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Abstract

This study examines whether gender differences in teacher-assigned grades vary
systematically across subjects. Using data from German secondary schools, I compare
teacher-assigned grades with anonymously graded standardized test scores within a
difference-in-differences framework. Across six core subjects spanning the humanities
and STEM, I find systematic grading differentials favoring female students. The
estimated differential is largest in German and Math and substantially smaller
in English and the sciences, indicating considerable cross-subject heterogeneity.
The differential also varies markedly by school track and teacher experience, with
systematically larger estimates in the academic track and particularly pronounced

differentials among novice teachers.
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1 Introduction

School grades shape students’ educational trajectories, self-perceptions, and later opportu-
nities. In most OECD countries, girls outperform boys in several educational outcomes,
including average grades and university entrance qualifications (OECD 2025a). Yet inter-
national achievement tests show a different pattern, with girls scoring higher in reading and
boys scoring higher in Math (Machin and Pekkarinen 2008; OECD 2025b). This divergence
raises the question of whether teacher assessments reflect only subject-specific achievement
or also gender-related differences in how performance is perceived and rewarded.

This paper examines whether gender differences in teacher-assigned grades vary system-
atically across core subjects spanning the humanities and STEM. Using student-level data
from German secondary schools, I compare teacher-assigned grades with anonymously
graded standardized test scores in a difference-in-differences (DiD) framework. I find
female-favoring grade—test differentials across all analyzed subjects. The magnitude of
these differentials varies substantially across subjects, school tracks, and teacher experience.

Most studies comparing teacher-graded and externally graded assessments document
gender-related grading patterns that tend to favor girls. Focusing primarily on language
and Math, this literature finds that girls receive higher grades than boys with comparable
achievement (e.g., Lavy 2008; Cornwell et al. 2013; Falch and Naper 2013; Terrier 2020;
Di Liberto et al. 2022; Contreras 2024). Yet the evidence is not uniform. Hinnerich
et al. (2011) find no grading bias in Swedish language exams, Jansson and Tyrefors (2025)
document an opposite gender differential in a university setting,! and Nennstiel and Gilgen
(2024) find heterogeneous gender differentials across subjects in Germany. Despite this
growing body of work, evidence remains limited on whether these patterns generalize
across a wider range of subjects and which features of the learning environment shape
these differentials.

This study makes two main contributions. First, whereas prior work typically concen-

!Their setting differs from that of the present study, as they examine a university-wide anonymization
reform and find that anonymous grading improves female students’ grades relative to those of male
students.



trates on Math and/or language, I provide subject-spanning evidence on gender-related
grade-test differentials across the humanities and STEM in German secondary schools.
Second, I document novel heterogeneity in the grade—test differential by school track and

teachers’ years of experience, dimensions that are rarely examined in the literature.
)

2 Data and Empirical Strategy

2.1 Data

The analysis uses nationally representative repeated cross-sectional surveys of ninth-grade
students provided by the Institute for Educational Quality Improvement (IQB). I use
the 2008/09, 2012, 2015, and 2018 waves, covering students aged 14-15. Achievement in
German and English was assessed in 2008/09 and 2015, whereas Math and the science
subjects (Biology, Chemistry, and Physics) were assessed in 2012 and 2018. The sample is
drawn in two stages: schools are selected first, followed by one or two randomly chosen
classes per school. Participation is mandatory for sampled public schools.

For each subject, two performance measures are observed: (i) teacher-assigned grades
from the first semester and (ii) standardized achievement test scores in the corresponding
subject.? Grades are assigned by the subject teacher and are based on written exams and
oral participation. In Germany, grades range from 1 (very good) to 6 (fail); I rescale them
so that higher values indicate better performance.

The standardized tests are externally administered and scored, and closely resemble
PISA in format. They are aligned with national curricula and therefore capture the
same subject-specific competencies as school grades. The tests do not affect students’
grades, and neither teachers nor students receive individual-level test results. Test scorers
receive no information about students or schools. Linked student, teacher, and principal

questionnaires provide information on students’ socioeconomic background as well as

2First-semester grades are awarded in January, and standardized tests follow in spring, implying a
short interval during which substantial changes in relative gender performance are unlikely. Grades are
school-reported, avoiding recall and reporting bias.



teacher and school characteristics.?

