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Abstract
We analyze whether teachers discriminate against ethnic minority students in terms of grading. Using 
comprehensive data on students in German primary and secondary schools, we compare students’ scores 
in standardized, anonymously graded achievement tests with non-anonymous teacher ratings within a 
difference-in-difference (DiD) framework. We find that, on average, minority students receive lower grades 
than majority students in both German and Math. However, these differences are not due to discrimination 
in grading against minority students. Instead, performance gaps between minority and majority students 
are significantly reduced when being graded by the teacher compared to being assessed through the 
standardized test. We provide supporting evidence that this finding cannot be explained solely by the fact 
that minority students face higher barriers on the standardized test due to language difficulties. Rather,  
our results suggest that teachers have a positive evaluation bias towards ethnic minority students.
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1 Introduction

In most OECD countries, children from immigrant families lag behind their majority peers

in terms of educational achievement. Ethnic minority students are less likely to participate

in early childhood education, acquire fewer academic skills, and graduate from high school

at lower rates than majority students (OECD 2024). These disadvantages are partly due

to the lower average socioeconomic resources of immigrant families (e.g., Vonnahme 2021).

In addition, migration-specific factors play a role, such as competence in the language

of instruction (e.g., Bredtmann et al. 2021). Another possible cause, which has received

increasing attention in recent years, is discrimination based on students’ ethnic background

(e.g., Shi and Zhu 2023; De Benedetto and De Paola 2023; Alesina et al. 2024). Because

educational disadvantages may reduce long-term labor market opportunities and impede

social participation, understanding the sources of immigrant-native achievement gaps is of

paramount policy interest.

In this paper, we focus on one specific source of educational disadvantage: teacher bias

towards ethnic majority students. In particular, we analyze whether teachers discriminate

against minority students in terms of grading. In doing so, we build on a broader literature

on the role of teacher biases. One strand of this literature has focused on analyzing

gender stereotyping (e.g., Lavy 2008; Hinnerich et al. 2011; Terrier 2020; Lavy and

Megalokonomou 2024). Another important, and recently growing, strand of the literature

has focused on teacher bias with respect to students’ race or ethnicity. Work investigating

racial or ethnic discrimination in schools can be divided into two strands. Experimental

studies typically find evidence of discrimination against minority students in exam or

essay grading (e.g., Sprietsma 2013; Chowdhury et al. 2020).1 Observational studies that

compare objective measures of achievement, obtained through blindly graded standardized

tests, with subjective teacher ratings find mixed results. While Botelho et al. (2015),

De Benedetto and De Paola (2023), Rangel and Shi (2023) and Alesina et al. (2024) find

evidence of a negative teacher bias towards ethnic minority students, Burgess and Greaves

1An exception is van Ewijk (2011), who finds no evidence that teachers grade minority and majority
students differently for the same work.
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(2013) for England and Shi and Zhu (2023) for the U.S. find evidence that black students

are systematically under-assessed by the teacher relative to their white peers, while some

ethnic groups are over-assessed. A recent study by Burn et al. (2024) for England further

finds mixed evidence of discrimination towards ethnic minority students by subject. When

being assessed by the teacher, ethnic minority students receive lower grades in English,

but higher grades in Math compared to when grades are assigned through blindly graded

exams. Zhu (2024) further highlights the role of measurement error in standard estimates

of teacher bias in grading. Analyzing racial bias in teacher evaluations in the U.S. she

shows that after correcting for measurement error in standardized test scores, teachers

evaluate black students as higher achieving than white students with the same standardized

test achievement.

We contribute to this literature by analyzing whether teachers discriminate against

ethnic minority students2 in German primary and secondary schools. Our analysis is based

on representative surveys provided by the Institute for Quality Development in Education

(IQB), which have been conducted nationwide in grades 4 and 9 since 2008. A key feature

of the data is that they include information on both standardized, anonymously graded

achievement tests and non-anonymous teacher assessments (i.e., school report grades).

Assuming that both types of assessments measure similar skills and cognitive abilities, we

compare the results of the two types of achievement measures in a difference-in-difference

(DiD) framework. In doing so, we address the problems of (test-unspecific) unobserved

heterogeneity between minority and majority students as well as measurement error in

test scores that are inherent to standard estimates of teacher bias in grading.

We find that, on average, minority students receive lower grades than majority students

in both German and Math. However, these differences are not due to discrimination in

grading against minority students. Instead, our DiD results show that minority/majority

achievement gaps in German and Math are reduced by 0.26 and 0.20 standard deviations

(SD), respectively, when students are graded by the teacher compared to when they are

2As ethnic minority students, we define all students who were not born in Germany or who have at
least one parent who was not born in Germany.
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graded on the standardized test. This represents an improvement of about 5–6% for

minority students.3

We further explore possible mechanisms for this finding. In particular, we aim to assess

whether teachers in fact exhibit a positive evaluation bias towards minority students or

whether our finding is merely attributable to the language difficulties faced by ethnic

minority students, which may exert a stronger influence on their test performance than on

teacher evaluations. Our results indicate that language difficulties can account for some

of the observed positive grading bias. However, a positive bias persists even when the

sample is restricted to students who were born in Germany and speak only German at

home. Furthermore, we also find a positive bias for the subject English, which should not

be affected by proficiency in German. We also provide supportive evidence that teachers

adjust their assessment standards to account for students’ backgrounds. In particular,

we show that the positive grading bias is stronger among teachers who report that they

demand significantly less from students with low capability. In addition, we find that such

a positive teacher bias is not only limited to ethnic minority students, but also extends

to (majority) students from low socioeconomic backgrounds. Overall, these findings

suggest that teachers adjust their assessment standards to compensate for students’ initial

disadvantages.

