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It is well established that female students perform better when taught by female pro-
fessors. However, little is known about the mechanisms explaining these gender match 
effects. Using administrative records from a German public university, which cover all 
programs and courses between 2006 and 2018, we show that gender match effects are 
sizable in smaller classes, but are absent in larger classes. These results suggest that 
direct and frequent interactions between students and professors are crucial for gender 
match effects to emerge. In contrast, the mere fact that one’s professor is female is not 
sufficient to increase performance of female students.
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1. Introduction

It is widely believed that female students benefit from being taught by female profes-

sors (see, for example, Bingham (2012), Warrell (2020)), but most of the causal evidence

on gender match effects in higher education is limited to settings with small classes.1 If

such effects primarily arise because female professors serve as role models for female stu-

dents, they can also be expected to occur in large classes. But if such effects additionally

require more direct and frequent interactions between students and professors, results on

gender match effects in smaller classes may not carry over to larger class settings, which

are typical for public universities worldwide.

In this paper, we study female gender match effects on student performance in a public

university in Germany. Our analysis is based on administrative records for the universe

of programs and courses in the period 2006 to 2018, providing considerable variation in

class sizes. These data allow us to estimate female gender match effects by class size

conditional on a rich set of student characteristics and program, course, semester, and

lecturer set fixed effects. Since grading in our setting is mostly anonymous, we do not

have to be concerned about gender bias in grading. Moreover, because our data include

a large number of compulsory courses with different sizes, we can account for potential

ability-based sorting of students to professors. Finally, we can further address concerns

of student sorting to courses by using information on students’ high school GPA, which

is a powerful measure of students’ academic ability in Germany.

Our results show that female students benefit more than their male peers from being

taught by female professors. Overall, we find a female gender match effect of 7% of a

standard deviation in grades. This estimate lies in between previously documented female

gender match effects in tertiary education (Hoffmann and Oreopoulos (2009), Carrell et

1For instance, Carrell et al.’s (2010) seminal study demonstrated the effects of gender matching in
higher education in classes with an average size of 19 students.
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al. (2010)). Importantly, however, this average gender match effect masks a pronounced

heterogeneity by class size. In small classes, gender match effects are substantial, implying

performance gains for female students of 13% of a standard deviation and a reduction in

the probability of failing an exam by 1.5 percentage points. In large classes, gender match

effects do not exist.2

We conduct a series of further analyses to show mechanisms and probe the robust-

ness of our results. In particular, we find that the gender match effects on exam grades

are present along the whole grade distribution, pushing female students to obtain excel-

lent rather than just good grades and reducing their probability of failure. In terms of

robustness checks, we show that results are very similar for compulsory courses, ruling

out selective course choices by students as a main driver of our results. Results are also

robust to controlling for student fixed effects, and to restricting the sample to lecturers

that teach both small and large courses in order to account for potential sorting of female

instructors to small versus large classes.

Our paper contributes to a growing literature that investigates female gender match

effects in education.3 Several papers have shown that gender match effects matter for the

educational production in schools (Dee (2005, 2007), Cho (2012), Parades (2014), Antecol

et al. (2015), Muralidharan and Sheth (2016), Lim and Meer (2017, 2020)). Moreover,

exposure to role models in the form of advisors, mentors, or successful practitioners affects

study choices and educational success in higher education, as well as occupational selection

(Blau et al. (2010), Lyle and Smith (2014), Breda et al. (2018), Kofoed and McGovney

(2019), Porter and Serra (2020), Canaan and Mouganie (2021, forthcoming), Agurto

et al (2022)). Similarly, gender match effects at the student-professor level have been

2We use the class size median to determine “small” (at or below median) and “large” (above median)
classes, but verify the robustness to changes in the large-class cutoff. We also show results by class size
decile, finding that gender match effects also exist in medium-sized classes.

3In a recent study, de Gendre et al. (2022) perform a meta analysis of 538 estimates of role model
effects in schools and universities. They complement this with an own investigation of role model effects
in schools, using large-scale, standardized assessment data across 90 countries.
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shown to influence major and course choices at university (Dynan and Rouse (1997),

Rask and Bailey (2002), Bettinger and Long (2005)) as well as student performance

(Hoffmann and Oreopoulos (2009), Carrell et al. (2010)). Importantly, however, the

existing evidence on gender match effects is heavily skewed towards settings with smaller

class sizes, because most well-identified studies exploit random assignment of students to

teachers. Such random assignment, however, rarely happens in larger-class settings. Our

findings add to the literature by providing the first assessment of gender match effects

in small versus large classes within the same university. Our results suggest that the

findings of previous studies, which were mostly conducted in the context of small class

sizes, cannot be generalized to settings with larger classes, which are common in public

universities around the world.

The terms “gender match effects” and “role model effects” are sometimes used in-

terchangeably and are often not precisely defined. Narrowly defined, role models effects

may arise simply because just seeing that a female professor teaches a specific course may

inspire female students in ways that lead to an increase in performance. However, our

finding of a zero female-lecturer female-student interaction in larger classes casts doubt on

role model effects operating in this narrow sense. If just seeing that the professor is female

would be sufficient to trigger sizable role model effects, we should observe them in both

smaller and larger classes. Instead, our main result that gender match effects are only

present in smaller classes points towards the importance of classroom interactions between

students and professors in generating economically meaningful gender match effects. This

is also corroborated by data from student evaluations at the university we study, according

to which smaller classes have more frequent and intense classroom interactions.

Our findings also have important implications for policies aiming at reducing gender

gaps in higher education or, more specifically, to increase the share of females who suc-

cessfully complete STEM programs. Given our results, a policy to attract more female

professors in STEM programs may be effective in achieving these goals if applied in set-
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tings with smaller classes that facilitate student-professor interactions. However, in larger

education programs at public universities or in massive open online courses with little

interaction between students and professors, an increase in the share of female professors

in STEM may not have equally positive effects.

The remainder of the paper is structured as follows. Section 2 discusses the institu-

tional background, describes our data, and lays out our empirical strategy. We present

our results and robustness checks in Section 3. There, we also discuss student-lecturer

interactions as a mechanism explaining gender match effects. Section 4 concludes.

