three scenarios to examine the option values of graduate degrees. The �rst scenario is

the counterfactual scenario, where we use the probabilities of outcomes from students who did not major

in business or engineering. The second scenario is the actual scenario, where we use the probabilities of

outcomes from students who majored in business and engineering. The third scenario is what we call the

�actual college� scenario, where we take the probabilities of college enrollment and college degree attainment

from the actual scenario, but take the probabilities of graduate enrollment and graduate degree attainment

from the counterfactual scenario. The third scenario allows us to isolate the option values that come from

graduate school. Two results are worth highlighting. First, the PDV gains for majoring in business (13%)

and engineering (32%) are largely consistent with the return to earnings. Second, the option value from
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graduate school represent a much larger share for the PDV gains from majoring in business (23%) than that

from majoring in engineering (6%).

This paper contributes to two bodies of research. First, we contribute to the literature studying returns

to di�erent college majors surveyed in Altonji, Blom, and Meghir (2012), Altonji, Arcidiacono and Maurel,

2016) and Lovenheim and Smith (2023). Hastings, Neilson, and Zimmerman (2014) and Kirkeboen, Leuven,

and Mogstad (2016) leverage score-based admission cuto�s in Chile and Norway to estimate returns to

di�erent college majors. Bleemer and Mehta (2022) leverages grade requirements for introductory courses at

UC Santa Cruz to estimate the return to majoring in economics. There are many additional papers studying

returns to college majors without quasi-experimental variation. A non-exclusive list includes Britton et al

(2022), Andrews, Imberman, Lovenheim, and Stange (2024), and Zhang, Liu, and Hu (2024). We contribute

to this literature by presenting quasi-experimental estimates of the returns to two of the most lucrative and

popular majors in the US, business and engineering, across multiple institutions. In addition, we are the

�rst to calculate returns to majors in terms of PDVs that combine e�ects on earnings with time to degree,

net tuition, and earnings during enrollment.

Second, we contribute to the literature studying the demand for and return to college when educational

outcomes are uncertain. Previous works in this literature �nd that, when educational decisions are sequential

and/or outcomes are uncertain, the ex ante return to starting an educational program can di�er from the

ex post return to attaining the corresponding degrees (Weisbrod, 1962; Altonji, 1993). Under this setting,

educational decisions carry option values (Altonji, 1993; Heckman, Lochner, and Todd, 2006; Heckman and

Urzua, 2008; Stange, 2012). Such option value includes continuation values (e.g., one cannot attain college

degrees without starting college) and option values in the Dixit and Pindyck (1994) sense (e.g., there is value

in enrolling in college just to preserve the option to attain a degree while learning about one's ability and

preference and about labor market payo�s). We contribute to this literature by calculating the option values

of college majors that come from the option to attain graduate degrees, building on prior work by Eide and

Waehrer (1998), Black Sanders, and Taylor (2003) and Stange (2012)

The remainder of the paper proceeds as follows. Section 2 describes the Texas administrative data used,

the coherence measure we use to identify individuals who are likely to apply for internal transfer, and the

GPA cuto�s for internal transfer we compiled. Section 3 presents summary statistics. To �x ideas, section

4 sketches a simple dynamic model for college enrollment, major choice, and graduate school enrollment.

Section 5 discusses our empirical strategies. Section 6 presents our empirical �ndings. Finally, section 7

concludes.
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2 Data, Coherence Measure, and GPA Cuto�s

We use administrative data from Texas for our empirical analysis. The data follows students from high

school to college enrollment, advanced degree enrollment (if any), and employment, so long as these activities

occur in Texas. The high school data is provided by the Texas Education Agency (TEA), the college data is

provided by the Texas Higher Education Coordinating Board (THECB), and the employment and earnings

data is provided by the Texas Workforce Commission (TWC).4

Earnings observations are quarterly UI records. The earnings data is available since 1990. However, our

main sample consists of students who entered college in or after the 2011-2012 academic year, as we explain

later. For this reason, most of our analyses use earnings observations from 2011 to 2024. To account for

sporadic unemployment episodes, we only keep earnings observations that are (1) part of a sequence of four

consecutive quarterly earnings observations; (2) at least three quarters after college degree attainment; (3)

not during enrollment in graduate school; (4) either before graduate school or at least three quarters after

advanced degree attainment; and (5) below $250,000 and above $3,000 (quarterly earnings). Restricting to

positive earnings observations helps mitigate the potential bias from individuals who are employed outside of

Texas (Foote and Stange, 2019). However, we do not consider e�ects of majors on employment probabilities.

The TEA data contains rich information on students' high school enrollment, course selection, and

standardized test scores, which provide valuable information on students' baseline abilities and academic

interests. We use the state-wide high school assessment exams in mathematics, reading, and writing as

our main standardized test scores. These exams are required for high school graduation and cover a wider

population in our sample.5 Students' performances on the standardized exams are measured using their

percentile ranking among their cohort peers.

The THECB data contains information on all students enrolled in undergraduate and graduate degree

programs at public two-year, four-year, and health-related institutions since 1992 and at independent univer-

sities since 2003. Enrollment, major of study, semester credit hours, GPA, and degrees received are available

for all cohorts of students. College major and graduate �eld are measured at the 8-digit CIP level. To

keep our analyses tractable, we aggregate college majors into the 6 categories � business, science, health,

engineering, social sciences, and other. The main majors in the �other� category are humanities majors

4The data is also linked to 2008-2015 National Student Clearinghouse (NSC) data. Out-of-state enrollment and degree
attainment of Texas high school graduates are observed between 2008-2015, and out-of-state enrollment of students who pre-
viously enrolled in Texas universities are also observed between 2008-2015. In this paper, we do not use information from the
NSC, due to the lack of detailed enrollment information for out-of-state degrees.

5The State of Texas Assessments of Academic Readiness (STAAR) is used for years 2012-2016, the Texas Assessment of
Knowledge and Skills (TAKS) is used for years 2003-2015, and the Texas Assessment of Academic Skills (TAAS) is used for
years 1994-2007. All three versions of the standardized tests have separate modules for mathematics, reading, and writing.
TAKS and STAAR also have separate modules for science and social sciences, but we do not use them in our main speci�cation
because they are not available in TAAS. SAT and ACT scores are available from college enrollment data for some students but
we do not use them because they are often missing.
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such as English and History. Similarly, we categorize graduate degrees into 8 categories � business, science,

health, engineering, social sciences, law, education, and other. Information on students' parental income and

parental education are contained in the students' �nancial aid �les, which are available since 2001.

Throughout, we consider students' major at the beginning of their junior years as their declared major.

We restrict our analyses to students who have reached junior year status. Moreover, when studying the return

to being a business (engineering) major, we exclude students who entered college as a business (engineering)

major. This is because our main empirical strategy relies on GPA cuto�s for the internal transfer process,

where students from other majors transfer into business (engineering) majors. The students who declare a

major during college are a population of great interest for policies that intend to encourage (or discourage)

students into certain majors.

The availability of transcript level data started in the 2011-2012 academic year. Students' course selections

is key to our empirical strategy, as it allows us to identify students who are likely interested in applying

for internal transfer, even though we do not observe who actually applied for internal transfer. As we

discuss in the next section, we use Zhu's (2025) measure of a student's progress towards completing degree-

required coursework, which he calls �coherence�. As a result, we restrict our main sample to students who

started college in or after the 2011-2012 academic year. Because calculating a student's coherence requires

a su�cient number of peers from their entering cohort to have completed a degree, we restrict our main

sample to students who began college no later than the 2018�2019 academic year.

2.1 Coherence Measure for Students' Course Selection and Speci�c Course Re-
quirements in Engineering

In the absence of data on who applied for a transfer, and because the decision to apply would be in�uenced

by the presence of GPA cuto�s, we use a measure developed by Zhu (2025) to elicit students' interests and

abilities in di�erent majors through their course selections. The measure, called �coherence� is designed

to capture a student's progress towards completing degree-required coursework. It is de�ned as the share

of required courses that the student has completed. To allow for variations in degree requirements, the

coherence measure is institution, major, and cohort (entering class) speci�c.6 Formally,

cohcsijt =


hc
ijst

nc
js

if hc
ijst < nc

js

1 if hc
ijst ≥ nc

js

(1)

where cohcijst denotes the coherence of student i from cohort s of institution j at time t for major c. hc
ijst

denotes the number of credits in required courses that the student has completed, and nc
js denotes the total

6Our estimate of the return to majoring in business similar when we compute coherence by institution and major.
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number of credits in required courses for major c for students in cohort s of institution j. By de�nition, the

coherence measure ranges from 0 to 1, where having a coherence of 1 means the student has completed all

required coursework in major c.

The transcript level data makes measuring coherence possible. Following Zhu (2025), we identify the

population of students who attain degree c from institution j in cohort s, Sc
js. Second, we identify the

courses that more than 90% of Sc
js took, and label these courses as the set of required courses, Rc

js. Third,

we identify courses that more than 30% of Sc
js took, and label these courses as the set of elective courses, E

c
js.

Fourth, we count the number of elective courses that students in Sc
js took and take the 30th percentile value

of that distribution, N c
js. The tuple {Rc

js, E
c
js, N

c
js} then characterizes the degree requirement of degree c

from school j in cohort s. In particular, students need to complete all courses in the set Rc
js, and at least N

c
js

courses in the set Ec
js. Zhu (2025) compares the distribution of {Rc

js, E
c
js, N

c
js} for students who complete

a major to o�cial major requirements in course catalogs and �nds that this empirical procedure captures

students' degree requirements well.

With the tuple characterizing degree requirements, nc
js = |Rc

js|+N c
js, where |Rc

js| is the number of courses

in Rc
js. We calculate hc

ijst as the total number of courses in Rc
js and Ec

js that a students has completed,

making sure not to count more than N c
js courses from the set Ec

js. To simplify notation, we will drop the

�c� superscript and ”s” subscript here on out.

Notice that we restrict our sample to those with more than 0.25 coherence in business by the beginning

of junior year when examining the return to majoring in business and, similarly, restrict our sample to those

with more than 0.10 coherence in engineering by the beginning of junior year when examining the return

to majoring in engineering. This is done to ensure our estimates only rely on students who are likely to be

interested in majoring in business / engineering.

In the case of engineering, we also identify speci�c math and science courses that are required for transfers

which play a key role in the RD speci�cation.7

2.2 GPA Cuto�s for Internal Transfers and Other Requirements

The GPA cuto�s for internal transfers into business and engineering majors are collected manually from

university catalogs. In all analyses, we restrict to students in institutions and cohorts for which we have

GPA cuto�s identi�ed for the major analyzed. The GPA cuto�s are reported in table 1.

We identi�ed GPA cuto�s for transfer into business majors for 8 institutions � UT Austin, Texas A&M,

7For UT Austin, the courses are Math 408D, Physics 303K, and Physics 103M. For Texas A&M, the courses are Math 151,
Math 152, Chemistry 107, and Physics 206.
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Midwestern State University, Texas State University, UT Arlington, UT Rio Grande Valley, University of

Houston, and University of North Texas. The cuto� GPAs range from 2.00 to 3.30 for business majors. As

a result, the marginal students identi�ed by the RD design for business, described in detail later, are a mix

of students from various levels of academic performance.

In contrast, we found GPA cuto�s for transfering into engineering majors only for the two �agship public

universities � UT Austin and Texas A&M. The GPA cuto�s range from 3.00 to 3.50 for engineering majors.

The marginal students identi�ed by the RD design for engineering are therefore students that are performing

well academically.

3 Summary Statistics

In this section, we present summary statistics that assist the discussions of empirical strategies and results

to follow. First, table 2 presents the share of students that declare business and engineering majors at

di�erent transition periods. The statistics show that among students who graduate with college degrees in

business, 56% enter college as business majors, 40% transfer into business majors during their freshmen and

sophomore years, and the remaining 5% transfer into business majors during or after their third (junior)

year. Among students who graduate with college degrees in engineering, 70% enter college as engineering

majors, 26% transfer into engineering majors during their freshmen and sophomore years, and only 4%

transfer into engineering majors during or after junior year. Statistics not conditioning on college degree

attainment (bottom panel) show similar patterns.