The outline of the paper is as follows. In Section 2, we introduce the data used in

the empirical analysis and present descriptive statistics. In Section 3, we describe the

empirical framework. In Section 4, we discuss the results of our empirical analysis, explore

potential mechanisms, and provide several heterogeneity analyses and robustness checks.

Section 5 concludes.

3Our estimates of positive grading bias are slightly larger than those reported in Burn et al. (2024),
who find that grades are 10–20% of a grade higher for ethnic minority students in Math, and Zhu (2024),
who finds that teachers are 2–4% and 1–4% more likely to rate black students as proficient in Math and
reading, respectively, than white students with the same test performance.
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2 Data and Descriptive Statistics

2.1 Data

Our analysis is based on nationally representative, cross-sectional surveys of 4th- and

9th-grade students provided by the Research Data Center at the Institute for Educational

Quality Improvement (FDZ at IQB).4 The studies are entitled IQB National Assessment

Study (IQB Ländervergleich) and, as of 2015, IQB Trends in Student Achievement (IQB

Bildungstrend). Correspondingly, the purpose of the surveys is to measure whether students

in the different federal states are meeting the nationwide education targets and whether

adjustments are needed in certain states or subjects. Student assessments are mandatory

for all selected public schools and partly for private schools. Despite the obligation to

participate in the assessment tests, they can be considered “low stakes”, meaning that they

do not impact students’ end-of-semester grades or education degrees. Neither teachers nor

students or their parents were informed of individual test results.

The selection process of students started with sampling at the school level. Then, one

to two classes per school were randomly selected. In total, we have six waves in the period

from 2008 to 2018. The waves from 2011 and 2016 cover grade 4, with students aged 9

to 10 years. In these two waves, tests were conducted in the subjects German and Math.

The waves from 2008/9, 2012, 2015 and 2018 cover grade 9, with students aged 14 to

15 years. In these four waves, tests were conducted in either the subjects German and

English or the subjects Math and Science. The studies assess the educational performance

of students at two important stages of their educational careers. Grade 4 is the last year

of primary school in most federal states, after which students are tracked into different

types of schools, either academically oriented or preparing for more practical vocational

training. Primary schools give their students individual track recommendations, which are

binding in some states and non-binding in others. The recommendations are based on the

4The data sets are accessible via Köller et al. (2011), Stanat et al. (2014), Pant et al. (2015), Stanat
et al. (2018), Stanat et al. (2019) and Stanat et al. (2022) and are described in detail in Sachse et al.
(2012), Richter et al. (2015), Lenski et al. (2016), Schipolowski et al. (2018), Schipolowski et al. (2019)
and Becker et al. (2022).
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school report of the first semester of grade 4. Grade 9 is another important stage, as it is

the last year of compulsory lower secondary schooling in most federal states (with some

states having longer compulsory schooling).

In addition to assessment tests (described in more detail below), the studies include

questionnaires for students, their parents, teachers and principals that provide extensive

information on the socioeconomic backgrounds of children and parents, as well as school

and teacher characteristics. We use this information to differentiate between ethnic

minority and majority students, to control for relevant characteristics in the estimations,

to perform heterogeneity and robustness analyses, and to investigate the mechanisms

behind our results. The questionnaires also contain information on the students’ school

report grades in the first semester.5 End-of-semester grades are given by the teacher who

taught the class in a particular subject and are based on both written exams and oral

participation in class.6 They are thus, at least to some extent, a subjective assessment of

student performance, which leaves room for bias against certain groups and a potential for

discrimination. Grades in Germany range from 1 (very good) to 6 (fail), with 4 (sufficient)

being the minimum passing grade. In the empirical analysis, however, we rescale the

grades so that higher grades reflect better performance (i.e., 6 is the best and 1 is the

worst grade).

The standardized tests were designed, administered, and scored by the International

Association for the Evaluation of Educational Achievement (IEA) which also conducts other

large-scale student assessment studies such as PISA. The interviewers who administered

the tests were therefore always external to the school. In addition, and most importantly

for our analysis, no information about the students (e.g., name, gender) or the school

was disclosed to the administrators who scored the tests. All students in a class took

the test at the same time and then completed the survey questionnaire. The duration of

the test varied according to the wave (and thus the age of the children), ranging from

5The surveys, and thus the standardized tests, were usually administered in the spring, while the end-
of-semester grades were given in January, ensuring a short interval between the two types of performance
measures.

6Written exams and oral participation are considered equally important for determining end-of-semester
grades. However, the exact weighting of these components may vary by federal state or even school.
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20 to 60 minutes per test block. The tests contained a mixture of closed, semi-open and

open questions, and the test language was German (except for the subject English).7 For

German (and English), the tests covered the domains listening and reading. For Math,

the tests covered five learning domains: numbers and operations; space and form; patterns

and structures; quantities and measures; data, frequencies and probabilities. For 9th

graders, the standardized tests are generally similar to the PISA tests. They are, however,

more closely aligned with national education targets/curricula and are therefore more

comparable to school report grades. Test scores are measured continuously with a mean of

500 and a standard deviation of 100 across the sample. They are calculated as predicted

values by the data provider from the raw scores of the test items.8

2.2 Sample and Descriptive Statistics

In the following, we present descriptive statistics for our analysis sample. Depending on

the subject analyzed, the sample includes 92,937 (German) or 81,022 (Math) students.

We use the full sample of students with valid information on school report grades and

test scores, excluding only special needs schools (about 3% of the sample). Based on

information on children’s and parents’ country of birth, we define minority students as

students who were not born in Germany or who have at least one parent who was not

born in Germany.

Figure 1 shows the distribution of grades and test scores in German and Math separately

for minority and majority students. In both German and Math, minority students are more

likely to receive lower grades and less likely to receive higher grades than majority students.

However, a similar picture emerges for test scores. The distribution of test scores for

majority students lies to the right of the corresponding distribution for minority students.