Depending on the subject, the sample comprises between 31,590 (Biology) and 49,548
(German) students, yielding twice as many observations in the stacked DiD estimation.
Appendix Table A.1 reports summary statistics, and Appendix Figure B.1 plots the
gender-specific distributions of grades and test scores. Across all six subjects, girls are
more likely than boys to receive higher grades. Test scores, however, are more evenly

distributed: female students outperform male students in most subjects, with the exception

of Math and Physics.

2.2 Empirical Strategy

Following Lavy (2008), I exploit within-student variation between teacher-assigned grades
(non-blind) and anonymously scored standardized tests (blind) in a difference-in-differences

(DiD) framework. Pooling both measures for each student, I estimate:

Yip =+ F, +yNBy+ 6(F; x NBy) + €5, (1)

where Y, denotes student i’s outcome on assessment type b € {blind, non-blind}.* F;
is an indicator equal to one for female students, and N B, is an indicator equal to one
for non-blind teacher-assigned grades and zero for blind test scores. The coefficient
captures the average female-male gap in blind test scores, while v captures the average
difference between non-blind and blind assessments for male students. The coefficient
of interest is ¢, which measures the differential gender gap in non-blind teacher-assigned
grades relative to blind standardized test scores. A positive ¢ implies that girls receive
higher teacher-assigned grades than boys, relative to the gender gap in blind test scores.
This gap may reflect either teacher bias in grading or teachers rewarding non-cognitive

traits not captured by blind standardized tests, such as effort or compliance.

3For a more detailed description of the data and the two performance measures, see Bredtmann et al.
(2024). Information on how to obtain access to the underlying data is provided in Appendix C.

4To ensure comparability across assessment types, I standardize grades and test scores separately by
subject and survey wave, using the full sample for each subject-wave combination, so that each measure
has a mean of zero and a standard deviation of one.



Identification relies on the assumption that, absent differential grading, the female-male
gap would not differ systematically between blind test scores and non-blind teacher-assigned
grades. This assumption is plausible because the blind tests are scored without knowledge
of students’ identity, ensuring that blind scores are free of gender-related assessment effects,
and because they are closely aligned with national curricula, so that both assessments
measure the same underlying competencies. I estimate Eq. (1) separately by subject.
Standard errors are clustered at the class level, and all regressions are weighted using

student sampling weights.

3 Results

3.1 Baseline Results

Table 1 reports estimates of Eq. (1) separately by subject. Female students outperform
male students on the blind standardized test in all subjects except Math, where boys
score significantly higher, and Physics, where the gender gap is small and statistically
insignificant. Male students, in turn, receive significantly lower teacher-assigned grades

relative to their blind test performance in all subjects except Biology.

Table 1: Grading Differential by Subject — DiD Results

Humanities Subjects STEM Subjects
German English Math Biology Chem. Physics
(1) (2) (3) (4) () (6)

Female 0.229*** 0.159*** —0.162***  0.196***  0.038** —0.021

(0.018) (0.018) (0.017) (0.019) (0.019) (0.019)
Non-blind —0.133"** —0.078"** —0.120"** —0.037 —0.058**  —0.052**

(0.024) (0.025) (0.022) (0.023) (0.026) (0.024)
Female x Non-blind 0.268*** 0.157***  0.238***  0.073***  0.114***  0.102***

(0.019) (0.019) (0.018) (0.022) (0.022) (0.022)
Observations 99,096 96,630 76,000 63,180 66,836 64,794
Clusters 2,517 2,469 3,755 3,140 3,282 3,202
Adjusted R2 0.037 0.016 0.004 0.014 0.003 0.001

Notes: Coefficient estimates are obtained by estimating Eq. (1) separately by subject. Standard errors, reported in
parentheses, are clustered at the class level. All regressions are weighted using student sampling weights. Significance
levels: *** 1%, ** 5%, * 10%.

The coefficient of primary interest is that on the interaction term Female x Non-blind.

4



The coefficient is positive and statistically significant across all six subjects, indicating
that the female—male gap is larger in teacher-assigned grades than in anonymously graded
tests. This finding is consistent with a systematic grading differential in favor of girls (e.g.,
Lavy 2008; Kiss 2013; Terrier 2020; Contreras 2024). The magnitude of this differential
varies markedly across subjects: it is largest in German (0.27 SD) and Math (0.24 SD),
more moderate in English (0.16 SD), and smaller in the science subjects (0.07 to 0.11 SD).
On the original grade scale, these estimates correspond to an advantage of about 0.07 to
0.25 grade points for female students.® Robustness checks using alternative OLS and IV
specifications yield similar qualitative patterns (see Appendix Tables A.2 and A.3).