Figure 1a and 1b present the distributions of students' freshmen year majors for those who transfer

into business and engineering in their freshmen and sophomore years. The �gures report the distributions

separately for female (gold) and male (blue) students and exclude students who had undeclared majors in

their freshmen year (around 40%). The �gures rank majors from top to bottom in ascending order of average

post-college earnings. The �gures show that freshmen majors are very di�erent for business and engineering

students and also di�erent for female and male students. For both business and engineering transfer students,

male students tend to come from higher earning majors.

Appendix table A1 reports summary statistics for high school test scores, demographic backgrounds,

and degree attainment of students in the business and engineering analysis samples. The business sample

consists of students who reach junior status, did not matriculate as business majors, and enrolled in one of

the institutions for which we have business GPA cuto�s. The engineering sample consists of students who

reach junior status, did not matriculate as engineering majors, and enrolled in one of the institutions for
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which we have engineering GPA cuto�s. Students' high school math and reading test scores percentiles are

both around 80-85 percentile. About 40% of students in the samples attain a BA on time (two years after

reaching junior status) and more than 90% attain BA within 4 years of reaching junior status. 10-20% of

students attain advanced degrees within 8 years of reaching junior status.

4 Model and Notation

We present a dynamic model of college major choice and graduate school enrollment that formalizes our

de�nition of returns and option values. This model also helps clarify what the parameter that the sequential

RD design in section 5 identi�es.

4.1 Setup and Information Structure

We use the following notation. The index m ∈ M denotes a college major. The categorical variable Mi is

person i′s choice of major, and the indicator Mmi is 1 if i Mi = m. The bachelor's degree outcomes are

indexed by c∈C and c = 0 corresponds to no degree. The categorical variable Cit is the bachelor's degree that

i holds in t (with 0 corresponding to no degree), and the indicator Ccit is 1 if Cit = c. Similarly, graduate

degree outcomes are indexed by g ∈ G, with g = 0 for no degree. Git is the degree held by i in t, and Ggit is

an indicator variable for Git = g. Examples are a master's in engineering, a master's in education, and an

MBA. We often suppress the i and t subscripts.

All individuals enter the model as currently enrolled college students who have not yet decided their

majors. In period 1, which corresponds to junior year, individuals choose Mi. For concreteness and

for simplicity, we focus on the decision to declare a major in business. and let m = b denote business.

Later we use e to denote engineering. The model easily extends to the scenario where the M includes

6 categories of majors, but since we only have one instrument (crossing GPA cuto� for business), we

continue with the binary decision when considering major choice. In period 2, which corresponds to se-

nior year, individuals update their beliefs about their abilities and then choose their undergraduate degree

outcome c∈C, where in our application C = {0, business, science, health, engineering, social sciences, others}

and 0 denotes dropping out of college without degree. In period 3, individuals who chose one of the

college degrees in period 2 have the option of enrolling in graduate school and choose g ∈ G where

G = {0,business, science, health, engineering, law, social sciences, education, others}. Those who do not get
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a college degree cannot attend graduate school, so Gi = 0 if Cc = 0. In period 4 and later periods, all

individuals work.

Earnings in period 1 are y1(M,A1) where A1 is a vector including both ability (including innate ability

and skills as of t = 1 and preferences of i as of t = 1. Both ability and preferences evolve over time, so the

distribution of At depends on At−1. Preferences matters for earnings because they a�ect occupation choice

and work hours. Earnings in period 2 are y2(C,A2), where y2(0, A2) are earnings for individuals who leave

school. Earnings in period 3 are y3(C,G,A3) where C = G = 0 for college dropouts and G = 0 if i obtains a

bachelor's degree but does not go to graduate school. Finally, from t = 4 to t = T , schooling is no longer an

option in the simple model although it is an option in the empirical work. The individual earns yt(C,G,At).

The expected present discounted value (PDV) of earnings between t = 4 and retirement at t = T is

Y4(C,G;A3) =

T∑
t=4

βtE(yt(C,G,At)|A3)

where β is the discount rate. It depends on c and g as well as the distribution of At conditional on A3.

The �ow value of utility is the sum of the discounted value of yt and a non-pecuniary utility component.

When in college, the non-pecuniary components are nu1(M,A1) and nu2(C,A2). When in graduate school,

the component is nu3(C,G,A3). When the individual is out of school, the component is nut(C,G,At)

The latter depends on the combination of undergraduate and graduate degrees, as well as on ability and

preferences.

The functions nut(C,G,At) and yt(C,G,At) both re�ect the utility maximizing job choice given trade

o�s between the productivity of the worker in a given job and non-pecuniary aspects of the work. The set

of job opportunities the worker faces and preferences over them are a�ected by C and G as well as by the

ability and preference vector At.

We assume people are indi�erent to the timing of consumption and face perfect credit markets. Any rate

of time preference over nonpecuniary aspects is embedded in the nut functions. Flow utility in period t is

ut(C,G;At) = βtyt(C,G,At) + nut(C,G,At)

The value function in period 4 is

V4(C,G;A3) = Y4(C,G;A3) +NU4(C,G;A3)
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where

Y4(C,G;A3) =

T∑
t=4

βtE(yt(C,G,At)|A3)

and

NU4(C,G;A3) =

T∑
t=4

E(nut(C,G,At)|A3)

The student's optimization problem and educational decisions are characterized by the following recursive

formulation. First, before period 3, conditional on the college degree outcome and information available,

student chooses G to maximize expected utility:

V3(C;A2) =


maxg∈G

{
β3E[y3(C, g,A3)|A2] + E[nu3(C, g,A3)|A2] + E[V4(C, g;A3)|A2]

}
if C ̸= 0

β3E[y3(0, 0, A3|A2] + E[nu3(0, 0, A3)|A2] + E[V4(0, 0;A3)|A2] if C = 0

(2)

The sum of the �rst two terms inside the brackets on the right side of (2) is expected utility from earnings

and nonpecuniary factors that acrues in period 3 conditional on choice of g given C. The third term is

the continuation value, which is expected utility from earnings and nonpecuniary factors from t = 4 to T

conditional on choice of g and the distribution of future values of At given A2. The optimal graduate degree

choice is G = G(C,A2). The distribution of A2, f(A2|C,A1), induces the education transition probabilities

Pg(C,A1), where Pg is the probability that G = g.

Second, before period 2, conditional on major choice in period 1 and information available, the student

chooses C to maximize

V2(M ;A1) = max
c∈C

{
β2E[y2(c, A2)|A1] + E[nu2(c, A2)|A1] + E[V3(c;A2)|A1]

}
. (3)

The optimal bachelor's degree attainment is C = C(M,A1), and the cross sectional heterogeneity in abil-

ity and preferences, f(A1|M,A0) induces the transition probability Pc(M,A0) where Pc is the conditional probability that C = c

given choice of major.

Finally, before period 1, conditional on information available, the student chooses college major to max-

imize expected value:

V1(A0) = max
m∈M

{βE[y1(m,A1)|A0] + E[nu1(m,A1)|A0] + E[V2(m;A1)|A0]} (4)

The optimal major choice isM = M(A0). Let gpa0 be an element of A0. Students for whom gpa0 exceeds the
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threshold for transfer into the business major have the opportunity to do so. The cross sectional heterogeneity

in abilities and preferences induces the major choice probabilities Pm.

4.2 The Return to Majoring in Business.

For each individual i, we de�ne the return to majoring in business as the increase in earnings in period

t as a result of majoring in business:

Rbt(A0) =
∑
c∈C

∑
g∈G

E[Pg(c, A2)Pc(b, A1)yit(c, g, At)|A0]−
∑
c∈C

∑
g∈G

E[Pg(c, A2)Pc(M
′(A0), A1)yit(c, g, At)|A0]

(5)

whereM ′(A0) is the optimal choice if b is not an option. That is, we focus on the earnings return to b relative

to a weighted average of the alternative outcomes, M ′(A0), including e�ects that operate subsequently

through C and G. This is the return parameter that is identi�ed in our empirical work, in which we get at

Rbt(A0) using a fuzzy RD design based on GPA (an element of A0) crossing the minimum GPA for transfer

into business major. The weighted average is determined by the distribution of A0 for those who are near

the GPA threshold to transfer into business and who also satisfy other criteria that we discuss below.

4.3 Option Value and the Option Value from Graduate School (Preliminary)

Let

Y1(m,A0) = βE[y1(m,A1)|m,A0] + β2
∑
c∈C

E[Pc(m,A1)y2(c, A2)|m,A0]

+

T∑
t=3

βt
∑
c∈C

∑
g∈G

E[Pg(c, A2)Pc(b, A1)yt(c, g, At)|m,A0]

The function Y1(m,A0) is the expected present value of earnings net of monetary costs between period 1

and T for choosing m in prior to period 1 assuming optimal future choice of C prior to period 2 conditional

on m and the realization A1, optimal future choice of choice of G prior to period 3 conditional on C and the

realization of A2, and the �ow of future earnings conditional on C, G, A3 and future values of At. We de�ne

the option value of majoring in business for earnings as the aggregated value of all future payo�s that this

decision enables. In particular, this is de�ned as
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OV = Y1(b, A0)− Y1(M
′(A0), A0) (6)

where M ′(A0) is the optimal choice of M when b is not in the choice set.8To isolate the contribution of

graduate school pathways to the option value of majoring in business, we construct a counterfactual where

majoring in business still a�ects the college degree distribution, but does not shift the likelihood of graduate

degree attainment. We call this counterfactual �nograd� (NG). To be precise, the conditional probability

PNG
c (M,A1) = Pc(M,A1), so that the e�ects of majoring in business on college degree attainment is held

�xed. However, we shut down the e�ect college has on graduate degree attainment:

PNG
g (C,A2) =


∑

c∈C Pg(c,A2)Pc(M,A1)∑
c ̸=0 Pc(M,A1)

if C ̸= 0

0 if C = 0

This de�nition of PNG
g implies that (1) the probability of choosing G = g does not depend on college degree

attainment as long as C ̸= 0 and (2) the marginal probability of getting any graduate degree conditional on

C ̸= 0 is the same for any m.

The option value OV Grad from graduate school for majoring in business is de�ned as

OV Grad(b, A0) = Y1(b, A0)− Y NG
1 (b, A0)

=

T∑
t=3

βt{
∑
c∈C

∑
g∈G

E[Pg(c, A2)Pc(b, A1)yt(c, g, At)|b, A0] (7)

−
∑
c∈C

∑
g∈G

E[PNG
g (c, A2)Pc(b, A1)yt(c, g, At)|b, A0]}

5 Econometric Speci�cations and Methods

We describe the empirical strategy for estimating the return to business, noting that the strategy for

engineering is the same except when noted. We continue to use the notation from the previous section.

Again, note that period 1 in the model maps to a student's junior year in college, while period 2 in the

model maps to a student's senior years in college. In other words, Mb = 1 indicates choosing business as

one's major as of the beginning of junior year, and Cb= 1 indicates attaining a bachelor's degree in business.

8This di�ers from Stange's (2011) de�nition of option value, which focuses on the value of delaying decision makings to after
more information is revealed.
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We restrict our analyses to students who reach junior year status. In addition, we use the subscript j for

institution and the subscript t for time.

5.1 Regression Discontinuity (RD) Design Using GPA Cuto�s for Internal

Transfer

The challenge in identifying the returns to business and engineering in college comes from the fact that

the decisions depend on unobserved portions of A0, A1, and A2, and from the fact that these elements a�ect

the returns to college majors and graduate degrees.

To identify the causal return to majoring in business, we leverage minimum GPA requirements for internal

transfers into business majors. Denote the cuto� for internal transfer into the business majors at time t for

institution j as Zjt and denote student i's cumulative GPA at the beginning of junior year as gpa0ijt. A

simple RD speci�cation for majoring in business is

P (Mb = 1) = β0 + f(gpa0ijt) + β1 × zijt + βXijt + ϵijt (8)

where f(·) is a piece-wise quadratic function of students' GPA around the cuto� Zjt, and zijt is the indicator

for crossing the cuto�:

zijt = 1(gpa0ijt ≥ Zjt)

Throughout, we maintain standard assumptions for RD designs:

Assumption A1 (Continuity). Potential outcomes are continuous in the running variable, gpa0ijt

around the cuto� Zjt.

