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Abstract 

This paper investigates how the peer composition in university education affects student 

performance and specialization choices. We exploit random assignment of students to teaching 

sections. In terms of grades, we find that women benefit from having more female peers, and men 

benefit from higher achieving male peers. We identify two factors that foster gender segregation 

in specialization choice: (1) an increase in the proportion of female peers and (2) an increase in 

achievement of male peers. Women who are exposed to more female peers or higher achieving 

male peers choose fewer mathematical courses, more female-dominated majors and less male-

dominated majors. Men’s academic choices are, overall, less affected. Our results suggest that the 

increase in female university enrollment over the last decades may have paradoxically contributed 

to the occupational segregation by gender that persists in the labor market. 
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1 Introduction 

Women have made remarkable progress in educational attainment over the past decades. In most 

OECD countries, women are now not only more likely to be enrolled in university studies, they 

are also outperforming men, conditional on enrollment (Goldin, Katz and Kuziemko, 2006; Conger 

and Long, 2010). Despite this remarkable catch-up, women are still underrepresented in high-

paying and more technical occupations. Moving backwards from this observation, this type of 

gender segregation can already be seen in the university. Women are less likely to specialize in 

math-related fields, which are associated with high earnings in the labor market (OECD, 2016). 

Since specialization choices in university education are an important determinant of consecutive 

labor market outcomes, it is crucial to understand which factors affect gender segregation in major 

choice.1 

In this paper we investigate how peer gender composition at the university level shapes 

men and women’s specialization decisions. In particular, we look at how the proportion of female 

peers and the achievements of male and female peers affect students’ performance, subsequent  

course choice, and major choice. We use data from Maastricht University’s School of Business 

and Economics (SBE) located in the Netherlands. Our dataset consists of more than 90,000 

student-course observations, which allows us to observe three complete Bachelor cohorts from 

enrollment to graduation. Two institutional features make the SBE the ideal place to study peer 

effects in achievement and major choices. First, within each course, students are randomly 

assigned to teaching sections of 10-15 students, which helps us overcome the fundamental 

                                                 
1 Peterle (2013) summarizes the existing literature on the relationship between college major choice, occupational 

segregation and the gender wage gap and finds that, depending on the study between 10 and 50  percent  of the gender 

wage gap can be explained by gender differences in major choice. Additional evidence on major choice and gender 

differences in earnings is provided by Altonji et al. (2012), Brown and Corcoran (1997) and Paglin and Rufolo (1990). 
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selection problems that typically counfound efforts to identify peer effects. Second, all students of 

a given study program take the same set of compulsory introductory courses in their first bachelor 

year. This allows us to directly test how the initial peer composition shapes students’ consecutive 

educational choices without worrying about the endogenous course selection which complicates 

identification in other environments. 

Our results show that the gender composition in the first year of university education has 

persistent effects on gender-based sorting into majors. We identify two peer-related factors that 

foster gender segregation in major choice: (1) an increase in the proportion of female peers and (2) 

exposure to high-achieving male peers. First, women who are randomly assigned to sections with 

a higher proportion of female peers in first year compulsory courses are less likely to choose male-

dominated majors like finance and IT management and more likely to major in subjects more 

popular among women, like marketing and organization. We find that these effects on major choice 

are economically signficant. Having 10 percentage points more female peers in a given section 

reduces women’s probability of choosing a ‘male-dominated’ major by 1.1 percentage points—a 

13 percent decrease from the baseline. Men, on the contrary, choose fewer female-dominated 

majors when exposed to more female peers.  

The second factor contributing to gender segregation in major choice is exposure to high-

achieving male peers. Women exposed to male peers with a higher grade point average (GPA) 

choose fewer male-dominated majors and more female-dominated majors. In contrast, men choose 

fewer female-dominated majors when assigned to sections with more higher achieving male peers. 

Overall, women’s major choices are more sensitive to the peer gender composition than men’s. 

We also test for peer effects in student performance and find small gender peer effects on grades. 
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We find that women benefit from having more female peers, and men benefit from having higher 

achieving male peers. 

The question of whether the peer gender composition can have an impact on students’ 

educational choices has been almost entirely neglected by both the peer effect literature and 

research devoted to explaining gender differences in education and the labor market. The main 

reason for this neglect is probably the lack of appropriate data with exogenous variation in the peer 

gender composition, which is very rare. The few studies that exist exploit year-to-year cohort 

variation in student gender composition, and results differ depending on the educational 

environment studied. At the primary school level, Schneeweis and Zweimueller (2012) find that 

girls with more female peers are less likely to choose typical female-dominated school types in 

Austria. At the high school level, Anelli and Peri (2016) present evidence that male students 

become more likely to choose a male-dominated college major when exposed classes with over 80 

percent male peers in Italian high-schools. The only two other studies at the university level, 

conducted by Fischer (2016) and Hill (2016), find result largely consistent with our findings. Hill 

(2016) shows that women exposed to a higher share of female peers in US colleges are less likely 

to choose STEM majors. Fischer (2016) shows that exposure to high ability peers in mandatory 

introductory lectures lower womens probability to graduate with a STEM degree.2 Taken together 

the existing literature suggests that peer effects in major choice differ in their nature between 

primary, seconday and tertiary education.3 

                                                 
2 In contrast to our study Fischer (2016) does not assess the impact of the gender composition and does not disentange 

whether the observed discouragement effect is caused by the influence of high ability female or male peers.     
3 Recently, a few papers have looked at the impact of family composition on major choices. Anelli and Peri (2015) 

study the influence of sibling gender and find that mixed-gender siblings are more likely to choose gender stereotypical 

specializations in college. Oguzoglu ans Ozbeklikfor (2016) find that daughters with a father in a STEM field are less 

likely to choose a STEM major when they have a male sibling. A related literature documents peer effects on a large 

variety of other outcomes than major choices (see Sacerdote, 2011 and Epple and Romano (2010) for reviews).  
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A handful of other studies have looked at the effect of peer gender on student performance.4 

At the primary and secondary education level, Hoxby (2000) finds that both boys and girls benefit 

from having more female peers. More recently, Lavy and Schlosser (2011) confirm this finding 

and present important evidence on the underlying channels in the primary and secondary school 

environment. They show that a higher proportion of girls in a class causes fewer classroom 

disruptions, less violent behavior, and improved inter-student as well as student-teacher 

relationships. At the university level, De Giorgi, Pellizzari and Woolston (2012) exploit the 

random assignment of students to classes and present evidence for inverse u-shaped gender peer 

effects on achievement, which suggest that the optimal peer group is gender balanced. Oosterbeek 

and Ewijk (2014) conducted a field experiment at the University of Amsterdam and find no 

evidence for gender peer effects on performance, but present suggestive evidence that female 

students’ perceptions of the classroom atmosphere were altered.  