For both grades and test scores, the distributional differences are more pronounced for

German than for Math.

7All students took the test regardless of their proficiency in German. An exception was made only for
immigrant students who had been in Germany for less than a year.

8The calculation of predicted values is based on probabilistic item response theory (IRT) and the
resulting values are intended to measure the latent ability of students in each subject or learning domain.
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Figure 1: Distribution of Grades and Test Scores

Appendix Tables A1 and A2 show descriptive sample statistics for students who took the

test in German and Math, respectively. In both samples, around a quarter of the students

are ethnic minority students. As can be seen, minority and majority students differ in their

observable characteristics. In particular, minority students are more likely than majority

students to have parents with a low level of education (ISCED 0-2) and less likely to have

parents with a high level of education (ISCED 5-6). The parents of minority students

are also less likely to be employed as white-collar workers. The observed differences in

academic performance between minority and majority students may therefore be due to

differences in socioeconomic characteristics between the two groups. Further statistics

for minority students show that 19–20% are of Turkish origin, which is by far the largest

country of origin of minority students in Germany, 20% are first-generation immigrants

and 39% speak only German at home.
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3 Empirical Framework

We start our analysis by regressing students’ grades in German and Math on a set of

observable characteristic as well as their performance in the standardized test in the

respective subject:

Gradeij = α + β Mi + X
′

i η + θ Test Scorei + κj + εij, (1)

where Gradeij is the teacher-assigned grade of student i in class j in either German or

Math, rescaled and standardized to have a mean of 0 and a standard deviation of 1. Mi

is an indicator variable taking the value 1 for minority students, Xi is a set of control

variables, including gender, age and its square, parents’ education and occupation, and the

number of books at home. Test Scorei is the student’s performance in the standardized

test in the respective subject (also standardized to a mean of 0 and a standard deviation

of 1). κj are class fixed effects that control for all factors varying across classes, such as

teacher-specific assessment standards or differences in school quality. We cluster standard

errors at the class level and use individual weights in all regressions.

The approach described in Eq. (1), i.e., regressing students’ grades on their test scores

and further observable characteristics, has two main shortcomings: First, the coefficient

of interest, β̂, may be biased due to unobserved heterogeneity. If minority and majority

students differ in unobserved characteristics that are correlated with the grades given to

them, such as motivation or language skills, β̂ will be biased. Second, standardized test

scores measure student performance with significant error (see, e.g., Kane and Staiger

2002; Sievertsen 2023). This is, for example, because student performance depends on

several factors that are beyond the student’s control, such as temperature and air quality,

fatigue, and well-being at the time of assessment. In addition, measurement error comes

from the test instrument itself. Because each test has a finite number of questions, there is

randomness in the selection of questions and thus in the matching of questions to students’

individual abilities. As shown by Zhu (2024), in a situation where minority students

have lower standardized test scores than majority students, random measurement error in

8



test scores will bias downward the coefficient estimate for teacher evaluations of minority

students (β̂ in Eq. (1)), suggesting that teachers are more negative in their evaluations of

minority students even in a setting without teacher bias.9

We address these issues by employing an alternative identification strategy. Following

the initial work by Lavy (2008), we estimate a difference-in-difference (DiD) model based

on the following equation:

Performanceib = φ + λ Mi + γ NBb + δ (Mi × NBb) + εib, (2)

where Performanceib is the academic performance measure (grade or test score) of student

i, where b refers to the “non-blind” (i.e., teacher grades) or “blind” (i.e., standardized test

scores) performance measure. Mi is an indicator variable for whether the student is a

minority student or not and NBb is an indicator variable for whether the observation is

from the “non-blind” or the “blind” performance measure.10 The estimate for λ accounts

for average differences between minority and majority students in the standardized test,

while γ̂ accounts for average differences in the two types of performance measures for

majority students. δ̂ represents the treatment effect, i.e., the additional effect of being a

minority student on the “non-blind” performance measure (i.e., teacher grades).11

The DiD nature of the estimation of Eq. (2) implies that any student-, teacher-,

class-, or school-specific effects are implicitly accounted for with respect to the estimated

coefficient of interest, δ̂, as long as they have the same effect on the blind and non-blind

performance measure. Estimating a DiD model thus eliminates the biases arising from

(test-unspecific) unobserved heterogeneity and from measurement error in test scores,

which are inherent in the estimates obtained from Eq. (1).

9This is because measurement error in Test Scorei will bias θ̂ towards zero. If Mi and Test Scorei

are correlated, then some of the true variation explained by Test Scorei will be attributed to Mi instead.
In the case where Mi and Test Scorei are negatively correlated, β̂ will be negatively biased, while it will
be positively biased in the case of a positive correlation between the two variables (see Zhu 2024).

10Our DiD approach differs from standard DiD models in that we compare the outcomes of the
treatment and the control group not over time, but over two types of performance measures.

11This coefficient estimate is equivalent to an estimate obtained from a first-difference model that
regresses the difference between students’ grades and their test scores on an indicator for being a minority
student.

9



The underlying identification assumption of such a DiD model is that grades and

standardized tests measure comparable competencies and, most importantly, that there are

no test-specific systematic differences between minority and majority students. While this

identification assumption cannot be tested, we perform several sensitivity and heterogeneity

analyses to rule out alternative explanations for our results.

4 Results

4.1 Baseline Results

Table 1 shows the results for Eq. (1), i.e., from regressing students’ grades on a set of

observable characteristics.12 The results show that minority students receive on average

lower grades than majority students in both German and Math (columns 1 and 4). Even

after controlling for class fixed effects and a number of socioeconomic characteristics, the

grades given by teachers to minority students are 0.12 SD lower in German (column 2) and

0.05 SD lower in Math (column 5) than the grades given to majority students. However,

once controlling for student performance in the standardized test (columns 3 and 6), the

coefficient for minority status turns slightly positive. Conditional on test performance,

ethnic minority students receive 0.03 and 0.05 SD higher grades in German and Math,

respectively, than majority students with the same standardized test achievement in these

subjects.