Assumption A2 (Monotonicity). Crossing the GPA cuto� weakly increases the probability of ma-

joring in business so that no students become less likely to major in business when eligible.

Assumption A3 (Local Randomization). Conditional on a smooth function of GPA and other

controls, the information sets, A0, A1, and A2are orthogonal to the crossing of the cuto�, zijt.

Assumption A4 (Exclusion). Crossing the cuto� only a�ects degree outcomes and earnings through

its e�ect on major choice m.

Holding these assumptions, the parameter β1 identi�es the e�ect of crossing the GPA threshold on the

probability of majoring in business for all students.
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5.1.1 Identifying Relevant Students Using Course Selection

Not all students are interested in majoring in business. As a result, the e�ect of crossing the GPA

threshold on transferring into business would be diluted by students who are not interested in transferring to

the business majors. Because we do not know who would like to transfer into business, we rely on students'

course selections to identify the population of students who are likely to be interested in transferring to the

business major. As mentioned in Section 2, the coherence measure, cohijt is the share of degree-required

courses that have been completed. In addition, the coherence measure is major and institution-speci�c.

Let cohjt denote the institution-speci�c median coherence level for business degrees among students who

transferred from a non-business major to a business major. When estimating the e�ect of crossing the GPA

thresholds on the probability of majoring in business, we focus on students who have coherence levels higher

than cohjt. We modify equation (8) to

P (m = 1) = β0 + g(coh1ijt) + βXijt (9)

+ 1(coh1ijt < cohjt)× [f1(gpa
1
ijt) + λt × zijt]

+ 1(coh1ijt ≥ cohjt)× [f2(gpa
1
ijt) + γt × zijt] + ϵijt

The term 1(coh1ijt < cohjt) × [f1(gpa
1
ijt) + λt × zijt] absorbs the e�ect of crossing the GPA threshold

for individuals with less than cohjt coherence. As a result, γt is the e�ect of crossing the threshold for our

target population � students with coherence in business that are higher than the median level for successful

transfers into business majors.

For engineering, we identify students interested in transferring into engineering majors by focusing on

students who have completed all required coursework mentioned in Section 2.1. We use this strategy instead

of using the coherence measure for two reasons. First, we were able to identify the speci�c coursework required

for transferring into engineering majors for both UT Austin and Texas A&M. In contrast, most colleges did

not list speci�c coursework requirements for transfer into business majors. Second, the catalogs of both UT

Austin and Texas A&M have language restricting non-engineering majors from taking engineering courses.

As a result, potential transfers may have di�culty accumulating engineering coherence before transferring.

Equation (9) is modi�ed accordingly for engineering:
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P (m = 1) = β0 + g(coh1ijt) + βXijt (10)

+ 1(Cijt = 0)× [f1(gpa
1
ijt) + λt × zijt]

+ 1(Cijt = 1)× [f2(gpa
1
ijt) + γt × zijt] + ϵijt

where Cijt is a binary variable indicating whether all required courses for transferring into engineering majors

are completed. The terms f1(·) and f1(·) are piece-wise quadratic function of students' GPA around the

cuto� Zjt.

5.1.2 Incorporating Multiple Transition Periods

In practice, students have multiple opportunities to transfer from non-business majors to business majors.

Students can transfer as early as after their �rst semester in freshmen year, and as late as after their second

semester in sophomore year.9 As a result, using students' GPA and coherence level immediately before junior

year will paint an inaccurate picture of their chances of transferring to business.

To incorporate all potential transition points into the business major, we need to introduce some addi-

tional notation. Denote M01
b , M02

b , M03
b , M04

b , M05
b as the indicators for a student entering his �rst, second,

third, fourth, and �fth semester as a business major. Similarly, let gpa0sijt and coh0sijt be a student's GPA and

coherence level entering semester s. Let zsijt be an indicator for crossing the GPA cuto� in semester s. While

students at any of the transition points are assumed to face the same cuto� GPA, the minimum coherence

levels we consider are s-speci�c. In particular, cohsjt is de�ned as the median coherence level among students

for whom M0s
b = 0 and M

0(s+1)
b = 1. We adjust equation (9) to model the student's conditional probability

of transferring into business for each transition period:

ϕis = P (M
0(s+1)
b = 1|M0s

b = 0) (11)

= β0s + gs(coh
0s
ijt) + βsXijt

+ 1(coh0sijt < cohsjt)× [f1s(gpa
0s
ijt) + λts × zsijt]

+ 1(coh0sijt ≥ cohsjt)× [f2s(gpa
0s
ijt) + γts × zsijt] + ϵijts

Given ϕis for s ∈ {1, 2, 3, 4}, we can model the probability of entering junior year as a business major,

9Transfers that occur after junior year are already captured by the model with decision on C.

17



P (m = 1), with a survival model, where �survival� is not declaring a business major. Speci�cally, we have

Φi = P (M = b) (12)

= 1− P (M = 0)

= 1−Π4
s=1(1− ϕis)

The main assumption for modeling the into business majors with a survival model is the following.

Assumption A5 (No Switch Out). Conditional on reaching junior status, students who previously

transferred into business majors do not transfer into another major before junior year. Namely, for all

s ∈ {1, 2, 3, 4}:

P (Mb = 0|M0s = 1) = 0

This assumption is close to what we observe empirically � among those who transfer into business (engi-

neering) majors after the �rst semester and reach junior status, 88% (80%) are still a business (engineering)

major at the beginning of junior year. If we look at those who transfer after the second or third semester,

the statistics are around 95% for both business and engineering.10

We calculate Φ̂i = 1 − Π4
s=1(1 − ϕ̂is), where ϕ̂is is the predicted value following equation (11). We also

create a second variable, Φ̄i = 1 − Π4
s=1(1 − ϕ̄is), where ϕ̄is is the predicted value following equation (11)

but excluding the RD variation in GPA for those with coh
0(s+1)
ijt ≥ cohs+1

jt :

ϕ̄is = β0s + gs(coh
0s
ijt) + βsXijt

+ 1(coh0sijt < cohsjt)× [f1s(gpa
0s
ijt) + λts × zsijt]

+ 1(coh0sijt ≥ cohsjt)× f2s(gpa
0s
ijt) + ϵijts

In our main empirical speci�cation, which we call the survival-RD, we include Φ̄i as a control variable

in the �rst and second stage of our IV procedure and use Φ̂i as the excluded instrument. As a result, for

identi�cation, we are relying on variation in the predicted probability of (not) majoring in business, Φ̂i, that

10If the assumption is false, then in principle one could improve e�ciency by constructing separate instruments for transferring
into business after the �rst semester, after the second semester, etc. but we prefer the more parsimonious approach. Note if
the casual e�ect of majoring in business in the �rst semester of junior year depends on the semester of transfer, then our IV
procedure identi�es a weighted average of di�erent LATE parameters. For a discussion of LATE in the context of multiple
instruments, see Mogstad, Torgovistsky, and Walters (2021). We lack the statistical power to estimate separate treatment
parameters.
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comes from the RD variation in GPA for those with high coherence.11

We also implement an alternative empirical speci�cation that does not rely on Assumption 1 and accounts

for optimal bandwidth for the RD procedure. We modify equation (11) to

ϕ̃is = P (m0(s+1) = 1|m0s = 0) (13)

= β0 + gs(coh
0s
ijt) + βXijt

+ 1(coh0sijt < cohsjt)× [f1s(gpa
0s
ijt) + λts × zsijt]

+ 1(coh0sijt ≥ cohsjt)× [f2s(gpa
0s
ijt) + γts × zsijt]

+ 1(coh0sijt ≥ cohsjt)× 1(−bs ≤ gpa0sijt ≤ bs)× [f3s(gpa
0s)
ijt ) + ωts × zsijt] + ϵijts

where bs is the optimal bandwidth of the RD procedure in period s, computed following Calonico, Cattaneo,

and Titiunik (2014a and 2015b). We use 1(coh0sijt ≥ cohsjt) × 1(−bs ≤ gpa0sijt ≤ bs) × zsijt for each s as

the excluded instruments and include the remaining terms in ϕ̃s as controls.12 That is, we use the e�ects

of crossing the GPA cuto�s for students who pass the coherence thresholds and have GPAs within the

bandwidth for identi�cation. We call this speci�cation the linear-RD and use it as a robustness check to

the survival-RD model. We call it the linear-RD model because ϕ̃1, ϕ̃2, ϕ̃3, and ϕ̃4 enter the model linearly

instead of being aggregated through the survival model. The main disadvantage of the linear-RD approach

is that it leads to larger standard errors, due to the inclusion of piece-wise linear terms for all transition

periods. Note that this approach is similar in spirit to the dynamic RD method used in Cellini, Ferreira,

and Rothstein (2010).

5.2 Estimating Returns to Majors

As in Section 4, we de�ne the return to majoring in business as the causal e�ect of declaring as business

major (by junior year) on an individual's earnings. The earnings model for the return is:

yit = a0 + a1Mbi + a2Φ̄i + aXit + ϵit (14)

where Mmi is instrumented with Φ̂i. Xit includes a gender speci�c cubic age pro�le, ethnicity, GPA, credits

accumulated, high school test scores, institution �xed e�ects, as well as students' coherence level at the

11In the engineering case, we replace 1(coh0sijt < cohsjt) with 1(Cijt = 0) and 1(coh0sijt ≥ cohsjt) with 1(Cijt = 0).
12The terms are gs(coh

0s
ijt), Xijt, 1(coh

0s
ijt < cohsjt)× f1s(gpa0sijt) , 1(coh

0s
ijt < cohsjt)× zsijt, 1(coh

0s
ijt ≥ cohsjt)× f2s(gpa0sijt),

1(coh0sijt ≥ cohsjt)× zsijt, and 1(coh0sijt ≥ cohsjt)× 1(−bs ≤ gpa0sijt ≤ bs)× f3s(gpa0sijt).
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beginning of junior year for all of the 18 majors at the 2 digit level. For our preferred speci�cation, survival-

RD, we use Φ̂i to instrument for declaring a business major and attaining a business bachelor's degree. We

include Φ̄i as a control so that we are only using variation Φ̂i driven by the GPA discontinuity terms for

high coherence students, [1(coh0sijt ≥ cohsjt)× γts × zsijt], to identify the e�ects of majoring in business.

Given Assumptions A1-A5, a1 identi�es Rb, the causal e�ect of majoring in business (at the beginning

of junior year) on earnings for the complier group Ω.

5.2.1 Compliers and Counterfactuals

We de�ne the complier group as:

Ω = {i|M(Ai0, zijt = b) = 1,M(Ai0, zijt = 0) = 0}

These are students who are induced into majoring in business if zijt = 1 and do not major in business if

zijt = 0.

The return parameter we estimate is the average return for Ω. Therefore, it is the return to majoring

in business relative to a weighted average of alternative majors. The counterfactual group identi�ed are

students who are similar to those who declared major in business but ended up declaring other majors.

Since we only have one instrument, Φ̂, we cannot separately estimate the return relative to each counter-

factual major. However, we provide evidence on who the compliers are and what the counterfactual majors

might be. In section 6, we report comparisons of the compliers to the overall population over several observ-

able characteristics. In addition, we report the RD estimates of the e�ects of majoring in business on the

attainment of a BA in each �eld, which shed light on the relative weights of di�erent counterfactual majors.

5.3 Estimating Degree Outcomes and Time to Degrees

When making education decisions, students face considerable uncertainty about the educational outcomes

they will lead to. In this paper, we study three important dimensions of uncertainty. First, C might not

equal b even if M = b. This re�ects the possibility that students might drop out of college and or change

majors after reaching junior year status.13 Second, students may take varying number of years to complete

their undergraduate degrees. For example, an engineering degree typically requires more credit hours than

liberal arts degrees, perhaps requiring more e�ort and lengthier enrollment. Third, di�erent majors could

13Dropping out of college after reaching junior year status is prevalent in the US. Zhu (2025) uses the same Texas data set
to calculate that dropout rate is 8% for juniors and 11% for seniors, although these �gures include students who transfer to an
out of state institution and complete their degree.
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lead to di�erent graduate school options.. It is possible, for example, that part of the value of majoring in

business as an undergraduate comes from the increased likelihood of attaining an MBA in the future.