This article makes three main contributions to the existing literature. First, we estimate the 

effect of peer gender on major choice using the random assignment to small peer groups. This 

complements the existing literature that relied on cohort variation in peer gender, which is naturally 

small, and a peer group definition at a much more aggregate level. Second, this paper is the first 

to distinguish between the impact of peer gender quantity, measured as the proportion of female 

peers, and quality, measured as the GPA of female and male peers, respectively. Looking at these 

dimensions separately provides us with a better understanding of the mechanisms that drive the 

observed gender peer effects since we can disentangle the impact of peer gender and peer 

achievement effects, which could be correlated. Our results show that this distinction is important 

                                                 
4 There exists another strand of literature that looks at the effect of single sex schooling and single sex classes on 

performance (see Lee et al. (2014) and studies cited within). 
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as women and men react to both peer measures differently. Third, and more broadly, this paper 

contributes to a better understanding of how environmental factors can shape gender differences 

in educational choices. Notably, the increase in female enrollment over the last decades has 

changed the peer environment that students experience in university education. Paradoxically, our 

results suggest that this increase in female peers can help explain why occupational segregation in 

the labor market persists in spite of women’s remarkable increase in educational attainment. 

The remainder of the paper is structured as follows. Section 2 describes the institutional 

environment and the assignment procedure of students to sections. Section 3 describes the dataset 

and shows evidence that the assignment to sections is random, conditional on scheduling 

constraints. Section 4 discusses the empirical strategy, and Section 5 the results. Section 6 

concludes the article. 

 

2 Background 

2.1 Institutional Environment 

The data we use was collected at Maastricht University’s School of Business and Economics 

(SBE).5 Maastricht is located in the south of the Netherlands. Currently, there are about 4,300 

students enrolled at the SBE in Bachelor’s, Master’s, and PhD programs. Forty percent of the 

students are female. Since Maastricht University is located close to the German border, 44 percent 

of students are German, 30 percent are Dutch, and most of the remaining students come from other 

European countries or Asia. The language of instruction at the SBE is English.  

In contrast to the US college system, all students who enroll at the SBE have already 

committed themselves to study a specific program from the first year. In all Bachelor’s study 

                                                 
5 For more detailed information on the institutional environment see Feld & Zölitz (forthcoming) and Feld, Salamanca 

& Hamermesh (2016). 
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programs, students have to take eight program-specific compulsory courses in the first year. In the 

second and third year, students take more compulsory courses but can also choose a number of 

elective courses. In addition to this, students enrolled in the Economics and Business bachelor 

programs also choose one out of eight majors. The major choice means that a student has to take 

a number of major-specific compulsory courses. Figure 1 provides an overview of the Bachelor’s 

program structure at the SBE. 

 

[Figure 1 here] 

 

The academic year at the SBE is divided into four regular teaching periods of two months 

and two skills periods of two weeks. Students usually take two courses at the same time in each 

regular period and one course in each skills period. In our analysis we focus on the courses taken 

during the regular teaching periods because students were often not graded in skills course or we 

could not identify the relevant peer group.6 

The bulk of teaching at the SBE is done in sections. Sections are small groups of up to 16 

students which are taught by one instructor. This peer group we will be the focus of this paper. 

Students typically meet two times per week for two hour sessions with their section peer group to 

discuss the course material. These discussions typically follow the Problem Based Learning (PBL) 

approach, which consists of the students generating questions about a topic at the end a session, 

trying to answer these questions in self-study, and then discussing their findings with their peers 

in the next session.7 The role of the teacher in PBL is to monitor and guide the classroom 

                                                 
6 In some skills courses, students are scheduled in different sections but end up sitting together in the same room. 

Furthermore, some skills courses have no exam but only a “pass” or a “fail” grade. 
7 See http://www.umpblprep.nl/ for a more detailed explanation of PBL at Maastricht University. 



-7- 

 

discussion. Courses, however, differ in the extent to which they follow this PBL approach. 

Additionally, most courses have lectures which are followed by students of all sections. Lectures 

are usually given by the course coordinator or other senior staff. 

 

2.2 Assignment of Students to Sections 

The Scheduling Department of the SBE assigns students to sections, teachers to sections and 

allocates sections to time slots and rooms.8 Before each period, students can register online for the 

courses they want to take. After the registration deadline, the scheduler gets a list of registered 

students for each course. For all Master’s students and for Bachelor’s students beginning in the 

academic year 2009/10, a computer program has randomly allocated all students that registered 

for a given course to sections. For all Bachelor’s students since the academic year 2010/11 the 

allocation of students to sections is stratified by nationality.9 After the assignment of students to 

sections, teachers are assigned to sections, and then sections are assigned to available time slots 

and rooms.10 After this assignment, the program Syllabus Plus Enterprise Timetable indicates 

scheduling conflicts.11 Scheduling conflicts arise for about 5 percent of the initial assignments. If 

the computer program indicates a scheduling conflict, the scheduler manually moves students 

                                                 
8 See also Feld & Zölitz (forthcoming) for a detailed description of the section assignment procedure. 
9 The stratification goes as follows: the scheduler first selects all German students (who are not ordered by any 

observable characteristic) and then uses the option “Allocate Students set SPREAD,” which assigns an equal number 

of German students to all sections. Then the scheduler repeats this process with the Dutch students and lastly 

distributes the students of all other nationalities to the remaining spots. Until the academic year 2013/14, about ten 

percent of the slots in each section were initially left empty and were filled with students who register late. This 

procedure balances the number of late registration students over the sections. Since 2013/14, the SBE has not admitted 

students to courses after the registration deadline.  
10 About ten percent of teachers indicate time slots when they are not available for teaching. This happens before they 

are scheduled and requires the signature of the department chair.  
11 There are three reasons for students’ scheduling conflicts: (1) the student takes another elective course at the same 

time; (2) The student is also working as a teaching assistant and needs to be in class at the same time; (3) The student 

indicated non-availability for evening education. By default, all students are recorded as available for evening sessions. 

Students can opt out of this by indicating this in an online form. Evening sessions are scheduled from 6 p.m. to 8 p.m., 

and about three percent of all sessions in our sample are scheduled for this time slot. 
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between different sections until all scheduling conflicts are resolved. After this, the section and 

teacher assignment is published. 

Schedulers usually do not know the students and do not observe their previous grades or 

their gender in the scheduling program. There are a few exceptions to this general procedure, e.g., 

where the course coordinators manipulated the section composition. We remove all exceptions 

from the random assignment procedure from the estimation sample. Importantly, in the estimation 

sample that we use throughout this paper, neither teachers, students, nor course coordinators 

influence the section assignment. 