The pronounced differential in German may reflect gender stereotypes regarding verbal
proficiency: if teachers associate language ability more strongly with female students, they
may unconsciously evaluate girls” work more favorably. By contrast, the large female-
favoring differential in Math, a traditionally male-stereotyped domain, is particularly
noteworthy. This pattern may reflect two related mechanisms. First, Math achievement
depends more heavily on continuous practice and homework completion, areas in which
female students tend to display stronger non-cognitive skills (Cornwell et al. 2013; Contreras
2024). Second, teachers may evaluate girls particularly favorably when they succeed in a

counter-stereotypical domain (Carlana 2019; Lievore and Triventi 2023).

3.2 Heterogeneity Analysis

Table 2 reports heterogeneity in the DiD coefficient on Female x Non-blind by school
track (Panel A) and teacher experience (Panel B).% Each cell reports the coefficient from
regressions estimated separately by subgroup and subject.

Panel A shows that the positive female-male grading differential is consistently larger
in the academic track (Gymnasium) than in the other school tracks across all six subjects.

The difference ranges from about 0.08 to 0.13 SD (or 0.07-0.12 grade points) and is

5Grade-point effects are calculated by multiplying the coefficients in SD units by the subject-specific
standard deviation of the rescaled grade variable.

6 Additional heterogeneity by teacher gender, teacher age, and classroom gender composition is reported
in Appendix Table A.4.



statistically significant according to the equality tests reported in the table. This finding
highlights an institutional dimension rarely examined in prior work, possibly reflecting
more demanding and multidimensional assessment standards in Gymnasium that leave
greater scope for subjective evaluation. This result is substantively important because
grades shape students’ subsequent educational trajectories at multiple stages, including
school-track choice, access to higher education, and the choice of field of study (Terrier

2020; Lavy and Megalokonomou 2024).

Table 2: Heterogeneity in Grading Differential by School Track and Teacher Experience

Humanities Subjects STEM Subjects
German English Math Biology Chem. Physics
(1) (2) (3) (4) (5) (6)
Panel A: School track
Gymnasium 0.359*** 0.275%%* 0.334%** 0.154%** 0.190*** 0.176***
(0.024) (0.024) (0.023) (0.025) (0.024) (0.027)
Other tracks 0.275%** 0.147*** 0.227*** 0.062** 0.084*** 0.083***
(0.025) (0.024) (0.021) (0.027) (0.027) (0.026)
Diff. (Gym. — Other)  0.083** 0.128*** 0.107*** 0.093** 0.106*** 0.093**
Panel B: Teachers’ experience
Novice 0.359*** 0.233*** 0.455%** 0.169** 0.134** 0.104
(0.055) (0.076) (0.057) (0.078) (0.061) (0.084)
Experienced 0.250*** 0.175%** 0.239*** 0.092%** 0.132%** 0.139***
(0.024) (0.022) (0.021) (0.028) (0.028) (0.028)
Diff. (Novice — Exp.) 0.110* 0.058 0.2167** 0.077 0.003 —0.036

Notes: Each cell reports the coefficient on Female X Non-blind from separate DiD regressions estimated for the
indicated subgroup. Standard errors, reported in parentheses, are clustered at the class level. The rows labeled Diff.
report the difference in coefficients between the two subgroup estimates within each subject. Statistical significance in
these rows refers to the null hypothesis that the coefficients are equal across subgroups. All regressions are weighted
using student sampling weights. Full regression results are reported in Appendix Tables A.5—A.8. Significance levels:
1%, ** 5%, * 10%.

Panel B shows additional heterogeneity by teachers’ years of experience. I distinguish
between teachers with less than two years of experience and those with at least two years,
capturing the earliest career stage when grading practices may still be developing. The
estimated female—male grading differential is positive for both groups, but it is larger
among novice teachers, especially in German and Math. The pattern is most pronounced in
Math, where the differential increases from 0.24 SD among experienced teachers to 0.46 SD
among novice teachers, a difference of 0.22 SD (roughly 0.23 grade points). By contrast,
experience-related differences are smaller and statistically insignificant in English and the

science subjects. These results are consistent with Terrier (2020), who also finds larger
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gender grade—test differentials among less experienced Math teachers, but no corresponding
difference in French. One possible interpretation is that grading practices become more
standardized with teaching experience, although the estimates may also capture other

differences between novice and experienced teachers.