To examine these three factors, we estimate the e�ects of majoring in business on the likelihood of various

undergraduate and graduate degree outcomes. This corresponds to the transition probabilities Pc(m) and

Pg(c) from the model in section 4. In addition, we break down periods 2 and 3 of the model in Section 4

into years. Empirically, we estimate the likelihood of attaining a BA in �eld c ∈ C for y ∈ {2, 3, · · · , 8} using

Cy
ci = βcy

0 + βcy
1 Mbi + βcy

2 Φ̄ + βcyXit + ϵcit , (15)

where Mbi is instrumented with Φ̂. The parameter βcy
1 is the causal e�ect of declaring as a business major

(by the beginning of junior year) on the probability of attaining a BA in c. These parameters indicate

what the likely counterfactual majors are for students who are on the margin. For example, if βengineering,y
1

is signi�cantly negative, this indicates that compared to treated students who declared business as their

major, the counterfactual students are more likely to end up majoring in engineering. This would imply that

engineering is an important counterfactual major for the marginal business students.

Finally, we estimate the likelihood of attaining a graduate degree in �eld g ∈ G for y ∈ {4, 5, · · · , 8} using

Gy
gi = βgy

0 + βgy
1 Mbi + βgy

2 Φ̄ + βgyXit + ϵgit (16)

where, again, Mbi is instrumented with Φ̂.

The equations for engineering have the same form as (15) and (16), but the parameters and error terms

are di�erent and we replace Mbi withMei, where, as a reminder, e denotes engineering.

6 Results

In this section, we present our main empirical results. We begin in section 6.1 by presenting RD results on

how crossing the GPA cuto�s a�ect the likelihoods of declaring majors in business and engineering. Section

6.1 also presents results on balance tests for the RD design and summary statistics on the compliers. Section

6.2 reports results on the returns to majoring in business and engineering. Section 6.3 presents results on the

e�ects of majoring in business and engineering on degree outcomes and time to degrees. Section 6.4 presents

results from alternative speci�cations. Finally, section 6.5 combines the return estimates, the e�ects on time

to degrees, and the cost of enrollment to calculate present discounted values (PDV) of majoring in business

and engineering. Section 6.5 computes the option values of graduate school for majoring in business and

engineering.
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6.1 E�ects of Crossing the GPA Cuto�s on Majoring in Business and Engi-

neering.

Figures 2-3 present the probabilities of transferring into business in each of the transition periods, conditional

on not being a business major before the transition period. The horizontal axes represent students' distance

to the GPA cuto�.14 Figure 2 reports results for all students in institutions and cohorts for which we have

identi�ed GPA cuto�s for internal transfer into business majors. Notice that the panels of �gure 2 are

essentially the reduced form �gures for fuzzy RD following equation (8). Meanwhile, �gure 3 reports results

for students with coherence levels greater or equal to the median coherence among students who successfully

transferred into the business major in the transition period of interest. From �gure 2, we observe that

the probability of internally transferring into business is very small (<5%), and we only observe a small

discontinuous e�ect for crossing the GPA cuto�s. From �gure 3, we can observe that the probability of

transferring into the business major is substantially higher for students with high enough coherence. The

e�ects of crossing the GPA cuto�s are now salient and show a discontinuous positive e�ect on transferring

into business. The comparison between �gures 2 and 3 shows the necessity of leveraging the coherence

measure to identify the relevant student population for the RD design.

Figures 4 and 5 present the results for the probabilities of transferring into engineering majors, conditional

on not being an engineering major before the transition period. Figure 4 reports results for all students

in institutions and cohorts for which we have GPA cuto�s for internal transfer into engineering majors,

and �gure 5 reports results for the subset of students who have completed all required coursework for

transferring into engineering majors. Similar to the case for business, the overall probabilities of transferring

into engineering majors and the e�ects of crossing the GPA cuto�s are not detectable in the overall sample.

Once we focus on the population of students who have completed all required courses for transferring into

engineering majors, we observe a salient positive e�ect of crossing the GPA cuto� on the probabilities of

transferring into engineering majors. We do not �nd signi�cant e�ects for crossing GPA cuto�s in semester

1 and semester 4 (not reported). For all analyses on engineering majors we only leverage variations that

come from crossing the GPA cuto�s in semester 2 and semester 3.

14The bins are selected with the variance evenly spaced method using spacing estimators.
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6.1.1 Balance Tests

The RD design relies on the assumption that crossing the GPA cuto�s is random. It is therefore necessary

to test if crossing the GPA cuto�s is correlated with any observable characteristics that may also a�ect our

dependent variables. We use the RD speci�cation in equation (11) and replace the dependent variable with

(a) student's percentile ranking in Texas' standardized high school reading exam; (b) percentile ranking in

Texas' standardized high school math exam; (c) economic status; (d) gender; and (e) �rst declared major.

As in the main analyses, we restrict the sample to students who did not matriculate as business majors

when examining the e�ects of crossing the business cuto�s, and restrict to students who did not matriculate

as engineering majors when examining the e�ects of crossing the engineering cuto�s. We also impose the

same minimum restrictions on course coherence that we impose in the main analysis. In the balance tests

for students' �rst declared major, we use separate dummy variables for whether the student's �rst major

was engineering or social sciences for business cuto�s. We use dummy variables for whether the student's

�rst major was business and sciences for engineering cuto�s. Students who matriculated without a declared

major are included in the analyses and have 0 values for the dummies.

The results are reported in table 3. The top panel shows the e�ects of crossing the GPA cuto�s for

business. Among the 24 balance tests performed, only one (crossing cuto� in semester 4 on economic status)

appear statistically signi�cant, and the point estimates are small in all but that case. The bottom panel

shows the e�ects of crossing the GPA cuto�s for engineering. Among the 12 balance tests performed, only

one (crossing cuto� in semester 3 on �rst major being business) is statistically signi�cant.15 However, the

estimates are noisy.

6.1.2 Characteristics of the Compliers

As mentioned in the introduction, the e�ects of majoring in business and engineering estimated using the

variation from crossing the GPA cuto�s are estimates of the LATE parameters for the compliers � students

who gets nudged into business/engineering by crossing the GPA cuto�s for internal transfers. For policies

that aim to expand access to business and engineering majors, these students are arguably the most relevant

population. Nevertheless, it is useful to understand whether and how these students may be di�erent from the

overall population. We follow Angrist and Pischke (2008) and compare the characteristics of the compliers to

15Notice that the direction of the estimate for the e�ect of crossing cuto� in semester 2 on �rst major being business is in
the opposite direction, suggesting that the statistically signi�cant e�ect in semester 3 is unlikely to be of concern.
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the overall sample included in our main speci�cations.16 For a binary characteristic xi, the relative likelihood

that compliers have xi = 1 is given by the ratio of the �rst stage among those with xi = 1 to the overall �rst

stage.

The results are presented in table 4. The compliers for business have higher high school standardized

math and reading scores, are less likely to be female, and slightly less likely to be economically disadvantaged.

The compliers for engineering also have higher standardized high school test scores, are much less likely to

be female, and slightly less likely to be economically disadvantaged. In addition, the engineering compliers

are substantially less likely to be non-Hispanic whites.

6.2 Estimates of the Return to Business and to Engineering

Table 5 reports the returns to business and engineering on log earnings. The instrumental variable (IV)

estimate shows a 0.13 (0.03) return for majoring in business. The OLS estimate for the return is somewhat

smaller at 0.09 (0.004). The fact that the IV estimate is larger than OLS may be due to higher return for

the marginal students identi�ed with the IV speci�cation.

Columns (3) and (4) of table 5 report the return for engineering. The IV estimate shows a 0.28 (0.08)

return for majoring in engineering. The OLS estimate is somewhat smaller at 0.24 (0.01), but also shows a

large return.

Table 6 reports results for the return to business by gender, socioeconomic status, ethnicity, and selectivity

of institution. Note that we de�ne an institution to be selective if the freshmen admission rate for Texas

applicants in the 2024-2025 academic year is lower than 70%. For the institutions we consider for business

majors, the selective institutions are University of Texas at Austin, Texas A&M University, University of

North Texas, University of Houston, and University of Texas at Arlington. The non-selective institutions

are Midwestern State University, University of Texas at Rio Grande Valley, and Texas State University.

Table 6a shows a higher return for females.The IV estimates of the return for females � 0.17 (0.02) �

is 30% higher than that for males � 0.13 (0.02). The same pattern is present in the OLS estimates. Note,

however, that in the IV case the gender di�erence is not statistically signi�cant.17 Table 6b shows that

economically disadvantaged students have a lower return to business. The return to majoring in business for

16For example, for return to majoring in business, the overall sample includes individuals who reach junior status, did not
start college as business majors, and have at least 0.25 business coherence by the beginning of junior year.

17We investigated whether the gender di�erence in returns arises because females and males major in di�erent sub-�elds
within business. Examining the distribution of four-digit CIP codes within business, we �nd that the most popular four-digit
CIP code is 5202 (business administration, management, and operation) and the shares of male and female students in each
four-digit CIP codes are similar for the most part. The only exception is that more male students major in �nance while more
female students major in accounting, sales, and marketing. These di�erences, however, would favor a higher return for male
students, since �nance is the highest earning sub-�eld in business.
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economically disadvantaged students is around 60% of that for other students � 0.10 (0.04) vs. 0.16 (0.02).

The di�erences in the IV estimates are not statistically signi�cant, but the same pattern is present in the

OLS estimates, which are precise.

Table 6d shows signi�cant heterogeneity in return across ethnicity. Non-Hispanic whites have the highest

return � 0.20 (0.02). Hispanic and black students have lower returns � 0.14 (0.03). Asian students have

the lowest return � 0.05 (0.03). Finally, table 6c shows that students in selective institutions have a

substantially higher return to business. The point estimate is 67% higher � 0.15 (0.02) vs. 0.09 (0.03) �

and the di�erence is statistically signi�cant.

Table 7 reports heterogeneity results for the return to engineering. Due to the smaller sample size

for engineering majors, we are under-powered to look at heterogeneity in the returns to engineering for

dimensions other than gender. The return is 0.410 (0.164) higher for females � 0.50 (0.13) vs. 0.10 (0.10)

The standard errors are large, but the di�erence is signi�cant at the 1 percent level. However, the OLS

estimates of the return are 0.252 (0.016) for females and 0.229 (0.011) for males, suggesting a smaller female

advantage.

6.3 Estimates of E�ects on Degree Outcomes and Time to Degrees

In this subsection, we discuss the e�ects of majoring in business and engineering on college degree attainment,

graduate degree attainment, and time to degrees.

Table 8 reports the IV estimates of the e�ects of majoring in business on college degree outcomes four

years after reaching junior status, which corresponds to the six-year graduation time frame often used by

colleges to report degree completion rates. Several patterns can be observed. First, the results for the full

sample in column 2 of the �rst row show that majoring in business increases the likelihood of attaining a

bachelor's degree in business by 0.998 (0.009). This estimate for the marginal student is well above the OLS

estimate of 0.848. Second, the results in the last row labeled �All� show that majoring in business leads to an

increase of 0.052 (0.014) in the likelihood of attaining any bachelor's degree four years after reaching junior

status, which is substantial. In comparison, the average graduation rate of students who reach junior status

is around 80%. Third, results in the other rows show that social sciences, engineering, and other majors

are the most prevalent counterfactual majors for business students. The OLS estimates follow the same

pattern. Fourth, the counterfactual majors di�er substantially by gender. Majoring in business decreases

the likelihood of attaining an engineering bachelor's degree by 0.27 (0.03) for males but only 0.05 (0.01) for

females. In contrast, majoring in business decreases the likelihood of attaining a bachelor's degree in social

sciences and �other� majors, which includes humanities and education, by 0.65 for females but only 0.54
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for males. Since engineering graduates have substantially higher average earnings than graduates of social

science and �other� majors, the stark di�erences in counterfactual majors help explain the higher return to

majoring in business for female students. In section 6.4, we provide a more systematic accounting exercise

following this logic

Table 9 reports the e�ects of majoring in business on graduate degree outcomes eight years after reaching

junior status. Overall, majoring in business increases the likelihood of attaining a graduate degree in the

future by 0.032 (0.018). This is mostly driven by the increase of 0.16 (0.01) in the likelihood of attaining

a graduate degree in business, including an MBA . The results suggest that the option value of attaining a

graduate degree, and a business degree in particular, is likely a signi�cant part of the return to majoring in

business. In section 6.5, we estimate the graduate school option value.