 

3 Data 

3.1 Descriptive Statistics  

Our sample consists of students taking courses at the SBE over the course of six academic years 

between 2009/2010 and 2014/2015. Administrative data on all scheduled sections and the assigned 

teachers were provided by the Scheduling Department of the SBE. The data on student course 

registrations, grades, and student background characteristics were provided by the Examinations 

Office of the SBE. 

The Dutch grading scale ranges from 1 to 10, with 5.5 usually being the lowest passing 

grade. If the grade of a student is lower than 5.5, the student fails the course and has the possibility 

to take a second and third attempt at the exam. Women perform, on average, 13 percent of a 

standard deviation better than male students. Figure 2 shows the distribution of student grades by 

gender. It shows that men are underrepresented in the top third of the distribution and more likely 

to obtain grades below the failing threshold of 5.5.   
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[Figure 2 here] 

 

Table 1 provides an overview on descriptive statistics. Panel A shows the student level 

variables, Panel B the student-course level variables, and Panel C peer characteristics. In total we 

observe 12,983 unique students. The sample contains 90,050 student-course registrations. Out of 

these, 6,698 (7.4 percent) dropped out of the course at some stage throughout the period.12 We 

therefore observe 83,442 course grades after the first attempt.  

 

[Table 1 here] 

 

Figure 3 shows the distribution of the proportion of female section peers using local 

polynomial plots. The solid line shows how much variation we have in the raw data, and the dashed 

line shows the variation conditional on course fixed effects, which we will include in all later 

estimations. Figure 3 shows that we have sufficient support in the data to identify an effect between 

10 and 70 percent female peers. Figure 4 shows how much variation we observe in the mean GPA 

of female peers and in the mean GPA male peers. The GPA of female peers is larger than the GPA 

of male peers in 65 percent of all sections.    

 

[Figure 3 here] 

[Figure 4 here] 

 

3.2 Test for Random Assignment  

                                                 
12 Dropping out of a course means that a student was registered for a course but did not receive a final course grade. 
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The description of the scheduling procedure in Section 2.2 shows that the student assignment to 

sections is random, conditional on scheduling conflicts. Using data from the same environment, 

we have shown that section assignment has the properties that one would expect under random 

assignment (Feld and Zölitz, forthcoming).13 To confirm this result with respect to peer gender 

composition, we test how student gender and their grade point average (GPA) relates to peer 

characteristics of the assigned section. This randomization check follows Guryan, Kroft and 

Notowidigdo (2009) and controls for the course level leave-out mean of the respective 

characteristic to account for the mechanical relationship between own- and peer-level variables. 

Columns (1) – (3) of Table 2 show that neither the proportion of female section peers nor the GPA 

of female or male section peers is systematically related to students’ own gender. Columns (4) – 

(6) show equivalent regressions for students’ GPA. Student gender and GPA are never significant, 

which confirms that the section assignment is random.14 

   

[Table 2 here] 

 

4 Empirical Strategy 

Our goal is to estimate the effect of peer gender and achievement of male and female peers on 

students’ grades, course choices, and major choices. We define peer groups at the section-level 

                                                 
13 Note that in contrast to (Feld and Zölitz, forthcoming), we include three additional academic years, but also exclude 

the bachelor programs Fiscal Economics and Econometrics & Operations Research since students in these very small 

study programs do not choose majors.   
14 See Section A1 in the appendix for an alternative and more flexible randomization check. In this randomization 

check, we regress pre-treatment student characteristics on section dummies and scheduling controls for each course 

separately. We then perform F-tests for joint significance of the section dummies and show that the p-values for all 

courses in our sample have the properties that we would expect under random assignment: they are uniformly 

distributed with a mean close to 0.5.  
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and mean students’ section peers when we refer to peers throughout this paper. To estimate the 

effect of peer characteristics on grades, we estimate the following model: 

𝑦𝑖𝑐𝑡 =  𝛼1𝐹𝑖 × 𝐹𝑃𝑖𝑐𝑡 + 𝛼2𝑀𝑖 × 𝐹𝑃𝑖𝑐𝑡 +  𝛽1𝐹𝑖 × 𝐹𝐺𝑃𝐴̅̅ ̅̅ ̅̅ ̅̅
𝑖𝑐𝑡−1 + 𝛽2𝑀𝑖 × 𝐹𝐺𝑃𝐴̅̅ ̅̅ ̅̅ ̅̅

𝑖𝑐𝑡−1+ 

𝛾1𝐹𝑖 × 𝑀𝐺𝑃𝐴̅̅ ̅̅ ̅̅ ̅̅
𝑖𝑐𝑡−1 + 𝛾2𝑀𝑖 × 𝑀𝐺𝑃𝐴̅̅ ̅̅ ̅̅ ̅̅

𝑖𝑐𝑡−1 + 𝑋𝛾′ + 𝑢𝑖𝑐𝑡, 

(1) 

where 𝑦𝑖𝑐𝑡 is the grade of student i in course c at time t. We have six independent variables of 

interest.  𝐹𝑖 × 𝐹𝑃𝑖𝑐𝑡 and 𝑀𝑖 × 𝐹𝑃𝑖𝑐𝑡 are the proportion of female peers interacted with a female and 

a male dummy, respectively. 𝐹𝑖 × 𝐹𝐺𝑃𝐴̅̅ ̅̅ ̅̅ ̅̅
𝑖𝑐𝑡−1and 𝑀𝑖 × 𝐹𝐺𝑃𝐴̅̅ ̅̅ ̅̅ ̅̅

𝑖𝑐𝑡−1 are the average GPAs of all 

female peers before the start of the course interacted with a female and male dummy. Analogously, 

𝐹𝑖 × 𝑀𝐺𝑃𝐴̅̅ ̅̅ ̅̅ ̅̅
𝑖𝑐𝑡−1 and 𝑀𝑖 × 𝑀𝐺𝑃𝐴̅̅ ̅̅ ̅̅ ̅̅

𝑖𝑐𝑡−1 are the average GPAs of all male peers before the start of 

the course interacted with a female and a male dummy.15 𝑋 is a vector of control variables that 

includes course-year fixed effects and parallel course fixed effects, which are fixed effects for the 

other course the students take in the same period. We include parallel course fixed effects to 

account for potential non-random assignment due to scheduling conflicts throughout. To increase 

the precision of the estimates, 𝑋 also includes indicators for students’ own gender, nationality, and 

their GPA at the start of the course. 𝑢𝑖𝑐𝑡 is the error term. 

