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Abstract

We suggest that discriminatory practices may vary significantly across decision-
makers, which allows for deeper insights into the mechanisms behind discrimi-
nation. We study this in the context of biased grading in schools. We develop a
theory of teacher biases driven by heuristic beliefs stemming from concrete class-
room experiences. Because teachers may also care about grade equality, such
a mechanism can lead to either inequality-reinforcing or compensating biases in
grading. Based on large-scale administrative data on Danish students, we find
strong evidence for highly heterogeneous teacher biases—up to 45% of teachers
exhibit a bias that is of the opposite sign as the average bias. Furthermore, there
is a robust and substantively large compensation effect. Teachers that experi-
enced a visible demographic group (defined by gender or migration background)
academically under-performing relative to a reference group show more positive
bias towards that group than teachers where the same group over-performed.
We find little evidence for alternative explanations of bias. To fully grasp dis-
crimination, we must go beyond averages and consider the wide variety of biases
shaped by individual experiences.
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1 Introduction

Discrimination remains at the center of both public debate and scientific investigation.
In recent years, an increasingly sophisticated literature has added to our understanding
in terms of distinctions between taste-based, statistical, and structural discrimination
(Small and Pager 2020), intersectional effects (Dahl and Krog 2018), and the existence
of both negative and positive discrimination of the same demographic group, depending
on further attributes (Schaeffer, Hohne and Teney 2016; Quadlin 2018). Discrimination
is thus increasingly seen as a heterogeneous phenomenon that evades simple theorizing.
In this paper, we make the case that there is important heterogeneity in discrimination
not only across potential targets but also across decision-makers. At the same time,
this heterogeneity opens up possibilities to learn about the deeper causes and mecha-
nisms behind discriminatory behavior. Furthermore, although discrimination is usually
inequality-reinforcing, it may also be compensating in specific cases. We develop and
test these arguments in the context of biases in school teachers’ grading.

A large literature analyzes the sizable gaps in grades across socio-demographic
markers such as gender and migration background (e.g., Coenen and Van Klaveren
2016; Andersen and Reimer 2019; Wenz and Hoenig 2020). One explanation put for-
ward is teacher bias (Lavy and Megalokonomou 2019; Lavy 2008; Terrier 2020; Di Lib-
erto, Casula and Pau 2021; Gibbons and Chevalier 2008). However, researchers have
noted that determining whether teachers are biased is methodologically challenging
(DiPrete and Jennings 2012, p.2, Buchmann, DiPrete and McDaniel 2008, p. 160).
Furthermore, it is often unclear why teachers would be biased in one or the other di-
rection. The latter question is especially pressing given the highly varying findings on
teachers’ biases towards students of different ethnic backgrounds (Alesina et al. 2018;
Botelho, Madeira and Rangel 2015; Burgess and Greaves 2013; Gibbons and Chevalier
2008).

We investigate teacher bias using large-scale administrative data on student grades
and rich background variables from Denmark. These data allow us to investigate
teacher bias in an unusually comprehensive and detailed manner. In order to do so,
we differentiate various theoretical mechanisms that incorporate teachers’ preferences,
beliefs, and professional experiences. Going beyond simple notions of uniform taste-
based or statistical discrimination (Small and Pager 2020), we suggest that individual

teachers form (potentially distorted) beliefs about groups of students based on their



direct experience with these groups—and that these beliefs drive biases. This means
that the magnitude and even the direction of biases may vary across teachers.

Furthermore, given the primacy of academic performance in most school systems
and teachers’ everyday professional life, we argue that the content of these beliefs cen-
ters on groups’ perceived academic abilities. However, we argue that beliefs about
groups do not necessarily predict the direction in which the discrimination of these
groups occurs. When teachers believe a certain group of students to be academi-
cally weaker than other groups, does this lead them to reinforce such inequalities
by—consciously or implicitly—biasing their grading against such groups, as standard
accounts suggest? Or, do teachers rather compensate for such pre-existing perceived
inequalities and exhibit positive bias? We argue that in societies with strong equality
norms, such as the Danish context, the latter effect is possible.

Our data allow us to shed light on these questions. Danish 9'" grade students receive
grades on written performance both from their teacher as well as from standardized
tests. Qua regulation, these two grades are supposed to measure the same abilities.
We define teacher bias formally as a causal effect of student characteristics (Lundberg,
Johnson and Stewart 2021) and use the difference between the two different grades in
Math to estimate grading biases as a function of the migration background and gender
of a student, averaging across all teachers as well as for each teacher individually. Our
estimates of grading biases amount to around 10% of a standard deviation and indicate
an average bias favoring girls (replicating numerous results from other countries, e.g.,
Terrier 2020) and students with a migration background. However, we point out various
problems that may lead to biases in these estimates.

Going beyond simple averages, we document sizable heterogeneity in bias across
teachers—in terms of size, but more interestingly also in direction. We estimate that
between 30% and 45% of teachers have a bias in the opposite direction as the average
would suggest. That is, a sizable minority of teachers favor boys or native Danes.!
Accordingly, our results suggest that in this context heterogeneous effects are an im-
portant phenomenon that cannot be ignored.

What explains the large variation in biases? Following our theory, we argue that

!'Throughout the paper, we use the term “migrant students” to refer to both first- and second-
generation immigrant students. We use the term “native Danes” for students that are third- or
higher-generation migrants. Virtually all humans are descendants of migrants (Timmermann and
Friedrich 2016), and the concept of “nativity” should therefore be understood as a socially constructed
shortcut. We rely on a binary conception of gender, as only a binary variable is available in our data.



teachers observe group-specific academic performance and use this to (partially) up-
date their beliefs, which then influence their biases. In our data, both the relative
academic performance of students with a migration background as well as the relative
academic performance of girls versus boys vary widely across teachers, which allows us
to evaluate these predictions. In essence, we compare the estimated bias of a teacher
who has taught a relatively high-performing set of students from a certain demographic
to a teacher who has taught relatively lower-performing students from the same demo-
graphic group.

We find that the worse a teacher’s students with a migration background perform
(relative to native Danes), the more positive the teacher’s bias towards that group
becomes. The same pattern holds for the relative performance of girls versus boys.
This is in line with a compensation mechanism.

We find no evidence for alternative explanations of the variation in teacher bias.
The share of migrant students a teacher has taught does not moderate bias in the
manner predicted by contact theory (Elwert, Keller and Kotsadam N.d.). That is,
contact alone is not sufficient to move bias; rather, it appears to depend on the specific
information about academic performance transmitted during the contact. Teacher
gender and migration background also do not correlate with teacher bias, nor do they
appear to moderate the effect of contact or academic performance.

Further results bolster our proposed mechanism. When differentiating first- and
second-generation migrants, the relative performance of one group mostly moderates
the bias towards that group, but not biases towards the other group. When analyz-
ing specific migrant student groups defined by regional origin or using regional origin
fixed effects, we obtain similar results. Furthermore, the relative performance of girls
does not moderate bias towards migrants and vice versa, alleviating some concerns
about selection bias. When controlling for relative performance on the school level,
teacher-level moderation estimates remain essentially unchanged, suggesting a mech-
anism centered on personal teacher experience that does not spill over onto other
teachers. We also explain why a general compensation mechanism—that is, teachers
generally compensating weak students irrespective of their group membership—cannot
explain our results.

Finally, our estimates of the compensation effect are large. For example, our results
imply that teachers who did not observe any academic performance differences between

first-generation migrant students and native Danes do not show any bias towards mi-



grant students. The 95% confidence interval for the bias is [—0.03,0.01] standard
deviations. However, a teacher with native Danes outperforming migrant students by
one standard deviation is estimated to have a pro-migrant bias of about 0.08 (close to
the average bias), while a teacher with migrant students outperforming native Danes
by the same magnitude is estimated to biased in the opposite direction by about 0.11
standard deviations. In this sense, the observed performance differences of student

groups assigned to a teacher appear to be a major cause of teacher biases.

2 Defining teacher bias

We suggest a theory-based and operationalizable definition of teacher bias that is inde-
pendent of a specific estimation algorithm (Lundberg, Johnson and Stewart 2021). The
extant literature on teacher bias does not offer such a definition, although researchers
seem to be aware of numerous problems when estimating bias. For example, DiPrete
and Jennings (2012) note that prior findings in the literature that were claimed to show

gender bias of teachers

are equally consistent with the contrary hypothesis that parents and teach-
ers accurately observe gender differences in behavior, which affect both
learning itself and the production of materials (like homework, reports,

and presentations) that factor into the academic evaluation process. (p. 2)

We interpret this as saying that students’ group characteristics may affect learning
outcomes and thereby, indirectly, grades awarded to them. The left causal graph (Pearl
2009; Morgan and Winship 2015) in Figure 1 reflects this possibility: At any given point
in time, student features X (gender, migration background, etc.) affect student ability
A and thereby teacher grade T'. This alone would create disparities in teacher grades
across X. But since teachers are generally supposed to award grades based on (per-
ceived) student abilities, it seems questionable to call such behavior “bias”. Instead, it
is some sort of direct effect net of abilities—indicated by the arrow from X to 7" in the
right graph—that more intuitively would correspond to bias or discrimination on the
part of the teacher. Pearl (2001) was the first to make such an explicit connection be-
tween discrimination and direct causal effects in causal graphs. This was recently taken

up by Lundberg, Johnson and Stewart (2021) in various sociological examples as well



as in the computer science literature on algorithmic fairness (Zhang and Bareinboim
2018), among others.