4 Conclusion

Using a difference-in-differences design, I show that the female-male gap is systematically
larger in teacher-assigned grades than in anonymously graded test scores across six core
subjects in German secondary schools. The estimated differential is largest in German
and Math, consistently larger in the academic track, and particularly pronounced among
novice teachers.

These findings suggest that non-blind assessment may contribute to gender differences
in recorded achievement beyond what is reflected in anonymously graded test performance.
While the analysis cannot fully disentangle teacher bias from the differential rewarding of
non-cognitive skills such as effort and compliance, the systematic pattern across subjects,
tracks, and experience levels points to a structural feature of non-blind assessment. More
broadly, the results highlight early-career teachers as a potentially important margin
for mentoring, grading guidance, and other efforts to standardize assessment practices,

especially in educational contexts where grades are highly consequential.
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Appendix
A. Tables

Table A.1: Descriptive Statistics for the German Analysis Sample

Male students Female students
Mean SD Mean SD

German grade 3.774 0.825 4.201 0.836
English grade 3.774 0.903 4.069 0.937
Math grade 3.864 1.040 3.944 1.054
Biology grade 4.060 0.951 4.315 0.929
Chemistry grade 4.021 1.016 4.173 0.992
Physics grade 4.018 0.988 4.097 0.980
Age 15.467 0.665 15.347 0.628
Migration background 0.276 0.447 0.286 0.452
Mother’s education

Low education 0.153 0.360 0.159 0.365

Medium education 0.399 0.490 0.420 0.493

High education 0.332 0.471 0.317 0.465

Missing 0.115 0.319 0.105 0.306
Father’s education

Low education 0.131 0.338 0.142 0.349

Medium education 0.373 0.484 0.387 0.487

High education 0.374 0.484 0.352 0.478

Missing 0.121 0.326 0.118 0.323
Mother’s occupation

White collar 0.578 0.494 0.595 0.491

Blue collar 0.128 0.335 0.130 0.336

Other 0.159 0.365 0.157 0.364

Missing 0.135 0.342 0.118 0.323
Father’s occupation

White collar 0.471 0.499 0.479 0.500

Blue collar 0.199 0.399 0.202 0.401

Other 0.200 0.400 0.199 0.399

Missing 0.131 0.337 0.120 0.325
Number of books at home 179.648 168.097 184.502 165.006
Share Gymnasium 0.357 0.479 0.399 0.490
Share of novice teachers 0.096 0.295 0.112 0.315
Observations 24,751 24,797

Notes: The table reports means and standard deviations for the variables in the German analysis
sample. Because the analysis sample varies by subject, summary statistics for grades in the
other subjects are based on the respective subject-specific analysis samples. Summary statistics
are weighted using student sampling weights.



Table A.2: Gender Differential in Teacher Grades — OLS and IV Estimates |

German English Math
OLS 1t st 2nd st OLS 15t St. 2nd G, OLS 15t St. 2nd G,
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Female 0.399***  0.112***  0.362***  0.227*** —0.030***  0.212***  0.309*** —0.243***  0.369***
(0.014) (0.008) (0.014) (0.013) (0.008) (0.013) (0.043) (0.022) (0.036)
Test score 0.586*** - 0.853***  0.737*** - 1.043***  0.842*** - 1.051%**
(0.010) (0.018) (0.010) (0.017) (0.032) (0.047)
Instrument - 0.525*** - - 0.576*** - - 0.647*** -
(0.006) (0.007) (0.018)
Controls yes yes yes yes yes yes yes yes yes
Class FE yes yes yes yes yes yes yes yes yes
Observations 48,252 48,252 48,252 48,252 48,252 48,252 6,462 6,462 6,462
Clusters 2,463 2,463 2,463 2,463 2,463 2,463 2,414 2,414 2,414
Adjusted R? 0.379 0.748 0.220 0.414 0.728 0.256 0.431 0.777 0.325
F-stat. (IV) 6,771 7,563 1,251

