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Abstract

Although the dot-com crash had similar labor market effects for new graduates in engineer-
ing and computer science, it had different effects on who chose each major: women dispropor-
tionately left computer science, but not engineering. I investigate the mechanism behind the
gender difference in reaction to the dot-com crash using administrative data on students from
a four-year public university. At said university, there is a larger gender grade gap in computer
science than engineering. I estimate a structural model of major choice where students choose
a major to maximize expected lifetime utility, conditional on grades, the labor market, and
other factors. I find that if the distribution of grades had been the same in engineering and
computer science, the gender difference in reaction to the dot-com crash would have been 33
to 42% smaller, suggesting that students reacted to the dot-com crash in accordance with their
perceived comparative advantage. My results suggest that grades are an important component
in retaining women in computer science degree programs. Universities hoping to encourage
women to major in computer science should investigate the sources of women’s underperfor-
mance in STEM courses and work to help women improve their performance.
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1 Introduction

The dot-com crash was the largest shock to the high tech sector in recent memory, and it had large

labor market effects for recent college graduates. As shown in Figure 1, computer science and

engineering1 had similar expected log starting salary in every year, and those salaries fell relative

to the salaries of other majors from 2000 to 2003 before recovering in 2004. Although the shock

to job prospects was the same for students in both majors, the dot-com crash had very different

effects on students’ willingness to enter engineering and computer science. Figure 2 shows the

log number of computer science and engineering bachelor’s degrees awarded to men and women

in the United States in every year from 1995 to 2010. Beginning with the class of 2005, who

started college around 2001, there was a sharp drop in the log number of students earning computer

science degrees, and the reaction was twice as large for women as for men. There was no decrease

in engineering degrees after the dot-com crash, and only a small gender difference in the change

in probability that students chose an engineering major after the crash. This is puzzling because

computer science and engineering are similar fields and should, in theory, attract similar students.

Furthermore, the crash did not have large effects on the gender difference in salary in either field,

as shown in Figure 3.2

In this paper, I explore why the dot-com crash made computer science programs, but not en-

gineering programs, significantly more male. I find that, at one large public university, the gender

gap in grades (in favor of men) is larger in computer science courses than in engineering. In the

event of a crash like the dot-com crash, women might be proportionally more likely to leave com-

puter science than men, and more likely to leave computer science than engineering, because of

the differences in the gender gap in grades across fields. To understand the role of grades in driving

women out of computer science after the dot-com crash, I use administrative data on students who

1For the remainder of this paper, “engineering” refers to all engineering fields other than electrical and computer
engineering, which are aggregated with computer science majors.

2Data in Figures 1 and 3 is provided by the National Association for Colleges and Employers Salary Survey. The
gender difference in salary in engineering is due to differences in fields chosen by men in women within engineering:
women are more likely to be chemical engineers (the highest paid engineering major) than men, and men are more
likely to be civil engineers (the lowest paid engineering major) than women.
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entered college between 1996 and 2005 and concurrent labor market data to estimate a structural

model of college major choice conditional on GPA and the labor market. I then simulate students’

choices of majors when GPAs for computer science students have the same distribution as GPAs

for engineering students. I find that if GPAs in computer science had the same distribution as GPAs

in engineering, then the gender difference in reactions to the dot-com crash would have been 33

to 42 percent smaller. This suggests that students acted according to their perceived comparative

advantage when choosing majors in the years after the dot-com crash. My results suggest that

degree programs looking to attract and retain more women should examine their grading systems

to identify whether there are systematic disparities in men’s and women’s academic performance.

Should such disparities exist, they may contribute to gender differences in retention. While I can-

not rule out that women simply are not as good at computer science as men, it seems unlikely that

the difference in gender gaps in computer science and engineering grades could be fully explained

by gender differences in ability given the similarities between the two fields. It seems more likely

that differences in the way that computer science and engineering teach and evaluate students are

responsible for the larger gender gap in grades in computer science.

According to the Integrated Postsecondary Education Data System (IPEDS), computer science

is the only Science, Technology, Engineering and Mathematics (STEM) field that grew more male

between 1980 and 2010, and the dot-com crash was one of the two largest events in that process.3

All other STEM fields, including engineering, grew more female over the same period. Given

the similarities in the labor market and the math ability required of students in computer science

and engineering, studying the differences between the two fields may provide insight into the

gender gap in college STEM majoring as a whole. Furthermore, computer science is a quickly

growing field that has had consistently good job prospects over the past several years.4 The quick

obsolescence of software used by professional computer scientists and engineers has created a

3As noted by National Academies of Sciences, Engineering, and Medicine (2018), gender segregation in computer
science increased during periods when the field was shrinking: the mid to late 1980s and the early to mid 2000s.

4The Occupational Outlook Handbook by the Bureau of Labor Statistics (2016) projects that opportunities for
software developers will grow by 24% between 2016 and 2026, much faster than average. Other computer-related
occupations have similar outlooks.
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constant need for new graduates of engineering and computer science programs, leading to the

narrative that there is a shortage of qualified workers in these fields despite the explosive growth

in computer science degree programs (Deming and Noray, 2020). For this reason, policymakers

have expressed interest in expanding the supply of new computer science workers. Understanding

the importance of grades to students’ decisions to pursue computer science will be helpful for

understanding how to push students of all genders to major in computer science.

This paper contributes to the literature on the interaction between gender, college major choice

and labor market volatility by providing previously unavailable evidence on how selection into

majors changes when the labor market is volatile. Previous work has shown that students’ choice

of major responds to labor market shocks, although women tend to care less about salary and more

about nonpecuniary benefits than men (Long et al., 2014; Shu, 2016; Wiswall and Zafar, 2015a,b,

2018; Zafar, 2011, 2013). Additionally, women are more likely than men to shift their choice of

major during recessions to (typically male-dominated) degrees with better employment prospects,

suggesting that women may be more sensitive to labor market volatility when choosing college

major (Blom et al., 2021). However, these papers use retrospective data on major choice which

does not include information on grades or other factors during college, which means they cannot

examine how selection into majors changes during periods of labor market volatility. This paper

also contributes to the literature on the effects of graduating in a recession (Kahn, 2010; Oreopoulos

et al., 2012). Oreopoulos et al. (2012) find that students who graduate in a recession suffer large

losses to lifetime earnings because they start off their careers with lower-paying employers. My

results suggest that students take action to mitigate the effects of graduating in a recession by

changing their major to one with better career prospects, and that students who change their major

will be the ones who have lower grades relative to other majors.

This paper also contributes to the literature on gender, comparative advantage and STEM ma-

joring. Previous work finds that women are as well-prepared as men to study STEM subjects and

better prepared than men to study non-STEM subjects, suggesting that women have comparative

advantage in non-STEM fields (Breda and Napp, 2019; Card and Payne, 2017; O’Dea et al., 2018;
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Stoet and Geary, 2018). I add to this literature by providing a real-world test of whether students

act according to comparative advantage during labor market shocks: during a negative shock to

two STEM majors that have different gender gaps in grades, women were more likely to leave

the major with a larger gender gap in grades. My results also suggest that comparative advantage

could be at work within STEM fields: there is a smaller difference between women’s performance

in non-STEM and engineering coursework than their non-STEM and computer science course-

work. This makes women less likely to choose computer science than other STEM fields, and

caused them to be more sensitive to the dot-com crash.5

Finally, this paper contributes to the large literature on the gender gap in STEM majoring

by using a novel strategy of comparing two similar STEM majors to show that grades explain

a portion of the gender gap. Several papers have examined how academic performance affects

women’s choice to enter and continue in quantitative majors, with mixed results (Ahn et al., 2019;

Astorne-Figari and Speer, 2019; Goldin, 2015; Kugler et al., 2017). Other proposed explanations

include, but are not limited to, gender differences in math SAT scores (Turner and Bowen, 1999),

preparation in non-STEM fields (Card and Payne, 2017), tastes for majors and for non-pecuniary

benefits in the labor market (Wiswall and Zafar, 2018; Zafar, 2013), and role model and peer effects

(Carrell et al., 2010). Additionally, most work on the gender gap in STEM is conducted during

periods of stable relative demand for majors, whereas this paper can study the interaction of the

gender gap in STEM with labor market volatility.

2 Data

I use three sources of data to estimate the model. Data on students’ choices and performance is

from administrative data on students at a four-year public university with a prestigious computer

science program, which I will refer to as The University. Contemporaneous data on salaries for

5Other recent work suggests that women underperform their expectations (measured by outside GPA) by more
than men in introductory STEM courses. The exception is lab- and project-based courses, which suggests women may
be at a particular disadvantage in college-level exams in STEM (Koester et al., 2016; Matz et al., 2017).
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college graduates by major is provided by the National Association of Colleges and Employers

(NACE). Data on salaries for college dropouts and unemployment is from the Outgoing Rotation

Group of the CPS (CPS-ORG).

2.1 Student sample

My student sample is first-time undergraduates who entered The University between 1996 and

2005.6 The sample is limited to students in the College of Liberal Arts and the College of Engi-

neering, which are the two largest colleges. The data includes information on all courses taken,

major declared in each semester, student demographic data, grades, and AP credits for all students

in all years, with SAT scores and other admissions data for students who entered in 2000 and later.

Trends in computer science degree production at The University moved similarly to the na-

tional trends. Figure 4 shows the log number of computing degrees awarded to men and women

nationally and at The University. The dot-com crash had a similar effect on the gender balance of

computer science degrees at The University as it did for degrees nationally.

2.2 Labor market returns

Contemporaneous data on salaries for college graduates by major is taken from the NACE Salary

Survey from 1995 to 2010. This is the only yearly salary data by major in the 1990s that has a

large sample of computer science students.7 The survey reports the mean and median salaries of

graduates by major at over 250 colleges and universities, as well as the means by gender. The

career center at the The University directs students who ask about what salary they can expect to

earn in a particular major to the NACE salary survey, which means that this data is the same as the

data that students had available to them at the time. Average log salary for individuals without a

college degree is calculated using the CPS-ORG.

6In 2006, the computer science department began to make an effort to recruit female students to computing pro-
grams. IPEDS shows a sharp uptick in the female share of computer science graduates beginning in 2010. For this
reason, I exclude cohorts entering in 2006 and later.

7There are only a small number of computer science majors in each SIPP survey, and only a small share of those
are female.
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Yearly unemployment data by major in a large sample is generally not available before 2009.8 I

therefore use yearly unemployment rates in related occupations to each major from the CPS-ORG.

3 Computer science at The University

3.1 The computer science major

There are three steps to a degree at The University: (1) complete prerequisite courses for the major,

(2) declare a major in computer science (typically at the end of sophomore year), and (3) complete

upper-level computer science courses, graduate and enter the workforce.

I aggregate four majors into one “Computer Science” group: two computer science majors,

computer engineering, and electrical engineering.9 One computer science major is for students in

the College of Liberal Arts and the other is for students in the College of Engineering. These two

majors have the same core course requirements,10 and students are advised that the programs are

the same difficulty. Computer engineering and electrical engineering are both in the College of

Engineering only. The College of Engineering version of the computer science major opened in

the Fall 2000 semester, which made computer science more available to students.11

Computer science and engineering have a similar set of prerequisites, including a writing

course, three calculus courses, one programming course,12 and a certain number of science courses.13

8While this data is available every other year from the National Survey of Recent College Graduates, that survey
is was not run between 2000 and 2002, which means it skips the dot-com crash.

9All of these majors are in the same department, and the first two years of coursework are similar.
10The College of Liberal Arts requires at least a C in calculus 1, 2, and 3, two semesters of programming, discrete

math, and two science courses before students declare the major. Students needed a 2.7 average across those courses
before 2003 and a 2.5 in 2003 and later. While the College of Engineering requires fewer courses before declaring a
major, students must pass the same set of courses with at least a C to use them as prerequisites. It is unclear whether
the GPA cutoff applied to students in the College of Engineering, but the College of Engineering reserved the right
to restrict which students can enter certain majors. Transferring between colleges required a C in the same set of
requirements.

11Computer science in the College of Engineering mostly drew students from computer engineering at first. By
2005 the College of Engineering version was both the more popular and the more female of the two computer science
majors.

12Prospective computer science majors who entered before 2000 took a different course than prospective engineer-
ing majors, but the course for non-majors could fulfill the requirement for computer science.

13College of Engineering students took two physics courses and one chemistry course, with labs. College of Liberal
Arts computer science students took eight credits of any natural science courses.
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Students who are serious about majoring in computer science also take a second semester of pro-

gramming, which the faculty consider to be the gateway course to the computer science major.

3.2 The effects of the dot-com crash at The University

Figure 5 shows the log number of men and women at each stage of the computer science major

and engineering majors by the year of entry to The University.14 There was only a small decrease

in the log number of women who took engineering and computer science prerequisites and a small

increase in the log number of men who took those prerequisites in the cohorts who entered The

University after the dot-com crash.15 The increase for men begins with students who started college

in 2003 to 2005, which may not be directly related to the dot-com crash. The effects of the crash on

the computer science major were much larger later in college: the crash decreased the number of

female students who declared a computer science major and who finished a computer science major

by proportionally more than the number of male students at each stage, beginning with students

who entered college between 2001 and 2002. This was not the case for engineering, where the log

number of men and women who declared and finished majors in engineering increased by about

the same amount for men and women who entered college between 2000 and 2002. While there

is a slight increase in the number of men, relative to women, who chose engineering beginning in

2004, the difference is not nearly as dramatic as it is for computer science.

Figure 5 also shows that the dot-com crash increased attrition from computer science by more

for women than men. The difference between the log number of students taking courses and

declaring a major is the proportion of students who leave the computer science pipeline at the

stage of declaring the computing major. The dot-com crash widened this gap for both men and

women, indicating that the dot-com crash increased attrition for both men and women, but the gap

widened by much more for women than for men. Similarly, the difference between the log number

14Note that the line for taking prerequisites is the same within genders.
15The effects of the crash on taking any computer science course is similar to the effects on declaring a major

and finishing a major. However, the full set of prerequisites indicates students who were serious about the computer
science major. Appendix F has more details.
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of students declaring a computing major and finishing a computing degree is the proportion of

students who leave the computing pipeline at the stage of declaring the computing major. The dot-

com crash did not widen this gap for men, but it did widen this gap by a small amount for women,

indicating that the dot-com crash increased attrition at late stages of the degree for women only.

3.3 Grades and gender in computer science and engineering

In my sample, women earn lower average grades than men in all STEM fields, but the gender grade

difference is largest in computer science. Figure 6 shows the average grades, in grade points, by

gender in the gateway courses in mechanical engineering and computer science, where the gateway

course refers to the first core course for a major.16 The average woman in the computer science

gateway course earned a 2.64, whereas the average man earns a 2.92, a difference of 28 percent

of a grade point. The average woman in the mechanical engineering gateway course earned a

2.75, whereas the average man earns a 2.84, a difference of 9 percent of a grade point. Women

who are interested in STEM but sensitive to grades may therefore prefer engineering to computer

science. The larger grade differences in computer science persisted through college and led to a

lower in-major GPA at graduation for women in computer science than women in engineering.

4 Structural model

I construct and estimate a structural model of college major choice in order to understand how

students select into different majors conditional on academic performance. A structural model

is the ideal tool for this analysis because it allows me to run a policy simulation where I make

grades in computer science have the same distribution as grades in engineering. Such a simulation

is essential for evaluating whether students reacted to the dot-com crash in accordance with their

comparative advantage, but is not possible with reduced-form analysis.

16Students usually take both of these courses as sophomores. The computer science course is the second program-
ming class described in Section 3.1. Mechanical engineering is the largest non-computing engineering major at The
University, and the course is titled “Introduction to Mechanical Engineering.” Gender differences in grades in the
mechanical engineering gateway are similar for the other engineering gateway courses.
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In this model, forward-looking students choose majors to maximize their expected lifetime

utility. The utility of a major is partly deterministic and partly stochastic, and the deterministic

portion is based on GPA, the labor market, and other factors that will be described in the next

section. Intuitively, following the large negative shock in the computer science labor market, some

students who were slightly above the margin of choosing computer science before the crash chose

other majors instead. Because there was a larger proportional decrease in women’s computer

science majoring after the dot-com crash, women must have been more clustered around the margin

of choosing computer science than men.

4.1 The utility of a college major

To match the stages described in Section 3.2, students choose their major in a three-stage process.

In period 1, freshmen arrive on campus, observe the labor market for every major, and form ex-

pectations about the labor market and their future academic performance. Students next realize

their taste shocks for each choice of “track,” or prerequisites, and choose their track. Students

then take their first two years of coursework and realize their period 1 grades. Period 2 begins at

the end of sophomore year. Students observe the labor market and their period 1 grades and then

update their expectations about the labor market and future academic performance. Students next

realize their taste shocks for each potential first major and either choose their first major or drop

out permanently. Students then take their final two years of coursework and realize their period 2

grades. Period 3 begins during senior year. Students observe the labor market and update their la-

bor market expectations. Students then realize their taste shocks for each potential final major and

either graduate with their final major or drop out of college. After graduating college or dropping

out, students permanently enter the labor market and then work until retirement.

During period 1, students’ choice set C includes Pre-Engineering/Computer Science, Pre-

Science, and Non-STEM.17 After making their period 1 choice, students take two years’ worth

17Tracks are defined based on the prerequisites for each major. See Appendix Section A.1 for details.
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of coursework in their chosen track. Student i of gender g’s problem in period 1 is18

max
c∈C

{
α

g
10c +α

g
11cAPi +α

g
12cXi +α

g
13cPosti + ε

g
1ic +βE

[
V g

2 (si2)
∣∣si1,c

]}
For the rest of this section, I suppress the g superscripts, but all parts of the model are estimated

separately by gender. β is the discount factor, which is set to 0.95.19 si1 is the period 1 state space,

which includes student’s earned AP credits APi,20 cohort of entry to college, and demographic

information Xi.21 AP credits enter the value function as individual indicator variables for earning

credit in each exam. Having particular AP credits directly reduces the cost of choosing a particular

track by lowering the number of courses students must complete. AP credits also capture major-

specific taste and ability. Posti is an indicator variable that is equal to 1 if the student entered

The University in 2001 or later, which captures change in students’ average tastes for major j that

could have occurred due to the dot-com crash.22 The track-specific taste shock ε1ic is i.i.d. Type 1

Extreme Value. E [V2(si2)|si1,c] is the expected future value of track c.

During period 2, students’ choice set M includes Computer Science, Engineering, Science,

Business, Humanities/Social Sciences/Other, and dropping out (D).23 Students who drop out enter

the labor market permanently and get two extra years of the labor market payoff of a major. After

making their period 2 choice, students who did not drop out take their final two years’ worth of

coursework in their chosen first major. Students may choose any major regardless of the track they

choose in period 1. However, choosing a major that is not related to their choice of track imposes

18SAT and ACT scores are only available for students who started in 2000 and later. In a robustness check, I
estimate the model only for students who entered in 2000 or later and have either SAT or ACT scores available.
Details can be found in Appendix G.1.