Note that this argument relies on a normative statement about what teachers are
(not) supposed to factor in when grading—i.e., what the ability variable A consists of.
If one were to argue that student demographics are an appropriate source of information
for the grading teacher (as “statistical” accounts of discrimination, to be discussed later,
suggest), then a direct effect of such demographics would not necessarily constitute
bias. Note additionally that the relationship between X and A may reflect other forms
of bias than grading bias. That is, prior to the grading decision in question, teachers
may have treated groups differently net of their prior abilities, affecting what abilities
A students acquired in the first place. Indeed, Carlana (2019) provides evidence that
female students with math teachers that exhibit stereotypes against girls, as measured
by an implicit association test, obtain lower standardized test scores.? Therefore, it
is important to keep in mind that studies—like ours—that analyze grading bias can
at most yield evidence for “one-shot” discrimination at a single point in time. This
may be especially relevant insofar as early interactions between students and teachers
matter more than interactions in later grades, as argued by Alexander, Entwisle and
Thompson (1987).

We return to challenges in actually estimating such biases from data further below
including the role of U and F. In the next section, we introduce our theoretical model

of teacher bias that explains why biases would vary across teachers.

2 Accordingly, the edge X — A in both graphs in Figure 1 could be thought of as consisting of a part
mediated by prior abilities A;_; as well as a prior direct effect. However, since prior abilities are
usually not observed, omitting such mediators is irrelevant to our formal analysis.
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Figure 1: Causal graphs for identification analysis. Left: A basic unconfounded me-
diation model. Right: Confounded model with a proxy variable for the mediator. X
denotes the group membership of a student in terms of gender, migration background,
or their interaction. A denotes abilities that are not measured in the data but are
observed by the teacher. F is an external grade from a standardized test. T is the
grade awarded by the teacher. U are confounders, which may not be measured, that
impact students’ abilities and also the grading by the teacher.

3 Why are teachers biased?

Extensive research in the social sciences delves into the subject of teacher bias and
implicitly adopts a conceptualization of bias akin to the model presented in the previous
section (Lavy 2008; Lavy and Sand 2018; Lavy and Megalokonomou 2019; Botelho,
Madeira and Rangel 2015; Terrier 2020; Di Liberto, Casula and Pau 2021; Gibbons
and Chevalier 2008). Two findings stand out in this literature. Firstly, evidence from
numerous countries over recent decades consistently suggests that teachers exhibit a
bias in grading that favors female students. Secondly, the assessment of biases against
migrant students presents a diverse picture, with both negative and positive estimates.

This leads to our base hypothesis:

Hypothesis 1 (average biases): Teachers bias their grading as a function of

student gender and migration background.

Our argument zooms onto the variability in teacher biases. Even in instances where
the findings seem consistent, as is the case with gender bias, these results may often
obscure significant heterogeneity and deeper underlying mechanisms. The prevailing
research tends to focus on average biases, specifically those averaged across all teachers.
However, if there is a variation among teachers, then these averages fail to accurately

capture many students’ lived experiences (Brand and Thomas 2013; Kline and Walters



2021). Additionally, a more profound understanding of the causes of biases can only
be achieved by taking into account the diversity among teachers.

However, conventional models of discrimination and bias that focus on potential
discriminators’ decision-making are often implicitly uniform; similarly, structural ac-
counts of discrimination due to the law or organizational behavior leave little room for
heterogeneity (Pager and Shepherd 2008; Small and Pager 2020). It may well be that
one reason for this lack of theorizing is the lack of available data. Observational studies
of discrimination, especially in the labor market, do usually not include information
on decision-makers (e.g., employers), while audit experiments rarely send more than
one application to the same decision-maker. This prohibits analyzing the variation in
biases across them. A recent exception is an experimental study by Kline and Walters
(2021), who sent out multiple artificial CVs to the same employer to estimate variation

in discrimination.

3.1 Theorizing Variation in Teacher Bias

Why would we expect teachers’ biases to vary? The familiar individual-centered frame-
works of “taste” and “statistical” discrimination can serve as a useful starting point
(Small and Pager 2020). According to a simple taste-based model, each teacher would
have a fixed preference for one student group over the other, which could then influence
their grading decisions. As economists and sociologists have noted, this is not a very
satisfactory explanation of behavior as it borders on a tautology (Arrow 1998; Charles
and Guryan 2011): Biases occur because teachers “like” to be biased in a particu-
lar way. However, already the early model by Becker included decision-makers with
varying tastes and therefore heterogeneity across discriminators, although again this is
rarely reflected in empirical research (Becker 1957).

A “statistical” account of discrimination, on the other hand, assumes that the
teacher faces limited information when assessing a student. Even though the teacher
and student usually interact repeatedly and in some depth, it appears plausible that
the teacher still operates under limited information about the subject-specific skills of
the student. This is because both the curriculum content to be assessed as well as the
student’s skills evolve over the school year. Therefore, at any given point in time, there
is residual uncertainty about the true abilities of a student.

Accordingly, teachers could use observable characteristics of students, such as mi-

gration background or gender, to inform their grading. Arguably, a standard statisti-



cal model of discrimination would predict reinforcing (Matthew) effects (Burgess and
Greaves 2013): If, for example, teachers observe boys generally outperform girls in
Math, they would generally bias boys’ grades upwards and girls’ grades downwards.
Intuitively, a boy with an unusually low visible performance would be thought of to
have suffered from bad luck or other idiosyncrasies, given boys’ general relatively strong
performance; therefore, the “optimal” statistical assessment would be higher than the
prima facie performance.

However, we argue that such reinforcing mechanisms are not the only way a “statis-
tical” mechanism can play out, especially once one leaves narrow notions of teachers’
rationality. Traditional accounts of statistical discrimination rest on a strong notion of
rationality. Following such a model, we would think of teachers as only caring about
giving grades that reflect true abilities and at the same time accurately observing
the relationship between group characteristics and academic performance to improve
(statistically update) their assessments. Again, this mechanism is often thought to
be uniform across decision-makers. All in all, this picture is unrealistic. A first step
towards realism would allow for both taste-possibly unconsciously in the form of an
implicit bias (Greenwald, McGhee and Schwartz 1998)— and statistical discrimination
components in the teacher’s behavior. Second, sociological and psychological evidence
question the accuracy of decision-makers beliefs about the relationship between visible
demographic markers and individual traits (e.g., Pager and Karafin 2009).

The last point becomes especially relevant once one considers the literature on
context effect in schools (Crosnoe 2009; Legewie and DiPrete 2012). This literature
suggests important (if varying) effects of school- and classroom composition on stu-
dents’ achievement. There is no similar literature that centers on teachers; however,
it stands to reason that teachers as a “class” are similarly influenced by their work
environment (Weeden and Grusky 2005). Specifically, availability and representative-
ness heuristics may lead teachers to overweight (relative to a rational decision-maker)
their immediate experience with highly visible demographic subgroups (Bordalo et al.
2016). This opens up the possibility that teachers’ beliefs about the performance of

student groups vary significantly, and, accordingly, their biases do so as well.
Hypothesis 2 (variation in biases): Grading biases vary across teachers.

Taken together, our account assumes that teacher bias is driven, consciously or

unconsciously, by both taste as well as beliefs about the academic performance of



visible demographic subgroups of students. These tastes and beliefs may be variable,
and therefore teacher bias may be variable. Teachers’ beliefs may be stereotypical and
driven by heuristics, and depend to a large extent on their immediate experience with

specific student groups.

3.2 The Compensation Effect

These mechanisms do not necessarily lead to predictions about the direction of biases.
We have already suggested that a standard statistical discrimination account would

lead to inequality-reinforcing biases, that is, a Matthew effect.

Hypothesis 3 (Matthew effect). Teachers are negatively biased towards
groups they believe to perform worse academically and positively biased

towards groups they believe to perform better.

However, the opposite effect—a compensation effect—is also possible. This is be-
cause teachers have preferences over the overall grade distribution. Specifically, they
may prefer equal distributions of grades to less equal distributions. Indeed, van de
Werfhorst (2020), based on survey data, reports that school teachers are among the
most left-wing professions in Europe, and such attitudes usually go hand in hand with
stronger preferences for equality. Furthermore, in our case, Denmark as a Scandina-
vian country exhibits even stronger and more homogeneous egalitarian norms than
most other European countries (Bendixsen, Bringslid and Vike 2018).