Notes: The table reports coefficient estimates from OLS and IV regressions for each subject separately. The OLS
columns report estimates from regressions of teacher-assigned grades on Female, the corresponding external test score,
the full set of controls, and class fixed effects. The 1°¢ Stage columns report estimates from first-stage regressions of the
subject-specific test score on Female, the excluded instrument, the full set of controls, and class fixed effects. The 274
Stage columns report IV estimates from the corresponding second-stage regressions of teacher-assigned grades on Female
and the instrumented test score. The excluded instruments are the English test score for German, the German test score
for English, and the Chemistry test score for Math. The smaller Math sample reflects limited instrument availability, as
students typically took either the external Math test or the science test, but not both. In addition, the language tests
were administered in different survey waves and therefore do not provide a better alternative instrument. The OLS
estimates are reported for the same sample as the corresponding IV regressions. The row “F-stat. (IV)” reports the
first-stage F-statistic for the excluded instrument. Standard errors, reported in parentheses, are clustered at the class
level. All regressions are weighted using student sampling weights. Significance levels: *** 1%, ** 5%, * 10%.

Table A.3: Gender Differential in Teacher Grades — OLS and IV Estimates 11

Biology Chemistry Physics
OLS 15t 8. 2nd St OLS 15t 8t 2nd St OLS 15t St. 2nd g,
1) (2) (3) 4) (5) (6) (7) (8) (9)
Female 0.177***  0.147***  0.171***  0.130***  0.056***  0.132***  0.090*** —0.067***  0.094***
(0.018) (0.004) (0.017) (0.017) (0.004) (0.016) (0.017) (0.004) (0.016)
Test score 0.542%** - 0.604***  0.644*** - 0.688***  0.648*** - 0.688***
(0.013) (0.014) (0.013) (0.013) (0.012) (0.013)
Instrument - 0.906*** - - 0.928*** - - 0.920*** -
(0.004) (0.004) (0.004)
Controls yes yes yes yes yes yes yes yes yes
Class FE yes yes yes yes yes yes yes yes yes
Observations 29,743 29,743 29,743 30,741 30,741 30,741 30,741 30,741 30,741
Clusters 2,909 2,909 2,909 2,976 2,976 2,976 2,976 2,976 2,976
Adjusted R? 0.340 0.936 0.184 0.359 0.940 0.224 0.361 0.943 0.228
F-stat. (IV) 66,657 58,393 64,421

Notes: The table reports coefficient estimates from OLS and IV regressions for each subject separately. The OLS
columns report estimates from regressions of teacher-assigned grades on Female, the corresponding external test score,
the full set of controls, and class fixed effects. The 15 Stage columns report estimates from first-stage regressions of the
subject-specific test score on Female, the excluded instrument, the full set of controls, and class fixed effects. The 27¢
Stage columns report IV estimates from the corresponding second-stage regressions of teacher-assigned grades on Female
and the instrumented test score. The excluded instruments are the Chemistry test score for Biology, the Physics test
score for Chemistry, and the Chemistry test score for Physics. The OLS estimates are reported for the same sample as
the corresponding IV regressions. The row “F-stat. (IV)” reports the first-stage F-statistic for the excluded instrument.
Standard errors, reported in parentheses, are clustered at the class level. All regressions are weighted using student
sampling weights. Significance levels: *** 1%, ** 5%, * 10%.



Table A.4: Heterogeneity in Grading Differential by Teacher Characteristics and Class

Composition
Humanities Subjects STEM Subjects
German English Math Biology Chem. Physics
(1) (2) (3) (4) (5) (6)
Panel A: Teachers’ gender
Female 0.287*** 0.203*** 0.286*** 0.108*** 0.174*** 0.122%**
(0.027) (0.023) (0.027) (0.031) (0.031) (0.045)
Male 0.198*** 0.110** 0.234%** 0.082 0.074 0.151%**
(0.040) (0.047) (0.030) (0.051) (0.046) (0.033)
Diff. (Female — Male) 0.089* 0.093* 0.052 0.027 0.100* —0.029
Panel B: Teachers’ age
Age below 35 years 0.312%** 0.175%** 0.333"** 0.174%** 0.224*** 0.101*
(0.039) (0.042) (0.035) (0.051) (0.057) (0.061)
Age above 35 years 0.230%** 0.188*** 0.234%** 0.073** 0.107*** 0.144***
(0.028) (0.025) (0.024) (0.030) (0.029) (0.029)
Diff. (Below — Above)  0.082* —0.013 0.099** 0.100* 0.117* —0.043
Panel C: Share of girls in class
Below 40% girls 0.359*** 0.229*** 0.260%** 0.112%** 0.200*** 0.100**
(0.033) (0.032) (0.036) (0.041) (0.037) (0.039)
Above 40% girls 0.284*** 0.166*** 0.268*** 0.092*** 0.107*** 0.114***
(0.020) (0.020) (0.018) (0.023) (0.023) (0.024)
Diff. (Below — Above)  0.075* 0.062* —0.008 0.020 0.094** —-0.014