2. Empirical Setup

2.1. Data and Institutional Background

We draw on the universe of bachelor-level exams taken at a medium-sized public

university in Germany between 2006 and 2018. The university has 13 academic depart-

ments that offer different degree programs, which we henceforth call majors or programs.4

For administrative purposes, the departments are further organized into three “sections”:

STEM, Humanities (which includes several social sciences), and a third section consist-

ing of Political Science, Law, and Economics. Undergraduate majors are designed to be

completed in three years, but it is quite common for students to take longer. Majors

generally require a combination of compulsory courses, core elective courses, free elective

courses, and a final thesis for a total of 180 ECTS.5 However, the proportion of each of

these components may vary among different majors. Students choose their major prior

to enrollment. It is possible to change majors later on; however, this may prolong the

duration of one’s studies, as not all previously completed courses are necessarily credited

in the new major.

4We exclude programs that are only taken as minors.
5ECTS stands for European Credit Transfer and Accumulation System. One ECTS point corresponds

to 25 to 30 hours of studying.
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In our setting, an observation is the exam result in a given class taken by a given

student in a given program and semester. We exclude law-related majors, as they have a

very different grading scheme from other programs. This leaves us with 27 majors that

cover STEM, Humanities, Social Sciences, Political Science, and Economics.

Exams are graded on a scale from 1 to 5, with a total of 11 different possible grades.6

Grades between the top grade of 1.0 and 4.0 are passing grades, the grade of 5.0 indicates

a fail. To facilitate comparison, we standardize exam grades at the exam-semester level

with mean 0 and standard deviation 1. We also reversed the usual German ordering so

that higher values indicate better outcomes.

For every exam, there are usually at least two sittings, one immediately after the

course and one several weeks later. Students who fail the first sitting can register for the

second one, but students can also choose to take only the second sitting. In most courses,

students can take at most two sittings. Failing a compulsory course twice typically means

students have to leave their program and cannot enroll into the same program at any

other public university in Germany. We exclude retries, second attempts, and any later

attempts within the same course.7 Courses can have up to two lecturers. We consider a

course as female-taught if at least one of the lecturers is female, but we show below that

our results are robust to alternative codings.

In addition to exam results, our data also contain rich student-level background char-

acteristics that include gender, age, citizenship, and a student’s experience in their major

(which we proxy by the academic year in which the first exam is taken). Based on the

location where students finished high school, we can also construct a dummy for “local”

students, which takes a value of 1 if students completed their high school education in the

county where the university is located. Importantly, our data provide information on the

6Grades starting with 1, 2, and 3 can take three values each (e.g., 1.0, 1.3, and 1.7).
7In some cases, our data have several entries for a given exam-major-student-semester combination

that are all coded as first attempt. If one of the grades is a fail, we consider the course as a fail. When
there are several non-fails, we average the grades over all the attempts.
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GPA of the high school leaving exam, which we use as control for student ability.8 Previ-

ous research has shown that high school grades in Germany are informative about student

ability, as they correlate strongly with earnings (Schwerdt and Woessmann (2017)) and

standardized test scores (Neumann et al. (2011)). In our data, we also observe a clear

positive link between high school and university grades: For a one standard deviation

increase in the high school grade, university grades on average improve by one third of a

standard deviation (also see Appendix Figure A1).9 We thus consider high school GPA

to be a powerful measure of academic ability and a strong predictor of university exam

performance.

We exclude observations where information on any of the student characteristics is

missing. After applying these restrictions, 23,552 exam results were dropped, resulting in

a final sample of 310,554 exam results from 18,592 distinct students.

Summary statistics are shown in Appendix Table A1. While our sample has 14%

more female than male students, female lecturers only account for roughly a quarter of

the courses taken. Female students take more courses taught by female lecturers than

their male counterparts. Female students usually have better exam grades, and come to

university with better high school GPAs and at a slightly younger age. The vast majority

of bachelor students are German citizens, and about 13% of them attended high school

in the county of their university.

8Most of the students at the university we study come from federal states with centralized final high
school exams, which facilitates the comparability of grades. Moreover, we also have information on the
type of high school students attended and on the year in which they took the high school leaving exam.
Our results are robust to allowing the association between high school grades and university exam grades
to vary by the place of the high school, graduation year, and type of high school leaving exam (see
Appendix Table A4).

9Luis Silva et al. (2022) even find that high school grades in Portugal are on average better at
predicting study success at university than university admission tests.
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2.2. Empirical Strategy

We are interested in female gender match effects, i.e., whether female students perform

better when taught by female lecturers. Since students typically choose their program of

study and many of their courses, there are several potential confounders. However, our

data allow us to follow the same lecturers and courses over time, exploiting changes in who

teaches which courses. Specifically, for student i enrolled in program p (e.g., Economics)

taking course c (e.g., Microeconomics I) in semester t (e.g., winter semester 2006/07), we

set up the following model:

gradeipct = βFemaleLecturerct × FemaleStudenti

+ γ′StudentCharsit + λ′LecturerSetct

+ ωp + ξc + τt + εipct, (1)

The outcome of interest, grade, is standardized exam grades. FemaleLecturer is

a dummy for whether the lecturer of course c in semester t is female (if there are two

lecturers: if at least one of the lecturers is female). FemaleStudent is a dummy for

whether student i is female, and the product of the two dummies is our key variable of

interest with associated coefficient β. StudentChars is a vector of student characteristics:

gender, final high school grade (standardized to mean 0 and standard deviation 1 in the

overall sample), age, dummies for having a German citizenship and for having completed

high school in the county where the attended university is located, respectively, and the

starting year in the major (coded as the academic year in which we observe the first exam).