If teachers want to equalize educational outcomes, this may interact with decision-
making based on heuristical information. Rather than reinforcing pre-existing inequal-
ities, it can lead teachers to compensate those groups which they perceive to perform
poorly academically. We call this the compensation effect. The central aim of this
paper is to investigate whether the compensation effect exists and in what way it

materializes.

Hypothesis 4 (compensation effect): Teachers are positively biased towards
groups they believe to perform worse academically and negatively biased

towards groups they believe to perform better.

To our knowledge, such a mechanism of a belief-based discrimination mechanism
leading to less group inequality has been rarely discussed in the literature. The phe-

nomenon is distinct from the mechanism discussed by Schaeffer, Hohne and Teney



(2016), who show that in a purely statistical model of discrimination, the sign of the
discrimination effect may switch depending on further attributes (in their case, educa-
tion) of the person subject to discrimination. This could but need not, lead to average
positive discrimination of the group with lower baseline levels of the outcome (Schaef-
fer, Hohne, and Teney find no average residual discrimination). In our case, however,
the compensation effect always materializes and stems from additional preferences of
the discriminating decision-maker that go beyond just making a decision (finding a
grade) for a specific subject. Because the teacher wants to reduce overall grade in-
equality, the teacher pays attention to the typical performance of different groups in
her environment and uses this information to reduce inequality, not (only) to assess an

individual student.

3.3 Other explanations of variation in bias

Based on our account and the previous literature, we can also generate related but
distinct predictions about the causes of teacher bias. Our theoretical mechanisms center
on the concrete information about academic performance transmitted to a teacher in
her work environment. This presupposes contact with the relevant groups (e.g., migrant
students). If a teacher is never exposed to a certain group of students, her beliefs
cannot change as a consequence of the exposure. Now, on a more foundational level,
it is conceivable that contact alone may be sufficient to impact teachers’ biases, akin
to mechanisms discussed in the literature on contact theory (Allport 1954; Pettigrew
and Tropp 2006; Elwert, Keller and Kotsadam N.d.). The classic contact hypothesis
states that contact with out-groups increases sympathy toward the out-group. This
argument is therefore conditional on the group membership of the teacher. A test of
this would therefore involve, for example, comparing the effect of more exposure to

migrant students on teacher bias between migrant teachers and non-migrant teachers.

Hypothesis 5 (contact): Teachers are more positively biased towards demo-

graphic out-groups the more contact they have with the out-group.

Finally, an adjacent and simplified hypothesis is that migration background and
other teacher demographics like age and gender impact bias regardless of contact. These
factors can impact bias through socialization processes on the bias-taste of a teacher.

Prior research has investigated the role of gender, with varying results (Andersen and

10



Reimer 2019; Coenen and Van Klaveren 2016). Our large administrative data allow us

to investigate all of these conjectures.

Hypothesis 6 (teacher demographics): Teacher demographics impact on bi-

ases regardless of contact.

4 Research design and data

Our empirical estimation strategy involves two steps: 1) Estimating teacher bias, on
average and separately for each teacher 2) Relating teacher- (and also school-) level bias
estimates to teacher and school characteristics. We implement these in one regression

framework; however, it is useful to separate them for identification purposes.

4.1 Estimating Average Biases

We have suggested defining teacher bias as a direct causal effect of student attributes
on teacher grades, fixing student ability. Note that this definition is also relevant to
distinguish group-specific from general Matthew effects or compensation. For example,
if teachers were generally awarding weaker (in terms of abilities A) students higher
grades and stronger students lower grades than would otherwise be justified, this would
lead to possible indirect effects of X on T (insofar as there are effects of demographics
on abilities). However, the direct effect, by definition, factors in any teacher behavior
based on A. If we find direct effects of X that cannot be explained based on A, then
this is on top of any other effect due to the way teachers translate abilities into grades.?

In contrast to the standard estimation approach for direct effects, many papers in
the teacher bias literature use the fact that teacher grades and standardized test grades
are on the same scale and regress the deviation of the teacher grade T' from a test grade
E on student features X (e.g., Lavy 2008, Terrier 2020):

T—FEF=a+pX +e.

Accordingly, there is no explicit regression control for ability. It is therefore not

immediately clear whether such an approach estimates a direct effect. A perhaps more

3Note that we cannot estimate such general Matthew or compensation effects — that is, the causal
effect of A on T. This is because we observed only a proxy of A, the test grade F, and additionally,
A and T are possibly confounded, as indicated in the right graph in Figure 1.
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intuitive approach would be to control for E in the regression T = a + X + 0E + ¢
(e.g., Burgess and Greaves 2013).

To understand this, we turn to the right graph in Figure 1. We denote the test grade
by E, as in many applications (including ours), it is often externally (co-)graded by a
teacher who is not responsible for awarding the teacher grade T. We suggest that the
standardized test grade does not perfectly measure ability A but instead is influenced
by additional noise factors. The arrow from A to E indicates that A causally affects
E. In the psychometric literature on educational testing, such “formative modeling” is
a common conceptualization of standardized tests (Markus and Borsboom 2013, 117).
The test grade E therefore proxies for A. This creates a first problem for estimating
teacher bias. For estimating teacher bias, we would want to statistically control for A;
however, we only have the imperfect proxy E available.

A second problem indicated by the right graph in Figure 1 is potentially unob-
served confounders U that impact ability and teacher grade. Among other things,
these may include teacher competence or “added value”—which impacts A—as well as
teacher strictness, which impacts 7. We would expect competence and strictness to be
correlated due to deeper unobserved variables that impact teacher features (e.g., their
training and work experience). Therefore, these variables would constitute confounders
of the A — T relationship. Additionally, it may be that parents’ involvement and ed-
ucational investments impact A as well as on 7' insofar as teachers bias their teaching
depending on how parents behave. Furthermore, there may be relevant variables that
vary on the class and school level (e.g., sociodemographic composition). Such unob-
served confounders of mediator and outcome make identification of direct causal effects
impossible without stronger assumptions (Knox, Lowe and Mummolo 2020; Lundberg,
Johnson and Stewart 2021; Zhang and Bareinboim 2018).

In Appendix B, we discuss a set of stronger assumptions that would allow re-
searchers to estimate teacher bias. Among other things, one would need to assume
that the test £ measures abilities A in the same way as the teacher grade 7. This
seems unlikely to be satisfied exactly, and therefore average bias estimates may well

suffer from systematic statistical errors.*

4In Appendix B, we also show that an estimator that adjusts for E via regression control Burgess and
Greaves (2013) appears to be strongly biased even under the stronger assumption.
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4.2 Estimating the Effects of Teacher Characteristics

However, our main aim is not to estimate teacher bias, but rather to explain it. That
is, we relate estimates of teacher bias to teacher- or school-level variables, such as
the relative performance of student groups assigned to a teacher. For estimating such
causal effects, one main concern is to make sure that there are no unobserved con-
founders of the teacher and school characteristic and the teacher bias. If our estimates
of teacher bias are systematically distorted, this does not introduce a problem, as long
as the causes of the distortion are not related via back-door paths (Pearl 2009) to the
independent variable (the teacher-level variable).> We expand on this in Appendix B,
where we show analytically and by means of simulation how we can explain teacher
biases even in the face of issues like differential measurement error in the test grade E.

Our primary concern is that certain types of teachers with varying biases systemat-
ically sort into specific schools (e.g., urban versus rural schools) and that this is corre-
lated with the number and types of migrant students teachers are exposed to, thereby
opening back-door paths between teacher-level variables derived from students’ char-
acteristics and teacher bias. However, since this selection happens on the school-, not
teacher- or class-level, we use school fixed effects throughout. We thereby approximate
a comparison that only happens across teachers within the same school. Furthermore,
we will explore such possible biases through various placebo tests, which we discuss in
more detail further below.

In terms of estimation, we examine the role of teacher- and school-level character-

istics as moderating variables in interactive regression models of the form

E—El:OC+BXZ+’YZ]+5XZZ]+C/\+€Z

For clarity, we have added subscripts ¢ for students and j for teachers/schools. Here,
X; are students gender and migration background and Z; are teacher- and school-level
variables. Accordingly, estimates of § will tell us how teacher- and school-level variables
moderate the effect of students’ demographic characteristics, which is equivalent to
moderation of teacher- and school-level biases. C' is a matrix of additional control
variables, including teacher demographics and school fixed effects.

For testing for the presence of the compensation effect, Z; will be the average

5This is because in a potential regression of teacher bias T'B on teacher characteristics TC, TB =
a+ BTC + e, a constant bias in estimates of T'B simply moves estimates of the intercept «, but does
not affect estimates of 3.
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performance differences between a group and a reference group (e.g., migrant and
native students) for a teacher j, measured on the external test E. The reference
group is the same as the reference group for the bias effect estimated by (. Teachers
compensate when the interaction effect 0 is negative. For example, this would indicate
that a teacher whose migrant students outperform native students shows more anti-
migrant bias than a teacher where migrant students perform less strongly academically
than native ones.