Notes: Each cell reports the coefficient on Female X Nomn-blind from separate DiD regressions estimated for the
indicated subgroup. Standard errors, reported in parentheses, are clustered at the class level. The rows labeled Diff.
report the difference in coefficients between the two subgroup estimates within each subject. Statistical significance in
these rows refers to the null hypothesis that the coefficients are equal across subgroups. All regressions are weighted
using student sampling weights. Significance levels: *** 1%, ** 5%, * 10%.
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Table A.5: Heterogeneity in Grading Differential by School Track — Full Results I

German English Math
Gym. Other Gym. Other Gym. Other
(1) (2) (3) (4) (5) (6)
Female 0.166***  0.182***  0.083***  0.118** —0.229"** —(0.181"**
(0.015) (0.022) (0.018) (0.022) (0.018) (0.018)
Non-blind —0.740"*  0.203*** —0.690***  0.257*** —0.817***  0.307***

(0.025)  (0.026)  (0.026)  (0.029)  (0.022)  (0.022)
Female x Non-blind  0.359**  0.275"*  0.275*  0.147***  0.334***  0.227"**
(0.024)  (0.025)  (0.024)  (0.024)  (0.023)  (0.021)

Observations 39,598 59,498 38,594 58,036 28,560 47,440
Clusters 899 1,618 878 1,591 1,222 2,533
Adjusted R? 0.140 0.067 0.117 0.043 0.126 0.057

Notes: The table reports coefficient estimates from Eq. (1), estimated separately by subject and school track.
Within each subject, coefficients are shown for students attending Gymnasium and for students attending other
school tracks. Standard errors, reported in parentheses, are clustered at the class level. All regressions are
weighted using student sampling weights. Significance levels: *** 1%, ** 5%, * 10%.

Table A.6: Heterogeneity in Grading Differential by School Track — Full Results II

Biology Chemistry Physics

Gym. Other Gym. Other Gym. Other
(1) (2) (3) (4) (5) (6)

Female 0.103"*  0.191*** —0.053***  0.071*** —0.119***  0.006
(0.018)  (0.020)  (0.019)  (0.023)  (0.019)  (0.023)
Non-blind —0.5417  0.405™* —0.623***  0.435*** —0.589%"*  (.433***

(0.024)  (0.025)  (0.025)  (0.029)  (0.024)  (0.026)
Female x Non-blind  0.154** 0.062**  0.190* 0.084***  0.176***  0.083***
(0.025)  (0.027)  (0.024)  (0.027)  (0.027)  (0.026)

Observations 25,602 37,578 27,088 38,848 27,264 37,530
Clusters 1,096 2,044 1,198 2,084 1,168 2,034
Adjusted R? 0.081 0.068 0.082 0.070 0.075 0.066

Notes: The table reports coefficient estimates from Eq. (1), estimated separately by subject and school track.
Within each subject, coefficients are shown for students attending Gymnasium and for students attending
other school tracks. Standard errors, reported in parentheses, are clustered at the class level. All regressions
are weighted using student sampling weights. Significance levels: *** 1%, ** 5%, * 10%.
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Table A.7: Heterogeneity in Grading Differential by Teacher Experience — Full Results I

German English Math
Novice Exp. Novice Exp. Novice Exp.
(1) (2) (3) (4) (5) (6)
Female 0.228**  0.256***  0.163** 0.152***  —0.239"** —0.166***
(0.056) (0.021) (0.068) (0.021) (0.052) (0.020)
Non-blind —0.537**  —0.140*** —0.296*** —0.155"** —0.535"** —0.166"**

(0.077)  (0.030)  (0.076)  (0.032)  (0.064)  (0.026)
Female x Non-blind  0.359***  0.250***  0.233***  0.175"*  0.455"**  (0.239***

(0.055)  (0.024)  (0.076)  (0.022)  (0.057)  (0.021)

Observations 6,040 62,206 6,530 58,518 4,560 50,370
Clusters 140 1,558 158 1,452 230 2,462
Adjusted R? 0.088 0.041 0.033 0.018 0.035 0.005

Notes: The table reports coefficient estimates from Eq. (1), estimated separately by subject and teacher experience.
Within each subject, coefficients are shown for classes taught by teachers with less than 2 years of experience and
for classes taught by teachers with 2 or more years of experience. Standard errors, reported in parentheses, are

clustered at the class level. All regressions are weighted using student sampling weights. Significance levels: ***
1%, ** 5%, * 10%.