The parameters of interest are 𝛼1, 𝛼2, 𝛽1, 𝛽2, 𝛾1 and 𝛾2.The parameter 𝛼1 captures the 

causal effect of increasing the proportion of female peers on grades for female students and 𝛼2 

represents the equivalent effect for male students. Analogously, 𝛽1 and 𝛽2 capture the causal 

effects of female peers’ GPA on grades for female and male students, and 𝛾1 and 𝛾2 show the 

causal effect of male peers’ GPA on grades for female and male students.  

                                                 
15 Note that Carell, Hoekstra and West (2016) apply a similar decomposition of peer quality and quantity when 

studying whether exposure to black peers reduces racial bias. 
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We have shown in Feld and Zölitz (forthcoming) that classical measurement error in the 

peer variable of interest can lead to substantial overestimation of peer effects when peer group 

assignment is non-random. When peer group assignment is random, as is the case in our setting, 

classical measurement error will attenuate peer effects estimates, i.e., bias them towards zero. As 

peer gender is arguably measured without error, OLS estimates of 𝛼1 and 𝛼2will be unbiased.16 

Peer GPA, however, likely measures peer ability with some degree of error. Estimates of 𝛽1, 𝛽2, 𝛾1 

and 𝛾2 are therefore likely attenuated. However, since GPA consists of all previous grades, and 

peer GPA consists of the average over all female or male peers, measurement error and 

consequently attenuation bias will arguably be small. To simplify the interpretation of our results, 

we standardize course grades, female peer GPA, and male peer GPA to have a mean zero and unit 

variance. To allow for correlations in the outcomes of students within each section, we cluster the 

standard errors at the section-level when estimating the effect on grades. 

To estimate the effect of peer gender and achievement on course choice and major choice, 

we focus on students’ first year peers for two reasons. First, all first year bachelor courses are 

compulsory. This eliminates the complications due to endogenous course selection. Second, all 

course and major choices happen after the first year, which means that we can rule out reverse 

causality due to the timing of student choices. We thus estimate a version of the model in Equation 

(1) with students’ second and third year course or major choices as dependent variables. In these 

specifications the dependent variables (course and major choice) are constant for each student, and 

the peer variables of interest vary within student because we observe each student in multiple first 

                                                 
16 One might argue that it is not peer gender per se that affects student performance, but characteristics that are only 

imperfectly captured by gender. In this case, estimates of 𝛼1 and 𝛼2 will also be attenuated.  
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year courses. To allow for correlations in the error term within each student, we cluster the standard 

errors at the individual-level when estimating the effect on course and major choice.17 

  

5 Results 

5.1 Effects on Student Grades 

Following the existing literature, we first briefly test whether peer gender composition affects 

affects students’ grades. Table 3 shows the effects on students’ course performance. The dependent 

variable in all Columns is the standardized course grade. Column (1) shows that women benefit 

from having more female peers, on average. The point estimate suggests that increasing the 

proportion of female peers by 10 percentage points increases women’s grades by 0.64 percent of 

a standard deviation. While the effect size is smaller, the direction of the effect is consisitent with 

findings of Hoxby (2000) and Lavy and Schlosser (2011) in primary and secondary education who 

find that girls benefit from female peers. In contrast to Hoxby (2000) and Lavy and Schlosser 

(2011), we do not find significant effects for men. On average, men’s grades appear to be 

unaffected by an increase in the proportion of female peers.  

 

[Table 3 here] 

 

We next turn to the question of how students’ grades are affected by the GPA of their 

female and male peers. If students are more likley to interact with same gender peers in class, then 

the achievement of same gender peers may be more relevant for learning than the achievement of 

                                                 
17 Estimating standard errors with two-way clusters at the student and course level leads  to marginally smaller standard 

errors and all our main results remain the same.  
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opposite gender peers. Column (2) in Table 3 shows that neither men’s nor women’s grades appear 

to be affected by the mean GPA of their female peers. Column (3), on the other hand, shows that 

the GPA of male peers significantly affects men’s, but not women’s grades. A one standard 

deviation increase in male peers’ GPA increases men’s performance by 1.26 percent of a standard 

deviation. The point estimates do not change when we include all six peer variables in the model 

in Column (4). The estimates shown in Column (4) also imply that the performance increase of 

women due to more female peers in the classroom is not driven by, on average, higher GPA of 

female peers, but rather by other characteristics correlated with gender such as, for example, non-

cognitve skills or classroom behavior. This is consistent with evidence from Lavy and Schlosser 

(2011) who show that an increase in female peers leads a better classroom atmosphere and better 

inter-student and student-teacher relationships. Overall, we find small and economically 

insignificant effects of the impact of peer gender quality and quantity on perfomance.18 

 

5.2 Peer Effects in Course and Major Choice 

We now turn to the question of how peer gender composition in first year compulsory courses 

affects students’ consecutive specialization choices.  

Table 4 provides an overview of the eight different majors that students can choose from, 

orded by the proportion of female students, which ranges from 22 percent (finance) to 60 percent 

(marketing). Interestingly, differences in major choices by gender mimic the occupational 

                                                 
18 We have also tested for non-linear effects of the proportion female peers in unreported regressions. In contrast to 

De Giorgi et al. (2012) who find evidence for an inverse U-shaped relationahip, we find that the effect is fairly linear 

over the range of support that we have in the data. Table A2 in the appendix shows estimates of the model shown in 

Column (4) with different sets of fixed effects. As expected under random assignment, all specifications in Table A2 

give almost identical results. 
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seggreation observed in the labor market in two important dimensions. First, in line with women’s 

underrepresentation in STEM occupations, we find that majors that are more popular with women 

have a lower proportion of compulsory courses that are mathematical (see Column (3)). Second, 

majors popular with women are associated with lower earnings in the labor market. This can be 

seen in Column (7), which shows median earnings associated with majors from a sample of 

German workers.19 Furthermore, the proportion of female students is negatively correlated with 

average first year GPA of women (𝜌 = −0.55 ) and men (𝜌 = −0.49) at the major level, which 

shows that majors with a higher female proportion, on average, attract students with lower first 

year GPAs. However, Columns (4) and (5) show that women’s first year GPA exceeds that of men 

for all majors.  

For our empircal analysis, we categorize majors based on the proportion of women in each 

major.20 We classify majors as female-dominated and male-dominated if the proportion women 

deviates by more than 10 percentage points from the sample mean, which is 40.5 percent. 