To net out any differences between minority and majority students that similarly affect

performance on both types of achievement tests, we next estimate a DiD model as outlined

in Eq. (2). Table 2 shows the results of our DiD framework for both German (column 1)

and Math (column 3). As shown in columns 2 and 4, the DiD results are equivalent to

estimations including individual fixed effects. The results in Table 2 support the evidence

from the descriptive analysis (Section 2.2) that minority students, on average, perform

worse than majority students on the standardized test in both German and Math. It

further reveals that majority students receive significantly lower teacher grades compared
12Full estimation results are shown in Appendix Table A3.
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Table 1: Estimated Association between Minority Status and Students’ Grades

German Math

(1) (2) (3) (4) (5) (6)
Coef/StdE Coef/StdE Coef/StdE Coef/StdE Coef/StdE Coef/StdE

Minority student −0.357† −0.123† 0.032∗∗∗ −0.261† −0.050† 0.049†

(0.013) (0.012) (0.010) (0.014) (0.013) (0.010)
Test score – – 0.650† – – 0.787†

(0.006) (0.006)
Constant 0.093† 5.927† 2.548† 0.063† 5.759† 1.405†

(0.021) (0.343) (0.281) (0.015) (0.372) (0.269)
Controls no yes yes no yes yes
Wave FE yes no no yes no no
Class FE no yes yes no yes yes

Observations 92,937 92,937 92,937 81,022 81,022 81,022
Clusters 4,985 4,985 4,985 6,221 6,221 6,221
Adjusted R2 0.026 0.263 0.476 0.014 0.184 0.545

Notes: Standard errors are clustered at the class level. Individual weights are applied. Significance level: † 0.1%,
∗∗∗ 1%, ∗∗ 5%, ∗ 10%.

to their standardized test performance. However, the differences are very small (0.07 and

0.06 SD in German and Math, respectively), which reassures us that standardized test

scores and teacher grades measure comparable competencies.

Table 2: DiD and Fixed Effects Results – German and Math

German Math

(1) (2) (3) (4)
DiD FE DiD FE

Coef/StdE Coef/StdE Coef/StdE Coef/StdE

Minority student −0.615† – −0.462† –
(0.017) (0.015)

Non-blind performance measure −0.074† −0.074† −0.059† −0.059†

(0.012) (0.012) (0.010) (0.010)
Minority × Non-blind 0.259† 0.259† 0.203† 0.203†

(0.016) (0.016) (0.013) (0.013)
Constant 0.175† 0.000 0.135† −0.000

(0.012) (0.006) (0.010) (0.005)
Student FE no yes no yes

Observations 185,874 185,874 162,044 162,044
Clusters 4,985 4,985 6,221 6,221
Adjusted R2 0.051 0.015 0.029 0.011

Notes: Standard errors are clustered at the class level. Individual weights are applied. Significance
level: † 0.1%, ∗∗∗ 1%, ∗∗ 5%, ∗ 10%.

Most importantly, however, the coefficients of the interaction term indicate that minor-

ity/majority gaps in test performance are reduced by 0.26 (German) and 0.20 (Math)

SD when students are evaluated by their teachers. This represents an improvement of

11



about 0.2 grade points or 5–6% for minority students. The finding of higher teacher

ratings of ethnic minority students compared to their test scores contradicts much of the

previous literature, which tends to find negative biases against ethnic minority students

(e.g., Botelho et al. 2015; De Benedetto and De Paola 2023; Sahlströhm and Silliman 2024).

However, our results are consistent with Zhu (2024), who shows that – after correcting for

measurement error in standardized test scores – teachers evaluate black students as higher

achieving than white students with the same standardized test achievement.

4.2 Mechanisms

Our baseline results show that minority students are rated more positively by their

teachers in relation to their standardized test scores than are majority students. These

results may suggest that teachers favor minority students by consciously or unconsciously

“inflating” their grades on non-anonymous assessments. Such a positive teacher bias could

be explained by teachers adjusting their assessment standards to account for students’

backgrounds. As discussed in Zhu (2024), this could be the case because teachers believe

that a student from a disadvantaged background who reaches the same level of academic

achievement as a student from a more privileged background is demonstrating greater

achievement, potentially leading them to adjust their assessments accordingly. In addition,

teacher bias may be reflected in lower expectations for ethnic minority students compared

to majority students, which may be due to negative biases or stereotypes.13 Furthermore,

results could be influenced by social desirability bias, where teachers may exaggerate

their assessments of ethnic minority students to match what they perceive to be socially

acceptable responses.

An alternative explanation to bias in teacher ratings could be disadvantages faced

by ethnic minority students with respect to standardized test assessments. If minority

students have more difficulty excelling on the standardized test for reasons other than

differences in the skills being tested, then our finding of relatively higher grades for minority

13Evidence that teachers have lower expectations for ethnic minority students is provided, for example,
by Gentrup et al. (2020), Papageorge et al. (2020) and Carlana et al. (2022).
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students could occur even in the absence of teacher bias.

It is beyond the scope and ability of this paper to determine the relative importance

of the various channels that might explain why minority students receive higher teacher

grades than majority students with similar standardized test performance. The aim of the

following analyses, however, is to assess whether there is evidence that teachers have a

positive evaluation bias towards ethnic minority students, or whether the disadvantages

faced by minority students on standardized tests are the only explanation for our findings.