With the exception of age, student characteristics are time-invariant. LecturerSet are

fixed effects for the combination of first and second lecturer. They are similar to lecturer

fixed effects, but differentiate between situations where a lecturer teaches alone or with
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different other lecturers.10 ω denotes fixed effects for the program as part of which student

i takes the course, ξ are course fixed effects, and τ are semester fixed effects. Standard

errors are twoway-clustered at the student and course level.11

Including this demanding set of fixed effects allows us to address multiple possible

confounders in the estimation of gender match effects. In particular, we can account for

different grading standards and gender shares across programs, courses, and over time,

systematic selection of students into courses that are perceived as easy or hard, and

lecturers’ teaching abilities. We identify effects from over-time changes in the gender of

the lecturer(s) who teach a specific course, which could be due to, for example, sabbaticals,

recruitment of new professors, or within-department reshuffling of teaching duties.

One remaining concern is that students systematically respond to changes in lecturer

gender based on their own ability and gender. Below, we therefore also show results

for compulsory courses and courses offered early in the study program, where students

have little or no choice. Moreover, in Appendix Table A2, we assess whether the female-

male student difference in various student characteristics differs between courses taught

by female professors and courses taught by male professors. To do so, we use five pre-

determined student characteristics as outcome variables in the main estimation model

outlined above (Pei et al. (2019)). We show the results of this balancing test across

all classes as well as by class size and type of course (all vs. compulsory). We find

little evidence for systematic differences: From the 30 coefficients of interest, only 4 are

statistically significant at the 5% level, and all coefficients are economically small.12 Most

importantly, we do not observe any sorting of students based on ability as measured by

10This way, all courses taught only by lecturer A get a different lecturer set dummy from courses taught
by lecturer A together with lecturer B.

11To estimate these models with many sets of fixed effects, we use the Stata command reghdfe (Correia
2014).

12Three of the four significant coefficients pertain to student age. In particular, we observe that the
female-male difference in age of students taught by a female lecturer is somewhat smaller than the female-
male age difference of students taught by a male lecturer. However, the magnitude of the difference is
small and we always control for student age in our regressions.
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high school GPA. In addition, Appendix Table A3 shows that female students do not

systematically sort into courses taught by female professors.

3. Results

3.1. Main Results

Figure 1 provides a graphical illustration of our main result. It shows female gender

match effects along deciles of class size. For class sizes in the lowest 5 deciles (correspond-

ing to 74 or fewer students), we find positive, sizable, and statistically significant effects.13

Pairing a female student with a female lecturer improves the student performance by 10–

18% of a standard deviation in smaller classes. In terms of magnitude, the estimated

gender match effects amount to 3–4 times the gender gap in exam performance.14 How-

ever, for class sizes above the median, estimated female gender match effects decrease

substantially in size. For the 6th, 7th and 8th decile in the class size distribution, we

still find positive and sometimes marginally significant coefficients of around 4–8% of a

standard deviation, whereas for the two highest deciles, coefficients are close to 0 and

statistically insignificant. The heterogeneity by class size is also illustrated by the solid

black lines, which depict a separate estimate of female gender match effects for class sizes

below and above the median, respectively.

Table 1 shows our main result in regression table format. In Columns 1 and 2, we

estimate female gender match effects in the whole sample, without or with controlling for

a student’s high school GPA. In both cases, we find statistically significant average effects

of around 7% of a standard deviation. This effect size falls in between previous estimates

of female gender match effects in tertiary education: Hoffmann and Oreopoulos (2009)

13Note that we proxy class size by the number of students taking the final exam. The actual number of
students regularly attending the lectures is likely smaller than the number of exam-takers, as attendance
is typically not compulsory at German universities.

14Conditional on other student characteristics and our set of fixed effects, female students perform 4%
of a standard deviation worse than male students.
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find gains of up to 5% of a standard deviation for the University of Toronto, while Carrell

et al. (2010) report effects of 10% of a standard deviation for the US Air Force Academy.15

Columns 3 and 4 correspond to the solid lines in Figure 1: They show that average female

gender match effects are mostly driven by courses below the class size median, where we

find an effect of 13.1% of a standard deviation. Above the median, the estimate is close

to zero and statistically insignificant. We also report the p-value of a test for equality of

the gender match effects for small and large courses, and can safely reject this hypothesis.

In Table 2, we examine from which part of the grade distribution the estimated female

gender match effects come from. To do so, we replace the continuous grade outcome by a

series of dummies that indicate whether students got an A, B, C, D, or failed. As can be

seen in Panel A, female students that are paired with a female lecturer in a small class are

4.5 percentage points more likely to get an A, are 1.9 percentage points less likely to get

a C, and are 1.5 percentage points less likely to fail a course. Female gender match effects

thus seem to be present along the entire grade distribution: at the top, female students

benefit from having a female lecturer by being more likely to receive excellent rather than

just good grades; at the bottom, gender match effects materialize through a reduced risk

of failing a course.16 For large courses, we do not find gender match effects for any grade

category.

3.2. Robustness

One main worry is that our results simply reflect selection patterns, for instance, be-

cause high-ability female students systematically choose programs or courses with female

lecturers. However, such systematic sorting is unlikely to explain our results. First, we

control for students’ academic ability measured by high school GPA. Second, due to the

15Consistent with our findings, the sample in Hoffmann and Oreopoulos (2009) has larger average class
sizes compared to that in Carrell et al. (2010).

16Additionally, we also run unconditional quantile regressions for grade quantiles 10, 25, 50, 75 and 90
(see Appendix Table A5).
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inclusion of program and course fixed effects, we can rule out that our effects are driven

by selection into programs or courses.

One remaining concern is that high-ability female students take more courses with fe-

male lecturers. If they are particularly likely to do this in small courses — but not in large

courses — this could potentially explain our results. We provide two additional analyses

to address this concern. First, in a specification analogous to our main empirical model,

we can show that female students are not more likely to take female-taught courses. This

holds both among higher-ability and lower-ability students as well as in small and large

courses (see Appendix Table A3). Moreover, we repeat our main analysis for compulsory

courses.17 Table 3 shows female gender match effects of the same magnitude in small

compulsory courses (Column 1) as in small elective courses (Column 2). In large courses,

compulsory or elective, we cannot detect any gender match effects (Columns 3 and 4).