Table A.8: Heterogeneity in Grading Differential by Teacher Experience — Full Results II

Biology Chemistry Physics
Novice Exp. Novice Exp. Novice Exp.
(1) (2) (3) (4) (5) (6)
Female 0.139** 0.209***  —0.008 0.032 —0.013 —-0.017
(0.056) (0.025) (0.052) (0.024) (0.081) (0.024)
Non-blind —0.191* —0.113*** —0.108 —0.164*** —0.061 —0.141%**
(0.071) (0.030) (0.074) (0.033) (0.095) (0.029)
Female x Non-blind 0.169** 0.092*** 0.134** 0.132%** 0.104 0.139***
(0.078) (0.028) (0.061) (0.028) (0.084) (0.028)
Observations 4,226 37,904 3,950 41,352 3,148 39,894
Clusters 211 1,845 194 1,979 157 1,923
Adjusted R? 0.017 0.018 0.002 0.006 0.000 0.003

Notes: The table reports coefficient estimates from Eq. (1), estimated separately by subject and teacher experience.
Within each subject, coefficients are shown for classes taught by teachers with less than 2 years of experience and
for classes taught by teachers with 2 or more years of experience. Standard errors, reported in parentheses, are

clustered at the class level. All regressions are weighted using student sampling weights. Significance levels: ***
1%, ** 5%, * 10%.
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B. Figures

6- [ Female students
[ Male students
4
2
I
2
§
a
24
o
1 2 3 4 5 6
German grade
(a) German grade
0054 —— Female students
—— Male students
004+
0034
2
]
z
§
o
002+
0014
o
0 200 400 600 800
German test score
(d) German test score
.5 [_] Female students
[ Male students ~ ———
4
N 1
2
@
z
&
o
24
A4
o
1 2 3 4 5 6
Biology grade
(g) Biology grade
0054 —— Female students
—— Male students
004+
.0034
2
D
H
&
o
1002+
001+
o]
:

T T T
200 400 600 800
Biology test score

(j) Biology test score

Density

Density

o
4
24
o
1 2 3 4 5 6
English grade
(b) English grade
005+
.004+
.003+
1002
10014
o
0 200 400 600 800
English test score
(e) English test score
5
44
N
.
z
5
[=]
24
A4
o
1 2 3 4 5 6
Chemistry grade
(h) Chemistry grade
005+
0044
.003
>
z
5
[=]
1002+
001+
o
:

T T T
200 400 600
Chemistry test score

(k) Chemistry test score

800

Density

Density

o
4
24
o
1 2 3 4 5 6
Math grade
(¢) Math grade
005+
004+
.003
0024
0014
o
0 200 400 600 800
Math test score
(f) Math test score
54
44
N
>
B
g
=}
24
A4
o
1 2 3 4 5 6
Physics grade
(i) Physics grade
005+
.004+
.0034
2
D
5
=}
1002+
.0014
o
:

T T T
200 400 600 800
Physics test score

(1) Physics test score

Figure B.1: Distribution of Grades and Test Scores
Notes: The figure shows the distribution of grades and test scores for each of the six subjects, separated by
gender. While teacher-assigned grades are measured on a scale from 1 to 6, with higher values indicating
better performance, test scores are measured on a continuous scale with a mean of 500 and a standard

deviation of 100.
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C. Data Access

This paper uses data provided by the Research Data Center at the Institute for Educational
Quality Improvement (FDZ at IQB). The analysis draws on two waves of the IQB National
Assessment Study (IQB Lindervergleich: 2008/2009 and 2012) and two waves of the IQB
Trends in Student Achievement (IQB Bildungstrend: 2015 and 2018). These data are
available from the FDZ at IQB as anonymized Scientific Use Files. Access requires a
formal application to the FDZ at IQB and is subject to the applicable data use agreement.

The corresponding data set references are Koller et al. (2011), Pant et al. (2015), Stanat
et al. (2018), and Stanat et al. (2022). Detailed study documentation is provided in Sachse
et al. (2012), Lenski et al. (2016), Schipolowski et al. (2018), and Becker et al. (2022).
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