6.3.1 Engineering

Table 10 reports the e�ects of majoring in engineering on college degree outcomes four years after reaching

junior status. First, majoring in engineering increases the likelihood of attaining an engineering bachelor's

degree by 0.98 (0.03). Second, the most prevalent counterfactual majors for engineering students are science

and �other�. Interestingly, the IV estimate is only -0.03 (0.03) for business, indicating that the marginal

students who are a�ected by crossing the GPA threshold and who have taken the required courses to transfer

do not come from business. (The OLS estimate is larger, -0.014 (0.01). This contrasts with the large role

of engineering as a counterfactual degree in analysis of business in Table 8. . Third, similar to the case

for business, gender heterogeneity in degree outcomes can help explain the higher return to engineering.

In particular, females are much more likely than males to have the lowest-earning �other� majors as their

counterfactual major � -0.44 (0.04) vs. -0.12 (0.15) � , although the e�ect on �All degrees� is negative for

females and positive (but not statistically signi�cant) for males.Table 11 presents the e�ects of majoring in

engineering on graduate degree outcomes eight years after junior year. Unlike majoring in business, majoring

in engineering decreases the likelihood of attaining any graduate degree by 0.06 (0.03). The decreases in

likelihoods are particularly salient for business � -0.04 (0.02) � science � -0.03 (0.01) � and health �

-0.06 (0.01). The results show that graduate degree attainment is likely not as important for the return to

majoring in engineering.
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6.3.2 E�ects on Time to Degree

Finally, we examine the e�ects of majoring in business and engineering on time to degree. Anecdotal

evidence suggests that engineering is a particularly demanding course of study. Engineering programs are

credit-intensive, with requirements concentrated in STEM coursework. For instance, a bachelor's degree

in mechanical engineering at Texas A&M University requires 128 semester credit hours, compared to the

university-wide minimum of 120. This may increase time to degree. 18 Tables 12 and 13 report the e�ects

of majoring in business and engineering on college degree outcomes two years after reaching junior status In

other words, these results re�ect degree outcomes for 4 year �on-time� graduation. Comparing the results

in the fourth row of table 13 to those in the fourth row of Table 10 suggests that a large share of students

who transfer into the engineering major do not complete a bachelors degree in four years. Majoring in

engineering increase the probability of earning an engineering degree by 0.19 (0.03) two years after reaching

junior status, which compares to 0.98 (0.03) four years after junior status. In comparison, the corresponding

values for the e�ect of majoring in business on earning a business undergraduate degree are 0.48 (0.01) at 2

years and 0.998 (0.009) at four years. The last row of table 13 implies that majoring in engineering decreases

the likelihood of �on-time� graduation with any degree by 0.24 (0.03). In comparison, the last row of table

12 implies that majoring in business increases the likelihood of �on-time� graduation by 0.09 (0.03). Taken

together, these results indicate that the added demands of engineering programs translate into meaningfully

longer times to degree, whereas business majors face no such penalty and are, if anything, somewhat more

likely to graduate on time.

6.4 Robustness Checks and Accounting for Di�erences in Estimates

Before turning to the results on graduate school option values, we report results that help unpack the previous

results for earnings and degree attainment. We address three main questions. First, are the results using the

survival-RD model robust to alternative speci�cations? Second, can we reconcile the di�erences in estimates

of the e�ects on earnings between OLS and survival-RD with the di�erences in estimates of the e�ects on

degree attainment between OLS and survival-RD? Third, and similarly, can we reconcile the di�erences in

estimates of the e�ects on earnings for di�erent populations with the di�erences in estimates of the e�ects

on degree attainment for the di�erent populations?

First, we consider two alternative empirical strategies. The �rst is the survival-RD model when restricting

the sample to students whose GPA are within 0.3 of the cuto� GPA for each semester prior to junior year.

18The 2025-26 edition of the University Catalogs for UT Austin states that 132 credit hours are required for a BS in
Biomechanical Engineering, and 126 are required for Mechanical Engineering. 120 credit hours are required for a bachelors in
Finance, Management, Economics, and all of the liberal arts majors that we checked.

27



The value 0.3 is the optimal bandwidth calculated for both business and engineering following Calonico,

Cattaneo, and Titiunik (2014a and 2015b). The second is the linear-RD model we mentioned at the end

of section 5.1. The linear-RD model does not impose the survival model structure and separately includes

the RD variation for all periods linearly. Table 14 presents the results from these two alternative empirical

strategies, along with those from the OLS and survival-RD models to facilitate for comparison. The results

for business show that our main estimate (0.13) is very similar to restricting to students whose GPAs are

within 0.3 of the cuto�s (0.14) and to using the linear-RD model (0.14). As expected, the survival-RD model

has the advantage of having more precision compared to the linear-RD model. The results for engineering

show that our main estimate (0.28) is between the estimate restricting to students whose GPAs are within

0.3 of the cuto�s (0.24) and those using the linear-RD model (0.33). The di�erences are not large compared

to the standard errors.

Second, we try to predict the returns to business and engineering by combining the survival-RD estimates

of the e�ects on undergraduate degree outcomes and OLS estimates of the earnings premium of each un-

dergraduate degrees. Speci�cally, we predict the returns by computing the linear combination
∑6

i=1 â1cβ̂
c4
1

separately business and for engineering, where the â1c are OLS estimates of the major-speci�c BA earnings

premiums for the population as a whole or for each of the sub populations that we consider.19 The β̂c4
1 are

either OLS or survivor-RD based estimates of the e�ect of majoring in business (engineering) on the Cci

reported in Table 8 (Table 10).

The predicted returns for business and engineering are reported in tables 15 and 16, along with the

actual estimated OLS and survival-RD estimates for comparison. Table 15 reports results for the returns

to majoring in business. The results in columns 1 and 2 show that the estimates from both the OLS and

survival-RD models (0.09 and 0.13) are approximated reasonably well by the predicted returns (0.11 and

0.16). The results in columns 3-9 show that the returns estimates from the survival-RD models for di�erent

populations (e.g., females, males, economically disadvantaged) are also approximated reasonably well by the

predicted returns for each population. Table 16 report results for the returns to majoring in engineering.

The results in columns 1 shows that the return estimate from the OLS model (0.24) is reasonably close to

the predicted return (0.29). The return estimates from the survival-RD models for the full sample, female,

19The BA �eld speci�c earnings premiums â1c are obtained from OLS estimation of

yit = a0 +

6∑
c=1

a1cCci + aXit + ϵit (17)

where Cci is an indicator for whether individual i has a bachelor's degree in major c ∈ {1, ..., 6}. The omitted category is
c = 0, no college degree. Xit includes controls for gender, ethnicity, gender-speci�c cubic age pro�le, semester credit hours
accumulated, a quadratic for GPA, and institution �xed e�ects. In addition, we follow Andrews, Imberman, Lovenheim, and
Stange (2024) and include �xed e�ects for students' high school × cohort combination. We estimate (17) separately for each
sub population. Note that the internal GPA transfer cuto�s are only available for engineering and business and thus are not
su�cient to identify the earnings premiums for all of the degrees. OLS with detailed controls is the best available option for
this exercise.
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and male students (0.28 (0.08), 0.50 (0.13), and 0.09 (0.10)) are not as well approximated (0.39 , 0.40, and

0.38). The predicted return is large for males, but discrepancies for the combined sample and for females

are not large compared to the standard errors of the return estimates.

Overall, the two exercises show that the estimates from the survival-RD model are robust to alternative

speci�cations. They also show that the estimates of the e�ects on earnings are broadly consistent with the

estimates of the e�ects on degree attainment. In particular, the returns to majoring in business, and to a lesser

extent engineering, can for the most part be predicted by the e�ects of majoring in business and engineering

on undergraduate degree attainment. It is important to note, however, that graduate degree attainment

remains a potentially signi�cant component of the returns to majoring in business and engineering. This is

because the earnings premiums of college degrees implicitly incorporate the option value of graduate degrees.

In the next subsection, we examine the present discounted values of majoring in business and engineering

and quantify the option values of graduate degrees.

6.5 Present Discounted Values of Majoring in Business and Engineering and
the Option Value of Graduate School

Two questions remain: �rst, what is the value of majoring in business and engineering when taking into

account tuition and time to degree? Second, what share of this value comes from the (option) value of

graduate school? We answer these questions by calculating the actual and counterfactual present discounted

values (PDV) of majoring in business and engineering.

6.5.1 Procedure for Calculating PDVs

We use the following procedure to calculate the PDVs. Consider business. First, we extend equations (15)

and (16) and run regressions where the dependent variables are replaced with combinations of college degree,

graduate degree, college enrollment, and graduate enrollment. Speci�cally, for each y ∈ {2, 3, · · · , 8} and

each potential outcome o ∈ O, we estimate:

dyio = δoy0 + δoy1 Mbi + δoy2 Φ̄ + δoyXit + ϵit (18)

where dyoi = 1if i has the degree combination o in year y and Mbi is instrumented with Φ̂. Note that we have

six categories for c and eight categories for g. To avoid small cells, we make the assumption that students can

attain graduate degrees no sooner than 3 years after junior year. In addition, we include college enrollment
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and graduate enrollment as possible outcomes.20

Second, we predict the actual and counterfactual probabilities of each outcome at each time period from 2

to 8 years after junior year. The predicted actual probabilities are calculated as PActual
oy = δ̂oy0 + δ̂oy1 + δ̂oy2

¯̄Φ+

δ̂oyX̄it, where
¯̄Φ denotes the sample average of Φ̄ and X̄it denotes the sample average of the vector of control

variables. Similarly, the counterfactual probabilities are calculated as PCounter
oy = δ̂oy0 + δ̂oy2

¯̄Φ + δ̂oyX̄it.
21

Third, following section 4.3, we calculate another set of probabilities, PActualCollege
oy , assuming that

majoring in business only changes the likelihoods of college enrollment and attaining college degrees but

does not change the likelihoods of graduate enrollment or attaining graduate degrees. Speci�cally, we let

(1) PActualCollege
oy = PCounter

oy for the eight outcomes representing graduate enrollment; (2) PActualCollege
oy =

PActual
oy for the one outcome representing enrolled in college; (3)

∑
o∈Oc

PActualCollege
oy =

∑
o∈Oc

PActual
oy

for all c, where Oc denote the set of outcomes where student attains college degree in �eld c; and (4)

PActualCollege
cgy /

∑
o∈Oc

PActualCollege
oy = PCounter

cgy /
∑

o∈Oc
PCounter
oy , where cg is college degree c and graduate

degree g, so that the probability of attaining a graduate degree in g conditional on attaining college degree

in c is the same as the counterfactual. We extend the probabilities calculated in steps two and three to years

y ∈ {9, 10, · · · , 39} by making the assumption that they are the same as when y = 8.

Fourth, we calculate the expected earnings under each outcome o in years y ∈ {2, 3, · · · , 39}. Since we

have 64 possible outcomes (16 for two years after junior year) and only two sets of cuto� GPAs, we need

to rely on OLS for this step. For the OLS estimation, we do not restrict to data after 2012, as we do in

our main speci�cations. Instead, we use earnings observations from as early as 1991. We include detailed

controls, including gender, ethnicity, gender-speci�c cubic age pro�le, semester credit hours accumulated, a

quadratic for GPA, and institution �xed e�ects. In addition, we follow Andrews, Imberman, Lovenheim, and

Stange (2024) and include �xed e�ects for students' high school × cohort combination. Our PDV estimates

will be biased if earnings are di�erent for business majors and counterfactual students, conditional on �nal

outcomes and our detailed controls. The �nding reported in section 6.4 � that we can predict the returns

with reasonable accuracy using IV estimates of the e�ects on degree attainment and OLS estimates of the

earnings premiums of degrees � suggests the issue is likely not severe at least for business and for the

combined sample for engineering.