However, some programs have very few compulsory courses, especially in Humanities.

We thus also look at courses taken in the first academic year of the study program, i.e.,

in the first two semesters. These are often basic courses, serving as the foundation of

the more advanced courses in the second and third years of the program. Thus, even

though not all of these early courses are compulsory de jure, there may be the implicit

(or even explicit) recommendation to take these courses early on. Table 3 reveals the

same pattern for courses in the first two semesters as for compulsory courses: We find

a sizable female gender match effect in small courses (Column 5), and a zero effect in

large courses (Column 6). Given that our results also hold in courses that students are

required or recommended to take, we conclude that systematic selection of high-ability

female students to female lecturers is no major concern for our analysis.

Another potential issue in any study of gender match effects using end-of-course grades

as a measure of performance (e.g., Hoffmann and Oreopoulos (2009), Carrell et al. (2010))

17In some programs, students can choose when to take a compulsory course.
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is gender-biased grading, i.e., female graders giving better grades to female students.

For instance, Jansson and Tyrefors (2022) find evidence for same-sex bias in grading

when exams are not anonymous. However, the institutional setting in our study renders

gender-biased grading unlikely. Written exams are usually graded blind, with graders

only knowing the student ID of the examinees, not their name or gender.18 In addition,

exams are typically graded by teaching assistants and not by the lecturers themselves.

Lecturers are therefore unlikely to know the gender of a student who wrote a given exam.

The one major exception to this are so-called “seminars,” where students usually write

and present a term paper. In these courses, a student’s identity is known to the grader.

However, the class size of seminars is usually very small. In the Economics Department,

for example, seminars are capped at 12 students. Given that gender match effects are

also present in courses with 20, 30, and even 70 students (see Figure 1), gender-biased

grading is unlikely to explain our findings.

A number of additional exercises, discussed in detail in the appendix, confirm the

robustness of the results. These robustness checks include adding student fixed effects or

program-by-semester fixed effects, applying alternative definitions of “female-taught” or

“large” courses, allowing the effect of high school GPA to vary by high school type, loca-

tion, and graduating year, and excluding students who drop out early. We also find that

female gender match effects in small courses do not differ much along the three broad aca-

demic fields of the studied university (Economics/Political Science, STEM, Humanities)

or along students’ ability distribution. Moreover, while we have addressed the potential

sorting of (high-ability) female students to courses taught by female instructors, another

worry might be that (high-ability) female lecturers sort to small courses. However, we

show that our results are robust to restricting the sample to lecturers who teach both

large and small courses. We can also rule out that our results are driven by the fact that

18Oral examinations are a possibility, but occur rarely. For instance, in the Economics Department
there is no class where the grade is exclusively determined by an oral examination.
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female lecturers are typically younger than male lecturers, potentially affecting their style

of teaching, by allowing lecturer age to have a differential effect by student gender.

3.3. The Role of Student-Lecturer Interactions

Our evidence suggests that female gender match effects in higher education exist, but

are strongly dependent on class size as they are not present in large courses. But why do

these gender match effects exist, and why do they depend on class size? On the former

question, we believe we have ruled out preferential grading and non-random assignment

of students to lecturers. However, this still leaves at least two potential explanations:

One explanation is gender-specific teaching skills, i.e., women might be better than men

at teaching women. Another explanation is role model effects in a narrow sense, i.e.,

female lecturers motivating female students to do better. The difference between the two

explanations is subtle, and we cannot distinguish between them empirically.

What can explain the class size gradient in female gender match effects? We believe

that the intensity of student-teacher interactions is important. These interactions are

likely more frequent and of higher quality in smaller classes. Appendix Table A8 corrobo-

rates this claim based on data from course evaluations in the Economics Department. We

observe that the larger the course, the less students feel that they can make comments,

get useful feedback, or have the opportunity to ask questions.

The psychological literature also suggests the importance of student-teacher interac-

tions. For instance, Buck et al. (2008) find that feeling a strong personal connection is

necessary for being seen as a role model. Naturally, it seems easier to develop a personal

connection with a lecturer in a small class than in an anonymous mass lecture. Addi-

tionally, Stout et al. (2010) show that female students are more likely to participate in

class and seek help if their professor is female. It is likely that such behavior is more pro-

nounced in small classes, where there is more opportunity to ask questions and interact

with the professors.
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It is worth considering potential alternative explanations for why female gender match

effects mainly exist in smaller classes, although we cannot provide direct evidence for

them. One possibility is that room size and climate may play a role, with larger classes

potentially being louder and more difficult to concentrate in. Additionally, attendance

may be lower in larger classes, reducing opportunities for students to interact with their

professors. Another potential explanation is that the importance of teaching assistants

(vis-à-vis professors) may be higher in larger classes, so the gender (and teaching style)

of the professor matters less. Lastly, it is possible that students simply learn less in larger

classes, which could also account for the absence of gender match effects.

These potential mechanisms reinforce the main message of the paper, namely that the

female gender match effects observed in the literature are unlikely due to a simple role

model effect of “seeing is believing”. If such role model effects were the only explanation,

we would also expect to observe them in larger classrooms. However, the fact that gender

match effects depend on classroom size suggests that the mechanisms underlying these

effects may be more complex and context-dependent than previously thought.

4. Conclusion

We study whether female gender match effects in higher education depend on class

size. To do so, we exploit rich administrative records from a German university, which

cover all programs and courses in the period 2006 to 2018. We find that female gender

match effects are substantial in smaller classes, implying performance gains of 13% of a

standard deviation and a reduction in the probability of failing an exam by 1.5 percentage

points if female students are taught by a female professor rather than a male professor.

In contrast, there are no female gender match effects in large classes.

We are the first to show this quantitatively important interaction between female

gender match effects and class size. Our results complement the growing empirical lit-

erature that investigates gender match effects in education, which, however, is heavily
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skewed towards settings with smaller classes. In particular, our findings call into question

the generalizability of findings on female gender match effects from studies that exploit

random assignments of students to several classes of smaller size.