19Appendix I presents the results of sensitivity tests for the value of β .
20AP credits included are calculus, physics, biology, chemistry, English, economics, and history. Computer science

is excluded because the requirements for accepting AP credit in computer science relaxed substantially in 2000. Before
the relaxation of the constraint very few students were able to place out of introductory programming.

21The included demographic variables are race, ethnicity, international status, in-state residency, and average IRS
family income by ZIP code for domestic students. Average family income in home ZIP code is imputed from 1998 to
2001 using linear interpolation.

22This could have occurred because of salient signals like the collapse of superstar firms, as described in Choi et al.
(2019). Another possibility is that something about the available jobs in different fields, like nonpecuniary benefits,
may have changed, as described in Wiswall and Zafar (2018)

23See Appendix A for a full list of majors in each category.

11



a cost. The student’s problem in period 2 is

V2(si2,c∗) = max
j∈M

{
V2 j(si2)+βE [V3(si3)|si2, j]

}
where

V2 j(si2,c∗) =


α20 j +α21 j,c∗Ti1,c∗+α22 j,c∗Gi1,c∗+ξ2 j,c∗+α23 jXi2 +α24 jPosti + ε2i j j 6= D

V LM(D,T +2)+ ε2iD j = D

si2 is the student’s period 2 state space, which includes the period 1 state space si1, the period 1

choice of track c∗, realized in-track GPA from period 1 coursework Ti1,c∗ ,24 and realized overall

GPA from period 1 coursework Gi1,c∗ . The contribution of Ti1,c∗ and Gi1,c∗ to the payoff of a

major depends on the combination of c∗ and period 2 major, as performance in a particular track

provides different information about performance in different majors. AP credits no longer enter

the value function because they no longer directly change the costs of pursuing a major. Students

also realize a major-specific cost of each period 1 choice of track ξ2 j,c∗ .25 Posti once again controls

for changes in students’ tastes for majors caused by the dot-com crash, and is now equal to 1 if

the student chose their first major in 2001 or later. V LM(D,T + 2) is the labor market value of

dropping out before declaring a major, which includes two extra years of labor market experience.

E [V3(si3)|si2, j] is the expected future value of first major j. The student’s taste shock ε2i j is i.i.d.

Type 1 Extreme Value and is independent of the period 1 taste shock.

During period 3, students have the same choice set as they did in period 2.26 The student’s

problem in period 3 is

V3(si3) = max
j∈M

{
V3 j(si3)+βE

[
V LM( j,T )

]}
24For Pre-Engineering/CS, the track GPA is the GPA in calculus, physics, chemistry, and any computing or engi-

neering coursework. For Pre-Science, the track GPA is the GPA in all science and math coursework. For Non-STEM,
the track GPA is the GPA in non-STEM courses.

25For identification, I leave out c =Non-STEM.
26Students who did not graduate within seven years are coded as drop-outs.
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where

V3 j(si3) =


α30 j +α31 jMi j2 +αN

32 jGi j2 +α33 jXi3 +α34 jPosti +ξ3 jc∗+ ε3i j j = j∗2, j 6= D

α30 j +αS
32 jGi j2 +α33 jXi3 +α34 jPosti +ξ3 jc∗+C j + ε3i j j 6= j∗2, j 6= D

V LM(D,T +1)+ ε3iD j = D

si3 is the student’s state space period 3, which includes the period 2 state space si2, the student’s

period 2 choice j∗2, the student’s realized in-major GPA from their period 2 major Mi j2 , and the

student’s realized cumulative GPA from period 2 Gi j2 . The contribution of GPA to the utility of a

major depends on whether the student is switching majors.27 The student’s in-major GPA is only

realized if the student chose major j in period 2 and therefore only enters the value function if the

student is not changing majors. Posti controls for changes in students’ tastes for majors caused by

the dot-com crash and is now equal to 1 if the student chose their final major in 2001 or later. ξ3 jc∗

is a major-specific cost of choosing final major j conditional on having chosen track c, capturing

the cumulative cost of multiple switches or the benefit of switching back to an original choice. C j

is a major-specific cost of switching into major j. E
[
V LM( j,T )

]
is the expected labor market value

of a major, which will be described in the next section. V LM(D,T +1) is the labor market value of

dropping out, which includes one extra year in the labor market. The student’s taste shock ε3i j is

i.i.d. Type 1 Extreme Value and is independent of the period 1 and 2 taste shocks.

4.2 Labor market value of a college major

After college, students enter the labor force and work for T years. Students form their beliefs

about the labor market value of each major during freshman year and update them based on labor

market information from their sophomore and junior years. Students assume that shocks to starting

salary are permanent, and they update their beliefs about the distribution of starting salary draws

27Ideally, switching costs and the contribution of GPA would depend on the pair of first and final majors chosen.
Those coefficients are not identified because there are certain pairs of majors for which no switches occurred during
the sample period.
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accordingly.28

The labor market value of a major is the present discounted value of the student’s lifetime

earnings after completing that major, or

E

[
T

∑
τ=0

β
τ
(
1(Ui jτ = 1)u(biτ)+1(Ui jτ = 0)u(Yi jτ)

)]

β is the discount rate, biτ is the value of not working in period s, Ui jτ is a 0/1 variable rep-

resenting unemployment, and Yi jτ is salary for major j in period τ . I set u(biτ) = 0 and set

u(Yi jτ) = log(Yi jτ).29,30 I assume that salary and unemployment are independent.31 I calculate

the present discounted value of lifetime income for major j using

V LM( j,T ) =
T

∑
τ=1

β
τ−1 (1−P(Ui jτ = 0)

)
E
[
log
(
Yi jτ
)]

where the discount factor β is set to 0.95 and T is set to 12.32

I model the salary generating process for a student in major j who graduated in year t0 as

logYiτ = γ1 jexpiτ + γ2 jexp2
iτ +θ

Y
i j,t0 (1)

θY
i j,t0 is the student’s stochastic draw of log starting salary, which incorporates labor market shocks

and an error term for salary. I assume that θY
i j,t0 is independent of students’ taste shocks for tracks

28Clark (2015) found that during the dot-com crash period, students treated the dot-com crash as more persistent
than it actually proved to be, and having students treat the shock as permanent was a better fit than rational expectations.
In a robustness check, I test what happens when salary and unemployment rates follow an AR(1) process. Details can
be found in Appendix H.1.

29In Appendix H.2, I describe a robustness check where I estimate u(biτ) rather than setting it to 0. There are
minimal changes to my results.

30My model does not include non-pecuniary benefits to careers in different majors, which Wiswall and Zafar
(2018) found are important. While I cannot measure a major’s nonpecuniary benefit, the effect of labor market shocks
on nonpecuniary benefits of particular majors or career paths could be a worthwhile area for future research. My
model also does not include payment in stock options.

31This assumption would hold if, for example, unemployment caused by the dot-com crash was the result of
company closures rather than laying off the worst performer at every company. While that may not have been true for
the labor market itself, it seems plausible for new graduates.

32T is a low value to avoid additional bias that could result from women’s differential attrition from the labor
market by major. However, the results are not especially sensitive to choice of T (see Appendix I).
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and majors ε . expiτ is potential experience, which is equal to ageτ −22 for college graduates and

ageτ − 20 for college dropouts.33 Table 1 reports the calibrated parameters. The expected log

salary of a student who graduated in major j in year t0 is therefore

E [logYiτ ] = γ̃1 jexpiτ + γ̃2 jexp2
iτ +E

[
θ

Y,g
i j,t0

]

where γ̃1 j and γ̃2 j are students’ expected returns to potential experience.

I calibrate γ̃1 j and γ̃2 j using data on earnings by major from the 2009-2016 ACS.34 I estimate

the following equation using least squares:

logYi j = γ̃1 jexpiτ + γ̃2 jexp2
iτ +ξ jτ +ξs +ζ Zi + ei j

ξ jτ is a major-by-year fixed effect, which controls for labor market shocks, and ξs is a fixed effect

for state of residence. Zi is a set of controls for gender, race, ethnicity, and marital status. The

estimated values of γ̃1 j and γ̃2 j are reported in Table 1.

I calibrate E
[
θY

i j,t0

]
from the NACE data for college graduates and the CPS-ORG data for

college dropouts. I assume that students know the distribution of starting salary draws for the most

recent cohort of graduates and have unbiased beliefs about E
[
θY

i j,t0

]
.35 I also assume that starting

salary does not differ by gender.36 I assume that salary is distributed log-normally. For college

33The use of potential experience opens the issue of how women’s labor supply choices might affect the labor
market returns to a major. If women’s labor supply choices affect the labor market returns of every major in the same
way, then women’s fertility plans will not bias the estimates. Note that we care only about students’ expectations over
future labor supply, not the real choices students will make. In the Wiswall and Zafar (2015a) survey data, women’s
expectations over future labor supply do not vary much by prospective majors, although women may expect they
would be more likely to be out of the labor force at ages 30 and 45 if they dropped out of college. See Appendix D for
details.

34This introduces an additional assumption that labor market returns to potential experience do not change over
time and do not differ by gender.

35While many studies, including Wiswall and Zafar (2015b), find that students tend to overestimate future earnings,
this will not bias my estimation unless students systematically overestimate log earnings by more in one major than
others.

36McDonald and Thornton (2007) found that college major explained 95% of the gender difference in average
starting salary in NACE. I chose to pool men and women for because median salary is not reported by gender, and
NACE does not report standard deviations. Furthermore, not all institutions report student gender to NACE, and those
that do seem to be in the lower end of the salary distribution.
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graduates, I calculate

E
[

θ
Y
i j,t0

∣∣expi j = 0
]
= ∑

k∈ j
ωk log(median salaryk,t0)

where ωk is a weight equal to the proportion of each major k within major group j.37 For college

dropouts, I calculate E
[
θY

D,t0

]
using the mean log salary for individuals between the ages of 20 and

24 with some college education who are employed and not enrolled in school. All mean salaries are

adjusted to 2010 dollars using the CPI. Students expect that shocks to starting salary are permanent

and that θY is not affected by experience, so that

E
[

θ
Y
i j,t0+τ

∣∣expi j = τ
]
= E

[
θ

Y
i j,t0

∣∣expi j = 0
]

For college graduates, I set P(Ui jτ) equal to the unemployment rate among individuals age 22

to 26 who list occupations related to major j in year τ in the CPS-ORG and who are in the labor

market. I assume that students know the unemployment rate in each major. For college dropouts, I

use the unemployment rate among college dropouts between the ages of 20 and 24 who are in the

labor force and not enrolled in school.

4.3 Production functions for GPA

Students take courses and realize their grades between period 1 and period 2 and between period

2 and period 3. Because future GPA is part of the continuation value for periods 1 and 2 and is the

major portion of the transition of the state space over time, the estimation of future GPA is part of

students’ decision process in periods 1 and 2. I assume that students know the grade production

function and have rational expectations over grades. Both grade production functions are estimated

separately by gender, which allows for gender differences in the grade production process.

Students realize their period 1 grades immediately before their period 2 choice. Period 1 grades

37Details on the calculation of moments of the distribution of log salary are contained in Appendix E. A complete
list of each major k in each group j can be found in Appendix A.
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evolve from the initial state space, which contains information on the period 1 choice, earned AP

credits and demographic information, including average family income by ZIP code of residence.

The production function for period 1 overall GPA Gic1 and in-track GPA Tic1, conditional on choos-

ing track c, takes the following form:

Gic1 = φ
G
0c2 +φ

G
1c2APi +φ

G
2c2Xi +δ

G
s2 +δ

G
t2 +ui2

Tic1 = φ
T
0c2 +φ

T
1c2APi +φ

T
2c2Xi +δ

T
s2 +δ

T
t2 + vi2

APi is a vector of AP credits, and Xi is a vector of demographic variables. δ G
s2 and δ T

s2 are state of res-

idence fixed effects and δ G
t2 and δ T

t2 are cohort fixed effects. I assume that (u12
i ,v12

i )∼N (0,Σ12).38

I assume that (ui2,vi2) are independent of ε and θi jt0 .

Students realize their period 2 grades immediately before their period 3 choice. Period 2 grades

evolve from the period 2 state space, which contains information on choices in periods 1 and 2,

period 2 grades, earned AP credits, and student demographics. The production function for period

3 overall GPA Gi j2 and in-track GPA Mi j2, conditional on choosing major j, is

Gi j2 = φ
G
0 j +φ

G
1 jZic∗+ cM

j S j +δ
G
j,c∗+δ

G
s +δ

G
t +ui3 (2)

Mi j2 = φ
T
0 j +φ

T
1 jZic∗+ cM

j S j +δ
G
j,c∗+δ

M
s +δ

M
t + vi3 (3)

where

Zic∗ = (APi,Xi,Gi1,c∗ ,Ti1,c∗)

Gic1 is the realized period 1 overall GPA and Tic1 is the realized period 1 in-track GPA. The coeffi-

cients on the period 1 GPAs vary based on the track chosen in period 1 to account for the different

information that each track provides for each major. Similar to the previous section, APi is a vector

of AP credits, δ G
t and δ M

t are cohort fixed effects, and δ G
s and δ M

s are state of residence fixed ef-

fects. S j is an indicator of switching majors from periods 2 to 3, which allows changing majors to

38To simplify estimation, I break the domain of the normal distribution into 10 values and calculate the expected
future value over a 10 by 10 grid of combinations of possible error terms.
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affect grades as well as utility. δ G
j,c∗ and δ M

j,c∗ are major-specific fixed effects for the period 1 choice

of track. I assume that (ui3,vi3)∼N (0,Σ23). I assume that (ui3,vi3) are independent of (u12
i ,v12

i ),

ε , and θY
i jt0 — that is, the error terms on grades are not serially correlated and are independent of

the random draws for salary and taste shocks.

4.4 Identification

As is standard in multinomial logit models, the utility parameters of each major can only be iden-

tified in relative terms. For this reason, I will estimate the model from differences in utility. In

period 1, I will set Non-STEM to be the outside option. In periods 2 and 3, dropping out will be

the outside option.

Utility is identified separately from grade expectations by changes in the difference in the

expected labor market value of a major from the expected labor market value of dropping out.

The dot-com crash decreased this value for all majors, but the largest decrease was for computing

majors. The change in the rank order of majors helps to identify the utility of different majors.

4.5 Estimating the model

I estimate the model separately for men and women using maximum likelihood and backwards

induction. Estimating the model separately by gender allows me to examine gender differences

in preferences over both labor market returns and factors like grades. As noted previously, in all

periods, taste shocks are independently and identically distributed Extreme Value Type 1, making

this a multinomial logit model. The implication of this functional form is that the unobserved

portion of students’ preferences over majors are uncorrelated.

In order to simplify computation, the maximum likelihood estimation is performed in two steps

in periods 1 and 2. I first estimate the parameters of the grade production process, then use those

to calculate the expected future utility of each major. The coefficient estimates from this two-step

process are consistent (Rothwell and Rust, 1997; Rust and Phelan, 1997). Standard error estimates

from this two-step process are not consistent, although the standard error estimates from a full
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information maximum likelihood estimation would be. I therefore bootstrap the standard errors

for the coefficients of utility.

5 Results

5.1 Model fit

When considering whether students reacted to the dot-com crash in accordance with their compar-

ative advantage, we care about the gender difference in the change in computer science majoring

due to the dot-com crash — in essence, the gender difference in differences in computer science

majoring due to the dot-com crash. In this section, I discuss how well my model fits that difference

in differences under the true grade distribution. My estimation targets the share of men and women

who choose each major before and after the crash in each period. My estimation does not target

the difference in differences.

Table 2 compares the actual and predicted shares of men and women who chose computer

science before and after the crash.39,40 Panel A reports the model fit for the Pre-Engineering/CS

track. The model perfectly predicts the share of men and women choosing the track before and

after the crash, the percent change in share of students choosing each track in period 1 following the

crash, and the difference in differences. Panel B reports the model fit for the first major in computer

science. The model under-predicts the percentage change in the share of men and women choosing

computer science after the dot-com crash, but predicts the difference in differences well. After the

dot-com crash, the share of women choosing a first major in computer science dropped by 52.5%

and the share of men choosing a first major in computer science dropped by 27.3%. My model

predicts a drop of 37.2% for women and 11.2% for men. The model also over-predicts the share of

women choosing computer science both before and after the crash. However, the model predicts a

39Appendix Figure A1 shows the shares of men and women choosing computer science year-by-year. Appendix
Table A1 reports the shares of men and women who chose every major.

40The “Before” students entered The University between 1996 and 2000, while the “After” students entered The
University between 2001 and 2005.
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26.1 percentage point difference in differences, which is very similar to the 25.3 percentage point

difference in differences in the data. Panel C reports the model fit for the final major in computer

science. The model considerably under-predicts the share of men choosing computer science41

and the drop in men’s computer science majoring, but it predicts the share of women choosing

computer science and the drop in women’s computer science majoring well. The model predicts

a 54.8% drop in women’s computer science majoring after the crash, compared to 57.7% in the

data, whereas it predicts a 20.1% drop for men, compared to a 29.4% drop in the data. The model

therefore over-predicts the difference in differences: the model predicts a difference in differences

of 34.7 percentage points, as compared to 28.3 percentage points in the data.

5.2 Are women more sensitive to GPA than men?

Prior research suggests women are more sensitive to grades than men, especially in STEM course-

work (Ahn et al., 2019; Astorne-Figari and Speer, 2019; Goldin, 2015; Kugler et al., 2017; Rask,

2010). If women are more sensitive to grades than men, the gender difference in reactions to the

dot-com crash would be larger than what would be caused just by differences in grades. I therefore

examine the estimated coefficients on grades in the value function for majors, focusing on the com-

puter science and engineering majors. A larger coefficient on a variable means that that variable is

relatively more important than the labor market value of a major; in other words, students respond

more strongly to that variable when deciding on a major.

Table 3 reports the estimated coefficients on grades in periods 2 and 3. Panel A reports those

coefficients for period 2, where the contribution of grades to the value function depends on the

period 1 choice. Focusing just on the computer science major and the pre-Engineering/CS track,

which is the most common track choice for computer science majors, there are some interesting

patterns. Women who chose the pre-Engineering/CS track have a large negative coefficient on

their in-track GPA and a large positive coefficient on their overall GPA, whereas men who chose

41The under-prediction for men is tied to grade expectations: when men have perfect foresight over grades, the
share of men choosing computer science is much higher.
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the pre-Engineering/CS track have small positive coefficients on both GPAs. The gender differ-

ence in coefficients is statistically significant. This suggests that, all else equal, women who moved

from the pre-Engineering/CS track to a first major in computer science may have been negatively

selected on in-track grades, whereas men were slightly positively selected. However, women mov-

ing between the pre-Science track were much more positively selected on their in-track grades than

similar men. Men and women who moved from the pre-Engineering/CS track to a first major in

Engineering have very similar coefficients on both GPAs. Panel B reports grade coefficients for

period 3, where students only get value from the in-major GPA if they chose that major in period 2,

and the value students get from their cumulative GPA depends on whether they switch majors. In

both computer science and engineering, women’s coefficient on in-major GPA is larger than men’s,

but the coefficients are not statistically significantly different. For women who are not switching

majors, the coefficient on cumulative GPA is negative, whereas men’s is positive, but the differ-

ence is again not statistically significant. Men and women have similar coefficients on cumulative

GPA if they are not changing majors.42 It is unclear from these results whether women who are

considering computer science are more sensitive to grades than men: while it likely is the case that

women care more than men about their grades in the late stages of the degree than men, that may

not true early on in the degree.