One of the main reasons why students from immigrant families may be disadvantaged

on the standardized test is language difficulties. While proficiency in the German language

should be important for both teacher evaluations and standardized test performance,

German proficiency may be less important in normal classroom interactions, where students

may be more confident in asking comprehension questions during exams run by their own

teachers and where oral participation is assessed as well. Thus, if proficiency in German is

more important for students’ performance on the standardized test than it is for teachers’

ratings, then our finding of relatively higher grades for minority students could occur even

in the absence of teacher bias.

Minority student

Minority x Non-blind

-1 -.5 0 .5 -1 -.5 0 .5

German Math

1st generation 2nd generation

Figure 2: DiD Results – 1st vs. 2nd Generation Immigrants

To test whether language proficiency or lack thereof explains our result, we conduct two

types of heterogeneity analyses. First, we examine whether grading bias differs for first-

13



and second-generation immigrants. As shown in Figure 2, both the negative achievement

gap on the standardized test and the improvement in performance when graded by the

teacher are higher for first-generation immigrants than for second-generation immigrants,

suggesting that language proficiency is important for the estimated achievement gaps.

However, even for second-generation immigrants who were born and raised in Germany,

there is still a positive grading bias.

Minority student

Minority x Non-blind

-1 -.5 0 .5 -1 -.5 0 .5

German Math

1st generation 2nd generation

Figure 3: DiD Results – Students Who Only Speak German at Home

Second, we use information on the language spoken at home and estimate our DiD model

only for those students who speak only German at home.14 While both the achievement

gap and the grading bias become smaller when restricting the sample to students who

only speak German at home, there is still a positive grading bias for both first- and

second-generation immigrant students (see Figure 3).

As an additional check on the relevance of proficiency in the test language, we estimate

our model for an alternate subject: English. In the 2008 and 2015 waves of the survey,

both of which were administered to 9th graders, students also took a standardized test

in English. Since the test language for this test is English, proficiency in German should

have no effect on students’ performance on the test. As can be seen in Figure 4, the
14Information on the language spoken at home is obtained from a question that asks students how

often they speak German at home. We restrict the sample to children who report that they always speak
German at home, while dropping children who never or only sometimes speak German at home.
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performance gap between minority and majority students on the standardized test is, as

expected, much smaller in English than in German. However, even for English, we see

that minority students are graded more favorably by the teacher than majority students

relative to their test performance.

Minority student

Minority student x Non-blind

-1 -.5 0 .5

English German

Figure 4: DiD Results – Effect of Minority Status on English vs. German

In sum, the results of the above analyses show that language proficiency plays a role

in both the overall minority/majority achievement gap and the grading bias. However,

language proficiency does not fully explain the positive grading bias towards minority

students.

To further pinpoint mechanisms for our effects, we next analyze whether the positive

grading bias exists for students of low socioeconomic status (SES). If teachers adjust their

grading standards to account for students’ backgrounds, then we would expect them to do

so not only in terms of minority status, but also in terms of socioeconomic background.15

To disentangle the role of minority status and socioeconomic background, we restrict the

sample to majority students and estimate a DiD model in which low SES students serve

as the treatment group, where low SES is defined as both parents having a low level of

education. The results of such regressions are shown in Figure 5. As expected, low SES

15Previous evidence has, for example, shown that teachers hold lower expectations of low SES students
(Timmermans et al. 2015; Doyle et al. 2023).
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Low SES

Low SES x Non-blind

-1 -.5 0 .5

German Math

Figure 5: DiD Results – Effect of Low SES for Majority Students

students score lower on the standardized test than higher SES students. However, this gap

is reduced by 0.17 (German) and 0.15 (Math) SD when students are graded by the teacher.

This represents an improvement of around 0.15 grade points or 5%. Thus, a positive

grading bias exists not only for minority students, but also for low SES majority students.16

This finding suggests that teachers are more favorable to disadvantaged students when

grading non-anonymous assessments.

Lastly, we take advantage of the fact that the survey collected information not only

on students and their parents, but also on teachers. Unfortunately, most of the questions

asked to teachers vary from wave to wave.17 In waves 2015, 2016 and 2018 of the survey,

teachers were asked about the strategies they use to deal with achievement differences

among students in their class. In particular, they were asked whether they demand

significantly less from students with low capability. Figure 6 shows the results of our DiD

model separately for teachers who agree and teachers who disagree with this statement.18

16We also examine whether the positive grading bias for minority students is driven only by low SES
students. As can be seen in Appendix Figure A1, the positive grading bias for minority students is also
present in the sample of low SES students and thus is not driven by the fact that minority students are
more likely to come from low socioeconomic backgrounds.

17In addition, it was only possible to assign teachers uniquely for 79% of the German and 81% of the
Math students. We present further heterogeneity analyses by teacher characteristics in Section 4.3.

18We define teachers as agreeing with this statement if they say that they sometimes or often demand
less from low-capability students and as disagreeing if they say that they rarely or never demand less
from low-capability students. Overall, 44% of the German teachers and 29% of the Math teachers agree

16



Minority student

Minority x Non-blind

-1 -.5 0 .5 -1 -.5 0 .5

German Math

Demand the same frome low-capability students
Demand less from low-capability students
All teachers

Figure 6: DiD Results – By Whether Teacher Demands Less from Low-Capability Students

For German, we find that the positive grading bias is significantly higher for teachers who

demand less from low-capability students than for those who do not report doing so (0.32

vs. 0.18 SD). For Math, we also find a difference in the grading bias between teachers who

demand less from low-capacity students and those who do not, which is, however, much

smaller (0.2 vs. 0.16 SD) and not statistically significant.19 While the question used in

this heterogeneity analysis is certainly not optimal for testing the hypothesis of teacher

grading bias, because it does not explicitly refer to ethnic minority students and because

it does not capture differential treatment of students that is unconscious to the teacher,

the results of this analysis are still interesting. They show that a non-negligible fraction

of teachers report taking students’ backgrounds into account, and that this behavior can

explain part of the positive grading bias, especially in German.