Fifth, we take the average cost of attendance for college and graduate enrollment in �eld g from ad-

ministrative �nancial aid data. We then add average earnings during enrollment in college and graduate

20This results in 16 possible outcomes in O two years after junior year: (1) enrolled in college � one outcome; (2) no college
degree � one outcome; (3) college degree in �eld c � six outcomes; and (4) graduate enrollment in �eld g � eight outcomes.
For three or more years after junior year, there are 64 possible outcomes in O: (1) enrolled in college � one outcome; (2) no
college degree � one outcome; (3) college degree in �eld c � six outcomes; (4) graduate enrollment in �eld g � eight outcomes;
(5) and college degree in �eld c × graduate degree in �eld g � 48 outcomes.

21Operationally, since Xit includes discrete variables such as gender, ethnicity, and school, we repeat the procedure for each
gender × ethnicity × institution cell and calculate the weighted average of PActual

oy and PCounter
oy
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enrollment in �eld g calculated with the administrative data. We use OLS regression to estimate the average

earnings per year enrolled in college conditional on Ciy for the �rst 2 years and Ci4 for years 3 and 4 for

persons who attain a degree by 4 years after the start of junior year. We also condition on the other control

variables in our earnings model.

Finally, we assume a discount rate of 5%, and combine the predicted probabilities and the expected

earnings (net of costs when enrolled) to calculate the PDVs under the three scenarios: Actual, Counterfactual,

and ActualCollege. Comparing Actual and Counterfactual PDVs allows us to estimate the value of majoring

in business (engineering) when taking into account tuition and time to degree. Comparing ActualCollege

and Counterfactual PDVs allows us to examine the value of majoring in business (engineering) net of the

value from graduate degrees.

6.5.2 PDV Results

Table 17 presents PDVs for Actual, Counterfactual, and ActualCollege scenarios for both business and

engineering. We also separately calculate the PDVs by gender.

The top panel presents results for business majors. The overall PDV gain for business major is 12.7%.

Notably, 23% of the gain in PDV comes from changes in the probabilities for attaining graduate degrees �

the gain in PDV would only be 9.8% if we assume no change in graduate school enrollment and graduate

degree attainment. Di�erences by gender align with what we see in the return estimates � females have

signi�cantly higher PDV gains.

The bottom panel presents results for engineering majors. The overall PDV gain for engineering major is

32.0%. Di�erent from the case for business major, the option value of graduate degrees appear insigni�cant

for the PDV gains. The overall PDV gain is 30.3% when we assume no e�ect of majoring in engineering on

graduate enrollment and graduate degree attainment.

7 Conclusion

In this paper, we leverage GPA cuto�s for internal transfers into business and engineering majors and use RD

designs to estimate the returns to majoring in business and engineering in college. The return to business is

around 0.12, while that for engineering is 0.28. We �nd that females have higher returns to both business and

engineering, although the gender di�erence for business could be explained by sampling errors. Estimates of

the e�ects on degree outcomes suggest that the gender heterogeneity may be driven in part by the fact that
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females have lower earning counterfactual majors. We �nd that, for business, non-Hispanic white students

have higher returns than black/Hispanic students, while Asian students have the lowest returns. Students

in selective institutions gain signi�cantly higher returns to business than those in less selective institutions..

Our calculations of PDVs incorporate returns to earnings, time to degrees, and cost of enrollment. We

�nd that while 26% of the PDV gain from majoring in business comes from the option values of graduate

schools, the share is only around 6% for engineering.
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Tables and Figures

Table 1: GPA Cuto�s for Internal Transfer into Business and Engineering Majors

Institution Years GPA Cuto�: Business GPA Cuto�: Engineering

Midwestern State University 2011-2018 2.20 N/A
Texas A&M University 2011-2018 3.25 3.50
Texas State University 2011-2016 3.00 N/A

2017-2018 3.25 N/A
University of Texas at Arlington 2011-2018 2.25 N/A
University of Texas at Austin 2011 3.30 2.50

2012-2015 3.00 3.00
2016-2018 3.25 3.00

University of Texas Rio Grande Valley 2011-2012 2.00 N/A
(Formerly UT Pan America) 2013-2017 2.50 N/A

2018 2.60 N/A
University of Houston 2011-2012 3.00 N/A

2013-2016 2.50 N/A
2017-2018 3.00 N/A

University of North Texas 2011-2018 2.70 N/A

Notes: This table presents the cuto� GPA for internal transfer into business and engineering majors in Texas
public four-year universities. The GPA cuto�s were collected from university catalogs between 2011-2018.
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Table 2: Share of Students Transferring into Final Major in Di�erent Semesters

(a) Final Major = Major of BA Degree

Semester Before Transfer
Majors 0 (start) 1 2 3 4 5+

(1) (2) (3) (4) (5) (6)
All 69% 5% 9% 6% 6% 5%

Business 56% 7% 14% 9% 10% 4%
Engineering 70% 4% 11% 7% 5% 4%

(b) Final Major = Major at Junior Year

Semester Before Transfer
Majors 0 (start) 1 2 3 4

(1) (2) (3) (4) (5)
All 72% 6% 10% 6% 6%

Business 62% 6% 13% 8% 11%
Engineering 81% 3% 8% 5% 3%

Note: This table reports the share of students that declare the their �nal major at di�erent transition
periods. Column (1) reports the share of students who started college in their �nal major. Column (2)-(6)
for panel a and (2)-(5) for panel b report the share of students who transitioned to their �nal major after
the semester in the second row. Panel a takes students' �nal major as their BA degree major, while Panel
b takes students' �nal major as their junior year major.
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Table 3: Balance Tests for the Regression Discontinuity

Business

HS Math
percentile

HS Reading
percentile

Not Econ
Disadv

Male First Major
Engineering

First Major
Social
Sciences

(1) (2) (3) (4) (5) (6)
Semester 1-2 -0.57

(0.78)
-0.88
(0.62)

0.02
(0.02)

0.00
(0.00)

0.01
(0.01)

-0.01
(0.01)

Semester 2-3 -1.12
(1.02)

-0.17
(0.82)

0.00
(0.03)

0.00
(0.00)

0.01
(0.01)

0.01
(0.01)

Semester 3-4 0.93
(1.08)

0.67
(0.96)

0.02
(0.03)

0.00
(0.00)

0.02
(0.02)

0.01
(0.01)

Semester 4-5 0.94
(1.22)

0.74
(1.05)

0.09∗∗∗

(0.03)
0.00
(0.00)

0.02
(0.02)

0.02
(0.02)

Engineering
HS Math
percentile

HS Reading
percentile

Not Econ
Disadv

Male First Major
Business

First Major
Sciences

(7) (8) (9) (10) (11) (12)
Semester 2-3 8.37

(11.89)
-8.45
(10.52)

-0.55
(0.41)

0.00
(0.00)

0.14
(0.17)

0.20
(0.34)

Semester 3-4 0.28
(5.35)

3.75
(4.62)

0.27
(0.19)

0.00
(0.00)

-0.28∗∗∗

(0.08)
-0.07
(0.15)

Note: This table presents results from balance tests for the RD using GPA cuto�s for internal transfer. They
are based on the �rst stage equation for majoring in business (panel a) or majoring in engineering (panel
b), replacing the major indicators Mbi or Mei with dependent variables for the tests listed in the �rst row
of each panel. As in the main analyses, we restrict to students who did not matriculate as business majors
when examining the e�ects of crossing the business cuto�s, and restrict to students who did not matriculate
as engineering majors when examining the e�ects of crossing the engineering cuto�s. The variables are high
school standardized math test score percentile, high school standardized reading test score percentile, binary
indicator for whether the student is not economically disadvantaged, dummy for whether student is male,
binary indicator for whether the student's �rst major was engineering, social sciences, business, or sciences.
Results in the top panel are for business cuto�s, and use the survival-RD speci�cation based on equation (11)
and (12). Results in the bottom panel are for engineering cuto�s. They use the survival-RD speci�cation
replacing 1(coh0sijt < cohsjt) with 1(Cijt = 0) and 1(coh0sijt ≥ cohsjt) with 1(Cijt = 0) in (11).. The �rst column
lists the transition period the cuto� crossing is examined. For example, the row �Semester 1-2� looks at the
e�ect of crossing the GPA cuto� in the �rst semester. Standard errors are clustered at the individual level.
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Table 4: Complier Characteristics Relative to Full Sample

Business

HS Math
> 80 pct

HS Reading
> 80 pct

Female Econ Disadv Non-Hisp
White

(1) (2) (3) (4) (5)

Business 1.07 1.05 0.91 0.97 0.99
Engineering 1.08 1.01 0.42 0.96 0.63

Note: This table shows the relative likelihood of various characteristics in the complier groups compared to
the overall population. The column headings list the binary characteristics we examine: dummy variables
for whether an individual scored above the 80th percentile in their high school standardized math test
and reading test, , a binary indicator for being female, an indicator for whether a student is economically
disadvantaged, and an indicator for whether a student is non-hispanic white. The row labeled �Business�
shows results for the compliers of the business GPA cuto�s. These are the students who would transfer
into business majors if they passed the GPA cuto�s but would not transfer if they did not pass the GPA
cuto�s. The row labeled �Engineering� shows results for the compliers of the engineering GPA cuto�s. For
a Bernoulli-distributed characteristic xi, the relative likelihood that compliers have xi = 1 is given by the
ratio of the �rst stage among those with xi = 1 to the overall �rst stage. A ratio larger than 1 indicates
that the tested characteristic is more common in compliers, whereas a ratio smaller than 1 indicates that
the tested characteristic is less common in compliers, compared to the overall sample.
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Table 5: Returns to Business and Engineering

Log Earnings
Business Engineering

OLS IV OLS IV
(1) (2) (3) (4)

Returns
(to declaring major)

0.093
(0.004)

0.125
(0.026)

0.235
(0.009)

0.277
(0.077)

N 590528 590528 317651 317651

Notes: This table reports the returns to declaring major in business and engineering by the beginning of
the junior year. Columns (1) and (3) report OLS results, and columns (2) and (4) report IV results with
the survival-RD model and the earnings equation (14). All regressions include basic controls for gender,
ethnicity, gender-speci�c cubic age pro�le, semester credit hours accumulated, coherence for each of the 18
2-digit CIP codes at the beginning of junior year, quadratic for GPA, and institution �xed e�ects. Standard
errors are computed using a block bootstrap procedure over 200 bootstrap samples. The construction of the
instrument, Φ̂, and control, Φ̄ are included in the bootstrap procedure.