This regression setup allows us to implement all main analyses in one common
framework. The only thing that varies between regressions are which subset of the
data we use, the composition of the independent variables, as well as the choice of the
level on which we cluster standard errors. Since we use full population data, estimation
uncertainty comes only from variation in the independent variables. We follow the
guidance set out in Abadie et al. (2022) and cluster standard errors on the highest
level on which the central independent variables of interest vary. If we focus only on
student-level variables, we do not cluster standard errors. If we examine interactions
between student demographics and teacher/school characteristics, we cluster on the
teacher /school-level. Finally, for descriptive inferences on the distribution of teacher

biases, we will also employ multilevel models.

4.3 Data source and sample

We base our analysis on population-wide register data on 9*" grade students in Danish
public and private schools for the years 2002-2019.5 There are grades available for
1,190,234 students in this period. This excludes students in special needs classes as
well as those who took the standardized exam at a different institution than the one
where they attended school. Due to missing data (some private schools only started
to implement the standardized test during the period of study) and duplicate entries,
there are between 1,029,539 and 1,039,908 observations in our main analyses.
Furthermore, we make use of data that matches students to teachers. This match
is available for the years 2014-2019 for students that attend public schools (about 2/3
of all students, N around 225,000; N of teachers is between 3,085 and 5,341). We use

6Data are also available for the years 2020 and 2021. However, in 2020, no standardized tests were
performed due to the COVID-19 pandemic. In 2021, tests were performed, but, to counteract the
learning difficulties of students during the pandemic, whenever the test grade was below the grade
assigned by the teacher, the teacher grade was stored as the official test grade. Accordingly, our
estimation strategy is not possible for these two years, which therefore are excluded from the analysis.
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these data to investigate teacher-level heterogeneity and mechanisms.

4.4 Outcome variables

To measure teacher bias in grading we use two sets of grades given to students at the
end of 9" grade, which is the final year of lower secondary education for many students
in the Danish school system. Students are given two grades on written performance in
several subjects. One is given by the teacher, while the second is based on a nationally
standardized test. By law, these grades are supposed to measure the same skill and
only that skill. This sets clear normative standards and simplifies the discussion of
the definition of teacher bias: Even if teachers did not grade directly based on student
demographics, but instead based on behavior that is caused by these demographics,
this would constitute a deviation from the legal framework. We focus on Math, as here
the case for the test grade E measuring student abilities A well is strongest.

A further strength of our design is that students receive a separate grade from the
teacher on oral performance. This is a special feature of the Danish schooling system;
prior papers using data from other countries did not face such a situation. The written
grade is therefore empirically less likely to reflect classroom behavior compared to
situations in most other countries, as teachers are specifically instructed to separate
written from oral performance.

Over the period of study, the stakes involved in the test were raised. Before 2015,
the test had no direct formal consequence for students’ educational evaluation. Be-
ginning in 2015, passing the test in math was required for admission into vocational
training. Furthermore, from 2019 onward, test results became part of the requirement
for admission into high school.

Throughout, we standardize F, T, and T — FE, so that effects can be interpreted
as changes in the outcome in terms of standard deviations. Since we are interested
in how much of the teacher grade T is explained by bias, the bias measure T" — F
is standardized by using the (larger) standard deviation of the teacher grade. This
allows for a more realistic assessment of effect sizes. On the original grading scale, the

standard deviations of 7" and E are comparable (between 2.87 and 3.13).

4.5 Independent variables: Student demographics

We investigate two sources of teacher bias:
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1. Migration background. This is operationalized as separate indicators for first- and
second-generation migrants, as well as for a reference group that includes native
Danes. Furthermore, we also investigate differences between different regions of

origin (reference group: Denmark), regardless of migration generation.

2. The gender of a student. This is operationalized as a binary variable; 0 = male,

1 = female.

First-generation (“1G”) migrants are defined in the data by Statistics Denmark as
students that were born outside of Denmark and where no parent was born in Denmark
and has Danish citizenship. Second-generation (“2G”) migrants are students that
were born in Denmark, but where no parent was born in Denmark and has Danish
citizenship. The reference group (“native Danes”, see fn. 1) contains all other students.
The operationalization of gender reflects that there are only two genders in the Danish

administrative registries.

4.6 Moderators

Our main moderators of interest are teacher-level performance differences of student
groups. These are used to differentiate between Hypotheses 3 and 4. For exploring
Hypothesis 5 (contact), we measure the share of students from demographic groups
a teacher has taught. We also use triple interactions of student demographics, group
shares, and teacher gender or migration background to test Hypothesis 5. Teacher

gender and migration background are also used to assess Hypothesis 6.

5 Results

We start by estimating average biases. Figure 2 shows gender as well as migrant /non-
migrant differences in the teacher grade, the test grade, as well as our bias measure
(teacher grade minus test grade) for the whole sample of students across all years.
Table A1l in the Appendix provides the full results behind the figure.

Starting on the left, the figure shows that there are no average gender differences
in the teacher grades (the point estimate is virtually zero and insignificant). However,
female students perform somewhat weaker than males on the external test. The differ-

ence amounts to 0.12 standard deviations (or about 0.3 grades on the original grading
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Figure 2: Point estimates and 95% confidence intervals (hardly visible) from student-
level regressions. N = 1,038,400 students, pooled over the years from 2002-2019. The
x-axis depicts the regression outcome. The first three estimates refer to gender effects,
the last six estimates correspond to the effects of migration background. “1G” indicates
a comparison of first-generation migrants with non-migrants, “2G” a comparison of
second-generation migrants with non-migrants.
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scale). This implies that the estimate of average teacher bias is positive and hence that
female students seem to be advantaged relative to male students. The bias estimate
is 0.12 standard deviations. Accordingly, the zero average difference in teacher grades
appears to be made up of negative differences in ability (as proxied by the difference
on the test) being outweighed by positively biased teacher grading.

Turning to the role of migration background, we see large differences in both teacher
and test grades going into the same direction. First-generation migrant students receive
about 0.57 standard deviations lower grades from their teachers than those without a
migration background, while second-generation migrant students receive grades lower
by about 0.42 standard deviations. For the test grades, the picture is very similar, with
average differences of —0.62 (first-generation) and —0.52 (second-generation) standard
deviations. Given that the average test grades are lower than the average teacher grades
for both first and second generation immigrants compared to natives, the estimates of
bias suggests biases in favor of students with a migration background: estimates are
0.11 and 0.13 standard deviations for first- and second-generation students, respec-
tively.”

Our estimated effect sizes for the pro-girl bias are very similar to the results in
Lavy (2008) (with data from Israel) and Terrier (2020) (with data from France), and
somewhat smaller than the estimates based on Italian data in Di Liberto, Casula and
Pau (2021). Our results on the role of migration background add to a highly diverse
set of findings (Alesina et al. 2018; Botelho, Madeira and Rangel 2015; Burgess and
Greaves 2013; Gibbons and Chevalier 2008).

We emphasize again, however, that the estimates of average biases are likely to be
systematically distorted due to the methodological problems discussed before. Given
their rather small size, it is even imaginable that the true average biases are in the
opposite direction of what we find here. Therefore, in the remainder of the paper, we

focus on the variability in teacher biases and their deeper causes.

5.1 How do biases vary across teachers?

As a first step of our investigation of the causes of teacher biases, we provide evidence
that the biases do indeed vary significantly across teachers. The data for this analysis

are based on students and teachers from public schools only (which educate roughly

"Further analyses, reported in Table A1l in the Appendix show no evidence of intersectionality; inter-
acting gender and migration background yields very small and insignificant coefficients.
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Figure 3: Distributions of teacher-specific bias estimates based. Left: Difference-in-
means estimator. Right: Multilevel shrinkage estimator. N = 5,322 (gender); 3,085
(1G); 3,804 (2G) teachers, pooled over the years from 2014-2019.

2/3 of all Danish students in this period), and only for the period 2014-2019 due to
data limitations; this yields around 5,300 teachers and the grades of around 225,000
students in total.

We start repeating the analysis from the previous section on the reduced sample and
with teacher-fixed effects. Model 8 in Table A1l in the Appendix shows that the results
are robust to the inclusion of teacher-fixed effects. Point estimates barely change after
their inclusion, but, importantly, the teacher-fixed effects explain a sizable portion
(16%) of the variance in the outcome.

Next, we compute the bias outcome 7' — E for each student of the teacher and
aggregate these to each of the demographic groups. For gender bias, there are very
few missing values; however, once we turn to computing outcomes for students with a
migration background, many teachers drop out of the analysis because they never got
teach students with a 1G or 2G migration background. Here, we have data on 3,085
and 3,804 teachers, respectively.