5.3 How did grades affect students during the dot-com crash?

As described in Section 3.3, there is a larger gender gap in grades in computer science than engi-

neering. In this section, I simulate what major choices would have been during the sample period

if computer science grades had the same distribution as engineering grades. This test is useful be-

cause it might be possible for universities to bring their computer science grade distribution in line

with their engineering grade distribution by changing teaching or evaluation methods; completely

closing gender gaps in STEM grades, on the other hand, is probably not possible if the effort is

42Unlike Goldin (2015), I do not find that women are more sensitive to dropping down one letter grade in either of
the first two programming classes; see Appendix C.1.
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only made by a single university.43

I simulate in-major grades using the period 2 in-major grade production function described in

Equation 3. Students’s in-major GPA in computer science is calculated using

M̃i2,CS = θ0,ENG +θ1,ENGAPi +θ2,ENGXi +θ3,ENG,c∗Gi1,c∗+θ4,ENG,c∗Ti1,c∗+

cM
ENGSCS +δ

G
ENG,c∗+δ

M
s +δ

M
t + ṽi3

The error term ṽi3 is calculated using the difference between students’ realized and expected in-

major GPA in the major they actually chose, which preserves the actual realized grade shock.

Cumulative GPA for computer science is recalculated using the simulated computer science GPA

and holding coursework choices and grades outside of computer science at their actual level. Ex-

pectations over future in-major and cumulative GPAs are recalculated in the same manner.

Table 4 reports the share of students who chose the Pre-Engineering/CS track, a first major in

computer science, and a final major in computer science, as predicted by the model with the true

grade distribution and the simulated distribution. The table also reports the changes induced by

the simulation to the change in computer science majoring due to the crash and the difference in

differences. Grades had little effect on the difference in reactions to the dot-com crash in period

1: there is a very small increase in men’s choosing the pre-Engineering/CS track after the crash

and no changes for women. The lack of changes from the simulated grades may make some sense

here because students who choose the Pre-Engineering/CS track tend to become either computer

science or engineering majors. The simulation only changes grades for computer science majors,

and we might expect that giving computer science students the grade distribution for engineering

would primarily draw students from engineering.

Grades explain a large part of the difference in reactions to the dot-com crash in periods 2

and 3. Raising computer science grades increases the share of both men and women, both before

and after the crash, who chose computer science in both periods. However, the simulation con-

43A large body of evidence suggests that gender differences in STEM grades begin in childhood (e.g., Ceci et al.,
2014, 2009; Stoet and Geary, 2018).
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siderably decreases the proportional change in women’s computer science majoring following the

crash while barely affecting proportional change in men’s computer science majoring. In period 2,

women change from a 37.2% drop in computer science majoring to a 26.6% drop, and in period 3,

women change from a 54.8% drop in computer science majoring to a 44.3% drop. In comparison,

men’s reaction to the crash in period 2 changes from a drop of 11.2% to a drop of 11.4%, and in

period 3, men change from a drop of 20.1% to a drop of 21.2%. Overall, raising computer science

grades decreased the difference in differences in computer science majoring due to the dot-com

crash by 41.6% in period 2 and 33.4% in period 3.

6 Why does computer science have a large gender grade gap?

In previous sections, I established that there is a larger gender grade gap in computer science at

The University than they do in engineering, and that the difference in gender grade gaps across

fields explains part of the gender difference in reactions to the dot-com crash. This suggests that

students reacted to the dot-com crash in accordance with what they perceived to be their compara-

tive advantage. My results suggest that retention of women in computer science (and probably all

majors) is tied to grades.

It is not clear that students’ reactions to the dot-com crash were efficient, because gender dif-

ferences in grades may not accurately reflect gender differences in ability to be a good computer

scientist. While I cannot rule out that gender differences in ability drive all gender differences

in grades, it seems unlikely given the differences in gender grade gaps across fields. Computer

science and engineering require similar baseline ability in math and science, and the two fields

teach broadly similar skills.44 However, factors like effort, course content, and role model and

peer effects, among others, also help determine grades, and these may differ across fields. They

may also affect women differently from men.

Universities hoping to improve diversity in their computer science programs should look for

44Gender differences in SAT Math scores typically do not explain gender differences in STEM majoring or perfor-
mance in STEM classes (Koester et al., 2016; Matz et al., 2017; Turner and Bowen, 1999).
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gender differences in computer science grades and attempt to remove those disparities. My findings

suggest that they can start by looking for differences between computer science and non-computing

engineering programs.

One potential difference between the two fields is how courses are evaluated. Computer science

courses at The University assign grades based on exams and machine-graded coding assignments,

which leaves little room for skills other than programming.45 In contrast, most engineering courses

have a lab component or large group project. Engineering grades are therefore more likely to

reflect writing and social skills than computer science grades.46 If all three skills are important in

the labor market for both computer scientists and engineers, computer science grades could be a

biased signal of ability to be a good professional computer scientist, and the signal may be more

biased for women. Social skills in particular have become more important in the labor market over

the past several decades, especially in math-intensive jobs (Deming, 2017). Adolescent girls tend

to both have better social skills and value social skills more than boys, and there is evidence that

the growing demand for social skills can explain part of the increase in women’s employment in

highly paid occupations over the same period (Cortes et al., 2018; Merrell and Gimpel, 1998; Tan

et al., 2018). If social skills are indeed a component of labor market productivity that is overlooked

by computer science grades, then adding a group project component to computer science courses

could help encourage women to major in computer science.47 While other interventions may also

successful, I suggest this one because it is within the control of the university, advocated for by

experts in computer science education,48 and potentially beneficial for all students, not just women.

45Machine grading of programming assignments was instituted at The University to deal with capacity challenges
related to the dot-com boom.

46This is consistent with a finding women underperform, relative to their GPA in other classes, by more than men
in STEM lecture courses, but not in lab courses (Koester et al., 2016; Matz et al., 2017). These differences are not
explained by gender differences in test scores or course-taking. I am able to reproduce the underperformance result
for the first two programming courses; see Appendix C.1.

47A report by the National Center for Women and Information Technology suggests that col-
laboration in courses can help retain women. However, collaboration on student projects requires
monitoring to ensure that students do not cheat. (See https://www.ncwit.org/resources/

how-do-you-retain-women-through-collaborative-learning/how-do-you-retain-women-through;
accessed 2-25-2020). Computer science programs at top universities often explicitly discourage collaboration because
it is difficult to monitor students when work is graded by machine.

48DuBow et al. (2016) provides an overview of the current best practices for retaining women in computer science,
including promoting collaboration in class.

24



7 Conclusion

This paper provides evidence on the importance of gender differences in grades to the gender

gap in computer science majoring. I found that the dot-com crash made the computer science

major much more male, nationally and at a four-year public university with a prestigious computer

science program. However, even though the dot-com crash had similar labor market effects on new

graduates in engineering, which is a similar major and should attract similar students, engineering

majors did not become significantly more male after the crash. Computer science also has a larger

gender grade gap (in favor of men) than engineering or other STEM fields. To learn whether

gender differences in grades drove gender differences in reactions to the dot-com crash, I estimated

a structural model of major choice where students choose a major to maximize their expected

lifetime utility, conditional on the labor market, their grades, and other factors.

I find that if computer science and engineering have the same distribution of grades by gender,

the gender difference in the change in computer science majoring after the dot-com crash would

have 41.6 percent smaller at the time of choosing a first major and 33.4 percent smaller at the time

of graduation. These results provide evidence that grades are an important part of how students

choose majors, as women substituted to majors where the gender gap in grades was smaller.

My results suggest that students react to crashes in labor demand for a particular major in ac-

cordance with what they perceive to be their comparative advantage. The students who substituted

away from computer science after the dot-com crash were those with the lowest expected payoff

of computer science — a group which, due to the large gender gap in grades in computer science,

women were more likely to be in than men. This result suggests that retention of women in com-

puter science (and probably all majors) depends on where women fall in the grade distribution.

Universities hoping to improve diversity in their computer science programs should look for gen-

der differences in computer science grades and investigate the source of any disparities they find.

My findings suggest that they can start by looking for differences between computer science and

non-computing engineering programs. While it is unlikely that action on the part of universities

alone can close gender gaps in STEM grades, it may be possible to bring computer science more
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in line with engineering.

While I explain a sizeable portion of the difference in men’s and women’s change in computer

science majoring in the years following the crash, more than half is still unexplained. Alternative

mechanisms that could be explored include role model effects, peer effects, and risk aversion.

The dot-com crash may also have disproportionately affected the types of computer science jobs

that were most popular with women or changed the nonpecuniary benefits available in different

jobs. Comparing computer science and engineering programs during the dot-com crash would be

an interesting way to validate the contributions of each of these factors to gender differences in

computer science majoring.

An open question is how grades contribute to the payoff of a major. Grades reflect many

different factors, from ability to effort to how courses are evaluated, and it is not clear exactly

how (or if) grades affect a student’s future prospects in the labor market, or how students expect

grades to affect their job prospects, especially in a volatile labor market. Students likely also have

a psychological benefit of getting high grades, but it is again unclear how large this benefit is. The

effect of grades on job prospects during recessions is therefore a worthwhile avenue for future

research, as is the question of whether the gender gap in grades in computer science represents a

difference in women’s ability to be good professional computer scientists.

References

Ahn, T., Arcidiacono, P., Hopson, A., and Thomas, J. (2019). Equilibrium Grade Inflation with

Implications for Female Interest in STEM Majors. Working Paper 26556, National Bureau of

Economic Research.

Ai, C. and Norton, E. C. (2003). Interaction terms in logit and probit models. Economics Letters,

80(1):123–129.

Arcidiacono, P. (2004). Ability sorting and the returns to college major. Journal of Econometrics,

121(1):343–375.

26



Astorne-Figari, C. and Speer, J. D. (2019). Are Changes of Major Major Changes? The Roles of

Grades, Gender, and Preferences in College Major Switching. Economics of Education Review,

70:75–93.

Blom, E., Cadena, B. C., and Keys, B. J. (2021). Investment over the Business Cycle: Insights

from College Major Choice. Journal of Labor Economics, 39(4):1043–1082. Publisher: The

University of Chicago Press.

Breda, T. and Napp, C. (2019). Girls’ Comparative Advantage in Reading Can Largely Account for

the Gender Gap in Math-Intensive Fields. SSRN Scholarly Paper ID 3435378, Social Science

Research Network, Rochester, NY.

Card, D. and Payne, A. A. (2017). High School Choices and the Gender Gap in STEM. Working

Paper 23769, National Bureau of Economic Research.

Carrell, S. E., Page, M. E., and West, J. E. (2010). Sex and science: How professor gender

perpetuates the gender gap. The Quarterly Journal of Economics, 125(3):1101–1144.

Ceci, S. J., Ginther, D. K., Kahn, S., and Williams, W. M. (2014). Women in Academic Science: A

Changing Landscape. Psychological Science in the Public Interest: A Journal of the American

Psychological Society, 15(3):75–141.

Ceci, S. J., Williams, W. M., and Barnett, S. M. (2009). Women’s underrepresentation in science:

sociocultural and biological considerations. Psychological Bulletin, 135(2):218–261.

Choi, D., Lou, D., and Mukherjee, A. (2019). The Effect of Superstar Firms on College Major

Choice. SSRN Electronic Journal.

Clark, B. (2015). Shocked Out of Your Major: Do Labor Market Shocks Prompt Major Switching?

PhD thesis, Duke University.

Cortes, G. M., Jaimovich, N., and Siu, H. E. (2018). The ”End of Men” and Rise of Women in the

High-Skilled Labor Market. Working Paper 24274, National Bureau of Economic Research.

27



Deming, D. J. (2017). The Growing Importance of Social Skills in the Labor Market*. The

Quarterly Journal of Economics, 132(4):1593–1640.

Deming, D. J. and Noray, K. (2020). Earnings Dynamics, Changing Job Skills, and STEM Careers.

The Quarterly Journal of Economics, 135(4):1965–2005.

Dorans, N. J. (1999). CORRESPONDENCES BETWEEN ACT™ AND SAT® I SCORES. ETS

Research Report Series, 1999(1):i–18.

DuBow, W. M., Quinn, B. A., Townsend, G. C., Robinson, R., and Barr, V. (2016). Efforts to Make

Computer Science More Inclusive of Women. ACM Inroads, 7(4):74–80.

Goldin, C. (2015). Gender and the Undergraduate Economics Major: Notes on the Undergrad-

uate Economics Major at a Highly Selective Liberal Arts College. Technical report, Harvard

University.

Kahn, L. B. (2010). The long-term labor market consequences of graduating from college in a bad

economy. Labour Economics, 17(2):303–316.

Koester, B. P., Grom, G., and McKay, T. A. (2016). Patterns of Gendered Performance Difference

in Introductory STEM Courses. arXiv:1608.07565 [physics].

Kugler, A. D., Tinsley, C. H., and Ukhaneva, O. (2017). Choice of Majors: Are Women Really

Different from Men? Technical report, National Bureau of Economic Research.

Long, M. C., Goldhaber, D., and Huntington-Klein, N. (2014). Do Students’ College Major

Choices Respond to Changes in Wages? In National Center for Analysis of Longitudinal Data in

Education Research (CALDER) Research Conference, American Institutes of Research, Wash-

ington, DC (February).

Matz, R. L., Koester, B. P., Fiorini, S., Grom, G., Shepard, L., Stangor, C. G., Weiner, B., and

McKay, T. A. (2017). Patterns of Gendered Performance Differences in Large Introductory

Courses at Five Research Universities. AERA Open, 3(4):233285841774375.

28



McDonald, J. A. and Thornton, R. J. (2007). Do New Male and Female College Graduates Receive

Unequal Pay? The Journal of Human Resources, 42(1):32–48.

Merrell, K. W. and Gimpel, G. (1998). Social Skills of Children and Adolescents: Conceptualiza-

tion, Assessment, Treatment. Psychology Press, New York.

National Academies of Sciences, Engineering, and Medicine (2018). Assessing and Responding

to the Growth of Computer Science Undergraduate Enrollments. National Academies Press,

Washington, D.C.

Oreopoulos, P., von Wachter, T., and Heisz, A. (2012). The Short- and Long-Term Career Effects

of Graduating in a Recession. American Economic Journal: Applied Economics, 4(1):1–29.

O’Dea, R. E., Lagisz, M., Jennions, M. D., and Nakagawa, S. (2018). Gender differences in

individual variation in academic grades fail to fit expected patterns for STEM. Nature Commu-

nications, 9(1):1–8.

Puhani, P. A. (2012). The treatment effect, the cross difference, and the interaction term in nonlin-

ear “difference-in-differences” models. Economics Letters, 115(1):85–87.

Rask, K. N. (2010). Attrition in STEM Fields at a Liberal Arts College: The Importance of Grades

and Pre-Collegiate Preferences. Economics of Education Review, 29(6):892–900.

Rothwell, G. and Rust, J. (1997). On the Optimal Lifetime of Nuclear Power Plants. Journal of

Business & Economic Statistics, 15(2):195–208.

Ruggles, S., Flood, S., Goeken, R., Grover, J., Meyer, E., Pacas, J., and Sobek, M. (2019). IPUMS

USA: Version 9.0 [dataset]. IPUMS, Minneapolis, MN.

Rust, J. and Phelan, C. (1997). How Social Security and Medicare Affect Retirement Behavior in

a World of Incomplete Markets. Econometrica, 65(4):781–831.

Shu, P. (2016). Innovating in Science and Engineering or ”Cashing In” on Wall Street? Evidence

on Elite STEM Talent. Harvard Business School Working Paper.

29



Stoet, G. and Geary, D. C. (2018). The Gender-Equality Paradox in Science, Technology, Engi-

neering, and Mathematics Education. Psychological Science, 29(4):581–593.

Tan, K., Oe, J. S., and Le, M. D. H. (2018). How does gender relate to social skills? Exploring

differences in social skills mindsets, academics, and behaviors among high-school freshmen

students. Psychology in the Schools, 55(4):429–442.

Turner, S. E. and Bowen, W. G. (1999). Choice of Major: The Changing (Unchanging) Gender

Gap. Industrial and Labor Relations Review, 52(2):289–313.

{United States Department of Education,National Center for Education Statistics} (1980). Inte-

grated Postsecondary Education Data System (IPEDS).

Wiswall, M. and Zafar, B. (2015a). Determinants of College Major Choice: Identification using

an Information Experiment. The Review of Economic Studies, 82(2):791–824.

Wiswall, M. and Zafar, B. (2015b). How do college students respond to public information about

earnings? Journal of Human Capital, 9(2):117–169.

Wiswall, M. and Zafar, B. (2018). Preference for the Workplace, Investment in Human Capital,

and Gender. The Quarterly Journal of Economics, 133(1):457–507.

Zafar, B. (2011). How do college students form expectations? Journal of Labor Economics,

29(2):301–348.

Zafar, B. (2013). College Major Choice and the Gender Gap. Journal of Human Resources,

48(3):545–595.