38



Table 6: Heterogeneity in the Return to Business

Table 6a: Gender

Log Earnings
OLS IV

Female Male Di� Female Male Di�
(1) (2) (3) (4) (5) (6)

Returns
(to declaring major)

0.110
(0.005)

0.096
(0.006)

0.014†

(0.008)
0.169
(0.024)

0.127
(0.024)

0.042
(0.034)

N 214337 142874 - 214337 142874 -

Table 6b: Economic Disadvantage Status

Log Earnings
OLS IV

Disadv Not
Disadv

Di� Disadv Not
Disadv

Di�

(1) (2) (3) (4) (5) (6)

Returns
(to declaring major)

0.060
(0.009)

0.104
(0.005)

-0.044†††

(0.010)
0.095
(0.044)

0.160
(0.020)

-0.065
(0.048)

N 78672 215967 - 78672 215967 -

Table 6c: Selective vs. Non-Selective

Log Earnings
OLS IV

Selective Non-
Selective

Di� Selective Non-
Selective

Di�

(1) (2) (3) (4) (5) (6)

Returns
(to declaring major)

0.095
(0.005)

0.079
(0.007)

0.016†

(0.009)
0.146
(0.021)

0.087
(0.026)

0.059†

(0.033)
N 200527 156684 - 200527 156684 -
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Table 6d: Ethnicity Non-Hispanic White, Hispanic/Black, and Asian

Log Earnings

OLS

Non-
Hispanic
White

Hispanic
/Black

Asian White -
Hisp/Black

Di�

White -
Asian
Di�

(1) (2) (3) (4) (5)

Returns 0.121
(0.006)

0.075
(0.006)

0.050
(0.011)

0.046†††

(0.008)
0.071†††

(0.013)

N 147480 159506 34485 - -

IV

Non-
Hispanic
White

Hispanic
/Black

Asian White -
Hisp/Black

Di�

White -
Asian
Di�

(6) (7) (8) (9) (10)

Returns 0.196
(0.022)

0.139
(0.034)

0.054
(0.025)

0.057
(0.040)

0.142†††

(0.033)

N 147480 159506 34485 - -

Notes: This table reports the return to declaring major in business by the beginning of the junior year for
di�erent subgroups. Table 6a compares females and males, table 6b compares economically disadvantaged
students and those who are not, table 6c compares students in selective versus non-selective institutions,
table 6d compares non-hispanic white students, hispanic/black students, and Asian students. For each table,
we report the OLS estimates and the IV estimates from the survival-RD model following equations (14). We
also report the di�erences between the estimates of the subsamples. We use †,††, and ††† to denote di�erences
that are statistically signi�cant at the 10%, 5%, and 1% levels. All regressions include basic controls for
gender, ethnicity, gender-speci�c cubic age pro�le, GPA, semester credit hours accumulated, coherence for
each of the 18 2-digit CIP codes at the beginning of junior year, quadratic for GPA, and institution �xed
e�ects. Standard errors are computed with block bootstrap procedure over 200 bootstrap samples. The
construction of the instrument, Φ̂i, and control, Φ̄i are included in the bootstrap procedure.
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Table 7: The Return to Engineering by Gender

Log Earnings
OLS IV

Female Male Di� Female Male Di�
(1) (2) (3) (4) (5) (6)

Returns
(to declaring major)

0.252
(0.016)

0.229
(0.011)

0.023
(0.019)

0.501
(0.129)

0.091
(0.102)

0.410††

(0.164)
N 214337 142874 - 214337 142874 -

Notes: This table reports the returns to declaring major in engineering by the beginning of the junior year
for females and males separately. Columns (1) and (2) report the OLS estimates and columns (4) and
(5) report the IV estimates from the survival-RD model following equation (14). Column (3) reports the
di�erences between columns (1) and (2), while column (6) reports the di�erences between columns (4) and
(5). In columns (3) and (6), we use †,††, and ††† to denote di�erences that are statistically signi�cant at the
10%, 5%, and 1% levels. All regressions include basic controls for gender, ethnicity, gender-speci�c cubic age
pro�le, semester credit hours accumulated, coherence for each of the 18 2-digit CIP codes at the beginning
of junior year, quadratic for GPA, and institution �xed e�ects. Standard errors are computed with block
bootstrap procedure over 200 bootstrap samples. The construction of the instrument, Φ̂i, and control, Φ̄i

are included in the bootstrap procedure.
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Table 8: E�ects of Business Major on Undergraduate Degrees � 4 Years Post Junior

Bachelor's Degree in... OLS IV
Full Sample Full Sample Female Male Econ Disadv Not Econ Disadv

(1) (2) (3) (4) (5) (6)

Business 0.848
(0.005)

0.998
(0.009)

0.994
(0.011)

1.000
(0.023)

0.973
(0.022)

1.004
(0.011)

Science -0.101
(0.003)

-0.058
(0.014)

-0.047
(0.017)

-0.105
(0.025)

-0.072
(0.051)

-0.011
(0.015)

Health -0.057
(0.002)

-0.136
(0.012)

-0.179
(0.019)

-0.050
(0.013)

-0.217
(0.031)

-0.112
(0.011)

Engineering -0.178
(0.004)

-0.152
(0.014)

-0.054
(0.012)

-0.269
(0.033)

-0.189
(0.042)

-0.168
(0.016)

Social Sciences -0.197
(0.004)

-0.279
(0.022)

-0.291
(0.029)

-0.254
(0.039)

-0.293
(0.086)

-0.280
(0.025)

Other -0.291
(0.005)

-0.321
(0.021)

-0.355
(0.030)

-0.290
(0.029)

-0.245
(0.061)

-0.382
(0.021)

All 0.025
(0.004)

0.052
(0.014)

0.069
(0.017)

0.031
(0.028)

-0.043
(0.065)

0.050
(0.013)

N 60001 60001 35265 24736 11471 33047

Note: This table reports the e�ects of majoring in business (by the beginning of the junior year) on the
probability of attaining bachelor's degrees in di�erent majors 4 years after the beginning of the junior year.
Column (1) reports OLS results and columns (2) � (6) report IV estimates following equation (15). Each
cell represents one separate regression. All regressions include basic controls for gender, ethnicity,
gender-speci�c cubic age pro�le, semester credit hours accumulated, coherence for each of the 18 2-digit
CIP codes at the beginning of junior year, quadratic for GPA, and institution �xed e�ects. Standard errors
are computed with block bootstrap procedure over 200 bootstrap samples. The construction of the
instrument, Φ̂i, and control, Φ̄i are included in the bootstrap procedure.
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Table 9: E�ects of Majoring in Business on Graduate Degrees � 8 Years Post Junior

Adv. Degree in... OLS IV
Full Sample Full Sample Female Male Econ Disadv Not Econ Disadv

(1) (2) (3) (4) (5) (6)

Business 0.075
(0.004)

0.160
(0.010)

0.156
(0.013)

0.159
(0.020)

0.148
(0.024)

0.145
(0.013)

Science -0.007
(0.001)

0.004
(0.005)

-0.004
(0.005)

0.013
(0.009)

0.004
(0.018)

-0.002
(0.005)

Health -0.017
(0.001)

-0.065
(0.010)

-0.069
(0.015)

-0.043
(0.013)

-0.101
(0.041)

-0.051
(0.012)

Engineering -0.009
(0.001)

-0.020
(0.004)

-0.006
(0.004)

-0.042
(0.010)

-0.015
(0.013)

-0.022
(0.004)

Social Sciences -0.016
(0.001)

-0.020
(0.007)

-0.030
(0.010)

-0.007
(0.008)

-0.020
(0.023)

-0.016
(0.008)

Law -0.002
(0.001)

-0.008
(0.004)

-0.015
(0.005)

0.003
(0.008)

0.003
(0.013)

-0.006
(0.005)

Education -0.009
(0.001)

-0.011
(0.006)

-0.018
(0.008)

-0.003
(0.006)

-0.023
(0.017)

-0.016
(0.006)

Other -0.006
(0.001)

-0.009
(0.005)

-0.014
(0.007)

-0.004
(0.007)

-0.002
(0.015)

-0.012
(0.005)

All 0.009
(0.005)

0.032
(0.018)

0.002
(0.025)

0.077
(0.025)

-0.005
(0.053)

0.020
(0.018)

N 60001 60001 35265 24736 11471 33047

Note: This table reports the e�ects of majoring in business (by the beginning of the junior year) on the
probability of attaining advanced degrees in di�erent �elds 8 years after the beginning of the junior year.
Column (1) reports OLS results and columns (2) � (6) report IV estimates following equation (16). Each cell
represents one separate regression. All regressions include basic controls for gender, ethnicity, gender-speci�c
cubic age pro�le, semester credit hours accumulated, coherence for each of the 18 2-digit CIP codes at the
beginning of junior year, quadratic for GPA, and institution �xed e�ects. Standard errors are computed
with block bootstrap procedure over 200 bootstrap samples. The construction of the instrument, Φ̂i, and
control, Φ̄i are included in the bootstrap procedure.
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Table 10: E�ects of Majoring in Engineering on Undergraduate Degrees � 4 Years Post Junior

Bachelor's Degree in... OLS IV
Full Sample Full Sample Female Male

(1) (2) (3) (4)

Business -0.139
(0.007)

-0.028
(0.032)

-0.035
(0.020)

-0.022
(0.181)

Science -0.507
(0.011)

-0.587
(0.083)

-0.764
(0.053)

-0.602
(0.193)

Health -0.003
(0.003)

-0.020
(0.038)

0.073
(0.025)

-0.020
(0.084)

Engineering 0.836
(0.011)

0.981
(0.026)

1.137
(0.033)

0.906
(0.109)

Social Sciences -0.077
(0.006)

-0.062
(0.020)

-0.018
(0.023)

-0.042
(0.078)

Other -0.125
(0.008)

-0.236
(0.038)

-0.438
(0.036)

-0.115
(0.150)

All -0.015
(0.009)

0.047
(0.010)

-0.045
(0.011)

0.105
(0.083)

N 33030 33030 20056 12974

Note: This table reports the e�ects of majoring in engineering (by the beginning of the junior year) on the
probability of attaining bachelor's degrees in di�erent majors 4 years after the beginning of the junior year.
Column (1) reports OLS results and columns (2) � (6) report IV estimates following equation (15). Each
cell represents one separate regression. All regressions include basic controls for gender, ethnicity,
gender-speci�c cubic age pro�le, semester credit hours accumulated, coherence for each of the 18 2-digit
CIP codes at the beginning of junior year, quadratic for GPA, and institution �xed e�ects. Standard errors
are computed with block bootstrap procedure over 200 bootstrap samples. The construction of the
instrument, Φ̂i, and control, Φ̄i are included in the bootstrap procedure.
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Table 11: E�ects of Engineering Major on Graduate Degrees � 8 Years Post Junior

Adv. Degree in... OLS IV
Full Sample Full Sample Female Male

(1) (2) (3) (4)

Business -0.035
(0.004)

-0.035
(0.015)

-0.034
(0.014)

-0.027
(0.151)

Science -0.028
(0.004)

-0.029
(0.011)

-0.009
(0.010)

-0.027
(0.038)

Health -0.065
(0.005)

-0.057
(0.014)

-0.059
(0.022)

-0.037
(0.052)

Engineering 0.032
(0.007)

0.064
(0.018)

0.048
(0.007)

0.060
(0.050)

Social Sciences -0.007
(0.001)

-0.007
(0.006)

-0.001
(0.006)

-0.008
(0.024)

Law -0.008
(0.002)

-0.002
(0.010)

-0.028
(0.005)

0.009
(0.083)

Education -0.009
(0.001)

0.003
(0.004)

-0.001
(0.006)

-0.007
(0.025)

Other 0.000
(0.002)

0.004
(0.003)

0.006
(0.005)

-0.003
(0.025)

All -0.120
(0.010)

-0.060
(0.025)

-0.079
(0.029)

-0.040
(0.134)

N 33030 33030 20056 12974

Note: This table reports the e�ects of majoring in engineering (by the beginning of the junior year) on
the probability of attaining advanced degrees in di�erent majors 8 years after the beginning of the junior
year. Column (1) reports OLS results and columns (2) � (6) report IV estimates following equation (16).
Each cell represents one separate regression. All regressions include basic controls for gender, ethnicity,
gender-speci�c cubic age pro�le, semester credit hours accumulated, coherence for each of the 18 2-digit CIP
codes at the beginning of junior year, quadratic for GPA, and institution �xed e�ects. Standard errors are
computed with block bootstrap procedure over 200 bootstrap samples. The construction of the instrument,
Φ̂, and control, Φ̄ are included in the bootstrap procedure.
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Table 12: E�ects of Business Major on Undergraduate Degrees � 2 Years Post Junior

Bachelor's Degree in... OLS IV
Full Sample Full Sample Female Male Econ Disadv Not Econ Disadv

(1) (2) (3) (4) (5) (6)

Business 0.391
(0.007)

0.482
(0.013)

0.509
(0.017)

0.441
(0.025)

0.440
(0.036)

0.493
(0.015)

Science -0.041
(0.002)

-0.021
(0.011)

-0.011
(0.014)

-0.052
(0.019)

-0.006
(0.049)

-0.007
(0.011)

Health -0.026
(0.001)

-0.050
(0.008)

-0.068
(0.014)