Specifically, we classify finance and IT management as male-dominated and marketing and 

organization as female-dominated.21 When estimating the effect on course choice, we limit our 

sample to courses that students could choose either as a free elective or as major-specific 

compulsory course. We categorize courses as mathematical if at least one of the following words 

                                                 
19 We foucs on workers in Germany because the largest share of students in our sample is German. Earnings are taken 

from payscale.org and are based workers’ job titles and university majors. 

20 We have chosen this classification of majors since we are primarily interested in understanding which factors 

contribute to gender segregation in major choice in general and women’s underrepresentation in male-dominated 

subjects in particular. 

21 When estimating the effect on major choie, we have restricted our sample to students for which we observe first 

year courses and major choice. This limits our sample to Bachelor’s students in the progams International Business 

and Economics because students in the other bachelor programs do not choose majors.  
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appeared in the course description: “math, mathematics, mathematical, statistics, statistical, theory 

focused.” Using this definition, we categorized 33 percent of the courses as “mathematical”.  

 

[Table 4 here] 

 

Table 5 shows estimates of peer effects on course and major choices. We start our analysis 

by looking at the choice of any mathematical course (Column 1) and the proportion of 

mathematical courses chosen (Column 2). On both of these margins, we observe that women 

become less likely to choose mathematical courses if they were randomly assigned to more female 

peers in their first year. Our point estimates suggest that increasing the proportion of female peers 

in a first year course by 10 percentage points decreases the probability of choosing a mathematical 

course by about 1.8 percentage points—or 3 percent from the baseline level. Men’s choice of 

mathematical courses is not significantly affected by the proportion of female peers. 

When estimating the effect of GPA of female and male peers, we observe that women 

become less likely to select mathematical courses when they were assigned to higher achieving 

male peers. A one standard deviation increase in male peers’ GPA reduces the probability of 

choosing any mathematical course by 1.1 percentage points, a moderate increase of  2 percent from 

the mean. Men, on the contrary, become more likely to choose mathematical courses after exposure 

to higher achieving male peers. Interestingly, however, being exposed to higher achieving female 

peers does not seem to affect women’s or men’s course choices. 

Columns (3) and (4) of Table 5 show estimates of gender peer effects on major choice. We 

find that women who were randomly assigned to sections containing more female peers become 

more likely to enter a female-dominated major and less likely to major in a male-dominated 
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subject. To get an appreciation of the magnitude of the effect, consider that we would replace three 

male students with female students in a section of 16 students (15 peers) in one first year 

compulsory course. Our point estimates suggest that such a 20 percentage point increase in female 

peers reduces the probability for women to major in finance or IT management by 2 percentage 

points (i.e., 22 percent) and increases their probability to major in marketing or organization by 2 

percentage points (i.e., 4 percent). These are economically significant effects. Interestingly, men 

respond in the opposite way and become less likely enroll in a female-dominated major and more 

likely to enroll in a gender-balanced major when exposed to more female peers. Columns (3) and 

(4) further show that women also choose more female-dominated and fewer male-dominated 

majors after exposure to higher-achieving male peers. Men, on the other hand, are less likely to 

choose female-dominated majors and more likely to choose a gender-balanced major after being 

exposed to higher achieving male peers. Surprisingly, female peers’ GPA is not significant in any 

of the models in Table 5.  

Interestingly, the gender-based sorting we observe is mostly driven by women’s responses 

to the peer composition. Out of the 12 peer effects coefficients of interest in Columns (1)-(4), 8 

coefficients for women are significantly different from zero in Table 5. In contrast, males’ major 

choices appear to be less sensitive to their gender peer environment. Only three coefficients out of 

the 12 coefficients of interest are significant for men.  

As a robustness check, we also estimate a model where we use the proportion of women in 

the chosen major as the dependent variable. Column (5) shows that results are similar and do not 

depend on our definition of female- or male-dominated majors. 

 

[Table 5 here] 
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Taken together, our results show that two factors lead to an increase in gender segregation 

in specialization choice. The first factor is an increase in the proportion of female peers. Being 

exposed to more female peers causes women to make more and men to make less choices that are 

more popular with women. Women’s behavior is consistent with same gender peer coordination 

in specialization choices. Women may explicitly coordinate their academic choices with their 

female peers or, implicitly, may find majors more attractive because more female peers plan to 

take them. Men, on the contrary, are more likely to choose female-dominated majors when exposed 

to a lower proportion of female peers. In a male-dominated environment such as the SBE, having 

few female peers may increase men’s preference for continuing to study with more women. The 

fact that women’s achievement does not seem to affect men’s or women’s academic choices 

suggests that these effects are not driven by the women’s higher achievement. This shows that the 

distinction between peer quality and quantity is important for understanding the mechanisms that 

drive the observed gender peer effects. 

The second factor which increases gender segregation in academic choice is an increase in 

male peers’ achievement. Exposure to high achieving male peers causes women to shy away from 

mathematical courses and male-dominated majors and pushes them towards majors with a higher 

proportion of women. Men, on the contrary, react in the opposite way and choose more 

mathematical courses and less female-dominated majors when exposed to higher achieving male 

peers. 

What could explain the gender specific responses to high-achieving male peers that we 

document in this paper? There exists a growing body of empirical evidence that documents that 

women and men respond differently to competitive environments. Gneezy et al. (2003), Niederle 

& Westerlund, (2007) and (2011) document that while men are more overconfident about their 
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abilities and seek competitive environments, women shy away from competitions in mixed gender 

environments. Buser et al. (2014) provide evidence that a substantial portion of gender differences 

in academic choice can be explained by gender differences in competitiveness. Further, Buser 

(2016) shows in a lab experiment that women respond differently to feeback from their 

environment than men and are more likely to stop competing after a loss.22 Taken together, these 

findings suggest that high-achieving male peers may discourage women from competing with men 

in male-dominated majors like finance. Men, on the other hand, have the opposite reaction and 

appear to want to follow their high-achieving male peers.23         

Our results are largely consistent with results from Fischer (2016) and Hill (2016), who 

both study peer effects in major choice within higher education. Fischer (2016) shows that being 

in a introductory class with higher ability peers reduces the probability that women graduate with 

a STEM degree and has no significant effect on men.24 Hill (2016) finds suggestive evidence that 

women are less likely to graduate in STEM majors when exposed to more female peers. 

Interestingly, our results are inconsistent with previous studies outside the higher education context 

which look at the effect of primary and high school peers on academic choice. In contrast to our 

findings, Schneeweis and Zweimueller (2012) find that girls are less likely to choose female-

                                                 
22 Azmat et al. (2016) conduct a field experiment and show that female university students respond stronger to 

feedback about relative performance than their male peers.  