30



8 Tables

Table 1: Calibrated parameters of earnings

Discount rate: β 0.95
Lifespan: T 12
Unemployment value: u(biτ) 0

Experience parameters CS Eng. Sci. Bus. Other Dropout
γ̃1 0.062 0.060 0.076 0.057 0.057 0.068

(0.001) (0.001) (0.001) (0.000) (0.000) (0.000)
γ̃2 -0.0012 -0.0012 -0.0014 -0.0011 -0.0011 -0.0011

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Notes: Source of experience parameters is the 2009-2017 American Community Survey from
IPUMS-USA (Ruggles et al, 2019). Two-digit majors not offered at The University were dropped.
Regression was run only for individuals with some college or a bachelor’s degree only. Regression
specification includes controls for demographic variables, state fixed effects, year fixed effects, and
major fixed effects. Potential experience is calculated using age - 20 for some college individuals
and age - 22 for bachelor’s degree holders.
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Table 2: Comparing Actual and Predicted Shares of Computer Science Majoring

Shares in Data Predicted Shares
Before After % Change Before After % Change

Period 1 (Pre-Engineering/CS Track)
Women 0.149 0.120 −23.5 0.149 0.120 −23.5
Men 0.343 0.321 −6.7 0.344 0.322 −6.7
Difference −16.8 −16.8

Period 2 (First major in CS)
Women 0.024 0.011 −52.5 0.031 0.019 −37.2
Men 0.132 0.096 −27.3 0.118 0.105 −11.2
Difference −25.3 −26.1

Period 3 (Final major in CS)
Women 0.024 0.010 −57.7 0.021 0.010 −54.8
Men 0.131 0.092 −29.4 0.070 0.056 −20.1
Difference −28.3 −34.7

Notes: Table reports shares of students in data and model prediction that major in computer science, before and after the crash. “Before”
refers to entering The University between 1996 and 2000; “after” refers to entering The University between 2001 and 2005.
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Table 3: Women’s and Men’s responses to grades

Women Men
C.S. Eng. Sci. Bus. Hum./SS C.S. Eng. Sci. Bus. Hum./SS

Panel A: Period 2 (first majors)

In-Track GPA
× Pre-Science 7.27 3.44 -0.73 0.42 -1.31 2.19 1.25 0.08 1.18 -0.82

(2.3) (0.77) (0.44) (0.53) (0.43) (0.53) (0.46) (0.38) (0.37) (0.34)
× Pre-Eng./CS -3.41 2.05 -0.44 -0.27 -1.55 0.78 1.54 0.61 0.22 -0.88

(0.87) (0.44) (0.53) (0.57) (0.46) (0.24) (0.22) (0.32) (0.29) (0.22)
× Non-STEM 16.63 9.84 8.15 -6.6 1.63 1.36 1.06 5.07 -3.6 0.37

(2.2) (1.3) (0.68) (0.84) (0.6) (0.58) (0.59) (0.58) (0.52) (0.48)
Overall GPA
× Pre-Science -2.12 -5.27 0.85 0.3 1 -2.83 -1.67 -0.26 -1.76 0.18

(2.6) (0.97) (0.6) (0.72) (0.58) (0.64) (0.57) (0.5) (0.52) (0.47)
× Pre-Eng./CS 7.8 0.36 3.54 0.4 3.3 0.86 0.06 0.47 0.84 1.19

(1.6) (0.85) (0.92) (1) (0.87) (0.36) (0.33) (0.4) (0.45) (0.32)
× Non-STEM -10.78 -1.83 -7.16 5.84 -1.92 -2 -1.34 -4.71 3.27 -1.13

(1.6) (0.97) (0.68) (0.91) (0.63) (0.59) (0.59) (0.55) (0.56) (0.49)

Panel B: Period 3 (final majors)
In-Major GPA 8.36 5.24 2.85 3.29 -1.76 4.13 2.96 2.34 2.71 -0.71
× No Switch (1.7) (0.73) (0.32) (0.61) (0.34) (0.48) (0.46) (0.45) (0.47) (0.38)

Overall GPA -5.29 -0.98 0.72 1.68 5.68 0.41 1.55 1.26 1.12 4.38
× No Switch (2.5) (0.84) (0.46) (0.81) (0.37) (0.6) (0.55) (0.54) (0.58) (0.38)

Overall GPA 4.74 3.78 4.45 4.62 3.48 4.66 3.47 4.1 3.91 3.17
× Switch (0.72) (0.43) (0.25) (0.29) (0.26) (0.28) (0.29) (0.25) (0.2) (0.2)

Notes: Multinomial logit coefficients describing men’s and women’s responses to grades when choosing majors in periods 2 and 3.
Standard errors are in parentheses. Standard errors were calculated using a bootstrap with 500 repetitions. The outside option in periods
2 and 3 is permanently dropping out of college. Additional controls included are the log of the average income in student’s ZIP code of
residence, race/ethnicity, and indicators for being an international student, in-state residency, and entering The University via the College
of Liberal Arts.
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Table 4: Shares of students choosing computer science with actual and counterfactual grades

Women Men
Before After % Change Before After % Change Diff-in-Diff

Period 1 (Pre-Engineering/CS Track)
Model (Actual Grades) 0.149 0.120 -19.0 0.344 0.322 -6.2 -12.8
Model (Counterfactual Grades) 0.149 0.120 -19.0 0.346 0.324 -6.2 -12.8
% Change from Simulation 0 0 0

Period 2 (First major in computer science)
Model (Actual Grades) 0.031 0.019 -37.2 0.118 0.105 -11.2 -26.1
Model (Counterfactual Grades) 0.045 0.033 -26.6 0.156 0.139 -11.4 -15.2
% Change from Simulation 28.5 -2.0 41.6

Period 3 (Final major in computer science)
Model (Actual Grades) 0.021 0.010 -54.8 0.070 0.056 -20.1 -34.7
Model (Counterfactual Grades) 0.037 0.021 -44.3 0.121 0.095 -21.2 -23.1
% Change from Simulation -19.1 5.7 -33.4

Notes: Table reports shares of students that major in computer science before and after the crash, as predicted by the model with both
students’ actual grades and counterfactual grades. “Before” refers to entering The University between 1996 and 2000; “after” refers to
entering The University between 2001 and 2005.
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9 Figures

Figure 1: The effect of the dot-com crash on salaries by major
8.

5
9

9.
5

10
10

.5
11

ex
pe

ct
ed

 lo
g 

sa
la

ry

1995 2000 2005 2010
year

Computer Science Engineering Science
Business Other Dropout

Expected log real starting salary by major

Notes: Data source is the Salary Survey by the National Association of Colleges and Employ-
ers (salary for graduates by major) and the CPS Outgoing Rotation Group (salary for drop-
outs, unemployment in related occupations to major). Expected log salary is calculated using
(1−P(unemployed)× logmedian salary. All salaries were converted to 2010$ using the CPI. Ma-
jor groups in the Salary Survey are aggregated up using a weighted average, with weights based on
representation in the NACE. Majors not offered at The University are excluded.
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Figure 2: Log computing and engineering degrees awarded in the US
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Notes: Integrated Postsecondary Educational Data System, National Center for Education Statis-
tics. “Computer science” refers to computer science, computer engineering, and electrical engi-
neering. Data measures number of completed degrees by year, major, and gender.
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Figure 3: Computer science and engineering salaries by gender
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Notes: Data source is the Salary Survey by the National Association of Colleges and Employers.
Graph shows mean salary for graduates by major and gender. Expected log salary is calculated
using (1−P(unemployed)× logmedian salary. All salaries were converted to 2010$ using the
CPI. Major groups in the Salary Survey are aggregated up using a weighted average, with weights
based on representation in the NACE. Majors not offered at The University are excluded.
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Figure 4: Log degrees awarded to men and women, nationally and at The University
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Notes: Data from Integrated Postsecondary Educational Data System (IPEDS) at the National
Center for Education Statistics (NCES) showing number of bachelor’s degrees awarded by gender
in computer science and engineering at all four-year US institutions offering federal student aid.
Data measures number of completed degrees by year, major, and gender.
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Figure 5: Log women and men at stages of the computer science degree
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and 2005. “Took Engineering/CS Prerequisites” refers to following the pre-Engineering/CS track
as described in Appendix A and is the same line for computer science and engineering graphs.
“Declaring a major” refers to declaring a computer science, computer engineering, or electrical
engineering major at any point in college. “Graduating” means completing a bachelor’s degree in
computer science, computer engineering, or electrical engineering.
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Figure 6: Average grades by gender in gateway courses in engineering and computer science
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Appendices

A Data construction and definitions

A.1 Period 1: Coursework tracks

In period 1 of my model, students choose a track of coursework c to maximize expected lifetime

utility. There are three track options: Pre-Engineering/Computer Science, Pre-Science, and Non-

STEM. These options are based on the prerequisites for various degrees at The University. Students

must complete all of these prerequisites by the end of their fourth semester to be placed in a

particular coursework track.

Because many computing majors enter The University through the College of Engineering,

their coursework tracks are aggregated into the Pre-Engineering/Computer Science track. Col-

lege of Engineering students must take three semesters of calculus, two semesters of physics, and

one semester of chemistry courses as part of their general education requirements. In 2000, en-

gineering students also became required to take a programming course. Prospective computer

science students who enter The University through the College of Liberal Arts are required to

take three semesters of calculus, two science courses, two programming courses, and one discrete

math course before declaring the major. To match these pre-requisites and to capture students who

were planning to be engineering or computer science majors but dropped out halfway through the

prerequisites, I have defined the pre-Engineering/CS track to require that students take at least

one semester of calculus on campus within the first two semesters at college, plus one semester

of either physics or chemistry and one programming or engineering course within the first four

semesters on campus. Students can substitute AP credits for the physics or chemistry require-

ments. The in-track GPA for pre-Engineering/CS students is their GPA over calculus, computing,

and engineering coursework.

Science majors are housed in the College of Liberal Arts.49 Most science majors require

49Note that health sciences have been classified as “Non-STEM.” This is because health majors at The University
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coursework in physics, chemistry, and calculus, and life sciences majors require coursework in bi-

ology as well.50 To match this, the Pre-Science track requires students to either take one semester

of calculus on campus within the first two semesters or to have AP credit that places them out of

both calculus 1 and 2. Students must also take an introductory course in physics, biology, chem-

istry, or statistics within the first four semesters. Students who meet the requirements of both

the Science and Business tracks are assigned based on the field in which they have taken a larger

number of credits.

Non-STEM majors are housed in the College of Liberal Arts. While these majors often re-

quire calculus and statistics, the requirements are generally less onerous than those of the STEM

majors. Students are classified as Non-STEM if they do not meet the requirements of either the

Pre-Engineering/CS track or the Pre-Science track.

A.2 Periods 2 and 3: Groups of majors

Majors are aggregated into groups for the purpose of this analysis. This section lists majors that

are part of each group.

My sample is students who entered through the College of Liberal Arts and the College of

Engineering. The College of Business, College of Dentistry, and College of Nursing do not accept

students as freshmen and therefore require a cross-campus transfer from the College of Liberal

Arts. Some students also transfer to other colleges that do accept freshmen, such as the College

of Kinesiology, the College of Education, and the College of Fine Arts. While very few students

transfer into freshman-accepting colleges, students who do are coded into the appropriate group

based on subject matter. Students can also transfer between the College of Liberal Arts and the

College of Engineering. Typically, cross-campus transfers require completing prerequisites; cross-

campus transfers to the College of Engineering must meet all prerequisites for engineering majors,

typically do not have to take calculus or extensive science coursework outside of their departments. The health majors
are not especially popular among my sample – kinesiology majors are admitted into the College of Kinesiology, and
nursing and dental hygiene are most common among transfer and second degree students.

50One exception is statistics, which like computer science requires students to take calculus and introductory pro-
gramming.
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which are covered by completing the pre-Engineering/CS track.

Computing Computer science, computer engineering, electrical engineering

Engineering Aerospace engineering, biomedical engineering, civil and environmental engineer-

ing, chemical engineering, nuclear engineering, engineering physics, industrial and oper-

ations engineering, materials science and engineering, mechanical engineering, space and

climate science, naval engineering

Science Chemistry, biological sciences, physics, astronomy, neuroscience, mathematics, statistics,

environmental and earth science

Business Business, economics, sports management (for students who transferred to College of

Kinesiology)

Humanities/Social Sciences/Other Humanities (foreign languages, area studies, international stud-

ies, classics, religious studies, philosophy, English, group studies, linguistics), social sci-

ences (anthropology, psychology (including cognitive science and biopsychology), political

science, sociology, history, and other social science), communications, public administra-

tion, nursing, dental hygiene; for students who transferred into the relevant colleges, art,

architecture, education, kinesiology

A.3 First time and transfer students

My data does not directly identify transfer students before 2002. I define a first-time undergradu-

ate as an undergraduate student who entered The University with less than one semester (18 credit

hours) of transfer credit, excluding AP and IB credits, who does not have transfer credit for in-

troductory composition. Spring entrants and students in second degree programs in nursing and

dental hygiene were also excluded.
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B Curricular changes during the sample period

During the sample period, The University went through one major curricular change for computing

degree programs, which affected students who declared a computer science major in Spring 2001

and later.51 This curricular change consisted of two parts: a major change to the structure of

the introductory programming course, making the course less technical, and a diversification of

upper level courses that could fulfill requirements. If curricular changes in computing programs

disproportionately drove away women, then that will present a threat to my analysis. Curricular

changes are generally binding only on students who declare their major in or after a particular

semester, but older students can elect to switch to the new curriculum. That means that changes

that are likely to make a major harder to finish will probably not affect more senior students, but

changes that make a major easier to finish (especially in terms of later classes)

In order to empirically analyze the gendered effects of these curricular changes, I look at similar

changes at peer institutions. I use data from the Integrated Postsecondary Education Data System

(IPEDS) on the log number of degrees awarded to men and women between 1985 and 2016 at

institutions ranked within the top 25 for computer science by U.S. News and World Report in 2019.

Information on institutions’ curriculum in computing majors was gathered from archived versions

of department websites on the Wayback Machine (archive.org). The more technical version of

introductory programming depends on a textbook that was written in 1995 and published in 1999,

so the beginning of the Wayback Machine does not constrain the start of my sample of universities.

Information on upper level required courses is not available on the Wayback Machine for most

universities before 1997, and it is not available for any university before 1994. The analysis of

peer institutions therefore begins with the first academic year archived by the Wayback Machine

or with the starting year of the first curriculum archived by the Wayback Machine.

I run the following regression to understand the effects of similar curricular changes at peer

51There was also one minor curricular change, which allowed more flexibility in upper-level electives taken and
required a senior project. This seems to have been a change for the entire College of Engineering and is unlikely to
have significantly affected students’ majoring behavior. In particular, the senior project seems to have been meant to
line up with accreditation requirements.
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institutions to The University.

f sharestk = β0 +β1Exposestk +ξs +ζk +ηt + εstk (A1)

f sharestk represents female share of bachelor’s degrees awarded in major k ∈ {CS,CS,EE} at

school s in year t . Exposestk is an indicator variable for whether a student was exposed to a

particular curriculum. I run the regression with four different versions of the exposure variable,

representing exposure to the change in freshman, sophomore, junior, or senior year.52 ξs is a

school fixed effect, controlling for the average level of the computing gender gap within a school.

ζk is a program fixed effect, controlling for the average gender gap by type of computing program

(computer science, computer engineering, and electrical engineering). ηt is a year fixed effect,

controlling for the evolution of the computing gender gap over time.

B.1 Introductory Programming

Over the course of the sample period, there were three introductory programming courses offered

at The University. In every year, at least two of these were available to students. In my main

analysis, I aggregated these into one “introductory programming” course.

The first course, Introduction to Computing (CS 112), was offered from 1995 to 2000.53 CS

112 was a highly technical, “bottom-up” course that began with understanding how computers

actually work and then moved to programming. Interviews with the professor who taught CS 112

and students who took CS 112 suggest that previous programming experience was not particularly

helpful in this course, as the course covered material that is generally not covered in traditional

programming coursework. Students who planned to become computing majors were encouraged

to take CS 112 because it was the best preparation for core coursework, especially in computer

science, but other programming coursework and a placement test were both accepted.

The second course, Introduction to Programming (CS 110), was offered throughout the sample

52Each year is approximated based on four-year graduation.
53CS 112 was eliminated because of the departure of the professor who taught it.
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period. CS 110 is a traditional introductory programming course. CS 110 is generally taught in

one or more high-level programming languages.54 While the languages CS 110 is taught in do

occasionally change,55 the substance of the material and the concepts taught are broadly the same.

Before 2000, CS 110 was meant for students who wanted to learn programming but who were not

intending to become computing majors. After the curricular change, all students from the College

of Liberal Arts who wanted to take introductory programming took CS 110.

The third course, Introduction to Programming for Engineers (Engineering 100), was offered

beginning around 1997 and became required for all engineering students by the fall of 2001. In

the early years of Engineering 101, students who took the course and then became computing

majors were required to take a bridging course; by fall 2000, that requirement had gone away.

Engineering 100 teaches many of the same concepts as CS 110, as well as some skills necessary

for modeling in mathematics and physics. The class is typically split between MATLAB and a

high-level programming used in industry. Beginning in roughly 1999, students from the College

of Engineering who wanted to take programming but who did not intend to be computing majors

took this course. Beginning in 2000, all College of Engineering students who wanted to take

programming took this course. Beginning in 2001, all College of Engineering students took this

course.

Four of the top 25 universities for computer science at some point instituted a course similar

to CS 112 as an introductory programming course. At some, but not all, of these universities the

course was required for electrical and computer engineering students but not for computer sci-

ence students.56 Two universities discontinued the course. Information on whether a university

instituted a similar course is based on whether an introductory computer science or computer en-

gineering course used a particular textbook in their introductory course. This information was

54Currently, the course is taught primarily in C++ and Python, with some exposure to other languages when appro-
priate.

55Changes to the language of introductory programming courses are very common and tend to occur in response
to trends in languages used in industry.

56Additionally, several universities instituted a similar course in the sophomore year. Those universities are coded
as not requiring CS 112, as starting with the bottom-up approach after having basic programming knowledge is a
separate experience from having a bottom-up version as the first course.
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provided by one of the authors of the textbook and confirmed using archived versions of university

websites on archive.org. The first edition was published in 1999, and no university other than The

University used it before then.

Table A2 reports the estimated coefficients of Equation A1 for not having an introductory pro-

gramming course in the style of CS 112. The coefficient of interest is for No CS 112. This coeffi-

cient is identified from changes in whether a course similar to CS 112 was required for computer

science, computer engineering, or electrical engineering students within a particular institution and

major. My results show that there is no effect on the female share of a major from removing a re-

quirement similar to CS 112 in the sophomore, junior, or senior years. This makes sense because

the course is typically taken by freshman. There is a marginally significant positive coefficient

on the removal of CS 112 for freshman year, which suggests that, if moving to a less technical

introductory programming course has any effect on the female share of a computing field, it makes

the field more female. This works in the opposite direction from the effects of the dot-com crash

and therefore is not likely to be a confounder.

B.2 Diversification of upper-level electives

The other major portion of the 2001 curricular change was a diversification in the upper-level

courses that computer science majors were required to take. Students who declared before Spring

2001 were required to take either Operating Systems (OS) or Compilers, which are among the most

difficult upper-level electives offered in most computer science departments.57 From Fall 2001 on,

students chose from a list of several different options for electives. Computer engineering students

went through the same curricular change. Electrical engineering students never were required to

take either course. Intuitively, this means that a computer science or computer engineering degree

at The University became somewhat easier to achieve.

This diversification of the computer science and computer engineering curriculum was rela-

57OS is a considerably more popular course as it has much more applicability to computer science as used in
industry. The course is still very popular despite not being required.

47



tively common among the top 25 universities for computer science. Eight of the top 25 schools

removed a similar requirement, either that students take OS or that they choose between OS and

one or two other courses, between 1997 and 2017. Six of the top 25 schools still require students

to take OS. I began my analysis of peer institutions with the academic year of the earliest archived

version of computing curricula on the Wayback Machine, as it is likely that institutions coded as

never requiring OS simply removed the requirement earlier.

Table A3 reports the estimated coefficients of Equation A1 for relaxing the requirement that

students take OS. The coefficient of interest is for No OS. Removing the OS requirement from

a computing program did not change the female share of graduates from that program unless the

change occurred during a cohort’s senior year. If the change occurred during a cohort’s senior year,

removing the requirement for OS tends to decrease the female share of a department’s graduates by

1.1 percentage points. This could be because women are more likely to plan ahead, and the removal

of OS allows students who have either failed the course or not planned ahead soon enough to take

the course on time to finish a computing degree more easily. Because the change at The University

occurred in 2001, only seniors in 2001 should have been affected. The dot-com crash primarily

affected students who were underclassmen in 2001. Therefore, the relaxing of the requirement for

OS is not likely to be a confounder.