While the results presented so far do support the hypothesis that at least part of

the positive grading bias towards minority students is due to teacher bias, there are

two remaining possible channels that we cannot fully rule out based on our empirical

analysis. First, the main difference between the standardized test and teacher grades

with this statement.
19That German teachers are more likely than Math teachers to say that they demand less from

low-capability students, and that the positive grading bias is particularly high for this group of teachers,
can be explained by the fact that lack of German proficiency may be one of the main reasons why teachers
perceive students as low-achieving.
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is that the latter also depend on oral participation in class. Thus, in a scenario where

ethnic minority students systematically outperform majority students in oral participation,

we may overestimate the positive grading bias based on our DiD model. However, both

anecdotal evidence, obtained from discussions with teachers in different types of schools,

and analyses of oral participation by student background (e.g., Kiss 2013; Veiga et al.

2021) do not support this hypothesis.20

Second, there may be a difference in students’ behavior by ethnic background in low-

vs. high-stakes tests. Previous evidence has shown that students exert less effort in

low-stakes situations, such as standardized tests like PISA, than in high-stakes situations,

where performance matters for educational outcomes (e.g., Gneezy et al. 2019; Akyol

et al. 2021). If such behavioral differences in low- vs. high-stakes environments vary by

student ethnic background, then this could be reflected in our DiD estimate. While we are

unable to test whether ethnic minorities behave differently in low versus high-stakes tests,

the existing evidence on test-taking tends to suggest that ethnic minority students put

relatively more effort into low-stakes tests than majority students (Schlosser et al. 2019).

Thus, if differences in effort on the two types of assessments by ethnic background matter

in our setting, they would most likely lead us to underestimate a positive assessment bias

for ethnic minority students.

4.3 Further Heterogeneity Analyses and Robustness Checks

In this section, we provide further heterogeneity analyses and robustness checks. First, we

analyze whether the positive grading bias varies across different ethnic groups. Specifically,

we distinguish between two ethnic groups: students from Turkey and students from the

EU.21 Students of Turkish origin represent the largest group of students with migration

background in Germany (Federal Statistical Office 2024). They have also been shown

20In particular, the study by Kiss (2013) of primary and secondary school children in Germany shows
that students from immigrant families are, if anything, less likely to participate frequently in Math classes.

21Information on students’ (or their parents’) origin country is partly summarized to larger groups
of countries due to data protection reasons. We are therefore only able to identify a few single origin
countries consistently over time. In cases were both the mother and the father are immigrants and the
two were born in different origin countries, we assign students the mother’s origin country.
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to achieve significantly lower than majority students or students of other immigrant

backgrounds, and are more likely to come from low socioeconomic backgrounds (Song

2011). We choose students from EU countries (with Poland and Italy being the largest

groups) as the comparison group, because they are more similar to students of German

origin, both in terms of their cultural and linguistic background and their educational

achievement. This is also evident from Figure 7, which shows much larger performance

gaps in the standardized test for students of Turkish origin than for students originating

from an EU country. As the figure also shows, there is a positive grading bias relative

to majority students for both groups, which is, however, much larger for students of

Turkish origin. This finding supports our hypothesis that teachers in German schools

adjust their assessment standards to account for students’ background, by being more

favorable to students from disadvantaged backgrounds with similar levels of performance.

It is also consistent with previous evidence showing that teachers have lower expectations

of students from Turkish origin (Tobisch and Dresel 2017).

Minority student

Minority x Non-blind

-1 -.5 0 .5 -1 -.5 0 .5

German Math

Turkey EU country

Figure 7: DiD Results – By Students’ Country of Origin

Second, we analyze whether the positive grading bias varies with the share of minority

students in the class. Specifically, we estimate our DiD model separately for classes with

an above-median and classes with a below-median share of minority students.22 The
22We restrict the sample to classes with at least one minority student, which is 88% of the German
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results show that the positive grading bias is present only in classes with an above-median

share of minority students, while there is no such bias in classes with a below-median

share of minority students (see Figure 8). While the share of minority students in the

class is correlated with other class or school characteristics and thus reflects socioeconomic

differences more generally, this finding shows that it is predominantly teachers in classes

with a high share of disadvantaged students who exhibit a positive bias towards ethnic

minority students.23

Minority student

Minority x Non-blind

-1 -.5 0 .5 -1 -.5 0 .5

German Math

Below median share Above median share

Figure 8: DiD Results – By Share of Minority Students in Class

Third, we analyze whether the grading bias varies along the distribution of grades. As

such an analysis is difficult in our DiD model24, we turn to the basic approach outlined in

Eq. (1) and run separate regressions, in which the outcome variable takes the value 1 if

the student’s grade is above a certain threshold and 0 if it is at or below the threshold.

Figure 9 shows results from these regressions for the minority status coefficient. While

one has to keep in mind that the estimation coefficients are likely biased downward due

classes and 89% of the Math classes in our sample. The median share of minority students in these classes
is 0.23 and 0.24, respectively. Analyses that include all classes yield similar results.

23We find similar results if we split the sample according to the average test performance in the class.
While there is no grading bias for classes with above-median test performance, we find a strong positive
grading bias in classes with a below-median class performance (see Appendix Figure A2).

24Estimating separate regressions for different grade thresholds is not a meaningful option as this will
lead to inconsistent estimates. Due to the discrete nature of the grades variable, estimating a quantile
regression is also not an option.
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to unobserved heterogeneity and measurement error in test scores, the pattern shows

that the positive grading bias is stronger among the higher (i.e., better) grades. Taken

together with the heterogeneous effects by class composition, these findings reveal that

teachers appear to be more favorable to high-achieving minority students in classes with

high proportions of disadvantaged students. Teachers thus tend to reward those minority

students who positively differentiate themselves from their lower-achieving peers. We find,

in contrast, no evidence that the grading bias is due to teachers pushing minority students

above the pass/fail threshold.