Our findings also offer insights into the nature of female gender match effects. The

mere knowledge that one’s professor is female, which also students in large classes have,

is apparently in itself not enough to increase the performance of female students. This

suggests that the idea that gender match effects occur simply because female students are

inspired by seeing another woman excel in a subject to the point of becoming a professor

is too simplistic. Rather, our results suggest that gender match effects require direct and

frequent interactions between students and professors, which is more typical in smaller

classes.

Finally, our results also have important policy implications. Enrollment in tertiary

education has increased in many countries in recent years, and the COVID-19 pandemic

has led to an increase in online education options in tertiary education, including massive

open online courses. These developments may result in more settings with larger class

sizes and less direct and frequent interactions between students and professors. Our results

suggest that this trend towards more online education may weaken the impact of policies

designed to increase female graduation rates in traditionally male-dominated fields (such

as STEM) by increasing gender diversity among professors.
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Figures and Tables

Figure 1: Class size heterogeneity of female gender match effects

Notes: Figure shows estimated female gender match effects and their 95% confidence intervals by class
size decile. Dependent variable: Exam grades, standardized to mean 0 and std. dev. 1 at the exam-
semester level. Estimations control for student characteristics (gender, high school GPA, age, German
citizenship, being a local student, and first year in major) and for class size decile, program, course,
semester, and lecturer set fixed effects. Black lines depict average female gender match effects for class
sizes below and above the median, respectively (see Columns 3 and 4 of Table 1 for details). Data source:
Administrative student records.
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Table 1: Female gender match effects by class size

(1) (2) (3) (4)
Female lecturer 0.071*** 0.073*** 0.131*** 0.018

× female student (0.019) (0.018) (0.018) (0.029)
Student characteristics

High school GPA 0.435*** 0.379*** 0.494***
(0.007) (0.007) (0.009)

Female student 0.035** -0.060*** -0.069*** -0.060***
(0.014) (0.013) (0.014) (0.017)

Student age -0.035*** -0.007*** -0.004 -0.012***
(0.003) (0.002) (0.002) (0.003)

Native student 0.376*** 0.227*** 0.205*** 0.234***
(0.031) (0.027) (0.032) (0.036)

Local student -0.138*** -0.128*** -0.112*** -0.143***
(0.017) (0.013) (0.015) (0.018)

First year in major 0.016** 0.014** 0.005 0.028***
(0.007) (0.006) (0.006) (0.010)

Class size All All Small Large
p-value large = small <.001
Observations 310,554 310,554 155,591 154,960

Notes: Dependent variable: Exam grades, standardized to mean 0 and std. dev. 1 at the exam-
semester level. High school GPA standardized to mean 0 and std. dev. 1 in the overall sample. All
regressions control for program, course, semester, and lecturer set fixed effects. Small courses have 74
or fewer students, large courses have 75 or more students. Students’ migration background is based on
citizenship. Standard errors, twoway-clustered at the student and course level, in parentheses. In the
bottom of the table, we report the p-value of a test for the equality of the gender match effects in small
and large classes, based on a model that includes interactions between all variables and a dummy for
small courses. Significance levels: * p< .10, ** p< .05, *** p< .01. Data source: Administrative student
records.
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Table 2: Female gender match effects for different grade categories in small classes

(1) (2) (3) (4) (5)
Dep Var: A B C D Fail

Panel A: Small Classes
Female lecturer 0.045*** -0.006 -0.019*** -0.005 -0.015***

× female student (0.007) (0.007) (0.005) (0.003) (0.004)
Mean dependent variable 0.286 0.380 0.179 0.066 0.089
Observations 155,591 155,591 155,591 155,591 155,591

Panel B: Large Classes
Female lecturer 0.002 0.005 -0.006 -0.002 0.001

× female student (0.006) (0.010) (0.006) (0.006) (0.007)
Mean dependent variable 0.134 0.293 0.267 0.136 0.169
Observations 154,960 154,960 154,960 154,960 154,960

Notes: Dependent variable: Binary variables indicating the four major grade categories (Columns 1–4)
and binary variable taking a value of 1 if the student failed the exam, zero otherwise (Column 5). All
regressions control for student characteristics (gender, high school GPA, age, German citizenship, being
a local student, and first year in major) and for program, course, semester, and lecturer set fixed effects.
In Panel A, sample is restricted to classes with 74 or fewer students; in Panel B, sample is restricted to
classes with 75 or more students. Standard errors, twoway-clustered at the student and course level, in
parentheses. Significance levels: * p< .10, ** p< .05, *** p< .01. Data source: Administrative student
records.

Table 3: Female gender match effects by class size: Compulsory vs. elective courses

(1) (2) (3) (4) (5) (6)
Female lecturer 0.118*** 0.132*** 0.029 0.002 0.139*** 0.010

× female student (0.041) (0.019) (0.028) (0.048) (0.038) (0.033)

Course type Comp. Elect. Comp. Elect. First 2 semesters
Class size Small Small Large Large Small Large
Observations 22,444 133,114 101,224 53,713 36,474 90,964

Notes: Dependent variable: Exam grades, standardized to mean 0 and std. dev. 1 at the exam-
semester level. All regressions control for student characteristics (gender, high school GPA, age, German
citizenship, being a local student, and first year in major) and for program, course, semester, and lecturer
set fixed effects. Small courses have 74 or fewer students, large courses have 75 or more students. Standard
errors, twoway-clustered at the student and course level, in parentheses. Significance levels: * p< .10,
** p< .05, *** p< .01. Data source: Administrative student records.
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Appendix

Figure A1: Relationship between exam grades and high school GPA

Notes: Binned scatterplot of the bivariate relationship between exam grades and final high school GPA.
Exam grades are standardized to mean 0 and std. dev. 1 at the exam-semester level. High school GPA
is standardized to mean 0 and std. dev. 1 in the overall sample. For both grade variables, the usual
German ordering is reversed so that higher values indicate better outcomes. Data source: Administrative
student records.
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Table A1: Summary statistics