We then use two estimation strategies to estimate heterogeneity in teacher biases.
First, we estimate teacher-specific bias by using a simple difference-in-means estimator

on the teacher level, e.g., comparing girls and boys. This approach will overestimate the
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variance in teacher-specific bias, because each teacher only teaches a limited number of
students (the mean number of students per teacher is about 43). The limited sample
sizes per teacher introduce sampling variance in each teacher-specific bias estimate that
biases the estimated variance upwards. The resulting density plots of bias estimates
are in the left part of Figure 3.

Using this approach, we find that about 30% of teachers have a bias against female
students (that is, a bias of the opposite sign as the average). About 36% of teachers are
estimated to have absolute bias larger than 0.20 standard deviations, and about 5% to
have an absolute bias larger than 0.50 standard deviations. Recall that the estimate of
average bias amounted to 0.12 standard deviations. Turning to bias based on migration
background, recall that the average bias was also positive and amounted to 0.11 (1G)
and 0.13 (2G) standard deviations. We estimate that about 45% (1G) and 37% (2G)
of teachers show negative bias, i.e. bias against students with a migration background.
59% (1G) and 53% (2G) are estimated to have an absolute bias larger than 0.20; for
absolute biases larger than 0.50, the numbers are 23% and 16%. Overall, this indicates
large heterogeneity in biases across teachers.®

Our second approach uses a shrinkage approach to mitigate the upward bias in vari-
ance estimates. We implement an Empirical Bayes estimator using a linear multilevel
model where the dependent variable is the bias outcome 7' — E and the indepen-
dent variable is the gender or migration background indicator, which is specified to
be randomly varying across teachers. Based on this model, we predict teacher-specific
random effects, which are estimates of teacher-specific bias. These are shrunk towards
the average mean in a data-dependent fashion, which therefore introduces bias (Gel-
man and Hill 2006). The resulting density plots of bias estimates are in the right part
of Figure 3.Using this approach, we still find that about 30% of teachers have a bias
against female students. However, the estimated spread of the distribution is reduced.
About 23% of teachers are estimated to have absolute bias larger than 0.10 standard
deviations, and about 9% to have an absolute bias larger than 0.15 standard devia-
tions. Turning to migration background biases, estimates of the share of teachers with
negative biases are again large and comparable to the first approach (43% for both 1G
and 2G biases). The spread the distribution is significantly narrowed, especially for
1G bias, reflecting the fact many teachers only teach a few of migrant students (1G:
5% absolute bias larger than 0.10, 1% larger than 0.15; 2G: 16% and 6%).

8Histograms of teacher-specific bias estimates are in Appendix ??.
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Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Female x —-0.10"**  —0.11** —-0.10"** —0.10"* —=0.11"* —0.11***
Female Performance (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
1G x 1G Performance —-0.12**  —0.13** —-0.12** —0.11"* —0.09"** —0.13***
(0.01) (0.01) (0.01) (0.01) (0.02) (0.01)
2G x 2G Performance —0.12**  —0.11™* —-0.12"* —0.11"* —-0.10""* —0.13***
(0.01) (0.02) (0.01) (0.01) (0.02) (0.01)
Teacher demographics Yes Yes Yes Yes Yes Yes
School FE Yes No Yes Yes Yes Yes
School-level variables No Yes No No No No
Interaction with share No No Yes No No No
Region FE No No No Yes No No
Only MENA migrants No No No No Yes No
Only non-MENA migrants No No No No No Yes
Num. obs. 125157 125121 125157 125109 112326 115389

***p < 0.001; **p < 0.01; *p < 0.05

Table 1: Moderation of Bias through Teacher Experience

Neither of these two estimation approaches is perfect: The first overestimates vari-
ance due to sampling noise, the second one underestimates it due to built-in shrinkage
bias. However, especially the fact that a sizable share of teachers is robustly esti-
mated to have bias of opposite sign as the average bias points towards considerable

heterogeneity that we aim to explain.

5.2 What explains teacher bias?

We now analyze the deeper mechanisms behind teacher bias. Our argument suggests
that teachers biases are influenced by the academic performance of visible demographic
groups that they are assigned to teach. Therefore, we look at how the effect of student
characteristics (the teacher bias) is moderated by the observed academic performance
of the relevant group among students assigned to a teacher.

Table 1 presents the main regression estimates. In each model, we interact the
female, 1G and 2G migrant dummies with the respective performance of those stu-
dents on the teacher-level. Throughout, we control for all base terms (student gender,
migration background, and teacher-level performance variables) as well as for teacher

demographics (age, gender, and migration background). In most models, we also in-

21



clude school fixed effects. For ease of presentation, we only show the central coefficients
of interest. Full results are in Table A2 in the Appendix.

Model 1 in Table 1 shows that for all demographic groups, the interaction effect
is negative and amounts to between —0.10 and —0.12 standard deviations. That is,
the stronger the relative academic performance of the group to which a particular
student belongs, the more negative the bias becomes. Conversely, the weaker the
student group is, the more positive the bias is. Accordingly, we see clear evidence
for a compensation effect across demographic groups. Teachers discriminate, but the
discrimination reduces group inequality.

The effect sizes are considerable. Based on this model, teachers whose 1G mi-
grant students performed as well as native Students are approximately unbiased (95%
confidence interval [—0.03,0.01] standard deviations). However, a teacher with native
Danes outperforming migrant students by one standard deviation is estimated to have
a pro-migrant bias of about 0.08 (i.e., about 0.10 standard deviations higher than for
the teacher with equal-performing groups), while a teacher with migrant students out-
performing native Danes by the same magnitude is estimated to biased in the opposite
direction by about 0.11 standard deviations. Such a standardized difference of 0.10 is
about three times as large as the moderation of teacher bias by implicit association
test measures reported in Alesina et al. (2018, p. 14).

For both biases towards females and 2G migrant students, the estimates for teachers
where observed group differences are zero are positive and significant (0.09 and 0.06,
respectively). Therefore, one could infer that teachers show no taste-bias against 1G
migrant students, but positive taste-bias towards female and 2G migrant students.
However, the bias of such teachers is still a possible mix of taste-motives and beliefs
built through observation outside the classroom. Therefore, we do not think it is
appropriate to make such an inference; rather, we should consider comparisons across
teachers with different classroom experiences.

Models 2 to 6 in Table 1 show the robustness of this main result in various specifica-
tions. Throughout, estimates barely change. Model 2 controls for group performance
differences on the school-level and their interaction with student demographics (this
model does therefore not include school fixed effects). Model 3 controls for contact,
that is, it adds control for the teacher-level shares of 1G/2G migrant students and
their interaction with student 1G/2G dummies. (we present more detailed results on

contact later). Model 4 includes fixed effects for the regional origin of migrant stu-
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dents (irrespective of generation of migrant descend). Model 5 is fitted on the subset
of native Danes and migrant students with a MENA (Middle East and North Africa)
background; Model 6 is fitted on the subset of native Danes and non-MENA migrants.”

The stability of estimates in the last three (regional origin) models is especially
interesting, as it suggests that the compensating mechanism occurs even within oth-
erwise homogeneous migrant groups. This is relevant because teachers may also be
thought of as holding migrant-group-specific stereotypes about relative performances
that lead to bias, irrespective of teachers’ classroom experiences. Indeed, when we
compute the bias and relative performance measures on the level of the regional origin,
we see a very strong negative correlation consistent with a compensation mechanism
that superficially suggests group-specific stereotypes (see plot Al in the Appendix).
It appears as if teachers compensate based on (partially empirically grounded) gen-
eral stereotypes about specific ethnic groups. However, the results here suggest that
such group-level relationships are simply aggregates of teacher-level phenomena due
to classroom experiences that hold even within ethnic groups (although some simple
group-stereotyping may still occur).

The results in Table 1 are cross-sectional in the sense that the teacher-level perfor-
mance variables are averages of test grades of all students a teacher has taught in the
period of study. For example, the bias towards a student who was awarded a graded
by the teacher in 2014 is explained by the observed performance of all students of that
teacher, including those who were taught after 2014. In Table A3 in the Appendix,
we replicate all models in Table 1 with performance-variables computed only based on
students a teacher had observed before a given year. This reduces the number of ob-
servations significantly, as many teachers in the period of study only taught one class.
However, point estimates and significance levels are qualitatively and quantitatively

very similar.

5.3 Placebo Tests

In Table 2, we present further analyses that support the validity of these results. In this
table, we summarize the results of a series of regressions; full results are in Tables A4
to A6 in the Appendix. Rows indicate student-level indicators, while columns indicate

teacher- or school-level variables.

9Subsetting on more fine-grained definitions of migrant origin is not possible because of the small
sample sizes involved.
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The first three rows examine the role of teacher-level performance variables. The
diagonal elements correspond to the estimates from Model 1 in Table 1 and show the
compensation effect. Off-diagonal elements correspond to placebo tests. For example,
the regression coefficient in the second row, first column indicates that the 1G bias
is not moderated by the relative performance of girls compared to boys assigned to a
teacher, as we would expect. Throughout, one can see that allmost all of these placebo
tests pass (i.e., point estimates are very small and statistically insignificant). The
only exception is in row three, column two, indicating that the relative performance
of 1G migrant student reinforces biases against 2G migrant students. That there is
some spillover from experiences with one migrant group to behavior towards another
migrant group is consistent with our account, especially because these groups overlap
somewhat in terms of regional origin. However, the point estimate is quite small (about
0.04 standard deviations). Therefore, overall, it appears that it is predominantly only
the performance of a specific group that moderates bias towards that group.