Better than 5

Better than 4

Better than 3

Better than 2

-.05 0 .05 .1 -.05 0 .05 .1

German Math

grade_de_u2_5 grade_de_u3_5
grade_de_u4_5 grade_de_u5_5

Figure 9: Estimated Association between Minority Status and Passing a Grade Threshold

We also conduct a number of other heterogeneity analyses and robustness checks. In

waves 2012 and 2018, students were also administered a standardized test in Science.

The estimated effects for Science are comparable to those for Math and are reported in

Appendix Figure A3. We also test for gender differences in the positive grading bias

towards minority students, for which we find no evidence (see Appendix Figure A4).

However, our results show that the grading bias is larger for 9th grade students than for

4th grade students (see Appendix Figure A5).

As shown in Appendix Figures A6 to A10, we also find little difference in grading bias

by teacher characteristics. The positive grading bias appears to be more pronounced among

teachers with fewer years of experience and tenure, while the observed differences between

these groups are only statistically significant for the German sample. However, we observe
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no significant variation in grading bias with respect to teachers’ gender, age, or migration

status. The latter finding is particularly interesting, as one might expect that teachers who

themselves belong to a minority group would be more likely to consider student background

in their evaluations. Conversely, as shown, e.g., by Ouazad (2014), Gershenson et al. (2016)

and Papageorge et al. (2020), teachers may hold higher expectations of students with an

identical ethnic background.25 Thus, it is theoretically unclear whether we would expect

the positive bias to be higher or lower for immigrant teachers.

To ensure that our results are not driven by outliers, we check the robustness of our

results by excluding the 5% highest and lowest test scores from the sample. The estimates

obtained from these regressions are similar to our baseline estimates (see Appendix

Figure A11). Lastly, we examine whether our findings are the consequence of relative

grading schemes. If teachers, in general, tend to evaluate student performance relative

to the average performance of the class, a positive grading bias may occur due to the

fact that minority students are more likely to be in low-performing classes. To rule out

that such a grading behavior is responsible for the observed effect, we express individual

test scores as deviations from the class mean (instead of the cohort mean) and use this

alternative test performance measure in our DiD regression. As is evident from Appendix

Figure A12, employing class-performance adjusted test scores as outcomes yields estimates

that are similar to our baseline estimates.

5 Conclusion

In this paper, we analyze whether teachers discriminate against ethnic minority students

in terms of grading. Our analysis is based on representative survey data on students in

German primary and secondary schools that have been collected nationwide since 2008.

A key feature of the data is that they include information on students’ scores on both

25Unfortunately, we are unable to match students and teachers of the same ethnicity because we only
know whether the teacher was born in Germany or not, but have no information on country of birth
(if not Germany) or whether the teacher’s parents were born in Germany. Moreover, the proportion of
foreign-born teachers in German schools is very small, accounting for only about 2% of the teachers in our
sample.
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standardized, anonymously graded achievement tests and non-anonymous teacher grades.

We compare the results of the two types of achievement measures within a difference-

in-difference framework, thereby addressing the problems of (test-unspecific) unobserved

heterogeneity between minority and majority students as well as measurement error in

test scores.

Although minority students receive, on average, lower grades than majority students,

we find no evidence of discrimination in grading against minority students. Instead, our

results show that the achievement gap between minority and majority students in German

and Math is reduced by 0.26 and 0.20 standard deviations (or 5–6%), respectively, when

students are assessed by teachers compared to when they are assessed by the standardized

test. This positive grading bias is partly due to the fact that minority students face

greater challenges in standardized tests due to language barriers. However, we also provide

evidence that teachers adjust their assessment standards to take account of students’

backgrounds. In particular, we show that the positive grading bias is stronger among

teachers who report that they demand significantly less from students with low capability,

and that such a positive teacher bias is not only limited to ethnic minority students, but

also extends to (majority) students from low socioeconomic backgrounds.

Our results further reveal that the positive grading bias is particularly strong for

students of Turkish origin, who achieve significantly lower than students of other immigrant

backgrounds and are more likely to come from low socioeconomic backgrounds. In addition,

we show that it is predominantly teachers in classes with a high share of disadvantaged

students who exhibit a positive teacher bias towards ethnic minority students. However,

we do not find evidence that the grading bias is due to teachers pushing minority students

above the pass/fail threshold. Rather, our results suggest that the positive grading bias is

stronger among the higher grades. Overall, our findings suggest that teachers adjust their

assessment standards to compensate for initial disadvantages, and that such behavior is

directed primarily at high-performing minority students in classes with high proportions

of disadvantaged students.

It remains unclear, however, whether such a compensatory bias in grading ultimately
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serves to reduce or reinforce initial inequalities in educational attainment. From one

perspective, a grading bias in favor of minority students can be seen as advantageous

for them, as better grades can be decisive for admission to university or when applying

for apprenticeships. Consequently, it may contribute towards narrowing existing educa-

tional inequalities between minority and majority students. From another perspective,

a positive grading bias can be detrimental to students if it is a consequence of lower

teacher expectations, which can create self-fulfilling prophecies (Rosenthal and Jacobson

1986). Given that teacher expectations can influence students’ academic achievement and

attainment (Lavy and Sand 2018; Papageorge et al. 2020; Hill and Jones 2021; Lavy and

Megalokonomou 2024), differential assessments for minority students have the potential to

negatively impact their performance. This can lead to under-investment in human capital

for minority students, which in turn perpetuates longstanding achievement gaps. To avoid

such negative consequences and promote unbiased grading, teachers should be sensitized

to such biases and their potential consequences, as this can help reduce bias in grading.
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Appendix