23 In addition to the linear-in-means and linear-in-shares models shown in Table 5, we have also estimated non-linear 

peer effects models in Table A2 in the Appendix. The nature of non-linear effects are informative about potential 

gains from student re-assignment policies. Taken together the results reported in Table A2 suggest that gender 

segregation in course and major choice could potentially be reduced by stratifying student assignment based on gender 

and GPA. A more gender balanced section assignment in the first year might be a policy tool to reduce consecutive 

gender inequality in major choice. Note, however, that, as pointed out by Carell et al. (2013), one has to be careful 

when making this type op policy recommendations.  

24 The study by Fischer (2016) does not study the impact of the proportion of female peers and does not disentange 

whether this ‘discouragement-effect’ effect is driven by the negative influence of high ability female or male peers.     
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dominated school types when exposed to more female peers in primary school. Further, Anelli and 

Peri (2016) find that boys who attended high schools with more than 80 percent male peers become 

more likely to select male-dominated college majors. Differences accoss studies might, on the one 

hand, be a result of the different learning environments or of—arguably—different channels 

through which peer effects operate. In primary and middle school, for example, classroom 

disruption has been identified as an important driver of gender peer effects (Figlio, 2007; Lavy 

and Schlosser, 2011). In the higher education context, such a channel is likely to matter much less, 

while other aspects of student interaction, such as classroom discussions and interactions outside 

the classroom become more important. 

 

6 Conclusion 

In this paper we present new evidence on how peer gender composition affects student 

performance and specialization choice in higher education. Our results show that an increase in 

the proportion of female peers has a small positive effect on performance of women and that an 

increase of male peers’ GPA raises men’s performance by a small, but measurable, amount. We 

further identify two factors that foster gender-based sorting into university majors: (1) an increase 

in the proportion of female peers and (2) exposure to higher achieving male peers. These effects 

are mainly driven by women whose specialization choices appear to be more responsive to their 

peer environment than men. In particular, women who experienced a high proportion of female 

peers or were exposed to higher achieving male peers in their first year of university education 

choose fewer mathematical elective courses and become less likely to choose male-dominated 

majors, which are associated with higher earnings.  



-21- 

 

Our finding that the peer composition has a substantial influence on students’ choices of 

elective courses and majors has important implications for how the persistent increase in female 

college enrollment observed over the last decades affects students’ academic choices. 

Paradoxically, the increase in female college enrollment (female peers) may have fostered gender 

segregation in specialization choices. Assuming that major choices in university education will 

translate into differential labor market outcomes, peer effects in major choice could contribute to 

explaining occupational sorting in the labor market and why the gender wage gap of college 

graduates persists. 
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FIGURES AND TABLES 
 

 

 

Figure 1: Bachelor Program Structure 
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Figure 2: Distribution of Course Grades by Student Gender 

 
 
NOTE.—This figure is based on the estimation sample. The mean gender gap in course grades is 0.2444, which is 

equal to 13.87 percent of a standard deviation.  
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Figure 3: Proportion of Women per Section 

 
 
NOTE.—This figure is based on the estimation sample. The dashed line is based on OLS residuals of a regression of 

proportion women on course fixed effects. A one standard deviation of the proportion of females, excluding course 

fixed effects, equals 0.16, and a one standard deviation net of course fixed effects equals 0.13.  The vertical line shows 

the mean sample mean of the proportion of women per section, which equals 38 percent.  
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Figure 4: Mean GPA of Female and Male Section Peers  

 
NOTE.—This figure is based on the estimation sample. 
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Table 1: Descriptive Statistics 

Panel A: (1) (2) (3) (4) (5) 

Student level characteristics N mean sd min max 

            

Female 12,983 0.405 0.491 0 1 

Dutch 12,983 0.308 0.439 0 1 

German 12,983 0.441 0.483 0 1 

Age 10,969 21.14 2.597 15.93 44.25 

Bachelor’s student 12,983 0.671 0.470 0 1 

Bachelor International Business 12,983 0.285 0.451 0 1 

Bachelor Economics 12,983 0.167 0.373 0 1 

Courses taken 12,983 9.045 7.190 1 39 

            

      
Panel B: Student-course level (1) (2) (3) (4) (5) 

characteristics N mean sd min max 

            

Course dropout 90,050 0.0734 0.261 0 1 

Course grade 83,442 6.698 1.759 1 10 

Passed course 83,442 0.810 0.393 0 1 

            

      
Panel C: (1) (2) (3) (4) (5) 

Section level peer characteristics N mean sd min max 

            

Number of students in section 7,545 12.92 1.939 3 16 

Proportion female peers 7,545 0.387 0.158 0.071 0.917 

GPA of female peers 7,545 6.963 0.704 1.000 9.500 

GPA of male peers 7,545 6.759 0.584 1.000 9.500 

            

NOTE.— This table is based on our estimation sample. 
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Table 2: Test for Random Assignment–  

Regression of Peer Characteristics on Student Gender 

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

 

Proportion 

female 

peers 

GPA of 

female 

peers 

GPA of 

male peers 

Proportion 

female 

peers 

GPA of 

female 

peers 

GPA of 

male peers 

              

Female 0.0016 -0.0054 0.0073    

 (0.001) (0.008) (0.007)    
Std. GPA    -0.0002 -0.0023 -0.0070 

    (0.000) (0.004) (0.005) 

       
Observations 90,050 90,050 90,050 90,050 90,050 90,050 

R-squared 0.340 0.325 0.394 0.336 0.325 0.397 

Course x year FE YES YES YES YES YES YES 

Course x year level  

leave out mean YES YES YES YES YES YES 

 

NOTE.— The dependent variables are proportions of female peers (Column 1 and 4), mean GPA of female peers 

(Column 2 and 5) and mean GPA of male peers (Column 3 and 6). Following the Guryan, Kroft and Notowidigdo 

(2009) correction method, we control for the average peer GPA at the course level for all models. All specifications 

additionally include dummies for German and Dutch nationality. Robust standard errors clustered at the course level. 