Furthermore, the results in this table show that our regression strategy does not
suffer from “regression to the mean” effects. If this were the case, we would generally
expect negative (and possibly large) interaction effects; however, many interaction
effect estimates are positive (if insignificant). We expand on this issue in ?7.

Rows four to six in Table 2 mirror the teacher-level analysis on the school level, while
also controlling for moderation by teacher-level variables.! The diagonal coefficients
are small and statistically insignificant, indicating that, when controlling for teacher-
level performance, the performance of demographic groups in the school at large does
not moderate teachers’ biases. Within our theoretical framework, this suggests that
teachers’ beliefs are mostly informed by their personal classroom experience, not by
broader trends on the school-level.

However, the coefficients in rows four and five, column one, indicate that school-
level female performance significantly moderates migrant biases, with relatively large
point estimates. There is little reason to expect such a causal effect, and it therefore
seems likely that this is rather due to the assignment of teachers with anti-migrant
biases to schools where girls tend to outperform boys. It is not clear to us why this
particular form of unobserved confounding would occur. But, overall, this suggests

that inferences about school-level moderation are potentially prone to statistical bias.

10Coefficients of teacher-level variables while controlling for school-level interactions are in Table 1,
Model 2, and in the Appendix.

24



Therefore, while we remain confident about the role of teacher-level variables, the Null
effects for the school-level moderation may also be a result of unobserved confounding.

Finally, rows seven to nine show estimates of the school-level moderation when not
controlling for teacher-level variables. The diagonal entries suggest a compensation
effect when it comes to 1G and 2G biases, with similar magnitudes to teacher-level
moderation, but an insignificant estimate for gender biases. Yet, the placebo tests in
rows eight and nine, column one, fail in the same way as in rows five and six. Therefore,
we cannot reliably tell whether school-level moderation is simply aggregating teacher-

level effects or whether there are effects beyond that.

5.4 Testing Further Hypotheses

Our final empirical results relate to the role of teachers’ demographic attributes as well
as mere contact with student groups. These are presented in Table 3. The number of
observations is now markedly higher than in most previous models that focused on the
performance variables. This is because the performance variables are only available
for teachers that actually got to teach a demographic group (specifically, 1G or 2G
students). However, if teachers did not teach any migrant students, that simply means
that the contact variables (the share of students) is zero.

Model 1 in Table 3 shows that there is no affinity-effect: Teachers with a migration
background do not show more (or less) positive bias toward migrant students. Similarly,
teacher and student having the same gender does also not correlate with teacher bias.

Model 2 investigates whether teacher contact with more or less students of a de-
mographic group moderates bias. The findings here are also insignificant. To test
Hypothesis 5 (contact), model 3 investigates further whether contact moderates bias
depending on teacher attributes. We find a statistically significant positive effect, in-
dicating that teachers with a 1G migration background are more positively biased
towards 1G students, the more students they teach in their classes. This is inconsis-
tent with Hypothesis 5, which predicts that it is the out-group, not the in-group, that
becomes more positively biased as a result of contact. In addition, the point estimate is
implausibly large (more than 10 standard deviations). This is possibly due to outliers
owing to the extreme right skew in the 1G share variable. Model 4 therefore removes
observations in the top 2.5% quantile of the 1G share variable. The result is not robust
to this minor adjustment, suggesting it was driven by just a few observations. The

corresponding interaction estimate for 2G students and teachers is presented in model
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Only teacher-level variables

Female Performance Teacher 1G Performance Teacher

Female —0.10*** 0.00
(0.01) (0.00)

1G 0.01 —0.13**
(0.02) (0.01)

2G 0.01 0.04***
(0.02) (0.01)

2G Performance Teacher

0.01
(0.01)

—0.01
(0.01)

—0.12%
(0.01)

School-level variables, controlling for teacher-level variables

Female Performance School 1G Performance School

Female 0.05 0.03
(0.03) (0.01)

1G —0.27** 0.05
(0.09) (0.03)

2G —-0.15 0.02
(0.08) (0.03)

2G Performance School

—0.01
(0.01)

0.01
(0.03)

0.01
(0.03)

Only shool-level variables

Female Performance School 1G Performance School

Female —0.06* 0.01
(0.03) (0.01)

1G —0.24** —0.08**
(0.09) (0.03)

2G —0.14 0.06**
(0.08) (0.03)

2G Performance School

0.01
(0.01)

0.01
(0.02)

—0.11%*
(0.02)

**%p < 0.001; **p < 0.01; *p < 0.05

Table 2: Main interaction estimates (diagonal) as well placebo-tests (off-diagonal) from
various regression models. Standard errors in parentheses. Full results in tables A4-A6

in the Appendix.
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5 and is insignificant. We note though that our power to detect interaction effects here
is lower than in analyses that focus on relative performance measures, as the “shares”
are less variable across teachers.

Finally, models 6 and 7 show that teacher demographics also do not moderate the
compensation effect. The interaction estimates are very close to zero and insignificant.
In sum, we do not find any evidence for teacher demographics or mere contact playing

a role in explaining teacher biases.
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6 Conclusion

In this paper, we have developed and tested a theory of the causes of heterogeneous
discrimination across decision-makers. We suggested that biases are driven by beliefs
partially influenced by teachers’ concrete classroom experiences with the varying rel-
ative performance of visible demographic groups. Furthermore, we suggested that as
teachers may not only care about accuracy when giving grades, but also about the
overall distribution of grades across groups, influences of pre-existing differences in
groups’ academic ability may lead to reinforcing or compensating biases. We found
evidence for large heterogeneity in teacher biases and compensating effects. Both the
heterogeneity and the size of the compensating bias are substantial and robust to vari-
ous specifications and tests. We found very little evidence for alternative explanations
of bias.

The substantial size of the interaction effects we find, their robustness, and their
specificity suggest that bias due to unobserved confounding is less of a danger than
in many other observational studies. Still, there may be concerns. Scholars could
search for specific sources of exogenous variation in student groups’ performances to
complement our results.

Furthermore, our data only cover students in 9** grade. While this is the important
final year of Danish school students’ primary education, teacher bias may occur before
and after this. As discussed, previous biases could be reflected in the abilities that are
measured by the standardized tests in our data. As such, our analysis can only paint
a partial picture of the trajectory of discrimination throughout students’ educational
career.

Investigating heterogeneity in discrimination across decision-makers is a fruitful
avenue for future research. It requires sufficient data for each decision-maker, appro-
priate designs to identify the bias and ideally theories, measurements and designs for
investigating the deeper causes of such bias. The only related study we are aware of
is Kline and Walters (2021), who, based on job audit experiment data with four to
eight observations per decision-maker, also find evidence for substantial heterogeneity
in biases.

The compensation mechanism that we uncovered entails that in micro-contexts (on
the teacher-level) inequalities in academic abilities cause offsetting biases of individual

decision makers. In research on discrimination, such individual behavior appears to be
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an unusual finding. We suggested that in our case, this phenomenon stems from general
preferences for equal grades that teachers exhibit, but we were unable to provide direct
evidence for this mechanism. It is imaginable that compensation mechanisms are at
play in other contexts as well. In decision-making at the organization or firm-level,
this would entail, for example, that organizations with imbalances in demographic
composition exhibit biases that offset the imbalances. We are not aware of studies
providing evidence in this direction. Indeed, the recent meta-study of experimental
studies of gender discrimination in job applications by Galos and Coppock (2023)
suggests the opposite, inequality-reinforcing pattern.

The compensation mechanism aggregates to the macro-level, as shown in the Ap-
pendix; student groups who perform worse academically profit from more positive
teacher bias. On this level, the relationship appears to be equivalent to results from
an affirmative action policy. But, its roots are in individual decisions, not regulations
or mandates.