C Replicating other results about grades and gender

It is important to check whether the previous results about grades that I cite hold in my sample

as well. I first check whether women are more likely to drop out of computer science courses

conditional on a B than men, as Goldin (2015) found in economics classes. I also check the

Koester et al. (2016) and Matz et al. (2017) result that women underperform in STEM relative to

men and underperform their GPA outside of those classes by more than men.
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C.1 Differential responses to letter grades by gender

Looking directly at men’s and women’s responses to GPAs could potentially mask responses to get-

ting Bs in early coursework. For this reason, I directly examine attrition conditional on grades in

first computer science classes. Figure A2 shows the relative probability that women chose comput-

ing majors conditional on each letter grade in introductory programming. The dark bars represent

students who entered before the dot-com crash, while the light bars represent students who entered

after the crash. The left panel shows first majors, the period 2 choice, and the right panel shows

final majors, the period 3 choice. If, as Goldin (2015) found with economics coursework, the prob-

ability of choosing a computing major fell by more than men conditional on earning a lower letter

grade, we would expect to see that each bar would be shorter than the one to its left, and if the

dot-com crash increased women’s sensitivity to poor grades, the dropoff would be steeper. This is

in fact not the case; women’s probability of choosing computing as either their first or final major

does not seem to be systematically related to their grades in introductory programming.

Figure A3 shows the relative probability that women chose computing majors conditional on

each letter grade in programming 2, as that may be a more critical course for actually indicating

what it is like to be a computer scientist. Once again, there does not seem to be a systematic

dropoff in the probability that women choose computing majors based on each successive grade.

Women who entered The University between 2001 and 2005 had a pretty flat probability, relative

to men, of declaring a first major in computing conditional on each lower grade, and there is no

clear pattern for final majors.

It is difficult to say why pattern of attrition found by Goldin (2015) in economics coursework

does not exist in my context. It should be noted, however, that in the late 1990s programming was

not a required course for majors outside of computing, engineering, and some mathematics and

statistics concentrations, whereas economics is a required course for students in many different

majors. It is possible that the difference lies in actual course-taking: perhaps women are more

likely than men to avoid a course where they expect to get a B or below.
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C.2 Women’s underperformance in STEM courses

Koester et al. (2016) and Matz et al. (2017) discuss gender differences in grades in STEM courses

at the University of Michigan and five universities in the Big Ten Academic Alliance, respectively.

They find that STEM courses tend to impose what they refer to as “grade penalties” for all students,

meaning that a student’s grade (in grade point terms) in a course is generally below the student’s

GPA over all other courses taken before or concurrently with that course. Generally, if a course

imposes a grade penalty, that course “grades harder” than other courses and may in fact be more

difficult than other courses. Both papers find that STEM courses tend to impose grade penalties

on students, and that lecture courses in STEM tend to impose significantly larger grade penalties

on women, which they refer to as “gendered performance differences.” Both papers also find that

while lab courses in STEM do tend to impose grade penalties on students, lab courses do not tend

to have gendered performance differences. Both papers suggest that the differences in gendered

performance differences across types of STEM classes are related to differences in how courses

are evaluated, and their results cannot be explained by differences in ability or the set of courses

taken by men and women.

I find that these same gendered performance differences existed at The University in intro-

ductory programming and programming 258 during my sample period. Figure A4 plots students’

course grade in introductory programming against their GPA in other courses taken either before

or during the same term as introductory programming. Figure A5 plots the same for programming

2. Both figures are residualized on a set of controls: term-by-course fixed effects, AP credits, an

indicator for college of entry, and demographic variables for introductory programming, and term

fixed effects, AP credits, an indicator for college of entry, and demographic variables for program-

ming 2. Conditional on a particular GPA outside of each course, women generally earn a lower

grade in each course than similar men.

It is possible that gendered performance differences could occur because women take easier

58These courses are described more in Appendix F.
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courses59 outside of programming rather than a true performance difference conditional on a stu-

dent’s characteristics. To analyze whether this is occurring, I again follow Matz et al. (2017). I

calculate the average difference between course grade and GPA in all courses in my sample, which

I refer to as the “average grade difference” of the course. I then calculate the average of the aver-

age grade differences among courses that students took before introductory programming and the

courses students took before programming 2. Results are reported in Table A4. Women who take

introductory programming and programming 2 do tend to have lower grade penalties in their non-

programming courses than men, but the difference is much smaller than the grade penalty imposed

by either class.

D Potential bias from ability and labor force exit

It is reasonable to be concerned that unobserved major-specific ability or women’s expected se-

lection out of the labor force could bias the earnings estimation process. Because the multinomial

logit model model is identified from differences relative to an outside option, if the average bias is

the same in all majors, then overall it will cancel out.60

To understand how ability and work expectations could bias my estimate of labor market value,

I turned to the data from Wiswall and Zafar (2015a), which they have made available. From here

on, I will refer to Wiswall and Zafar (2015a) as WZ. They collected subjective expectations data on

both work probability and earnings at ages 30 and 45.61 Data was also collected on various char-

acteristics, including demographics, family background, GPA, SAT scores, and subjective beliefs

about students’ own ability in a particular major. Note that a disadvantage of this data is that there

are only 488 respondents, meaning that it might be hard to find statistically significant effects.

59Or, more likely, courses that grade “less hard.”
60It should be noted that Wiswall and Zafar (2015a) and Wiswall and Zafar (2015b) suggest that students at presti-

gious institutions tend to overestimate the salary they can expect in each major.
61WZ collected data on students’ expectations in four major groups (Engineering and Computer Science, Natural

Sciences, Economics, Humanities/Other Social Sciences) and non-graduation. These groups are similar to my groups,
although computer science is combined with engineering. It is reasonable to assume that computer science probably
has coefficients that are similar to engineering.
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There is evidence in the data that students sort into majors62 based on ability. Table A5 shows

students’ average expected ability rank among all graduates with a particular major, with 100 the

highest, by the student’s current major. Business and economics students have the highest average

ability in economics and business, engineering and computer science students have the highest

average ability in engineering and computer science, natural science students have the highest

ability in natural science, and humanities and other students have the highest average ability in

humanities and other. Note, however, that while the highest ability in a major is found among

students who choose that major, students might not pick the major for which they believe they

have the highest ability.

It is less clear whether there is a systematic relationship between the major a student has actu-

ally declared and their expected earnings conditional on each major. However, it is clear that there

are differences in what students would expect to earn in a particular major based on the major

they have already declared. Table A6 shows average expected log earnings at ages 30 and 45 in

each major by the major students have declared. Notably, natural science and business/economics

majors have higher expected earnings in engineering at age 30 than engineering majors do. There

are several other similar examples.

Students’ expected probability of not working is also not entirely independent of major. Table

A7 shows average nonwork probability at ages 30 and 45 in each major conditional on the major

students have already declared. It seems that, on average, engineering and science students expect

a higher probability of nonwork at age 30 if they pick a humanities major or do not complete

a degree and a lower probability of nonwork at age 30 if they choose an economics or business

major. However, the differences are not statistically significant. At age 45, however, there seems

to be much less variation in expected nonwork probability across majors conditional on the majors

that students have already chosen.

62WZ’s sample is made up of freshmen, sophomores, and juniors, so this is major choice at the beginning and
middle of college.
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E Constructing the salary distributions of each major

To construct the labor market returns of particular majors, I use (proprietary) data on average

starting salary by major collected by the National Association of Colleges and Employers (NACE)

and salary data from the Outgoing Rotation Group of the Current Population Survey (CPS-ORG)

from 1995 to 2010.63 The NACE data provides average and median salaries for college graduates

specific major, with both pooled and gender-specific averages. Data from the CPS-ORG is used to

calculate salary statistics for college drop-outs and unemployment probabilities for college drop-

outs and college graduates in related occupations to each major. All mean salaries are adjusted

to 2010 dollars using the CPI. Returns to experience by major are calibrated from the 2009-2017

ACS.

My main specification assumes that salaries are log-normally distributed and that experience

and shocks to the starting position of salaries affect the mean of log salary. To calculate starting

salary, I denote the year τ salary of individual i who left college in year t0 with a degree in major

group64 j with Yi jτ . I assume that

logYi jτ = θ jt0 + γ1 j(τ− t0)+ γ2 j(τ− t0)2

where

θ jt0 ∼N
(
µ j,t0,σ

2
jt0

)
τ − t0 is the number of years of labor market experience individual i has. µ jt0 is the expected log

starting salary for a student who graduated in year t0 in major j with exactly average overall and

63NACE surveys colleges and universities to collect data on actual salary offers given to graduating students by
major. The NACE data is particularly valuable in this case because the Career Center at the studied university directs
students who ask about the salary of a particular college major to NACE publications, suggesting that it might be more
accurate for estimating college students’ expectations than data from national labor market surveys. NACE data is also
net of any differences in experience or promotions that might not be observable in labor market survey data.

64“Major group” here refers to a major in the choice set of my model: Computing, Engineering, Science, Business,
and Other. NACE data contains information on specific majors, such as mechanical engineering, chemical engineering,
and civil engineering. The specific majors corresponding to each general major are outlined in Appendix A. Specific
majors in the NACE that are not offered within the College of Engineering, the College of Liberal Arts, and the College
of Business are not included in these calculations.
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in-major GPAs. I make the following assumptions in this procedure: men and women face the

same distribution of starting salary; students expect that their future salary distribution matches

the national salary distribution; θ jt0 is independent of error terms in the grade production function

and in the value function; students’ salary trajectory is determined by their starting position in the

labor market; and students do not expect that their grades will affect starting salaries/65 Because my

model specifies that students make all decisions about their majors before realizing their salaries

and that students’ utility is over expected log salary only, the calculation of σ2
jt0 does not enter my

estimation procedure. However, I did calculate the variance of log salary using related occupations

in the CPS-ORG.

E.0.1 Calculating µ for college graduates

I calculate the labor market value of majors using E
[
θ jt0
]
= µ j,t0 . I assume that the distribution of

log salaries for general major j is a weighted average of the distribution of log salaries in specific

majors k ∈K j = {1, ...,K j}. I assume that

θkt0 ∼N
(
µk,t0,σ

2
kt0

)
and therefore, by the properties of the normal distribution,

µ jt =
K j

∑
k=1

ωkµ =kt (A2)

where ωk is the weight of major k and ∑
K j
k=1 ωk = 1. The weights are calculated from the represen-

tation of each major in the NACE data.

I calculate µ jt,pooled = ∑
K j
k=1 ωk,pooledµkt,pooled, where µkt,pooled is the log of the median salary

for major k.66

65Or, more accurately, that the effect of grades on starting salaries is absorbed linearly into the value function of
each major and therefore differences out.

66This follows from the property that the median of a log-normal distribution is exp(µ).
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E.0.2 Calculating µ and σ for college drop-outs

For college drop-outs, I calculate consistent estimators of µ jt0 in each year using the mean of

individual log wage and salary income for workers between the ages of 20 and 24 with some

college education.67

F The dot-com crash and the computing pipeline

In order to understand how to encourage women to persist in computing majors even in the face of

transitory labor market shocks, it is important to understand when women are likely to substitute

away from computing majors. Different policies may be helpful in encouraging entry to computer

science programs and encouraging attachment to those programs. At The University, the dot-com

crash both decreased women’s entry to the computing pipeline and increased women’s attrition

from the pipeline after entry.

A common framework for understanding the gender gap in STEM is that of the “leaky pipeline.”

In a leaky pipeline framework, women are less likely to take the first step toward a STEM program,

and proportionally more women than men leave the pipeline at each step. For students at The Uni-

versity, there are three steps on the pipeline of a computing degree: taking relevant coursework,

declaring the major, and completing the degree. The following is a regression analysis of the

graphical analysis conducted in Section 3.2.

To better understand which stages of the major choice process were most affected by the dot-

com crash, I performed a logit difference-in-difference regression on the probability of choosing a

computing major at each stage. The regression specification is

Yit = F (β0 +β1Postit +β2Femaleit +β3Postit×Femaleit +Xitγ +ζt + ε it)

where Xit are demographic controls and ζt are cohort fixed effects.68 Postit refers to entering The

67These estimators are unadjusted for race for consistency with the NACE data.
68The regression is robust to the exclusion of the demographic controls and the cohort fixed effects; see appendix
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University in 2001 or later.69 Yit is an indicator representing four different outcomes: ever taking

any computing course, ever taking second semester programming, ever declaring a computing

major, and completing a computing degree. I model two different processes: overall changes at

every stage and attrition. For overall changes at each stage, every regression was estimated for all

students in the sample. For the estimation of attrition, the regressions for the two “entry” points

to the computing pipeline, which are taking any computing course and taking second semester

programming, were still estimated using all students in the sample, the regression for declaring

a major was estimated for all students who took any course in computing, and the regression for

finishing a major was estimated for all students who ever declared a major in computing.

Table ?? reports the log change in Yit when the interaction term changes from 0 to 1.70 β2

roughly corresponds to the decrease in the probability of reaching a particular stage in the pipeline

due to the dot-com crash. β3 represents the additional change in the probability of reaching each

stage in the pipeline for women after the dot-com crash. Panel A shows overall changes at every

stage and Panel B shows attrition. While we can interpret these effects as indicating the direction

of effects, they may not reliably show differences in magnitude.

Overall, at each stage of the computing pipeline, the effect of the dot-com crash got larger for

women relative to men. Columns 1 and 2 of estimate the effect of the dot-com crash on entry to

computing majors. Column 3 reports the effect of the dot-com crash on declaring any computing

major, and column 4 reports the effect of the dot-com crash on completing any computing major.

The dot-com crash reduced also reduced the probability that women would take second semester

programming, declare a computing major, and finish a computing degree by more for women than

men, with highly significant effects. Based on these estimates, while the dot-com crash had large

effects on men at all stages of the computing degree, it had larger effects on women at all stages

after the first computing course, and there is suggestive evidence that the dot-com crash had larger

for full tables.
69This misses any effects from partial exposure, which is part of the reasoning for creating the structural model

later.
70These are the marginal effects of the logit regressions. Following Puhani (2012), the marginal effect of the

interaction term is “average treatment effect on the treated” of the dot-com crash on women. Therefore, the Ai and
Norton (2003) caution about marginal effects of interaction terms does not apply for this reason.
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effects on women’s entry as well.

Attrition largely occurred between the first two computing courses and between the first com-

puting course and declaring a major.71 The first two columns of Panel B are the same as Panel

A. Columns 3 and 4 report the effect of the dot-com crash on persistence in computing majors

at two stages: moving from taking a course to declaring a major, and moving from declaring a

major to graduating college with a computing degree. Based on these estimates, the dot-com crash

decreased persistence in the computing major at the declaration stage by more for women than

for men, with a highly significant effect. There is also suggestive evidence that the dot-com crash

decreased women’s persistence at the late stage of the degree, but the crash seems to have had no

effect on men.

G Adding ability measures into the value function

One potential issue with the main specification is that there are few available baseline measures

of ability. 72 I add indicators for each earned AP credits into the value function for period 1,

but I do not add them in periods 2 and 3, both in order to simplify computation and because it is

not necessarily clear that earned AP credits should influence students’ utility at late stages of the

degree.

In this section I describe two robustness checks where I have ability measures in the value

function in every period. In the first, and perhaps more important, check, I estimate the model

using only students who entered The University between 2000 and 2005. In this check, I add

students’ SAT Math and SAT Verbal scores into the value function for each major in every period.

In the second check, I add indicators for earned AP credits back into the value function in every

period.

71Relative timing of the second computing course and the major declaration varied over the sample period.
72The nature of student administrative data at The University is that only data from transcripts is available for

students who entered as freshmen between 1996 and 1999; in 2000, admissions data was added in with the transcript
data, though admissions data is not fully complete for the 1999 entrants. Any student who re-entered the admissions
process for a 2000 or later entry also has admissions data, but those are the students who came back for graduate
school and therefore are a confusing sample.
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G.1 Adding SAT scores into the value function

G.1.1 Students’ value of majors when including SAT scores

I account for the effects of ability on the value of majors as follows. In period 1, students choose a

track to maximize their expected lifetime utility, conditional on their demographic variables, SAT

scores, and the AP credits they earned while in high school. The student’s problem in period 1 is

max
c∈C
{α10c +α11cAPi +α12cXi +α43cSATi + ε1ic +βE [V2(si2)|si1,c]}

sit is a vector of state variables in period t, including a student’s AP credits APi, demographic

information Xi, and SAT Math and Verbal scores SATi. Posti, an indicator variable that is equal to

1 if the student entered The University in 2001 or later, is not included in this specification. ε1i is

distributed i.i.d extreme value type 1, making this a multinomial logit model.

At the end of sophomore year, the middle college period begins. During this period, students

observe their previous academic performance, update their beliefs about the labor market and their

future academic performance, declare their first major or drop out, and then take further coursework

toward graduation if they did not drop out. Students choose their first major to maximize their

expected lifetime utility, conditional on their choices and performance in period 1. The student’s

problem is

V2(si2) = max
j∈M

{
V2 j(si2,c∗)+βE [V3(si3)|si2, j]

}
where

V2 j(si2,c∗) =


α20 j +α21 j,c∗Ti1,c∗+α22 j,c∗Gi1,c∗+ξ2 j,c∗+α23 jXi2 +α25 jSATi + ε2i j j 6= D

logYD,t0 + ε2iD j = D

si2 is the vector of state variables in period 2, which includes the full set of state variables from

period 1 si1, the student’s period 1 choice c∗, and realized performance from period 1. ξ2 j,c∗ is
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a major-specific cost of choosing j conditional on having chosen c∗. AP credits no longer enter

utility because they no longer directly affect the costs of choosing a particular major, but SAT

scores continue to enter the value function. Grades – the period 1 overall GPA Gi j1 and in-track

GPA Ti j1 – now also measure students’ general and major-specific ability. How much the overall

GPA matters to the payoff of a major depends on whether the student is choosing a major unrelated

to their period 1 track, as a students’ overall GPA from an unrelated track provides less information

about their future performance than their overall GPA from a related track. Students who choose

to drop out will enter the labor market and must stay there permanently.

The late college period begins at the end of junior year, when students are finishing up course-

work and deciding whether to make last-minute major changes. During this period, students ob-

serve their performance in the second period, update their beliefs about the labor market, and

decide whether to keep their first major and graduate, change their major and graduate, or drop

out. Students have the same choice set as they did in the previous period.

Students choose their final major to maximize expected lifetime utility, conditional on their

previous choices and performance in period 2. The student’s problem is

V3(si3) = max
j∈M

{
V3 j(si3,c∗, j∗2)+βE

[
V LM( j,T )|si3

]}
where

V3 j(si3,c∗, j∗2) =


α30 j +α31 jMi j2 +αN

32Gi2 +α33 jXi3 +α35 jSATi +ξ3 jc∗+ ε3i j j = j∗2, j 6= D

α30 j +αS
32 jGi2 +α33 jXi3 +α35 jSATi +ξ3 jc∗+C j + ε3i j j 6= j∗2, j 6= D

logYD,t0 + ε3iD j = D

si3 is the vector of state variables in period 3, which includes the full set of state variables from

period 2 si2, the period 1 choice c∗, the period 2 choice j∗2, period 2 cumulative GPA Gi2, and period

2 in-major GPA Mi j2. ξ3 jc∗ is a major-specific cost of choosing final major j conditional on having

chosen track c, capturing the cumulative cost of multiple switches or the benefit of switching back
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to an original choice. Mi j3 is only realized if the student chose major j in period 2, and therefore

only enters the utility function for majors that would not involve a switch. C j is a major-specific

cost of switching into major j. Students who drop out at this stage will get one additional year of

labor market experience, and students who dropped out in period 2 must choose j = D in period 3.