* p<0.1, ** p<0.05,  *** p<0.01. 
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Table 3: The Effect of Peer Gender on Course Grades 
  (1) (2) (3) (4) 

 

Std. course 

grade 

Std. course 

grade 

Std. course 

grade 

Std. course 

grade 

      

Female * Proportion female peers 0.0638**   0.0670** 

 (0.031)   (0.030) 

Male * Proportion female peers 0.0246   0.0224 

 (0.025)   (0.026) 

     

Female * Female peers’ Std. GPA  -0.0052  -0.0034 

  (0.005)  (0.005) 

Male * Female peers’ Std. GPA  0.0017  0.0008 

  (0.004)  (0.004) 

     

Female * Male peers’ Std. GPA   -0.0008 -0.0006 

   (0.004) (0.004) 

Male * Male peers’ Std. GPA   0.0129*** 0.0126*** 

   (0.004) (0.004) 

     

Female 0.0192 0.0342*** 0.0342*** 0.0172 

 (0.016) (0.008) (0.008) (0.016) 

Std. GPA 0.5685*** 0.5685*** 0.5688*** 0.5688*** 

 (0.012) (0.012) (0.012) (0.012) 

     

Observations 
83,442 83,442 83,442 83,442 

R-squared 0.476 0.476 0.476 0.476 

     

p-value joint significance of all six peer variables    .0228 

p-values of test for gender equality of coefficients:     

   Proportion female peers .3242 . . .2623 

   GPA of female peers . .2738 . 0.5046 

   GPA of male peers . . .0191 .0227 

 
NOTE.—The dependent variable in all Columns is the standardized course grade. All regressions include course-

times-year fixed effects, parallel course fixed effects, female, GPA, Dutch and German. Robust standard errors 

clustered at the student level are in parentheses. * p<0.1, ** p<0.05,  *** p<0.01. 
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Table 4: Gender Based Sorting into Majors 

  (1) (2) (3) (4) (5) (7) 

Major 
Percent 

female 

Gender  

classification 

Percent 

compulsory 

mathematical 

courses in major 

First year 

GPA 

(female) 

First year 

GPA 

(male) 

Median annual 

earnings in € 

Finance 21.50 Male-dominated 50 7.29 7.15 72,078 

IT management 30.43 Male-dominated 50 6.78 6.50 68,994 

Economics 37.76 Balanced 50 7.10 6.96 n.a. 

Strategy 35.64 Balanced 0 6.94 6.52 68,784 

Accounting 39.09 Balanced 0 7.29 7.20 55,322 

Supply Chain mgmt 48.78 Balanced 25 6.93 6.55 65,850 

Organization 59.51 Female-dominated 0 6.86 6.52 56,135 

Marketing 60.34 Female-dominated 0 6.81 6.61 48,575 

NOTE.—We define predominantly female and male majors as majors that deviate from the mean proportion female 

(40.50 percent) by more than 10 percentage points. Data on median annual earnings from workers in Germany were 

collected using self-reported income statistics by job title and major from payscale.org. N=558. We report earnings 

for German workers, because the largest share of students at the SBE is German. 
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Table 5: The Impact of Gender Composition on Specialization and Major Choices 

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

 

Any 

mathematical 

elective 

Fraction 

mathematical 

electives 

Male 

dominated 

major 

Female-

dominated 

major 

Proportion 

Women in 

Major 

            

Female * Proportion female peers -0.1786*** -0.0583** -0.1136*** 0.1059** 0.0322** 

 (0.048) (0.024) (0.038) (0.052) (0.013) 

Male * Proportion female peers 0.0289 0.0039 0.0191 -0.1024*** -0.0216* 

 (0.037) (0.020) (0.041) (0.038) (0.011) 

      
Female * Female peers’ Std. GPA 0.0018 -0.0002 0.0046 0.0013 -0.0013 

 (0.006) (0.003) (0.005) (0.006) (0.002) 

Male * Female peers’ Std. GPA -0.0028 0.0001 -0.0066 0.0011 0.0009 
 (0.004) (0.002) (0.004) (0.004) (0.001) 
 

     
Female * Male peers’ Std. GPA -0.0113* -0.0075** -0.0123** 0.0199*** 0.0052*** 

 (0.007) (0.003) (0.005) (0.007) (0.002) 

Male * Male peers’ Std. GPA 0.0117** 0.0045 0.0056 -0.0129** -0.0027* 

 (0.005) (0.003) (0.006) (0.005) (0.001) 

      
Female -0.0321 -0.0231* -0.1313*** 0.1104*** 0.0431*** 

 (0.024) (0.014) (0.026) (0.026) (0.007) 

GPA 0.0283*** 0.0336*** 0.0576*** -0.0454*** -0.0130*** 

 (0.008) (0.004) (0.007) (0.007) (0.002) 

      
Observations 17,824 17,824 16,263 16,263 16,263 

R-squared 0.271 0.293 0.095 0.225 0.163 

Mean dependent variable .6713 .2521 .2042 .2955 .3859 

  Mean dependent variable female students .5732 .2173 .1029 .4347 0.4285 

  Mean dependent variable male students 0.7294 .2727 .2682 .2074 .3589 

p-values of test for gender equality of 

coefficients:     . 

   Proportion female peers .0008 .0552 .024 .0016 .0025 

   Std. GPA of female peers .5088 0.9401 .0957 0.9784 .2743 

   Std. GPA of male peers .0037 .0041 0.0200 .0002 .0008 

p-value joint significance of all six peer 

variables .0005 .0274 .0062 .0006 .0019 

NOTE.—The dependent variable in Column (1) is a dummy variable which is equal to 1 if the student chooses at least 

one mathematical course. The dependent variable in Column (2) is the fraction of chosen courses that are 

mathematical. The dependent variables in Columns (3) and (4) are dummy variables which are equal to 1 if students 

choose a male-dominated major and female-dominated major, respectively. The dependent variable in Column (5) is 

the proportion of women in the chosen major. In total we observe the course choice for 3,295 students and the major 

choice for 3,083 students. All Columns are estimated with ordinary least squares regressions that include course-times-

year fixed effects, parallel course fixed effects, female, Std. GPA, Dutch and German. Robust standard errors clustered 

at the student level are in parentheses. * p<0.1, ** p<0.05,  *** p<0.01. 
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APPENDIX 

 
 

 

A1 Alternative Test for Random Assignment of Students to Sections 

 

To confirm that section assignment is random, we test whether section dummies jointly predict 

students’ pre-treatment characteristics when controlling for scheduling and balancing indicators. 

The randomization check we present here is almost identical to the one we show in the appendix 

of Feld and Zoelitz (forthcoming); the main difference being that we now include six years of data 

instead of three years. The pre-treatment characteristics that we consider are GPA, age, gender and 

student ID rank.25 As balancing indicators we include the fixed effect for the other course the 

students took at the same time and dummies for student nationality.   

For each course in our sample, we run a regression of pre-treatment characteristics on 

section dummies as well as scheduling and balancing controls, and then we run an F-test for joint 

significance of the section dummies. That means we run approximately 1,080 regressions for each 

of the the pre-treatment characteristics of gender, age, and ID rank and 988 regressions for the pre-

treatment characteristic GPA. The lower number of observations for GPA is due to missing 

observations in first year courses where students do not have previous grades necessary to calculate 

the GPA. Under conditional random assignment, the p-values of the F-tests of these regressions 

should be uniformly distributed with a mean of 0.5 (Murdoch, Tsai, & Adcock, 2008). 