Our results should motivate researchers to consider the possibility that discrimina-
tion may not be uniform, neither across targets nor across decision-makers. We hope
it also prompts more elaborate theories of discrimination that combine taste, statis-
tical and heuristic, as well as additional preference mechanisms, as suggested in our

theoretical argument.
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A  Further Results

A.1 Average Biases
Table Al: Average Teacher Biases
Model 1  Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
Teacher  External T-E T-E T-E T-E T-E T-E
Outcome: Grade Grade
Female —0.00 —0.12%** 0.12%** 0.12%** 0.16™** 0.10*** 0.10%** 0.10***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
1G —0.54***  —0.62***  0.11*** 0.10*** 0.15*** 0.07*** 0.07*** 0.05***
(0.01) (0.01)  (0.00)  (0.00)  (0.01)  (0.01)  (0.01)  (0.01)
2G —0.41**  —0.52*** 0.13*** 0.13*** 0.14*** 0.13*** 0.13*** 0.11%**
(0.00) (0.00) (0.00) (0.00) (0.01) (0.00) (0.00) (0.00)
Female x 1G 0.01
(0.01)
Female x 2G —0.01
(0.00)
Year x Female —0.01%**
(0.00)
Year x 1G —0.01***
(0.00)
Year x 1G —0.01***
(0.00)
School FE No No No No No No No Yes
Num. obs. 1038402 1038402 1029539 1029539 1038400 225406 354619 225406
*++p < 0.001; **p < 0.01; *p < 0.05
A.2 Heterogeneity in Teacher Bias
Table A2: Moderation of Bias through Teacher Experi-
ence
Model 1  Model 2 Model 3 Model 4 Model 5 Model 6
Female 0.09*** 0.09*** 0.09*** 0.09*** 0.09*** 0.09***
(0.00) (0.01) (0.00) (0.00) (0.00) (0.00)
Female Performance 0.06*** 0.06*** 0.06*** 0.06*** 0.05*** 0.06***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
1G —0.01 002  —0.05"* —0.07"*  0.01 —0.02
(0.01) (0.02) (0.01) (0.01) (0.02) (0.01)
2G 0.06*** 0.10*** 0.05*** 0.07*** 0.06***

A2



(0.01)
1G Performance 0.01
(0.01)
2G Performance 0.00
(0.01)
Female Teacher —0.03**
(0.01)
1G Teacher —0.13*
(0.06)
2G Teacher —0.07
(0.07)
Age Teacher 0.00*
(0.00)
Female x Female Performance —0.10***
(0.01)
1G x 1G Performance —0.12*%**
(0.01)
2G x 1G Performance 0.03***
(0.01)
1G x 2G Performance —0.01
(0.01)
2G x 2G Performance —0.12%**
(0.01)

(Intercept)

Female Performance
School

1G Performance
School

2G Performance
School

Female x Female Performance
School

1G x 1G Performance
School

2G x 1G Performance
School

1G x 2G Performance
School

2G x 2G Performance
School

Female x Female Share

(0.02) (0.01) (0.01)
0.00 0.01 0.01 0.01
(0.01) (0.01) (0.01) (0.01)
0.01 0.00 0.00 0.00
(0.01) (0.01) (0.01) (0.01)
—0.03**  —0.03**  —0.03**  —0.03**
(0.01) (0.01) (0.01) (0.01)
—0.13*  —0.13*  —0.13*  —0.13*
(0.06) (0.06) (0.06) (0.06)
—0.06 —~0.07  -0.07  —0.06
(0.07) (0.07) (0.07) (0.07)
0.00 0.00* 0.00* 0.00*
(0.00) (0.00) (0.00) (0.00)
0117 —0.10%*  —0.10**  —0.11***
(0.01) (0.01) (0.01) (0.01)
—0.137%  —0.12%*  —0.11**  —0.09***
(0.01) (0.01) (0.01) (0.02)
0.04***  0.03***  0.03***  0.03**
(0.01) (0.01) (0.01) (0.01)
—0.02 —0.01 —0.01 —0.04
(0.01) (0.01) (0.01) (0.02)
0117 —0.12%  —0.11%*  —0.10"**
(0.02) (0.01) (0.01) (0.02)

0.18**
(0.06)
—0.16**
(0.05)
0.03
(0.02)
—0.05**
(0.02)
0.03
(0.04)
0.05
(0.03)
0.02
(0.03)
0.02
(0.03)
0.00
(0.03)
0.18
(0.09)
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(0.01)
0.01
(0.01)
0.00
(0.01)
—0.03%**
(0.01)
—0.11
(0.06)
—0.05
(0.06)
0.00*
(0.00)
—0.11%*
(0.01)
—0.13**
(0.01)
0.04***
(0.01)
~0.01
(0.01)
—0.13**
(0.01)



1G x 1G Share 0.40*

(0.19)
2G x 1G Share 0.25

(0.17)
1G x 2G Share 0.07

(0.05)
2G x 2G Share 0.01

(0.04)
Teacher demographics Yes Yes Yes Yes Yes Yes
School FE Yes No Yes Yes Yes Yes
School-level variables No Yes No No No No
Control for Interaction with Share No No Yes No No No
Region FE No No No Yes No No
Only MENA migrants No No No No Yes No
Only non-MENA migrants No No No No No Yes
Num. obs. 125157 125121 125157 125109 112326 115389

***p < 0.001; **p < 0.01; *p < 0.05

Table A3: Moderation of Bias through Teacher Experience: Panel measures of Teacher-

Level Variables

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Female x -0.10** -0.10"** -0.10"** —-0.10"* —0.11"* —0.11"
Female Performance (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
1G x 1G Performance —0.12"*  —0.12"* —0.12"** —0.11"* —0.08"** —0.13"**
(0.01) (0.01) (0.01) (0.01) (0.02) (0.01)
2G x 2G Performance —-0.11**  —0.10"* —-0.11"* —0.10"* —0.09"* —0.12***
(0.01) (0.02) (0.01) (0.01) (0.02) (0.01)
Teacher demographics Yes Yes Yes Yes Yes Yes
School FE Yes No Yes Yes Yes Yes
School-level variables No Yes No No No No
Interaction with Share No No Yes No No No
Region FE No No No Yes No No
Only MENA migrants No No No No Yes No
Only non-MENA migrants No No No No No Yes
Num. obs. 100423 100387 100423 100380 88751 91498

***p < 0.001; **p < 0.01; *p < 0.05
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Table A4: Moderation of Bias through Teacher Experience: Placebo Tests 1

Model 1 Model 2 Model 3

Female 0.09*** 0.10*** 0.10***
(0.00) (0.00) (0.00)
Female Performance 0.05***
(0.01)
1G 0.05*** —0.01 —0.01
(0.01) (0.01) (0.01)
2G 0.11*** 0.06*** 0.06***
(0.01) (0.01) (0.01)
Female teacher —0.02**  —0.03** —0.03**
(0.01) (0.01) (0.01)
1G Teacher —0.07 —0.13* —0.13*
(0.04) (0.06) (0.06)
2G Teacher —0.04 —0.07 —0.07
(0.04) (0.07) (0.07)
Age Teacher 0.00 0.00* 0.00*

(0.00) (0.00) (0.00)
Female x Female Performance —0.12***

(0.01)
1G x Female Performance 0.01
(0.02)
2G x Female Performance 0.01
(0.02)
1G Performance 0.01 0.01
(0.01) (0.01)
2G Performance 0.00 —0.00
(0.01) (0.01)
Female x 1G Performance 0.00
(0.00)
1G x 1G Performance —0.13***  —0.13***
(0.01) (0.01)
2G x 1G Performance 0.04*** 0.04***
(0.01) (0.01)
1G x 2G Performance —0.01 —0.01
(0.01) (0.01)
2G x 2G Performance —0.12**  —0.12***
(0.01) (0.01)
Female x 2G Performance 0.01
(0.01)
School FE Yes Yes Yes
Num. obs. 223903 125157 125157

**xp < 0.001; **p < 0.01; *p < 0.05
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Table A5: Moderation of Bias through Teacher Experi-

ence: Placebo Tests 2

Model 1 Model 2 Model 3
(Intercept) 0.19*** 0.19** 0.20**
(0.04) (0.06) (0.06)
Female 0.10*** 0.11*** 0.10***
(0.00) (0.01) (0.01)
Female Performance 0.05%**
(0.01)
1G 0.03* 0.03 0.03
(0.01) (0.02) (0.02)
2G 0.10*** 0.11%** 0.11%**
(0.01) (0.02) (0.02)
Female Performance —0.09*
School (0.05)
Female Teacher —0.03***  —-0.03**  —0.03**
(0.01) (0.01) (0.01)
1G Teacher —0.11** —0.13* —0.13*
(0.03) (0.06) (0.06)
2G Teacher —0.07 —0.06 —0.06
(0.04) (0.07) (0.07)
Age Teacher 0.00 0.00 0.00
(0.00) (0.00) (0.00)
Female x Female Performance —0.12***
(0.01)
1G x Female Performance 0.02
(0.02)
2G x Female Performance 0.01
(0.02)
Female x Female Performance 0.05
(0.03)
1G x Female Performance —0.27**
School (0.09)
2G x Female Performance —0.15
School (0.08)
1G Performance 0.00 0.00
(0.01) (0.01)
2G Performance 0.01 0.00
(0.01) (0.01)
1G Performance 0.01 0.03
School (0.02) (0.02)
2G Performance —0.05** —0.04*
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School (0.02) (0.02)
Female x 1G Performance —0.00
(0.00)
1G x 1G Performance —0.13*** —0.13***
(0.01) (0.01)
2G x 1G Performance 0.04** 0.04**
(0.01) (0.01)
Female x 2G Performance 0.01
(0.01)
1G x 2G Performance —0.02 —0.02
(0.01) (0.01)
2G x 2G Performance —0.11%*  —0.11***
(0.02) (0.02)
Female x 1G Performance 0.03
School (0.01)
1G x 1G Performance 0.05 0.05
School (0.03) (0.03)
2G x 1G Performance 0.02 0.02
School (0.03) (0.03)
Female x 2G Performance —0.01
School (0.01)
1G x 2G Performance 0.02 0.02
School (0.03) (0.03)
2G x 2G Performance 0.01 0.01
School (0.03) (0.03)
School FE Yes Yes Yes
Num. obs. 223903 125121 125121