Overall Females Males
Mean Med SD Mean Med SD Mean Med SD

Panel A: Exam-level variables
Female lecturer 0.272 0 0.445 0.321 0 0.467 0.213 0 0.410
Exam grade 0 0.149 0.976 0.032 0.185 0.946 -0.038 0.099 1.010
Failed exam 0.129 0 0.335 0.103 0 0.303 0.160 0 0.367
Class size 121.1 74 131.1 111.0 70 122.3 133.1 80 140.0
Observations 310,554 168,788 141,766

Panel B: Student-level variables
Female student 0.532 1 0.499
HS GPA -0.149 -0.073 1.017 -0.049 -0.073 1.002 -0.262 -0.236 1.022
Age student 21.377 20.933 2.879 21.264 20.780 2.975 21.505 21 2.759
Native student 0.967 1 0.180 0.964 1 0.185 0.969 1 0.173
Local student 0.127 0 0.334 0.111 0 0.314 0.147 0 0.354
First year in major 2011.7 2012 3.9 2011.7 2012 4.0 2011.8 2012 3.8
Observations 18,592 9,890 8,702

Notes: Table presents summary statistics for exam-level variables (Panel A) and student-level variables
(Panel B). HS GPA refers to the final high school GPA; standardized to mean 0 and std. dev. 1 in the
overall sample. Students’ migration background is based on citizenship. Local students completed their
high school in the county where the university is located. First year refers to the first academic year in
which a student appears in our data in a given major. Data source: Administrative student records.
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Table A2: Balancing tests

Female gender match effect coefficient in
All classes Small classes Large classes Comp. Small comp. Large comp.

(1) (2) (3) (4) (5) (6)
Outcome variable:
HS GPA -0.006 -0.010 0.006 0.000 -0.033 0.007

(0.012) (0.019) (0.011) (0.015) (0.047) (0.015)
Age student -0.104** -0.176** 0.007 -0.047 -0.355** 0.004

(0.050) (0.072) (0.043) (0.061) (0.168) (0.055)
Native student -0.001 -0.001 -0.002 -0.001 0.015** -0.003

(0.002) (0.004) (0.003) (0.003) (0.008) (0.004)
Local student 0.004 0.008 0.000 0.002 0.006 0.000

(0.005) (0.007) (0.004) (0.006) (0.016) (0.005)
First year in major 0.002 0.021 -0.017 0.007 0.021 0.005

(0.013) (0.016) (0.017) (0.010) (0.035) (0.010)
Observations 310,554 155,591 154,960 123,673 22,444 101,224

Notes: Table shows results from regressing a number of predetermined student characteristics on the
interaction of female student and female lecturer. All regressions control for the student being female and
for program, course, semester, and lecturer set fixed effects, as well as for the four student characteristics
that are not used as outcome variable in the respective regression. Columns 1–3 report results for
compulsory and elective courses, Columns 4–6 report results for compulsory courses only. Small courses
have 74 or fewer students, large courses have 75 or more students. HS GPA refers to the final high school
GPA; standardized to mean 0 and std. dev. 1 in the overall sample. Students’ migration background is
based on citizenship. Local students completed their high school in the county where the university is
located. First year refers to the first academic year in which a student appears in our data in a given
major. Standard errors, twoway-clustered at the student and course level, in parentheses. Significance
levels: * p< .10, ** p< .05, *** p< .01. Data source: Administrative student records.
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Table A3: Female course choice effects

(1) (2) (3) (4) (5)
Female student -0.000 0.000 -0.000 0.000 -0.000

(0.001) (0.001) (0.001) (0.001) (0.001)

Class size All All All Small Large
Student high school GPA All Above median Below median All All
Observations 310,554 138,233 169,940 310,554 310,554

Notes: Dependent variable: Dummy for whether the course is taught by at least one female lecturer
(Columns 1–3). In Column 4 (Column 5), the dummy is set to 1 if the course is female-taught and the
course size is 74 students and below (above 74 students). In Column 2 (Column 3), we consider only
student with an above-median (below-median) final high school GPA. All regressions control for student
characteristics (high school GPA, age, German citizenship, being a local student, and first year in major)
and for program, course, and semester fixed effects. Standard errors, twoway-clustered at the student
and course level, in parentheses. Significance levels: * p< .10, ** p< .05, *** p< .01. Data source:
Administrative student records.

Table A4 shows the robustness of our results to different specifications and parame-

terizations. As discussed in Section 2.2, classes can have up to two lecturers. In our main

analysis, we keep all classes and define a course as female-taught if at least one lecturer

is female. We check the robustness of our results to this definition in Panels A and B. In

Panel A, we restrict the sample to classes with only one lecturer, where the definition of a

female-taught course is unambiguous. In Panel B, we keep all classes, but define a course

as female-taught if both lecturers are female. Our results are robust to both alternative

definitions of female-taught courses.

One worry regarding the marked difference in the gender match effects for small and

large courses is that the two types of courses may be taught by systematically different

lecturers. To alleviate this concern, we restrict the sample to courses where at least one of

the lecturers taught at least one large and one small course over our period of observation.

The size of the interaction term, shown in panel C of Table A4, is somewhat smaller than

in the baseline, but the results show the same pattern: Positive and significant female

gender match effects for small courses, none for larger ones. Panel D further explores

the role of teacher characteristics by considering teacher age. Given that female lecturers

are on average younger than male ones, our estimated gender match effects could also be
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due to female students reacting differentially to younger lecturers. We therefore interact

teacher age with student gender and include this as an additional control.19 Our results

are not affected by adding this control, indicating that our gender match effects are not

simply age effects.

In Panel E of Table A4, we account for variation in school quality in Germany over

time and across space by interacting the student high school GPA with indicators of

the location of the high school, graduation year, and broad types of high school leaving

exam.20 Again, our results remain essentially unchanged.

In a similar vein, Panel F of Table A4 makes use of the fact that we observe several

exams per student, allowing us to account for student fixed effects. Coefficients decrease

by about half in this specification, however without altering our basic pattern: A sizable

female gender match effect in small classes and no effect in large classes. Another potential

confounder could be that specific departments hired more female lecturers over time and

also changed exam standards, entry requirements, or other aspects of teaching. In Panel

G, we therefore include major-by-semester fixed effects. Results are virtually identical to

our baseline findings.