-0.016
(0.008)

-0.064
(0.026)

-0.045
(0.010)

Engineering -0.046
(0.002)

-0.044
(0.008)

-0.002
(0.006)

-0.093
(0.018)

-0.063
(0.027)

-0.048
(0.008)

Social Sciences -0.117
(0.003)

-0.155
(0.016)

-0.163
(0.021)

-0.146
(0.025)

-0.191
(0.071)

-0.153
(0.018)

Other -0.145
(0.003)

-0.125
(0.019)

-0.160
(0.026)

-0.089
(0.026)

-0.059
(0.050)

-0.148
(0.019)

All 0.016
(0.008)

0.087
(0.025)

0.107
(0.032)

0.045
(0.041)

0.068
(0.070)

0.091
(0.026)

N 60001 60001 35265 24736 11471 33047

Note: This table reports the e�ects of majoring in engineering (by the beginning of the junior year) on the
probability of attaining bachelor's degrees in di�erent majors 2 years after the beginning of the junior year.
Column (1) reports OLS results and columns (2) � (6) report IV estimates following equation (15). Each
cell represents one separate regression. All regressions include basic controls for gender, ethnicity,
gender-speci�c cubic age pro�le, semester credit hours accumulated, coherence for each of the 18 2-digit
CIP codes at the beginning of junior year, quadratic for GPA, and institution �xed e�ects. Standard errors
are computed with block bootstrap procedure over 200 bootstrap samples. The construction of the
instrument, Φ̂, and control, Φ̄ are included in the bootstrap procedure.
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Table 13: E�ects of Engineering Major on Undergraduate Degrees � 2 Years Post Junior

Bachelor's Degree in... OLS IV
Full Sample Full Sample Female Male

(1) (2) (3) (4)

Business -0.049
(0.004)

0.028
(0.026)

-0.030
(0.017)

0.022
(0.078)

Science -0.206
(0.007)

-0.267
(0.021)

-0.263
(0.025)

-0.307
(0.071)

Health 0.001
(0.001)

-0.002
(0.016)

0.039
(0.011)

-0.005
(0.029)

Engineering 0.154
(0.011)

0.185
(0.027)

0.145
(0.035)

0.164
(0.052)

Social Sciences -0.038
(0.004)

-0.046
(0.019)

0.028
(0.017)

-0.066
(0.073)

Other -0.062
(0.005)

-0.141
(0.027)

-0.213
(0.025)

-0.058
(0.086)

All -0.201
(0.013)

-0.242
(0.034)

-0.294
(0.044)

-0.251
(0.114)

N 33030 33030 20056 12974

Note: This table reports the e�ects of majoring in engineering (by the beginning of the junior year) on the
probability of attaining bachelor's degrees in di�erent majors 2 years after the beginning of the junior year.
Column (1) reports OLS results and columns (2) � (6) report IV estimates following equation (15). Each
cell represents one separate regression. All regressions include basic controls for gender, ethnicity,
gender-speci�c cubic age pro�le, semester credit hours accumulated, coherence for each of the 18 2-digit
CIP codes at the beginning of junior year, quadratic for GPA, and institution �xed e�ects. Standard errors
are computed with block bootstrap procedure over 200 bootstrap samples. The construction of the
instrument, Φ̂, and control, Φ̄ are included in the bootstrap procedure.

47



Table 14: Alternative Estimates of the Returns to Majoring in Business and Engineering

Log Earnings
Business

OLS IV
Survival Survival-

0.3BW
Linear

(1) (2) (3) (4)

Mbi 0.093
(0.004)

0.125
(0.026)

0.144
(0.026)

0.142
(0.091)

N 590528 590528 98078 590528

Log Earnings
Engineering

OLS IV
Survival Survival-

0.3BW
Linear

(5) (6) (7) (8)
Mei 0.235

(0.009)
0.277
(0.077)

0.235
(0.093)

0.328
(0.198)

N 317651 317651 71869 317651

Notes: This table reports the returns to declaring major in business and engineering by the beginning of the
junior year using multiple empirical speci�cations. Columns (1), (2), (5), and (6) reproduce the OLS and IV
estimates in Table 3. Columns (3) and (7) report IV results with the survival-RD model following equation
(14), while restricting the sample to individuals whose GPA before junior year were within 0.3 of the cuto�
GPA for each semester that we use to construct the instrument. For business, these include the second,
third, and fourth semesters. For engineering, these include the second and third semesters. Columns (4) and
(8) report IV results with the linear-RD model with optimal bandwidth as described at the end of section
5.1. Each cell represents a separate regression. All regressions include basic controls for gender, ethnicity,
gender-speci�c cubic age pro�le, semester credit hours accumulated, coherence for each of the 18 2-digit CIP
codes at the beginning of junior year, quadratic for GPA, and institution �xed e�ects. Standard errors are
clustered at the individual level, except for columns (2) and (6), where the standard errors are computed
with block bootstrap procedure over 200 bootstrap samples. The construction of the instrument, Φ̂i, and
control, Φ̄i are included in the bootstrap procedure.
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Table 16: Estimated Return and Predicted Return to Majoring in Engineering

Log Earnings
Engineering

OLS IV
Full Sample Full Sample Female Male

(1) (2) (3) (4)

Returns
(Estimated)

0.235
(0.009)

0.277
(0.077)

0.501
(0.129)

0.091
(0.102)

Returns
(Computed)

0.290 0.385 0.397 0.381

N 317651 317651 192094 125557

Notes: This table reports the returns to declaring major in engineering. The �rst row reports estimates from
the OLS and survival-RD models. The second row reports returns calculated using the procedure described in
section 6.4. In particular, let â1c be the estimated earnings premium for college degree c estimated with OLS.
Following the notation from equation (15), let b̂c41 be the e�ect of majoring in engineering on the likelihood
of attaining bachelor's degree in major c four years after junior year. We compute the linear combinations∑6

i=1 â1cb̂
c4
1 . All regressions include basic controls for gender, ethnicity, gender-speci�c cubic age pro�le,

semester credit hours accumulated, coherence for each of the 18 2-digit CIP codes at the beginning of junior
year, a quadratic for GPA, and institution �xed e�ects. The calculation is done for the full sample, as well
as for sub-samples by gender, economic status and ethnicity.
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Table 17: E�ects of Business and Engineering Major on Present Discounted Value of Earnings Minus Tuition

Subsample Counterfactual ActualCollege Actual
(1) (2) (3)

Business
Overall 1047782 1150765

(9.8%)
1180882
(12.7%)

Female 902893 1006599
(11.5%)

1045803
(15.8%)

Male 1234442 1308606
(6.0%)

1345768
(9.0%)

Engineering
Overall 1173318 1528307

(30.3%)
1548806
(32.0%)

Female 1038402 1281877
(23.4%)

1317040
(26.8)

Male 1313660 1712210
(30.3%)

1733056
(31.9%)

Notes: This table reports the PDVs calculated for various scenarios and subsamples using a discount rate
of 0.05 As discussed in section 6.4.1, the Counterfactual scenario (column 1) is computed assuming that the
probability of various educational outcomes at di�erent periods follow those for the counterfactual population
that did not major in business (engineering). The Actual scenario (column 3) is computed assuming that the
probability of various educational outcomes at di�erent periods follow those for the population that majored
in business (engineering). The ActualCollege scenario (column 2) is computed assuming that the probability
of college enrollment and bachelor's degree outcomes follow those in the Actual case, but the probability of
graduate enrollment and advanced degree outcomes follow those in the Counterfactual case. The percentage
gain compared to the Counterfactual scenario is reported in parentheses in columns (2) and (3).
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(a) Business

(b) Engineering

Figure 1: Share of Freshmen Majors Among Students who Transfer into Business / Engineering Majors, by
Gender

Notes: This �gure shows the share of students' freshmen major among those who transferred into business
/ engineering majors by the start of their junior year. The �gure shows the shares separately for males and
females. The majors are ranked from top to bottom in ascending order of average post-college earnings.
This �gure excludes students who have undeclared as their major in their freshmen year. They make up
44% of the sample for males and 43% for females.
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(a) Semester 1→2 (b) Semester 2→3

(c) Semester 3→4 (d) Semester 4→5

Figure 2: Regression Discontinuity: Business; All Coherence Levels

Notes: This �gure shows the raw probability of transferring into business majors among students who previ-
ously were not in business majors. The four panels represent the four di�erent transition periods considered
� �rst semester to second semester, second semester to third semester, third semester to fourth semester,
and fourth semester to �fth semester. The horizontal axis represents the di�erence between students' GPA
and the cuto� GPA for internal transfer into business majors.
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(a) Semester 1→2 (b) Semester 2→3

(c) Semester 3→4 (d) Semester 4→5

Figure 3: Regression Discontinuity: Business; coh ≥ median

Notes: This �gure shows the raw probability of transferring into business majors among students who
previously were not in business majors. The four panels represent the four di�erent transition periods
considered � �rst semester to second semester, second semester to third semester, third semester to fourth
semester, and fourth semester to �fth semester. The �gures restrict to students who have coherence levels
equal to or larger than the median coherence level among students who transfer into business majors in the
corresponding transition periods. The horizontal axis represents the di�erence between students' GPA and
the cuto� GPA for internal transfer into business majors.

54



(a) Semester 2→3

(b) Semester 3→4

Figure 4: Regression Discontinuity: Engineering; All Coherence Levels

Notes: This �gure shows the raw probability of transferring into engineering majors among students who
previously were not in engineering majors. The two panels represent the two di�erent transition periods
considered � second semester to third semester and third semester to fourth semester. The transition
periods from the �rst semester to the second semester and from the fourth semester to �fth semester are
not considered because we do not �nd any signi�cant e�ects of GPA cuto�s for those transition periods
(not reported). The horizontal axis represents the di�erence between students' GPA and the cuto� GPA for
internal transfer into engineering majors.
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(a) Semester 2→3

(b) Semester 3→4

Figure 5: Regression Discontinuity: Engineering; Required courses completed: Cijt = 1

Notes: This �gure shows the raw probability of transferring into engineering majors among students who
previously were not in engineering majors. The two panels represent the two di�erent transition periods
considered � second semester to third semester and third semester to fourth semester. The transition
periods from the �rst semester to the second semester and from the fourth semester to �fth semester are
not considered because we do not �nd any signi�cant e�ects of GPA cuto�s for those transition periods (not
reported). The �gures restrict to students who have coherence levels equal to or larger than the median
coherence level among students who transfer into engineering majors in the corresponding transition periods
(see Table 3 for the corresponding coherence levels). The horizontal axis represents the di�erence between
students' GPA and the cuto� GPA for internal transfer into engineering majors. The blue lines show the
linear �ts for the probability of transfer on GPA distance for GPA distance under 0.
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Appendix A: Additional Tables and Figures

Table A1: Summary Statistics of Analysis Samples

HS Math
Pctile

HS Reading
Pctile

Share
Not Econ
Disadv

Share
Male

BA
On Time

BA
6 Yrs

Adv Degree

Business Sample
Mean 80.00 83.54 0.45 0.41 0.40 0.91 0.10
SD 18.12 13.99 0.50 0.49 0.49 0.29 0.31

Engineer Sample
Mean 82.84 82.68 0.45 0.55 0.37 0.99 0.19
SD 16.47 14.48 0.50 0.50 0.48 0.12 0.39

Notes: this table shows the mean and standard deviation of high school test scores, demographic status,
and degree attainment for the analysis samples. Business sample consists of students who reach junior
status, did not matriculate as business majors, and enrolled in one of the institutions for which we have
business GPA cuto�s. Engineering sample consists of students who reach junior status, did not matriculate
as engineering majors, and enrolled in one of the institutions for which we have engineering GPA cuto�s. HS
Math / Reading Percentiles are students percentile ranking among their cohorts in Texas state administered
standardized Math / Reading exams in high school. BA on time is a dummy variable for whether a student
attained BA degree within 2 years after reaching junior status. BA 6 yrs is a dummy variable for whether
a student attained BA degree within 4 years after reaching junior status. Adv Degree is a dummy variable
for whether a student attained advanced degrees within 8 years after reaching junior status.
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