G.1.2 Results of the specification including SAT scores

Including SAT scores in the estimated value functions for majors changes the magnitude and di-

rection of coefficients on AP credits. Generally, though, the coefficients on grades stay the same

direction and often get larger than they were before.

Table A8 reports the coefficients on AP credits and SAT scores in value function for period 1.

Overall, conditional on a particular SAT Math and Verbal score, the coefficients on AP credits in

the period 1 value function are relatively different from the coefficients in the main specification.

In the main specification, a strange result was that having AP credit for Calculus 1 negatively

predicted choosing either STEM track for both men and women; now, it is positive. This is likely

becuase math and verbal ability were loading onto the AP variables, and even some of the STEM

AP credits were picking up, for instance, verbal ability. Notably, however, the coefficients on

SAT scores are somewhat small, though significant.73 My results suggest that SAT Math scores

are positively correlated with both the probability of choosing both STEM tracks for women and

choosing pre-Science for men, and that there is no correlation in the probability that men choose

the Pre-Engineering/CS track and their SAT Math scores.74 SAT Verbal scores are negatively

correlated with the probability of choosing both STEM tracks relative to the non-STEM track.

Table A9 reports the coefficients on grades and SAT scores in the value functions for periods

2 and 3. While having SAT scores in the value function does change the magnitudes of some

coefficients, most have the same sign as they did before, and there is no systematic pattern of

73The SAT Math and SAT Verbal scores were scaled down by 100. They are about an order of magnitude smaller
than the coefficients on SAT scores in Arcidiacono (2004).

74It is important to note that these coefficients are conditional on college of entry, so it might be that women with
relatively lower math skills who enter the College of Engineering are more likely to leave the College of Engineering
before completing all of their prerequisites.
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changes. Notably, the coefficients on GPA in period 2 for the value of a computer science major,

conditional on students’ having taken the Pre-Engineering/CS track, get larger in magnitude, as do

the coefficients on in-major GPA in period 3 for the value of a computer science major. Women

still tend to care more about their grades than men. The coefficients on SAT scores are still small

but statistically significant. Perhaps strangely, the coefficient on SAT Math scores is largest for

the business major for both men and women, but this could potentially be because the business

major also includes economics. For men, there is a negative coefficient on SAT Math scores for

engineering and science.

G.2 Adding SAT scores into the value function

G.2.1 Students’ value of majors when including AP credits in all periods

I account for the effects of ability on the value of majors as follows. The period 1 value function is

the same as the main specification. In periods 2 and 3, AP scores enter the value function.

At the end of sophomore year, the middle college period begins. During this period, students

observe their previous academic performance, update their beliefs about the labor market and their

future academic performance, declare their first major or drop out, and then take further coursework

toward graduation if they did not drop out. Students choose their first major to maximize their

expected lifetime utility, conditional on their choices and performance in period 1. The student’s

problem is

V2(si2,c∗) = max
j∈M

{
V2 j(si2)+βE [V3(si3)|si2, j]

}
where

V2 j(si2) =


α20 j +α21 j,c∗Ti1,c∗+α22 j,c∗Gi1,c∗+ξ2 j,c∗+α23 jXi2 +α25 jAPi + ε2i j j 6= D

logYD,t0 + ε2iD j = D
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si2 is the vector of state variables in period 2, which includes the full set of state variables from

period 1 si1, the student’s period 1 choice c∗, and realized performance from period 1. ξ2 j,c∗ is a

major-specific cost of choosing j conditional on having chosen c∗. AP credits continue to enter

the value function. Grades – the period 1 overall GPA Gi j1 and in-track GPA Ti j1 – now also

measure students’ general and major-specific ability. How much the overall GPA matters to the

payoff of a major depends on whether the student is choosing a major unrelated to their period

1 track, as a students’ overall GPA from an unrelated track provides less information about their

future performance than their overall GPA from a related track. Students who choose to drop out

will enter the labor market and must stay there permanently.

The late college period begins at the end of junior year, when students are finishing up course-

work and deciding whether to make last-minute major changes. During this period, students ob-

serve their performance in the second period, update their beliefs about the labor market, and

decide whether to keep their first major and graduate, change their major and graduate, or drop

out. Students have the same choice set as they did in the previous period.

Students choose their final major to maximize expected lifetime utility, conditional on their

previous choices and performance in period 2. The student’s problem is

V3(si3,c∗, j∗2) = max
j∈M

{
V3 j(si3,c∗, j∗2)+βE

[
V LM( j,T )|si3

]}
where

V3 j(si3,c∗, j∗2) =


α30 j +α31 jMi j2 +αN

32Gi2 +α33 jXi3 +α35 jAPi +ξ3 jc∗+ ε3i j j = j∗2, j 6= D

α30 j +αS
32 jGi2 +α33 jXi3 +α35 jAPi +ξ3 jc∗+C j + ε3i j j 6= j∗2, j 6= D

logYD,t0 + ε3iD j = D

si3 is the vector of state variables in period 3, which includes the full set of state variables from

period 2 si2, the period 1 choice c∗, the period 2 choice j∗2, period 2 cumulative GPA Gi2, and period

2 in-major GPA Mi j2. ξ3 jc∗ is a major-specific cost of choosing final major j conditional on having
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chosen track c, capturing the cumulative cost of multiple switches or the benefit of switching back

to an original choice. Mi j3 is only realized if the student chose major j in period 2, and therefore

only enters the utility function for majors that would not involve a switch. C j is a major-specific

cost of switching into major j. Students who drop out at this stage will get one additional year of

labor market experience, and students who dropped out in period 2 must choose j = D in period 3.

G.2.2 Results of the specification including AP credits in all periods

Table A10 reports the coefficients on grades when AP credits are in the value function in all peri-

ods. Keeping AP credits in the value function does not have a particular systematic effect on the

coefficients on grades, and most changes are relatively small.

When including AP credits in every period, the coefficients on grades for women choosing

computer science tend to be slightly lower in magnitude than in the main specification. There are

mixed effects for engineering and business. Grade coefficients in science are mostly larger than

the main specification. There is little effect on grade coefficients in humanities and social sciences.

When including AP credits in every period, the coefficients on grades for women choosing

computer science tend to be slightly higher in magnitude than in the main specification, though

some stay the same or decrease slightly. There are mixed effects for engineering, science and

business. There is little effect on grade coefficients in humanities and social sciences.

H Alternative specifications of the labor market

H.1 Treating labor market shocks as transitory

In this section, I will discuss a version of my model where students treat shocks to unemployment

and log salary as transitory rather than permanent. Recall that θY
i jτ is a student’s stochastic draw

of log starting salary, which incorporates labor market shocks into the salary portion of the labor

market value of a major. I let θY
i jτ and the unemployment rate P(Ui jτ = 1) follow an AR(1) process,
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so that

E
[
θ

Y
i jτ
]
= cY

j + rY E
[
θ

Y
i j,τ−1

]
+ eY

i jτ (A3)

P(Ui jτ = 1) = cU
j + rU P(Ui j,τ−1 = 1)+ eU

i jτ (A4)

The results of these AR(1) regressions are reported in Table A11. Using Equations A3 and A4,

students’ expectations of their future expected log salary and unemployment rate in year τ , condi-

tional on graduating in year t0, are

E
[
θ

Y
i jτ
]
= cY

j rY
1− rτ−t0

Y
1− rY

+ rY E
[
θ

Y
i j,τ−1

]
(A5)

P(Ui jτ = 1) = cU
j rU

1− rτ−t0
U

1− rU
+ rU P(Ui jt0 = 1) (A6)

The rest of the model is the same as in Section ??.

The coefficients on earned AP credits in period 1 are reported in Table A12. There is no

particular pattern in the differences between these coefficients and the coefficients in the main

specification.

The coefficients on GPA in periods 2 and 3 are reported in Table A13. For the most part,

coefficients on grades in period 2 are smaller in magnitude when labor market shocks follow an

AR(1) process. In period 3, coefficients on both in-major and overall GPA tend to be smaller for

women if the student is not switching majors, except for in computer science, where the magnitudes

of coefficients are larger or the same as the main specification. For men, there is no systematic

pattern in the differences between the AR(1) specification and the main specification.

During my sample period, an AR(1) specification for the labor market value of a major gener-

ally means that the labor market value of the major is higher than in the main specification. This is

especially true for computer science and engineering. This all suggests that when the labor market

is bad, students think that getting better grades might insulate them against labor market shocks.

The fact that this is not true for women in computer science might be especially important.
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H.2 Estimating the value of unemployment

Typically, we think that students, especially women, do not pay much attention to salary when

choosing a major Zafar (2013). This means it is odd that the reaction to the dot-com crash was

so large, and it raises concerns that the possibility of being unemployed after college is loading

onto grades. One possibility, though, is that students do not care about salary but they have a high

disutility of being unemployed. In this section, I estimate the value of unemployment u(bi) in my

model rather than setting it to 0.

Table A14 reports the coefficients on AP credits in period 1. There are few differences between

the coefficients here and those in the main specification, and for the most part the differences that

exist are not statistically significant.

Table A15 reports the coefficients on grades in periods 2 and 3. There are few differences

between the coefficients here and those in the main specification, and the differences that exist are

again not statistically significant.

I Sensitivity tests

I.1 Discount rate

In the main body of the paper, I calibrate the discount rate β = 0.95. In this section I will discuss

how grades affect the value of a major when β is instead set to 0.8, 0.9, 0.98, and 0.99.

Table A16 reports the coefficients on grades in the value function for computer science for

each value of β . Higher values of β mean that students are more patient, which raises the relative

value of the labor market when students choose majors. As a general rule, when β is higher,

coefficients on grades in the computer science value function are larger in magnitude, especially

for women. For men, the story is slightly different – men’s coefficients on period 1 in-track GPA,

conditional on taking the non-STEM track, on overall period 1 GPA, conditional on taking the

pre-Engineering/CS track, and on period 2 overall GPA, conditional on having chosen computer
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science in period 2, fall as β rises.

The most likely reason for why grade coefficients tend to rise when β rises is that raising β

inherently raises the relative value of the labor market. Coefficients on grades must therefore rise

so that the same perturbation in GPA will produce the same change in probability of choosing a

major.

The explanation for grade coefficients that fall when β rises is trickier. It seems likely that in

that case, students think that having higher grades will actually lead to a higher payoff in the labor

market. Suppose, for instance, that

E [logYit ] = γ̃1 jexpit + γ̃2 jexp2
it +E

[
θ

Y,g
i j,t0

]
+ γ̃3 jMi jt + γ̃4 jGi jt

where γ̃4 j > 0.75 Then the contribution of overall grades to the full labor market value of a major

is

γ̃4 jGit

T

∑
τ=t

β
τP(Ui jτ = 0) (A7)

A higher value of β would raise the magnitude of this value (i.e. make this value more negative).

If unemployment rates do not fluctuate too much, then this value enters nearly linearly into the

value of a major in period 3, and the coefficient on grades falls to account for the missing grade

component in the labor market value of majors. When β rises, making the value of the labor market

more important, the grade coefficients in the value function now need to do more work to account

for how grades affect the labor market value of a major. The opposite explanation may also hold

for the coefficients that rise when β rises.

I.2 Time to retirement

In the main body of the paper, I calibrate the lifespan T = 12. In this section I will discuss how

grades affect the value of a major when T is instead set to 5, 10, 15, and 20.

Table A17 reports the coefficients on grades in the value function for computer science for each

75This could occur, for instance, if the students with the highest grades get PhDs, which tends to lower salaries.
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value of T . Higher values of T mean that students expect to work longer, which raises the relative

value of the labor market when students choose majors.76 Similar to the effect of changes in β ,

as a general rule, when T is higher, coefficients on grades in the computer science value function

are larger in magnitude, especially for women. For men, once again there are a few coefficients

that fall when T rises. The explanations why coefficients might rise and fall with changes in T are

similar to the explanations for changes in β .

J Where did students go instead of computer science?

It is instructive to consider what majors students chose instead of computer science after the dot-

com crash. I ran a counterfactual experiment where the 2001 recession did not disproportionately

affect computer science and engineering majors. To do this, I froze salaries and unemployment

rates for computer science and engineering majors relative to the levels for drop outs from 2000

to 2007, as shown in Figure A6, and set Posti = 0 for all students. I then predicted which tracks

and majors students chose in the absence of the dot-com crash. The simulation results suggest

that the dot-com crash largely pushed both men and women toward STEM majors other than

computer science, though women were pushed more toward science majors and men more toward

engineering majors.

Surprisingly, the dot-com crash seems to have driven a similar number of men and women out

of computer science. Figure A7 report the percentage change in the share of students choosing

each track, first major, and final major. The crash did not have large effects on the probability that

either men or women chose the Pre-Engineering/CS track. Women who entered college between

1996 and 2000 were 9.5% less likely to choose a first major in computer science and 25.1% less

likely to choose a final major in computer science than they would have been in the absence of the

dot-com crash. Men in the same cohorts were 7.4% less likely to choose a first major in computer

76It is also important to note that higher values of T will magnify any effects of women’s differential selection out
of the labor market by major, because higher values of T mean that the model is more likely to include years where
women are most likely to be out of the labor market due to childbearing.
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science and 26.2% less likely to choose a final major in computer science.77 Women who entered

college between 2001 and 2005 were 32.5% less likely to choose a first major in computer science

and 61.1% less likely to choose a final major in computer science. Men in the same cohorts were

25.0% less likely to choose a first major in computer science and 54.8% less likely to choose a final

major in computer science. While the decrease in computer science majoring is generally slightly

smaller for men, the results are much more similar than would have been suggested by Section

3.2 and my previous results. The explanation may be found in Table A19, which reports the share

of men and women who chose each track, first major, and final major both with and without the

dot-com crash. Panels B and C suggest that in the absence of the crash, women’s growth in the

computer science major would have slowed down and possibly slightly reversed, whereas men

would have continued to enter computer science in the absence of the crash.

The crash pushed both men and women toward majoring in non-computing STEM fields and

away from business.78 Men were pushed more toward engineering and women were pushed more

toward science, especially as a final major. Women who entered The University after the dot-com

crash were 18% more likely to choose a first major in engineering and 48.7% more likely to choose

a final major in engineering than they would have been in the absence of the dot-com crash. These

same women were 11.4% more likely to choose a first major in science and 61.7% more likely

to choose a final major in science. Men in the same cohorts were 25.3% more likely to choose a

first major in engineering, 108% more likely to choose a final major in engineering, 15.9% more

likely to choose a first major in science, and 53.0% more likely to choose a final major in science

than they would have been in the absence of the dot-com crash. Both men and women were driven

away from majoring in business, with slightly larger effects for women, and women were pushed

less to the humanities and social sciences, less to drop out early in the degree, and more to drop

out late in their degree.

77Note that the majority of students in these cohorts had made decisions about their first major before the crash,
while a large number had not yet made decisions about their final major.

78The shift away from business was perhaps unsurprising given that the crash seems to have decreased the com-
pensation for business students relative to other majors.
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Table A1: Comparing Actual and Predicted Shares of Students Choosing Each Major

Data Model
Women Men Women Men

Before After % Change Before After % Change Diff-in-Diff Before After % Change Before After % Change Diff-in-Diff

Period 1
Non-STEM 0.625 0.658 5.1 0.482 0.494 2.5 2.6 0.625 0.658 5.1 0.482 0.494 2.5 2.6
Pre-Eng./CS 0.149 0.120 -23.5 0.343 0.321 -6.7 -16.8 0.149 0.120 -23.5 0.344 0.322 -6.7 -16.8
Pre-Science 0.227 0.222 -2.3 0.176 0.185 5.1 -7.3 0.227 0.222 -2.3 0.174 0.183 5.1 -7.3

Period 2

Drop-out 0.020 0.010 -50.2 0.033 0.020 -39.6 -10.6 0.020 0.011 -47.7 0.033 0.020 -38.5 -9.2
CS 0.024 0.011 -52.5 0.132 0.096 -27.3 -25.3 0.031 0.019 -37.2 0.118 0.105 -11.2 -26.1
Eng. 0.104 0.096 -8.2 0.201 0.217 8.3 -16.6 0.102 0.092 -9.9 0.201 0.210 4.5 -14.4
Science 0.101 0.144 41.5 0.093 0.134 44.6 -3.1 0.091 0.125 37.1 0.088 0.118 33.3 3.8
Bus. 0.106 0.087 -17.7 0.186 0.163 -12.7 -4.990 0.090 0.087 -3.0 0.171 0.173 1.2 -4.2
Hum./SS 0.645 0.652 1.2 0.355 0.370 4.2 -3.0 0.666 0.666 0 0.387 0.373 -3.7 3.7

Period 3

Drop-out 0.028 0.024 -14.2 0.046 0.034 -25.0 10.8 0.043 0.036 -16.2 0.093 0.064 -31.0 14.8
CS 0.024 0.010 -57.7 0.131 0.092 -29.4 -28.3 0.021 0.010 -54.8 0.070 0.056 -20.1 -34.7
Eng. 0.098 0.091 -7.3 0.188 0.209 11.5 -18.7 0.086 0.085 -1.3 0.180 0.223 24.0 -25.3
Science 0.095 0.144 52.0 0.089 0.132 48.4 3.623 0.044 0.061 38.8 0.065 0.076 17.0 21.8
Bus. 0.108 0.093 -14.0 0.192 0.173 -9.9 -4.2 0.032 0.052 59.9 0.128 0.189 47.4 12.5
Hum./SS 0.647 0.638 -1.4 0.354 0.358 1.2 -2.6 0.773 0.756 -2.2 0.464 0.392 -15.6 13.4

Notes: Table reports shares of students in data and model prediction that choose each major, before and after the crash. “Before” refers
to entering The University between 1996 and 2000; “after” refers to entering The University between 2001 and 2005.
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Table A2: Effect of having less technical intro programming on the female share of computing
degrees

School year of exposure
Freshman Sophomore Junior Senior

No CS 112 0.0164* 0.00886 0.00452 0.00574
(0.00874) (0.00886) (0.00896) (0.00875)

Observations 2053 2053 2053 2053
Inst. FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Field FE Yes Yes Yes Yes
Robust standard errors in parentheses
* p < 0.1, ** p < 0.05, *** p < 0.01

Notes: Data from Integrated Postsecondary Education Data System on degrees awarded by institu-
tion, major, and gender. Sample used was computer and information science, computer engineer-
ing, and electrical engineering degrees from institutions with computer science programs ranked
in the top 25 in the United States by U.S. News and World Report in 2019. All regressions include
institution by gender fixed effects, year by gender fixed effects, and field by gender fixed effects.
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Table A3: Effect of diversification of upper level curriculum on the female share of computing
degrees

School year of exposure
Freshman Sophomore Junior Senior

No OS 0.000319 -0.00288 -0.00672 -0.0112**
(0.00573) (0.00568) (0.00565) (0.00556)

Observations 1047 1108 1170 1232
Inst. FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Field FE Yes Yes Yes Yes
Robust standard errors in parentheses
* p < 0.1, ** p < 0.05, *** p < 0.01

Notes: Data from Integrated Postsecondary Education Data System on degrees awarded by in-
stitution, major, and gender. Sample used was computer and information science degrees from
institutions with computer science programs ranked in the top 25 in the United States by U.S.
News and World Report in 2019. All regressions include institution by gender fixed effects, year
by gender fixed effects, and field by gender fixed effects.