One possibility for students to differentially select into courses taught by men or

women might be by postponing courses. In Panel H of Table A4, we thus define the

usual study semester in which a given course is taken by calculating the modal study

semester in which students in a given major take this exam. Based on this, we create a

dummy variable indicating whether students take the course in the usual study semester

(or earlier). Including this indicator as an additional control variable does not affect our

19When there are two lecturers, we take the average of their ages. We lose observations since our
dataset does not provide birth year information for every lecturer.

20Location is measured by the county of high school graduation for students who graduated from high
school in Germany. For students who completed high school abroad, we use the country of graduation.
The most common type of high school leaving exam is the regular “Abitur” taken at standard upper sec-
ondary high schools. Other common types include Abitur at more specialized high schools, diplomas that
allow university attendance only in some specific programs (“fachgebundene Hochschulreife”) or various
types of vocational or second-chance education programs that award a university entrance qualification.
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results. The same holds for Panel I, where we exclude students who studied less than

three semesters in their major. The latter check shows that our results are not driven by

students who drop out early.

In our main analysis, we have defined large and small classes based on the median of

the overall class size distribution. Based on the idea that the intensity of student-teacher

interaction depends on class size, we consider this to be the most sensible approach. This

is also in line with the pattern observed in Figure 1, showing that female gender match

effects strongly decrease above the median of the class size distribution. However, one

disadvantage of this approach is that some majors are very small and might thus not have

many large classes, whereas for other majors, most classes might be large. In Panel J

of Table A4, we therefore use major-specific medians to define large and small classes.

This change in the definition of the class size cutoff leaves our results for small classes

unchanged, as we continue to find a large female gender match effect. However, we now

also observe a statistically significant, albeit much smaller, effect in large classes. This

is likely due to the fact that in some majors, “large” classes by our definition are in fact

small. In the programs “Slavistic”and “Cultural Studies of Antiquity”, for example, the

median number of exam takers is 7. In “French Studies”, the median is 8.

Finally, in Panel K, we check whether our results depend on the standardization of

exam grades at the exam-semester level. We use raw exam grades that follow the German

system from 1 (very good) to 5 (fail). In line with this new ordering, we now obtain a

negative point estimates on the female lecturer female student interaction, but otherwise

the same qualitative result: In small classes, female students paired with female lecturers

receive significantly better (i.e., lower) grades, which is not the case in large classes.
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Table A4: Robustness

Class size All Small Large
(1) (2) (3)

Panel A: Classes with only one lecturer
Female lecturer 0.081*** 0.132*** 0.029

× female student (0.019) (0.018) (0.034)
Observations 279,930 142,550 137,377

Panel B: Alternative treatment definition: Both lectures female
Female lecturer 0.077*** 0.129*** 0.024

× female student (0.019) (0.018) (0.033)
Observations 310,554 155,591 154,960

Panel C: Only lecturers that teach both large and small courses
Female lecturer 0.054** 0.112*** 0.033

× female student (0.026) (0.029) (0.031)
Observations 207,603 64,339 143,261

Panel D: Controlling for lecturer age × student gender
Female lecturer 0.087*** 0.135*** 0.035

× female student (0.019) (0.019) (0.028)
Observations 266,039 129,483 136,556

Panel E: Additional high school controls
Female lecturer 0.065*** 0.117*** 0.014

× female student (0.017) (0.017) (0.027)
Observations 310,465 155,359 154,737

Panel F: Controlling for student fixed effects
Female lecturer 0.038** 0.071*** 0.002

× female student (0.016) (0.016) (0.025)
Observations 310,095 154,393 153,700

Panel G: Controlling for major × semester fixed effects
Female lecturer 0.073*** 0.132*** 0.018

× female student (0.018) (0.018) (0.028)
Observations 310,550 155,587 154,922

Panel H: Controlling for taking a course at the usual time
Female lecturer 0.074*** 0.133*** 0.019

× female student (0.019) (0.018) (0.029)
Observations 299,616 145,638 153,975

Panel I: Dropping students who study less than 3 semesters in major
Female lecturer 0.079*** 0.129*** 0.025

× female student (0.019) (0.018) (0.030)
Observations 286,683 150,429 136,249

Panel J: Using major-specific medians to define large courses
Female lecturer 0.073*** 0.141*** 0.063***

× female student (0.018) (0.027) (0.021)
Observations 310,554 53,511 256,746

Panel K: Raw exam grades
Female lecturer -0.059*** -0.114*** -0.012

× female student (0.019) (0.018) (0.030)
Observations 310,554 155,591 154,960

Notes: Dependent variable: Exam grades, standardized to mean 0 and std. dev. 1 at the exam-semester
level (raw exam grades in Panel K). All regressions control for student characteristics (gender, high school
GPA, age, German citizenship, being a local student, and first year in major — the only exception being
Panel F, where these get captured by the student fixed effects) and for program, course, semester, and
lecturer set fixed effects. With the exception of Panel J, small courses have 74 or fewer students, large
courses have 75 or more students. In Panel E, we allow the effect of the high school GPA to vary by
the place of the high school, graduation year, and type of high school leaving exam. Standard errors,
twoway-clustered at the student and course level, in parentheses. Significance levels: * p< .10, ** p< .05,
*** p< .01. Data source: Administrative student records.



In Table 2, we explored the size of gender match effect for different grade categories,

finding effects along the whole distribution. In Table A5, we complement this analysis

by running unconditional quantile regressions for the sample of small courses.21 We find

positive and significant gender match effects at the 10th, 25th, 50th, 75th, and 90th

percentile of the grade distribution. The effects are most pronounced at the top and

median of the grade distribution.