***p < 0.001; **p < 0.01; *p < 0.05
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Table A6: Moderation of Bias through Teacher Experience: Placebo Tests 3

Model 1 Model 2 Model 3

(Intercept) 0.19*** 0.19*** 0.20***
(0.04) (0.04) (0.04)
Female 0.09*** 0.11%** 0.10***
(0.00) (0.01) (0.00)
Female Performance —0.04
(0.04)
1G 0.03* 0.02 0.02
(0.01) (0.02) (0.02)
2G 0.11% 0.11*** 0.11***
(0.01) (0.02) (0.02)
Female Teacher —0.03"*  —0.03"* —0.03***
(0.01) (0.01) (0.01)
1G Teacher —0.11* —0.12** —0.12"*
(0.03) (0.04) (0.04)
2G Teacher —0.07 —0.08 —0.08
(0.04) (0.04) (0.04)
Age Teacher 0.00 0.00 0.00
(0.00) (0.00) (0.00)
Female x Female Performance —0.06*
School (0.03)
1G x Female Performance —0.24**
School (0.09)
2G x Female Performance —0.14
School (0.08)
1G Performance 0.02 0.02
School (0.01) (0.01)
2G Performance —0.03**  —0.04***
School (0.01) (0.01)
Female x 1G Performance 0.01
School (0.01)
1G x 1G Performance —0.08*  —0.08"*
School (0.03) (0.03)
2G x 1G Performance 0.06* 0.06*
School (0.03) (0.03)
1G x 2G Performance 0.01 0.01
School (0.02) (0.02)
2G x 2G Performance —0.11***  —0.11***
School (0.02) (0.02)
Female x 2G Performance 0.01
School (0.01)
School FE Yes Yes Yes
Num. obs. A8 923996 221590 221590

***p < 0.001; **p < 0.01; *p < 0.05



A.3 Aggregation to Region-Level
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Figure Al: Results (point estimates) differentiating among the region of origin for
students with a migration background. Computed as averages on the region-level.
Teacher bias towards students of a specific regional background is depicted on the y-
axis while groups’ average difference in test scores compared to non-migrants is on the
X-axis.

B Identification Analysis

We first show how one could estimate average biases, and then discuss assumptions
under which causal interactions between student demographics and teacher-/school-
characteristics can be estimated. It turns out that the assumptions needed for these
two aims are different, and that they appear more plausible for the interaction case.
We illustrate these points by means of simulations.

Consider a linear version of the DAG in Figure 1:

A=as+ 5X+U+eq, (1)
T=ar+B:X+BA+U+er, (2)
E:aE+ﬂ4A+€E- (3)

Bs is the effect of interest—the direct effec ot student demographics on teacher grades,
controlling for abilities. Subtracting £ from T" and simplifying yields
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T—E=ar_g+ X+ (B—B)A+(U+er —eg). (4)

If we assume 3 = [5,— that is, the causal effect of ability on teacher grades is the
same as the causal effect of ability on test grades—, A drops out from the equation.
The DAG further implies that X is independent from the composite error term made
up of U, er and €g, so that the 8, can be estimated by simple linear regression.

The requirement that 83 = (4 seems very strong. Furthermore, we need to assume
that X does not directly affect E; that is, there is no differential measurement error.
However, this is likely if for example girls perform worse on standardized tests due to
lower risk aversion compared to boys (Niederle and Vesterlund 2010) or if migrants
perform on worse on Math tests due to language difficulties (which are not supposed
to be measured by Math tests).

However, by running regressions of 7' — F on X for each teacher j separately, we
obtain (biased) estimates 7'B; of the bias of that teacher, T'B;. We then have

TB,; =~; +TB;, (5)

where 7; measures teacher-level systematic and random deviations of the estimate
from the true bias. When we are interested in how teacher-level characteristics Z;
affect this teacher bias, we can estimate the model

@j =0Z; +; +¢€j, (6)

which is possible as long as teacher-characteristics are independent from other de-
terminants of teacher bias (7;, €;). One way we test this is using the placebo tests
described in the main text.

To underscore these points, we now present the results from simulations consistent
with the discussed data-generating processes. We consider two scenarios:

1. A best-case scenario illustrating how average biases could be estimated in prin-
ciple

2. A more realistic scenario where average bias cannot be estimated due to differ-
ences in how grades relate to A as well as differential measurement error, but
nonetheless effects of teacher characteristics can be estimated.

We give R code for our simulations that can be directly used to replicate our
analyses. The code for the first scenario looks as follows:

set.seed(39823)

N <- 100000
Nteacher <- 1000
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df_1 <- data.frame(adj = NA, diff = NA, inter = NA)
for(rep in 1:1000){

X <- rbinom(n = N, size = 1, prob = 0.5)

U <- rnorm(n = N)

A<-0.5xX + 1T

E <- 0.9%A + rnorm(n = N, sd

0.25)

Z <- runif(n = Nteacher, min = -0.1, max = 0.3)
Z <- rep(Z, each = N/Nteacher)

T <= X%Z + 0.9%A + 2xU

df _1[rep, "adj"] <- coef(Im(T ~ X + E)) ["X"]
df_1[rep, "diff"] <- coef(Im(T - E ~ X)) ["X"]
df _1[rep, "inter"] <- coef(1lm(T - E ~ XxZ)) ["X:Z"]

Here, we create 1000 samples of 100,000 students and 1,000 teachers. Each teacher
teaches 100 students. The variable interpretations are consistent with our notation.
In this particular setup, ability A affects test grade E and teacher grade T the same
(B2 = B4 = 0.9). Z varies uniformly on the teacher-level between —0.1 and 0.3 such
that its mean is 0.1. Therefore, the average bias (the average direct effect of X on
T) is also 0.1. The interaction between X and Z, the causal effect of the teacher
characteristics on biases, is 1.

We evaluate three estimators: First, a regression of T"on X, controlling for £, which
estimates average biases (the “adjusted estimator”). Second, a regression of T'— E on
X (our estimator of average biases) (the “difference estimator”). Third, a regression
of T'— E on the interaction of student demographics X and teacher characteristics Z
(the “interaction estimator”), which is what we use to estimate the effect of teacher
characteristics on biases.

Density plots of the sampling distributions of the estimators are depicted in Figure
A2. Across the samples, the adjusted estimator is heavily biased. Its mean is about
—0.8, whereas the true effect is 0.1. This means that it is very distorted both in terms
of its sign as well as in terms of the magnitude of the bias.

The difference estimator, on the other hand, appears to be exactly unbiased (mean
~ 0.1). The same holds for the interaction estimator, whose mean is also approxi-
mately equal to the true interaction effect. This confirms our analysis. Note that the
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Simulation Results: Best-Case Scenario
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Figure A2: Results from simulations: Best-case scenario. Sampling distributions of
three estimators: The adjusted estimator, the difference estimator (both aiming to
estimate average biases), and the interaction estimator.

simulations clearly show that the interaction estimator is more variable than the other
estimators. This is because for the first two estimators, the independent variable varies
on the student-level, whereas for the interaction estimator, it varies on the teacher-level.
However, this is simply reflected in larger standard errors in our empirical analyses.

Figure A3 shows the results from simulations where we change the generation of
the test variable E as follows:

E <- -0.2%X + 0.7*%A + rnorm(n = N, sd = 0.25)

Accordingly, student demographics affect test results directly, and the test measures
ability in a less precise manner than the teacher grade. This can be deemed realistic,
and we therefore call this the “realistic scenario”. All other parameters stay the same.
Therefore, the average bias is still 0.1, while the interaction effect is 1.

As a result of these changes, both the adjusted and the difference estimator of
average biases are systematically distorted. The mean of the adjusted estimator is
now about 0.19, while the mean of the difference estimator is now about 0.40. Both
clearly overestimate true average biases. However, consistent with our argumentation,
the interaction estimator still appears to be approximately unbiased.

Taken together, this underlines how we may be able to evaluate the causal effects
of teacher characteristics on biases even when we cannot estimate those biases.
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Simulation Results: Realistic Scenario
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Figure A3: Results from simulations: Realistic scenario. Sampling distributions of
three estimators: The adjusted estimator, the difference estimator (both aiming to
estimate average biases), and the interaction estimator.
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