Table A4: Average grade differences in previous classes

(1)

Course Men Women Difference
Intro programming -.092 -.067 -.024∗∗∗

Programming 2 -.109 -.076 -.033∗∗∗

Observations 137648

Notes: Average grade difference (AGD) is calculated using GPiks−GPAOiks and then averaged
over all classes taken before or concurrently with the two programming classes. A negative AGD
means that students earn lower grades than they might have expected based on their GPA else-
where, and therefore suggests that a course is “graded harder” than average.
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Table A5: Student’s self-reported rank in different majors

Student’s Major Econ./Bus. Eng./CS Hum./Other SS Nat. Science No Degree

Business/Economics 74.32 52.93 63.28 63.68 60.91
(n = 149) (24.90) (28.52) (27.26) (26.32) (43.15)

Engineering/CS 55.55 65.5 67.45 73.5 54.95
(n = 22) (29.00) (29.86) (27.72) (25.11) (41.59)

Humanities/Other 54.21 40.45 78.09 51.25 59.28
(n = 233) (26.60) (28.18) (24.66) (27.62) (41.87)

Natural Sciences 64.92 64.51 72.92 81.13 69.20
(n = 84) (28.77) (26.18) (22.12) (21.87) (41.44)

Overall Average 62.25 49.53 72.20 61.19 61.29
(N = 488) (27.95) (29.56) (25.96) (28.41) (42.22)

Notes: Source is Wiswall and Zafar (2015a) survey data from NYU. Rows indicate student major,
while columns indicate the rank a student expects they would achieve, ability-wise, in a particular
major. Standard deviations in parentheses.
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Table A6: Student’s self-reported expected log earnings in different majors

Student’s Major Econ./Bus. Eng./CS Hum./Other SS Nat. Science No Degree

Panel A: Age 30

Business/Economics 2.45 2.16 1.77 2.01 1.21
(n = 149) (0.72) (0.56) (0.51) (0.57) 0.70)

Engineering/CS 2.16 2.02 1.76 1.89 0.95
(n = 22) (0.38) (0.54) (0.38) (0.41) (0.64)

Humanities/Other SS 2.17 2.10 1.80 1.92 1.01
(n = 233) (0.56) (0.48) (0.47) (0.55) (0.52)

Natural Sciences 2.32 2.18 1.77 2.32 1.09
(n = 84) (0.66) (0.51) (0.43) (0.66) (0.62)

Overall Average 2.28 2.13 1.78 2.02 1.08
(N = 488) (0.64) (0.52) (0.47) (0.58) (0.61)

Panel B: Age 45

Business/Economics 2.75 2.45 2.14 2.30 1.77
(n = 149) (0.84) (0.66) (0.73) (0.71) (0.92)

Engineering/CS 2.20 2.21 1.90 1.99 1.19
(n = 22) (0.63) (0.62) (0.58) (0.60) (0.67)

Humanities/Other SS 2.35 2.21 2.05 2.12 1.41
(n = 233) (0.62) (0.56) (0.54) (0.58) (0.59)

Natural Sciences 2.51 2.30 1.99 2.43 1.49
(n = 84) (0.61) (0.55) (0.42) (0.68) (0.60)

Overall Average 2.49 2.30 2.06 2.22 1.52
(N = 488) (0.72) (0.60) (0.59) (0.65) (0.73)

Notes: Source is Wiswall and Zafar (2015a) survey data from NYU. Rows indicate student major,
while columns indicate a student’s expected earnings in a particular major.
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Table A7: Student’s self-reported expected probability of nonwork in different majors

Student’s Major Econ./Bus. Eng./CS Hum./Other SS Nat. Science No Degree

Panel A: Age 30

Business/Economics 0.042 0.069 0.071 0.062 0.104
(n = 149) (0.063) (0.144) (0.121) (0.103) (0.155)

Engineering/CS 0.058 0.054 0.074 0.054 0.156
(n = 22) (0.077) (0.080) (0.085) (0.075) (0.230)

Humanities/Other SS 0.072 0.076 0.072 0.081 0.146
(n = 233) (0.105) (0.124) (0.093) (0.132) (0.188)

Natural Sciences 0.049 0.051 0.084 0.046 0.142
(n = 84) (0.062) (0.064) (0.100) (0.060) (0.177)

Overall Average 0.058 0.069 0.074 0.068 0.133
(N = 488) (0.087) (0.121) (0.103) (0.112) (0.179)

Panel B: Age 45

Business/Economics 0.054 0.060 0.058 0.056 0.070
(n = 149) (0.096) (0.120) (0.096) (0.098) (0.114)

Engineering/CS 0.061 0.054 0.074 0.054 0.135
(n = 22) (0.063) (0.055) (0.067) (0.053) (0.236)

Humanities/Other SS 0.068 0.066 0.069 0.062 0.087
(n = 233) (0.102) (0.097) (0.100) (0.082) (0.136)

Natural Sciences 0.047 0.047 0.061 0.050 0.088
(n = 84) (0.080) (0.080) (0.098) (0.083) (0.127)

Overall Average 0.060 0.060 0.065 0.058 0.084
(N = 488) (0.095) (0.100) (0.097) (0.087) (0.135)

Notes: Source is Wiswall and Zafar (2015a) survey data from NYU. Rows indicate student major,
while columns indicate the rank a student expects they would, ability-wise, in a particular major.
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Table A8: Coefficients for Stage 1 when including SAT scores

Women Men
Pre-Eng./CS Pre-Science Pre-Eng./CS Pre-Science

AP scores
Calculus 1 0.57 0 0.33 -0.12

(0.0017) (0.00079) (0.00092) (8e-04)
Calculus 2 0.37 1.18 0.71 1.64

(0.0025) (0.0011) (0.0012) (0.00098)
English 0.26 -0.27 -0.16 -0.22

(0.0017) (0.00072) (0.00096) (0.00078)
Economics -0.52 -0.48 0.03 -0.44

(0.0032) (0.0015) (0.0014) (0.0012)
Biology 0.37 0.97 0.03 0.95

(0.0018) (0.00073) (0.0011) (0.00077)
History -0.82 -0.14 -0.28 -0.18

(0.002) (0.00085) (0.001) (8e-04)
Chemistry 0.58 0.95 0.41 0.31

(0.0022) (0.001) (0.0011) (0.00093)
Foreign Language 0.64 0.07 0.13 0.64

(0.0055) (0.0022) (0.0035) (0.0024)
Physics 1 0.26 0.84 0.2

(0.0041) (0.0018) (0.0016) (0.0013)
SAT Math / 100 0.43 0.37 -0.02 0.32

(0.0012) (0.00056) (0.00069) (0.00057)
SAT Verbal / 100 -0.8 -0.24 -0.62 -0.32

(0.0011) (0.00049) (0.00059) (0.00051)

Notes: Standard errors in parentheses. SAT scores for students who had only ACT scores had
SAT scores were imputed according to Dorans (1999). Standard errors are estimated using the
inverse of the Fisher information matrix and are not necessarily consistent; future versions of the
paper will include bootstrapped standard errors. Estimated multinomial logit coefficients for stage
1 of structural model. Results are estimated separately for men and women, relative to Non-
STEM. Estimation also includes controls for race, log average income in ZIP code of residence,
in-state residency, international status, entering The University via the College of Liberal Arts,
and estimated continuation value. Fields with multiple exams (e.g. foreign language, economics)
represent having at least one credit in any exam in that group. Where an IB exam exists, credit
gained from that exam is combined with the AP exam into a single indicator. Credit for AP
Computer Science includes the placement exam for computer science.
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Table A9: Women’s and Men’s responses to grades and SAT scores

Women Men
C.S. Eng. Sci. Bus. Hum./SS C.S. Eng. Sci. Bus. Hum./SS

Panel A: Period 2 (first majors)

In-Track GPA
× Pre-Science 4.07 5.49 -0.4 0.42 -0.81 3.52 2.73 0.62 1.71 -0.23

(0.024) (0.0076) (0.0043) (0.005) (0.0042) (0.0062) (0.006) (0.0036) (0.0039) (0.0034)
× Pre-Eng./CS -4.2 1.11 -0.86 -1.31 -2.4 0.65 1.54 0.41 -0.05 -1

(0.0056) (0.0053) (0.006) (0.0064) (0.0055) (0.0025) (0.0023) (0.0029) (0.0032) (0.0024)
× Non-STEM 18.41 10.62 7.95 -6.54 1.84 1.54 0.63 5 -4.49 0

(0.011) (0.01) (0.0069) (0.0074) (0.0065) (0.0056) (0.0057) (0.005) (0.005) (0.0045)
Overall GPA
× Pre-Science -0.35 -8.29 -0.04 -0.07 0.39 -4.12 -2.97 -0.7 -1.91 -0.07

(0.037) (0.0088) (0.0057) (0.0069) (0.0056) (0.0068) (0.007) (0.0046) (0.0051) (0.0045)
× Pre-Eng./CS 8.23 1.37 4.17 1.11 4.7 1.94 1.11 1.61 2.46 2.56

(0.0085) (0.0082) (0.0092) (0.01) (0.0087) (0.0035) (0.0034) (0.0042) (0.0046) (0.0038)
× Non-STEM -12.41 -1.72 -7.43 5.65 -1.86 -1.79 -0.55 -4.55 4.46 -0.32

(0.011) (0.0088) (0.0066) (0.0073) (0.0063) (0.0055) (0.0056) (0.0049) (0.0051) (0.0046)
SAT Math / 100 0.67 0.72 0.48 0.36 0.06 0.29 0.35 0.16 -0.18 -0.32

(0.0019) (0.0015) (0.0013) (0.0013) (0.0012) (0.0011) (0.0011) (0.001) (0.00098) (0.00094)
SAT Verbal / 100 -0.02 0.05 0.07 0.03 0.23 -0.21 -0.23 -0.26 -0.01 0.01

(0.0017) (0.0015) (0.0013) (0.0013) (0.0012) (0.001) (0.00099) (0.00095) (0.00094) (9e-04)
Panel B: Period 3 (final majors)

In-Major GPA 9.39 5.91 2.35 4.08 -2.29 5.28 3.77 2.02 3.11 -1.45
× No Switch (0.015) (0.0052) (0.0026) (0.0048) (0.003) (0.0047) (0.0032) (0.0035) (0.0039) (0.0033)

Overall GPA -4.33 -1.33 1.69 1.12 6.37 -0.66 0.85 1.6 0.76 5.02
× No Switch (0.018) (0.0063) (0.0039) (0.0064) (0.0033) (0.0058) (0.004) (0.0043) (0.0051) (0.0035)

Overall GPA 5.73 3.5 4.45 5.16 4 5.37 3.73 4 4.34 3.3
× Switch (0.009) (0.0055) (0.0023) (0.0029) (0.0024) (0.004) (0.0034) (0.0023) (0.0021) (0.002)

SAT Math / 100 0.32 0.16 0.07 0.51 -0.17 0.2 -0.13 -0.04 0.23 -0.31
(0.0035) (0.0019) (0.0012) (0.0014) (0.00092) (0.0017) (0.0013) (0.0011) (0.0012) (0.00086)

SAT Verbal / 100 -1.7 -0.79 -0.82 -1.05 -0.78 -0.38 -0.57 -0.31 -0.89 -0.28
(0.0033) (0.0018) (0.0012) (0.0014) (0.00094) (0.0014) (0.0012) (0.0011) (0.0011) (0.00083)

Notes: Multinomial logit coefficients describing men’s and women’s responses to grades when choosing majors in periods 2 and 3 when SAT scores are included in the estimation. Only students who
entered The University between 2000 and 2005 and who have either SAT or ACT scores were includes. SAT scores for students who had only ACT scores had SAT scores were imputed according
to Dorans (1999). Standard errors are in parentheses. Standard errors were calculated using the inverse of the Fisher information matrix and are not necessarily consistent; future drafts will include
bootstrapped standard errors. The outside option in periods 2 and 3 is permanently dropping out of college. Additional controls included are the log of the average income in student’s ZIP code of
residence, race/ethnicity, and indicators for being an international student, in-state residency, and entering The University via the College of Liberal Arts.
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Table A10: Women’s and Men’s responses to grades when including AP scores in every period

Women Men
C.S. Eng. Sci. Bus. Hum./SS C.S. Eng. Sci. Bus. Hum./SS

Panel A: Period 2 (first majors)

In-Track GPA
× Pre-Science 6.49 3.44 -0.9 0.36 -1.33 2.01 1.16 0.01 1.18 -0.82

(0.012) (0.0041) (0.0025) (0.0029) (0.0024) (0.0032) (0.003) (0.002) (0.0022) (0.0019)
× Pre-Eng./CS -3.2 2.1 -0.61 -0.25 -1.49 0.88 1.58 0.53 0.23 -0.91

(0.0029) (0.0027) (0.0031) (0.0034) (0.0028) (0.0013) (0.0013) (0.0017) (0.0018) (0.0013)
× Non-STEM 16.68 10.15 8.25 -6.18 1.67 1.55 1.3 5.09 -3.45 0.37

(0.0056) (0.0057) (0.0038) (0.0041) (0.0034) (0.0032) (0.0033) (0.003) (0.0028) (0.0026)
Overall GPA
× Pre-Science -1.31 -5.31 1.19 0.39 1.02 -2.57 -1.6 -0.12 -1.7 0.19

(0.016) (0.0049) (0.0032) (0.0038) (0.0032) (0.0038) (0.0037) (0.0026) (0.0027) (0.0025)
× Pre-Eng./CS 7.68 0.25 3.83 0.46 3.18 0.85 -0.02 0.58 0.8 1.2

(0.0045) (0.0043) (0.0048) (0.0053) (0.0045) (0.0018) (0.0017) (0.0023) (0.0024) (0.0019)
× Non-STEM -10.7 -2.13 -7.08 5.53 -1.9 -2.09 -1.64 -4.67 3.15 -1.12

(0.0055) (0.0048) (0.0036) (0.004) (0.0034) (0.0031) (0.0031) (0.0029) (0.0029) (0.0026)

Panel B: Period 3 (final majors)

In-Major GPA 8.36 5.17 3.22 3.05 -1.79 4.01 3.02 2.71 2.65 -0.76
× No Switch (0.0081) (0.0027) (0.0018) (0.0028) (0.002) (0.0023) (0.0016) (0.0023) (0.0022) (0.002)

Overall GPA -5.51 -0.92 0.09 1.89 5.7 0.37 1.46 0.75 1.12 4.41
× No Switch (0.01) (0.0033) (0.0027) (0.0037) (0.0021) (0.003) (0.002) (0.0028) (0.0028) (0.0021)

Overall GPA 4.61 3.96 4.42 4.67 3.38 4.65 3.41 4.06 3.94 3.13
× Switch (0.0042) (0.0031) (0.0015) (0.0017) (0.0014) (0.0018) (0.0019) (0.0014) (0.0012) (0.0011)

Notes: Multinomial logit coefficients describing men’s and women’s responses to grades when AP credits are included in every period.
Standard errors are in parentheses. Standard errors were calculated using the inverse of the Fisher information matrix and are not
necessarily consistent; future drafts will include bootstrapped standard errors. The outside option in periods 2 and 3 is permanently
dropping out of college. Additional controls included are the log of the average income in student’s ZIP code of residence, race/ethnicity,
and indicators for being an international student, in-state residency, and entering The University via the College of Liberal Arts.
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Table A11: AR(1) regression coefficients for log salary and unemployment

(1) (2)
Log salary Unemployment

r 0.745 0.817
(0.058) (0.089)

Major FE
Computer science 0.452 -0.001

(0.099) (0.003)
Engineering 0.436 -0.001

(0.096) (0.003)
Science 0.351 -0.005

(0.079) (0.003)
Business 0.385 -0.002

(0.083) (0.003)
Hum./SS/Other 0.306 -0.001

(0.068) (0.003)

Constant 2.353 0.008
(0.534) (0.004)

Observations 93 93

Notes: Standard errors in parentheses.
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Table A12: Coefficients for Stage 1 when labor market shocks are transitory

Women Men
Pre-Eng./CS Pre-Science Pre-Eng./CS Pre-Science

Calculus 1 0.34 0.21 0.03 -0.11
(0.00058) (0.00031) (0.00036) (0.00033)

Calculus 2 0.44 1.06 0.15 1.42
(0.001) (0.00053) (0.00057) (0.00047)

English -0.32 -0.07 -0.3 -0.27
(0.00055) (0.00027) (0.00038) (0.00032)

Economics -0.68 -0.22 -0.05 -0.24
(0.0014) (0.00075) (0.00067) (6e-04)

Biology -0.13 1.06 0.11 0.68
(0.00069) (3e-04) (0.00046) (0.00034)

History 0.12 -0.12 -0.39 -0.23
(8e-04) (0.00037) (0.00044) (0.00036)

Chemistry 0.01 1.09 0.2 0.3
(0.00085) (0.00048) (0.00049) (0.00043)

Foreign Language 0.22 0.1 0.18 0.47
(0.0024) (0.00099) (0.0016) (0.0011)

Physics -0.04 0.21 1.04 0.23
(0.0016) (0.00082) (7e-04) (0.00059)

Notes: Standard errors in parentheses. Standard errors are estimated using the inverse of the Fisher
information matrix and are not necessarily consistent; future versions of the paper will include
bootstrapped standard errors. Estimated multinomial logit coefficients for stage 1 of structural
model when employment and salary follow an AR(1) process. Results are estimated separately for
men and women, relative to Non-STEM. Estimation also includes controls for race, log average
income in ZIP code of residence, in-state residency, international status, entering The University
via the College of Liberal Arts, and estimated continuation value. Fields with multiple exams
(e.g. foreign language, economics) represent having at least one credit in any exam in that group.
Where an IB exam exists, credit gained from that exam is combined with the AP exam into a single
indicator. Credit for AP Computer Science includes the placement exam for computer science.
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Table A13: Women’s and Men’s responses to grades when labor market shocks are transitory

Women Men
Computing Engineering Science Business Other Computing Engineering Science Business Other

Panel A: Period 2 (first majors)

In-Track GPA
× Pre-Science 6.49 3.44 -0.9 0.36 -1.33 2.01 1.16 0.01 1.18 -0.82

(0.012) (0.0041) (0.0025) (0.0029) (0.0024) (0.0032) (0.003) (0.002) (0.0022) (0.0019)
× Pre-Eng./CS -3.2 2.1 -0.61 -0.25 -1.49 0.88 1.58 0.53 0.23 -0.91