Tables

Table A1: Descriptive Statistics – Analysis Sample German

Minority students Majority students

Mean StdD Mean StdD

Female 0.505 0.500 0.498 0.500
Age 13.150 2.608 13.062 2.518
4th grade student 0.466 0.499 0.467 0.499
Mother’s education

Low education 0.236 0.424 0.163 0.369
Medium education 0.244 0.429 0.366 0.482
High education 0.248 0.432 0.356 0.479
Missing 0.273 0.446 0.115 0.319

Father’s education
Low education 0.206 0.405 0.138 0.345
Medium education 0.217 0.412 0.315 0.464
High education 0.266 0.442 0.394 0.489
Missing 0.312 0.463 0.153 0.360

Mother’s occupation
White collar 0.369 0.483 0.642 0.479
Blue collar 0.153 0.360 0.094 0.292
Other 0.199 0.399 0.118 0.323
Missing 0.278 0.448 0.146 0.353

Father’s occupation
White collar 0.297 0.457 0.500 0.500
Blue collar 0.218 0.413 0.154 0.361
Other 0.196 0.397 0.171 0.377
Missing 0.289 0.453 0.175 0.380

Number of books at home 117.151 135.519 178.665 154.210
Low SES family 0.230 0.421 0.122 0.328
Region of origin

Turkey 0.199 0.399 – –
EU country 0.204 0.403 – –
Other country 0.597 0.491 – –

First-generation immigrant 0.195 0.396 – –
Speaks only German at home 0.389 0.488 – –

Observations 23,790 69,147
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Table A2: Descriptive Statistics – Analysis Sample Math

Minority students Majority students

Mean StdD Mean StdD

Female 0.502 0.500 0.500 0.500
Age 12.917 2.646 12.764 2.550
4th grade student 0.520 0.500 0.535 0.499
Mother’s education

Low education 0.281 0.449 0.169 0.375
Medium education 0.228 0.420 0.358 0.479
High education 0.255 0.436 0.353 0.478
Missing 0.236 0.425 0.119 0.324

Father’s education
Low education 0.250 0.433 0.145 0.352
Medium education 0.199 0.399 0.292 0.455
High education 0.266 0.442 0.390 0.488
Missing 0.284 0.451 0.172 0.378

Mother’s occupation
White collar 0.373 0.484 0.651 0.477
Blue collar 0.150 0.357 0.084 0.278
Other 0.194 0.396 0.118 0.323
Missing 0.283 0.450 0.147 0.354

Father’s occupation
White collar 0.305 0.460 0.514 0.500
Blue collar 0.209 0.407 0.135 0.342
Other 0.191 0.393 0.169 0.374
Missing 0.295 0.456 0.182 0.386

Number of books at home 112.199 134.064 169.973 152.531
Low SES family 0.241 0.427 0.117 0.322
Region of origin

Turkey 0.191 0.393 – –
EU country 0.223 0.416 – –
Other country 0.587 0.492 – –

First-generation immigrant 0.197 0.398 – –
Speaks only German at home 0.391 0.488 – –

Observations 21,157 59,865
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Table A3: Estimated Association between Minority Status and Students’ Grades – Full Results

German Math
Coef/StdE Coef/StdE

Minority student 0.032∗∗∗ 0.049†

(0.010) (0.010)
Test score 0.650† 0.787†

(0.006) (0.006)
Female 0.305† 0.109†

(0.009) (0.008)
Age −0.333† −0.173†

(0.041) (0.040)
Age2 0.009† 0.004∗∗∗

(0.001) (0.001)
Mother’s education (Ref.: Low education)

Medium education 0.057† 0.045†

(0.014) (0.013)
High education 0.052† 0.030∗∗

(0.014) (0.013)
Missing 0.059∗∗∗ 0.009

(0.019) (0.020)
Father’s education (Ref.: Low education)

Medium education 0.007 0.007
(0.015) (0.014)

High education 0.072† 0.058†

(0.015) (0.013)
Missing −0.023 −0.018

(0.019) (0.018)
Mother’s occupation (Ref.: White collar)

Blue collar −0.045∗∗∗ −0.038∗∗∗

(0.014) (0.014)
Other −0.032∗∗∗ −0.000

(0.012) (0.012)
Missing −0.028∗ 0.008

(0.015) (0.016)
Father’s occupation (Ref.: White collar)

Blue collar −0.043† −0.010
(0.012) (0.012)

Other −0.007 0.006
(0.010) (0.011)

Missing −0.110† −0.074†

(0.015) (0.016)
Number of books at home (in 100) 0.011† −0.004

(0.003) (0.003)
Constant 2.548† 1.405†

(0.281) (0.269)
Class FE yes yes

Observations 92,937 81,022
Clusters 4,985 6,221
Adjusted R2 0.476 0.545

Notes: Standard errors are clustered at the class level. Significance level: † 0.1%,
∗∗∗ 1%, ∗∗ 5%, ∗ 10%.
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Figures
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Figure A1: DiD Results – Only Low SES Students
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Figure A2: DiD Results – By Average Test Performance in Class
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Figure A3: DiD Results – Science and Math
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Figure A4: DiD Results – By Gender
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Figure A5: DiD Results – By School Grade
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Figure A6: DiD Results – By Teacher’s Gender (Only 9th Grade Students)
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Figure A7: DiD Results – By Teacher’s Age
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Figure A8: DiD Results – By Teacher’s Experience
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Figure A9: DiD Results – By Teacher’s Tenure
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Figure A10: DiD Results – By Teacher’s Origin
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Figure A11: DiD Results – Excluding the 5% Smallest and 5% Largest Test Scores
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Figure A12: DiD Results – Test Scores as Deviation from the Class Mean
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