Furthermore, if students are randomly assigned to sections within each course, the F-test should 

reject the null hypothesis of no relation between section assignment and students’ pre-treatment 

                                                 
25 For approximately nine percent of our sample, mostly exchange students, we do not know the age, gender and 

nationality. In Maastricht University, ID numbers are increasing in tenure at the university. ID rank is the rank of the 

ID number. We use ID rank instead of actual ID because the SBE added a new digit to the ID numbers, which creates 

a discrete jump in the series.  



-35- 

 

characteristics at the 5 percent and 1 percent significance level in close to 5 percent and 1 percent, 

of the cases, respectively. 

Table A1 shows the number of cases in which the F-test actually rejected the null 

hypothesis at the respective levels. Column (1) shows the total number of course level regressions 

for each pre-treatment characteristic. Columns (2) to (5) shows the actual rejection rates at the 5 

percent and 1 percent level respectively. All rejection rates are close to the expected rejection rates 

under random assignment. Column (6) shows that the averages of the p-values of the F-tests for 

each characteristic are close to 0.5. Figure A2 confirms that the p-values are roughly uniformly 

distributed. All together, we present strong evidence that section assignment in our estimation 

sample is random, conditional on scheduling and balancing indicators. 

 

Table A1: Test for Random Assignment II – Randomization Test of Section Assignment 

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

Dependent variable Total number of 

courses 

Number significant at: Percent significant at: 
Mean of p-

value 
 5% 1% 5% 1%  

Female 1089 52 9 4.8% 0.8% 0.4901 

GPA 988 55 10 5.6% 1.0% 0.4946 

Age 1071 51 6 4.8% 0.6% 0.4954 

ID rank 1091 53 9 4.9% 0.8% 0.5149 

 

NOTE.—This table is based on separate OLS regressions with gender, GPA, age, and ID rank as dependent variables. 

The explanatory variables are a set of section dummies and dummies for the other parallel course taken at the same 

time and the nationality indicators German and Dutch. Columns (2) and (3) show in how many regressions the F-test 

on joint significance of all included section dummies is statistically significant at the 5 percent and 1 percent. level, 

respectively. Columns (5) and (6) show for what percentage of the regressions the F-test rejected the null hypothesis 

at the respective levels. Differences in number of courses reported in Column (1) are due to missing observations for 

some of the dependent variables. 
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Figure A2: Distribution of p-values for exogenous variables 

 
Note: These are histograms with p-values from all the regressions reported in Table A1. The vertical line in each 

histogram shows the 5 percent significance level. 
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Table A2: Effect of Peer Composition on Course and Major Choice – Non-linear Effects 

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

 

Any 

mathematical 

elective 

Fraction 

mathematical 

electives 

Male 

dominated 

major 

Female 

dominated 

major 

Proportion 

women in 

major 

            

Female * Above 50% female peers -0.0431** -0.0248*** -0.0276** 0.0026 0.0037 

 (0.019) (0.009) (0.012) (0.020) (0.005) 

Female *  Below 30% female peers 0.0124 -0.0049 0.0192 -0.0324** -0.0075** 

 (0.014) (0.007) (0.012) (0.015) (0.004) 

Male * Above 50% female peers 0.0085 0.0028 -0.0047 -0.0338** -0.0050 

 (0.016) (0.008) (0.016) (0.015) (0.004) 

Male * Below 30% female peers 0.0061 0.0055 -0.0076 0.0131 0.0040 

 (0.009) (0.006) (0.012) (0.010) (0.003) 
      

Female * High GPA female peers 0.0124 0.0090 -0.0133 -0.0079 0.0004 

 (0.015) (0.007) (0.012) (0.016) (0.004) 

Female * Low GPA female peers 0.0097 0.0010 0.0130 -0.0026 -0.0045 

 (0.015) (0.008) (0.011) (0.016) (0.004) 

Male * High GPA female peers -0.0023 -0.0104* -0.0082 0.0011 0.0023 

 (0.011) (0.006) (0.012) (0.011) (0.003) 

Male * Low GPA female peers -0.0179 -0.0139** -0.0200 0.0163 0.0060* 

 (0.012) (0.007) (0.013) (0.012) (0.003) 
      

Female * High GPA male peers -0.0383** -0.0173** -0.0219* 0.0210 0.0050 

 (0.016) (0.008) (0.012) (0.016) (0.004) 

Female * Low GPA male peers -0.0166 -0.0046 0.0090 -0.0416** -0.0100** 

 (0.015) (0.007) (0.011) (0.016) (0.004) 

Male * High GPA male peers 0.0089 0.0042 -0.0112 -0.0128 -0.0017 

 (0.012) (0.007) (0.013) (0.012) (0.003) 

Male * Low GPA male peers -0.0288*** -0.0121** -0.0250** 0.0147 0.0051 

 (0.010) (0.006) (0.012) (0.011) (0.003) 
      

Female -0.0999*** -0.0425*** -0.1989*** 0.2053*** 0.0706*** 

 (0.024) (0.012) (0.021) (0.024) (0.007) 

Std. GPA 0.0285*** 0.0336*** 0.0576*** -0.0453*** -0.0130*** 

 (0.008) (0.004) (0.007) (0.007) (0.002) 

      
Observations 18,015 18,015 16,428 16,428 16,428 

R-squared 0.273 0.296 0.095 0.227 0.164 

p-value joint significance of all peer 

variables 
.004 0.0100 .0156 .0012 .0109 

NOTE.—The dependent variable in Column (1) is a dummy variable which is equal to 1 if the student chooses at least 

one mathematical course. The dependent variable in Column (2) is the fraction of chosen courses that are 

mathematical. The dependent variables in Columns (3) and (4) are dummy variables which are equal to 1 if students 

choose a male-dominated major and female-dominated major, respectively. The dependent variable in Column (5) is 

the proportion of women in the chosen major. “High GPA female peers” and “High GPA male peers” are the fraction 

of a student’s male and female peers whose GPA is in the top third of the course GPA distribution. Analogously, “Low 

GPA female peers” and “Low GPA male peers” is the fraction of female and male peers in the bottom third of the 

course GPA distribution. In total we observe the course choice for 3,295 students and the major choice for 3,083 

students. All Columns are estimated with ordinary least squares regressions that include course-times-year fixed 

effects, parallel course fixed effects, female, Std. GPA, Dutch and German. Robust standard errors clustered at the 

student level are in parentheses. * p<0.1, ** p<0.05,  *** p<0.01. 