(0.0029) (0.0027) (0.0031) (0.0034) (0.0028) (0.0013) (0.0013) (0.0017) (0.0018) (0.0013)
× Non-STEM 16.68 10.15 8.25 -6.18 1.67 1.55 1.3 5.09 -3.45 0.37

(0.0056) (0.0057) (0.0038) (0.0041) (0.0034) (0.0032) (0.0033) (0.003) (0.0028) (0.0026)
Overall GPA
× Pre-Science -1.31 -5.31 1.19 0.39 1.02 -2.57 -1.6 -0.12 -1.7 0.19

(0.016) (0.0049) (0.0032) (0.0038) (0.0032) (0.0038) (0.0037) (0.0026) (0.0027) (0.0025)
× Pre-Eng./CS 7.68 0.25 3.83 0.46 3.18 0.85 -0.02 0.58 0.8 1.2

(0.0045) (0.0043) (0.0048) (0.0053) (0.0045) (0.0018) (0.0017) (0.0023) (0.0024) (0.0019)
× Non-STEM -10.7 -2.13 -7.08 5.53 -1.9 -2.09 -1.64 -4.67 3.15 -1.12

(0.0055) (0.0048) (0.0036) (0.004) (0.0034) (0.0031) (0.0031) (0.0029) (0.0029) (0.0026)

Panel B: Period 3 (final majors)

In-Major GPA 8.36 5.17 3.22 3.05 -1.79 4.01 3.02 2.71 2.65 -0.76
× No Switch (0.0081) (0.0027) (0.0018) (0.0028) (0.002) (0.0023) (0.0016) (0.0023) (0.0022) (0.002)

Overall GPA -5.51 -0.92 0.09 1.89 5.7 0.37 1.46 0.75 1.12 4.41
× No Switch (0.01) (0.0033) (0.0027) (0.0037) (0.0021) (0.003) (0.002) (0.0028) (0.0028) (0.0021)

Overall GPA 4.61 3.96 4.42 4.67 3.38 4.65 3.41 4.06 3.94 3.13
× Switch (0.0042) (0.0031) (0.0015) (0.0017) (0.0014) (0.0018) (0.0019) (0.0014) (0.0012) (0.0011)

Notes: Multinomial logit coefficients describing men’s and women’s responses to grades when choosing majors in periods 2 and 3, where salary and employment follow an AR(1) process. Standard errors
are in parentheses. Standard errors were calculated using the inverse of the Fisher information matrix and are not necessarily consistent; future drafts will include bootstrapped standard errors. The outside
option in periods 2 and 3 is permanently dropping out of college. Additional controls included are the log of the average income in student’s ZIP code of residence, race/ethnicity, and indicators for being
an international student, in-state residency, and entering The University via the College of Liberal Arts.
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Table A14: Coefficients for Stage 1 when estimating the value of unemployment

Women Men
Pre-Eng./CS Pre-Science Pre-Eng./CS Pre-Science

Calculus 1 0.34 0.21 0.03 -0.11
(0.00058) (0.00031) (0.00036) (0.00033)

Calculus 2 0.43 1.06 0.15 1.42
(0.001) (0.00053) (0.00057) (0.00047)

English -0.32 -0.07 -0.3 -0.27
(0.00055) (0.00027) (0.00038) (0.00032)

Economics -0.68 -0.22 -0.05 -0.24
(0.0014) (0.00075) (0.00067) (6e-04)

Biology -0.13 1.06 0.11 0.68
(0.00069) (3e-04) (0.00046) (0.00034)

History 0.11 -0.12 -0.39 -0.23
(8e-04) (0.00037) (0.00044) (0.00036)

Chemistry 0.01 1.1 0.21 0.3
(0.00086) (0.00048) (0.00049) (0.00043)

Foreign Language 0.21 0.11 0.18 0.47
(0.0024) (0.00099) (0.0016) (0.0011)

Physics -0.03 0.21 1.04 0.23
(0.0016) (0.00082) (7e-04) (0.00059)

Notes: Standard errors in parentheses. Standard errors are estimated using the inverse of the Fisher
information matrix and are not necessarily consistent; future versions of the paper will include
bootstrapped standard errors. Estimated multinomial logit coefficients for stage 1 of structural
model when the value of unemployment u(bi) is estimated rather than set to 0. Results are esti-
mated separately for men and women, relative to Non-STEM. Estimation also includes controls for
race, log average income in ZIP code of residence, in-state residency, international status, entering
The University via the College of Liberal Arts, and estimated continuation value. Fields with mul-
tiple exams (e.g. foreign language, economics) represent having at least one credit in any exam in
that group. Where an IB exam exists, credit gained from that exam is combined with the AP exam
into a single indicator. Credit for AP Computer Science includes the placement exam for computer
science.
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Table A15: Women’s and Men’s responses to grades when estimating the value of unemployment

Women Men
Computing Engineering Science Business Other Computing Engineering Science Business Other

Panel A: Period 2 (first majors)

In-Track GPA
× Pre-Science 6.83 3.36 -0.77 0.4 -1.31 2.02 1.18 0.07 1.14 -0.82

(0.012) (0.0041) (0.0025) (0.0029) (0.0024) (0.0032) (0.003) (0.002) (0.0021) (0.0019)
× Pre-Eng./CS -3.04 2 -0.47 -0.25 -1.48 0.88 1.53 0.59 0.21 -0.9

(0.0028) (0.0027) (0.003) (0.0033) (0.0027) (0.0013) (0.0013) (0.0017) (0.0017) (0.0013)
× Non-STEM 16.07 9.73 8.15 -6.32 1.65 1.55 1.29 5.03 -3.44 0.38

(0.0056) (0.0056) (0.0038) (0.0041) (0.0034) (0.0032) (0.0033) (0.003) (0.0028) (0.0026)
Overall GPA
× Pre-Science -2.09 -5.04 0.97 0.31 0.98 -2.56 -1.55 -0.2 -1.71 0.18

(0.015) (0.0049) (0.0032) (0.0038) (0.0032) (0.0038) (0.0036) (0.0025) (0.0027) (0.0025)
× Pre-Eng./CS 7.38 0.4 3.59 0.39 3.15 0.78 0.03 0.57 0.81 1.21

(0.0044) (0.0043) (0.0048) (0.0052) (0.0045) (0.0018) (0.0017) (0.0023) (0.0024) (0.0019)
× Non-STEM -10.29 -2.05 -6.97 5.73 -1.86 -2.06 -1.51 -4.58 3.14 -1.11

(0.0055) (0.0048) (0.0036) (0.004) (0.0034) (0.0031) (0.0031) (0.0029) (0.0029) (0.0026)

Panel B: Period 3 (final majors)

In-Major GPA 7.96 5.15 3.01 3.2 -1.77 3.93 2.94 2.45 2.66 -0.73
× No Switch (0.0014) (0.0079) (0.0028) (0.0018) (0.0029) (0.0011) (0.0023) (0.0016) (0.0022) (0.0022)

Overall GPA -4.99 -1.01 0.43 1.71 5.68 0.43 1.44 1.06 1.13 4.37
× No Switch (0.002) (0.01) (0.0034) (0.0026) (0.0038) (0.002) (0.0029) (0.002) (0.0027) (0.0028)

Overall GPA 4.65 3.92 4.43 4.64 3.42 4.62 3.42 4.07 3.89 3.13
× Switch (0.0041) (0.0042) (0.0031) (0.0015) (0.0017) (0.0035) (0.0018) (0.0019) (0.0014) (0.0012)

Notes: Multinomial logit coefficients describing men’s and women’s responses to grades when choosing majors in periods 2 and 3, when
the value of unemployment u(bi) is estimated rather than set to 0. Standard errors are in parentheses. Standard errors were calculated
using the inverse of the Fisher information matrix and are not necessarily consistent; future drafts will include bootstrapped standard
errors. The outside option in periods 2 and 3 is permanently dropping out of college. Additional controls included are the log of the
average income in student’s ZIP code of residence, race/ethnicity, and indicators for being an international student, in-state residency,
and entering The University via the College of Liberal Arts.
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Table A16: Women’s and Men’s grade coefficients in computer science under different discount rates

β = 0.8 β = 0.9 β = 0.98 β = 0.99
Women Men Women Men Women Men Women Men

Panel A: Period 2 (first majors)

In-Track GPA
× Pre-Science 6.55 2.17 6.92 2.17 7.38 2.22 7.46 2.23

(0.012) (0.0032) (0.012) (0.0032) (0.013) (0.0033) (0.013) (0.0033)
× Pre-Eng./CS -2.44 1.02 -3.04 0.87 -3.67 0.73 -3.77 0.71

(0.0028) (0.0013) (0.0029) (0.0013) (0.0029) (0.0013) (0.0029) (0.0013)
× Non-STEM 14.38 1.37 15.77 1.38 17.27 1.34 17.53 1.33

(0.0055) (0.0032) (0.0056) (0.0032) (0.0057) (0.0032) (0.0057) (0.0032)
Overall GPA

× Pre-Science -2.03 -2.26 -2.08 -2.61 -2.02 -3.01 -1.99 -3.07
(0.015) (0.0038) (0.015) (0.0038) (0.015) (0.0038) (0.016) (0.0038)

× Pre-Eng./CS 6.93 1.09 7.45 0.93 8.08 0.82 8.19 0.81
(0.0044) (0.0018) (0.0045) (0.0018) (0.0045) (0.0018) (0.0046) (0.0018)

× Non-STEM -9.18 -1.45 -10.18 -1.81 -11.21 -2.11 -11.38 -2.14
(0.0054) (0.0031) (0.0055) (0.0031) (0.0056) (0.0031) (0.0056) (0.0031)

Panel B: Period 3 (final majors)

In-Major GPA 8 3.96 8.17 4.04 8.56 4.23 8.64 4.26
× No Switch (0.0079) (0.0023) (0.0079) (0.0024) (0.0081) (0.0024) (0.0081) (0.0024)

Overall GPA -4.98 0.46 -5.11 0.44 -5.46 0.38 -5.54 0.37
× No Switch (0.01) (0.0029) (0.01) (0.0029) (0.01) (0.003) (0.01) (0.003)

Overall GPA 4.69 4.61 4.71 4.63 4.76 4.69 4.77 4.71
× Switch (0.0042) (0.0018) (0.0042) (0.0018) (0.0042) (0.0019) (0.0042) (0.0019)

Notes: Estimated coefficients on grades in computer science under varying discount rates. Standard errors in parentheses calculated
using inverse of Fisher information matrix and may not be consistent; future versions will bootstrap these coefficients.
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Table A17: Women’s and Men’s grade coefficients in computer science under different lifespans

T = 5 T = 10 T = 15 T = 20
Women Men Women Men Women Men Women Men

Panel A: Period 2 (first majors)

In-Track GPA
× Pre-Science 6.98 2.11 7.13 2.17 7.26 2.22 7.42 2.27

(0.012) (0.0032) (0.012) (0.0033) (0.012) (0.0033) (0.013) (0.0033)
× Pre-Eng./CS -3.2 0.82 -3.35 0.79 -3.5 0.77 -3.63 0.76

(0.0029) (0.0013) (0.0029) (0.0013) (0.0029) (0.0013) (0.0029) (0.0013)
× Non-STEM 16.18 1.45 16.5 1.39 16.86 1.33 17.21 1.29

(0.0056) (0.0032) (0.0057) (0.0032) (0.0057) (0.0032) (0.0057) (0.0032)
Overall GPA

× Pre-Science -2.12 -2.69 -2.08 -2.8 -2.01 -2.9 -1.99 -3
(0.015) (0.0038) (0.015) (0.0038) (0.015) (0.0038) (0.015) (0.0038)

× Pre-Eng./CS 7.54 0.83 7.73 0.85 7.92 0.87 8.11 0.88
(0.0045) (0.0018) (0.0045) (0.0018) (0.0045) (0.0018) (0.0046) (0.0018)

× Non-STEM -10.44 -2.01 -10.68 -2 -10.93 -1.99 -11.15 -2
(0.0055) (0.0031) (0.0055) (0.0031) (0.0056) (0.0031) (0.0056) (0.0031)

Panel B: Period 3 (final majors)

In-Major GPA 8.03 3.97 8.27 4.09 8.52 4.21 8.77 4.32
× No Switch (0.0079) (0.0023) (0.008) (0.0024) (0.0081) (0.0024) (0.0081) (0.0024)

Overall GPA -5.01 0.46 -5.2 0.43 -5.43 0.39 -5.66 0.35
× No Switch (0.01) (0.0029) (0.01) (0.003) (0.01) (0.003) (0.011) (0.003)

Overall GPA 4.69 4.61 4.73 4.65 4.76 4.69 4.8 4.73
× Switch (0.0042) (0.0018) (0.0042) (0.0019) (0.0042) (0.0019) (0.0043) (0.0019)

Notes: Estimated coefficients on grades in computer science under different. Standard errors in parentheses calculated using inverse of
Fisher information matrix and may not be consistent; future versions will bootstrap these coefficients.
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Table A18: Experience coefficients in WZ

(1) (2) (3) (4) (5)
Engineering/CS Science Business/Economics Other Dropout

Experience 0.077∗∗∗ 0.084∗∗∗ 0.107∗∗∗ 0.075∗∗∗ 0.029∗∗∗

(0.005) (0.006) (0.007) (0.005) (0.006)

Experience2 -0.002∗∗∗ -0.002∗∗∗ -0.003∗∗∗ -0.002∗∗∗ 0.000
(0.000) (0.000) (0.000) (0.000) (0.000)

Observations 1464 1464 1464 1464 1464
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: Robust standard errors in parentheses clustered at the individual level. Regression includes
individual fixed effects.
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Table A19: Shares of each major with and without the dot-com crash

Women Men
With Crash Without Crash With Crash Without Crash

Major Before After % Change Before After % Change Before After % Change Before After % Change

Panel A: Period 1

Non-STEM 0.625 0.658 5.1 0.625 0.638 2.1 0.482 0.494 2.5 0.482 0.487 0.9
Pre-Eng./C.S. 0.149 0.120 −23.5 0.149 0.121 −23.2 0.344 0.322 −6.7 0.344 0.333 −3.3
Pre-Science 0.227 0.222 −2.3 0.227 0.241 6 0.174 0.183 5.1 0.174 0.180 3.5

Panel B: Period 2

Drop out 0.020 0.011 −47.7 0.021 0.014 −32.5 0.033 0.020 −38.5 0.034 0.022 −35.6
C.S. 0.031 0.019 −37.2 0.034 0.028 −15.9 0.118 0.105 −11.2 0.128 0.140 9.6
Eng. 0.102 0.092 −9.9 0.099 0.078 −20.9 0.201 0.210 4.5 0.192 0.168 −12.6
Science 0.091 0.125 37.1 0.088 0.112 26.6 0.088 0.118 33.3 0.086 0.102 18.6
Bus. 0.090 0.087 −3 0.097 0.142 46.9 0.171 0.173 1.2 0.181 0.239 32.2
Hum./SS 0.666 0.666 0 0.661 0.625 −5.5 0.387 0.373 −3.7 0.381 0.330 −13.2

Panel C: Period 3

Drop out 0.043 0.036 −16.2 0.038 0.028 −25.3 0.093 0.064 −31 0.087 0.063 −27.6
C.S. 0.021 0.010 −54.8 0.028 0.025 −12.9 0.070 0.056 −20.1 0.094 0.123 30.3
Eng. 0.086 0.085 −1.3 0.081 0.057 −29.1 0.180 0.223 24 0.156 0.107 −31.5
Science 0.044 0.061 38.8 0.033 0.038 15 0.065 0.076 17 0.054 0.050 −6.7
Bus. 0.032 0.052 59.9 0.037 0.109 195 0.128 0.189 47.4 0.144 0.310 115.5
Hum./SS 0.773 0.756 −2.2 0.783 0.743 −5.1 0.464 0.392 −15.5 0.465 0.347 −25.3

Notes: Table reports shares of students that choose each major among “before crash” cohorts (1996-2000 entrants) and “after crash”
cohorts (2001-2005 entrants) with and without the dot-com crash. Simulation of choices without the crash was constructed by freezing
log salary and the unemployment rate, relative to those for college dropouts, from 2000 to 2007 and setting P(U j) = 0 for all students.
Shares with crash reproduce results reported in Table 2.
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J.2 Figures
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Figure A1: Structural model fit
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Notes: Source is administrative data on students at The University who entered between 1996 and 2005. True values are shares of
students picking pre-engineering/CS in period 1 and computing in periods 2 and 3. The log number of computing students is calculated
using log(predictedshare∗ cohortsize)
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Figure A2: Relative probability that women choose computing majors by grade in introductory
programming
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Notes: “Relative probability” refers to the probability that women who earn a particular letter
grade in introductory programming choose computing as their first or final major divided by the
same probability for men. Probabilities are unadjusted for student characteristics.
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Figure A3: Relative probability that women choose computing majors by grade in Programming 2
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Notes: “Relative probability” refers to the probability that women who earn a particular letter
grade in introductory programming choose computing as their first or final major divided by the
same probability for men. Probabilities are unadjusted for student characteristics.
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Figure A4: Gendered performance differences in Intro Programming

1.
5

2
2.

5
3

3.
5

4
co

ur
se

 g
ra

de
 in

 g
ra

de
 p

oi
nt

s

2 2.5 3 3.5 4
GPA outside intro programming

Men Women

Grade in intro programming vs. GPA in other courses

Notes: “Gendered performance difference” refers to gender differences in underperformance in
courses relative to GPA in other courses, following Koester et al. (2016) and Matz et al. (2017).
As discussed in Appendix B, introductory programming is a combination of three programming
courses during my sample period. Binned scatterplot is residualized on term-by-course fixed ef-
fects, AP credits, an indicator for college of entry, and demographic variables. GPA in other
courses is in courses before and during the same term as introductory programming was taken.
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Figure A5: Gendered performance differences in Programming 2
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Notes: “Gendered performance difference” refers to gender differences in underperformance in
courses relative to GPA in other courses, following Koester et al. (2016) and Matz et al. (2017).
Binned scatterplot is residualized on term fixed effects, AP credits, an indicator for college of entry,
and demographic variables. GPA in other courses is in courses before and during the same term as
programming 2 was taken.
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Figure A6: Expected log salary by major, with and without the dot-com crash
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Notes: Data source is Salary Survey, National Association of Colleges and Employers (salary), and
Outgoing Rotation Group of Current Population Survey (unemployment by related occupation).
All starting salaries are converted to 2010$ using CPI. Expected log starting salary is calculated
using (1−unemployment)(E [logsalary]), with E [logsalary] calculated based on moments of log-
normal distribution, as described in appendix. Unemployment calculated for all workers in related
occupations to each major. Utility of being unemployed normalized to zero. Counterfactual graph
freezes the difference between salaries for drop-outs and salaries for computer science graduates
at the 2000 level between 2000 and 2007.
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Figure A7: Change in share of majors chosen due to dot-com crash
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Notes: Figure shows changes in shares of majors chosen when dot-com crash is removed, as
percentage of the same shares in the model with the dot-com crash. Simulation of choices without
the crash was constructed by freezing log salary and the unemployment rate, relative to those for
college dropouts, from 2000 to 2007 and setting Posti = 0 for all students.
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