Table A5: Quantile regression results for small classes

(1) (2) (3) (4) (5)
Female lecturer 0.128*** 0.172*** 0.168*** 0.084*** 0.047***

× female student (0.026) (0.021) (0.019) (0.011) (0.015)

Percentile 10th 25th 50th 75th 90th

Notes: 155,591 observations. Dependent variable: Exam grades, standardized to mean 0 and std. dev.
1 at the exam-semester level. All regressions control for student characteristics (gender, high school
GPA, age, German citizenship, being a local student, and first year in major) and for program, course,
semester, and lecturer set fixed effects. Small courses have 74 or fewer students, large courses have 75 or
more students. Standard errors based on a bootstrap with 100 repetitions. Significance levels: * p< .10,
** p< .05, *** p< .01. Data source: Administrative student records.

In Table A6, we explore the heterogeneity of our results by broad academic field. The

university we study is divided into three sections: (i) Political Science & Economics, (ii)

STEM (including Psychology), and (iii) Humanities.22 As can be seen in the bottom of

the table, the three sections differ substantially in female lecturer share and class size.

While most of the classes in the Economics & Political Science section are above the

median in size, the opposite is true for the Humanities section. However, in spite of these

differences, our key results hold in all three sections: Positive female gender match effects

in small classes, and no effects in large classes. Intriguingly, we find female gender match

effects to be strongest for STEM disciplines, which is the section with the lowest share of

female lecturers (Columns 2 and 5). In STEM fields, there is even a positive and sizable

21To implement this, we use the rifhdreg command for Stata (Rios-Avila 2020). Quantiles are over the
within-course standardized grade.

22The Law Department is also part of the section of Political Science and Economics. However, as
explained in Section 2.1, we exclude law programs from our analysis.
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female gender match effect in large classes (Column 5), just shy of statistical significance

at conventional levels (p=0.15).

Table A6: Female gender match effects by class size and broad field

(1) (2) (3) (4) (5) (6)
Female lecturer 0.078** 0.181*** 0.118*** -0.005 0.046 -0.017
× female student (0.030) (0.036) (0.026) (0.041) (0.032) (0.052)

Class size Small Small Small Large Large Large
Broad field Econ & PolSci STEM Humanities Econ & PolSci STEM Humanities
Fem. lecturer share 0.333 0.220 0.404 0.232 0.174 0.280
Observations 27,050 55,765 74,243 77,446 64,589 17,248

Notes: Dependent variable: Exam grades, standardized to mean 0 and std. dev. 1 at the exam-semester
level. All regressions control for student characteristics (gender, high school GPA, age, German citi-
zenship, being a local student, and first year in major) and for program, course, semester, and lecturer
set fixed effects. Small courses have 74 or fewer students, large courses have 75 or more students. The
allocation of programs to broad fields follows the administrative division of the university. Econ & PolSci
includes the programs Economics and Political & Administration Sciences. STEM includes the pro-
grams Biological Sciences, Chemistry, Computer Science, Information Engineering, Life Science, Financial
Mathematics, Mathematics, Molecular Materials Science, Nanoscience, Physics, Psychology. Humanities
includes the programs British and American Studies, German Literature, French Studies, History, Italian
Studies, Cultural Studies of Antiquity, Literature-Art-Media, Philosophy, Slavistik/Literature, Sociology,
Spanish Studies, Linguistics, Sports science. Financial Mathematics is offered jointly by the Department
of Mathematics and the Department of Economics and is allocated to both Econ & PolSci and STEM.
Standard errors, twoway-clustered at the student and course level, in parentheses. Significance levels:
* p< .10, ** p< .05, *** p< .01. Data source: Administrative student records.
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Do the benefits of being matched with a female lecturer accrue rather to high-ability or

to low-ability female students? We investigate this question in Table A7, using students’

high school GPA as a measure of academic ability. Columns 1 and 2 of Table A7 report

results for students with a high school GPA above the median, Columns 3 and 4 restrict

the sample to students with a below-median high school GPA. In both groups, we find

that female students benefit from being paired with a female lecturer in a small class,

while high-ability students benefit even somewhat more (14.8% of a standard deviation,

compared to 12.4% of a standard deviation for lower-ability students) (Columns 1 and 3).

High-ability female students even benefit from having a female lecturer in large classes,

albeit to a smaller extent than in small classes (Column 2).

Table A7: Female gender match effects by class size and high school GPA

(1) (2) (3) (4)
Female lecturer 0.148*** 0.058* 0.124*** -0.006

× female student (0.027) (0.031) (0.023) (0.032)

Class size Small Large Small Large
Student high school GPA Above median Below median
Observations 65,198 72,974 87,921 81,977

Notes: Dependent variable: Exam grades, standardized to mean 0 and std. dev. 1 at the exam-
semester level. All regressions control for student characteristics (gender, high school GPA, age, German
citizenship, being a local student, and first year in major) and for program, course, semester, and lecturer
set fixed effects. Small courses have 74 or fewer students, large courses have 75 or more students. Standard
errors, twoway-clustered at the student and course level, in parentheses. Significance levels: * p< .10,
** p< .05, *** p< .01. Data source: Administrative student records.
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Table A8: Differences in lecturer-student interactions by class size from student evalua-
tions

Dep Var: Can make Get useful Opportunities
questions and comments feedback to ask questions
(1) (2) (3) (4) (5) (6)

Class size -0.001*** -0.002*** -0.002**
(0.000) (0.001) (0.001)

Large class -0.232*** -0.404*** -0.327**
(0.080) (0.131) (0.122)

Mean Dep Var 4.574 4.258 4.469
Observations 71 71 46
Notes: Dependent variable: Course average of student replies to the questions indicated in the column
header. The full questions read: “I feel I can ask questions and make comments at any time” (Columns
1 and 2); “I get useful feedback and advice from the lecturer when I ask” (Columns 3 and 4); “I have
enough opportunities to ask questions” (Columns 5 and 6). Responses were given on a 5-point Likert
scale, ranging from “strongly agree” (=5) to “strongly disagree” (=1). Large class is a binary variable,
taking a value of 1 if the course had more than 74 filled-out evaluations, zero otherwise. Robust standard
errors in parentheses. Significance levels: * p< .10, ** p< .05, *** p< .01. Data source: Student
evaluations from all Economics classes for the winter semester 2018/19.
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