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Abstract

If individuals become aware of their stereotypes, do they change their behavior? We study
this question in the context of teachers’ bias in grading against immigrants. We first show
that teachers give lower grades to immigrant students compared to natives who have the same
performance in standardized, blindly-graded tests. We then relate differences in grading to
teachers’ stereotypes, elicited through an Implicit Association Test (IAT). We find that teachers
with stronger racial stereotypes give lower grades to immigrants compared to natives with the
same performance. Finally, we randomize the timing of disclosure of their own IAT to teach-
ers around the date in which they assign term grades. Teachers informed before term grading
strongly reduce their bias against immigrant students.
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1 Introduction

Stereotypes are over-generalized representations of differences between groups (Bordalo et al.,
2017). They allow for easier and efficient processing of information, but they may cause biased
judgment or even discrimination against particular groups, with negative consequences for alloca-
tive efficiency, not to mention fairness. In a dynamic perspective, discrimination may lead to a self-
fulfilling prophecy by influencing the behavior of discriminated groups in the direction predicted by
stereotypes. Individuals exposed to bias toward their own group may reduce effort, self-confidence,
and eventually their productivity (Carlana, 2018; Glover et al., 2017).

These concerns are particularly marked when we consider the situation of immigrants in con-
temporary societies: the interplay of natives’ bias and immigrant’s incentives to invest in the host
country may hinder the integration of these groups in society, with obvious economic and political
consequences. The problem is of crucial importance for young generations: if negative stereotypes
are internalized by individuals at a time when they are making long term investments in their future
(e.g., in school), they may make suboptimal decisions (e.g., exert lower effort) that will impact on
their future careers and well being.

A successful response to the above concerns depends on our ability to address three issues.
First, we need to distinguish discrimination driven by stereotypes from statistical discrimination
based on average group characteristics. Second, we don’t know to what extent individuals are
aware of their bias – and choose to be biased – or rather they hold negative stereotypes that they
are unaware of. Third, if we wish to reduce negative stereotypes towards disadvantaged groups, we
need to find effective ways of doing it. This is not trivial, as stereotypes may be deeply rooted from
a cognitive standpoint.

In this paper we try to make progress on these three issues by studying teachers’ discrimination
against immigrant students in Italian middle schools. This is an interesting context because mass
immigration is a relatively recent phenomenon in Italy and because in the Italian education system
– like in most European ones – middle school is a critical juncture at the end of which students get
tracked into differential education paths.

We begin by showing that, holding constant the performance in standardized, blindly-graded
tests, immigrant students receive lower grades when graded by their teachers in a non-blind way
compared to natives. These lower grades may of course reflect factors other than stereotypes, such
as statistical discrimination or differential performance of non-native speakers in multiple choice,
standardized tests. In order to isolate the role of stereotypes, we administer a survey to teachers
including a race Implicit Association Tests (IAT). The IAT is a computer-based tool developed
by social psychologists to detect stereotypes, which minimizes the risk of social desirability bias in
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self-reported answers and is widely used in several contexts (see,e.g. Greenwald et al., 2009). As we
explain in detail in Section 3, our IAT measures racial stereotypes by the difference in reaction times
when teachers are required to associate positive and negative attributes to immigrant-sounding and
native-sounding names.

We find that teachers with higher IAT scores (indicating more negative racial stereotypes) give
lower grades to immigrant students compared to native ones with the same performance in stan-
dardized, blindly-graded tests. This confirms that at least part of the grade penalty reflects bias, and
not purely statistical discrimination or unobserved student characteristics.1

Additional evidence on the correlates of IAT scores suggests that teachers’ stereotypes against
immigrants – and the resulting bias in grading – mainly reflects discriminatory beliefs. Negative
stereotypes about immigrants do not reflect worse past experiences with this group, as measured
by the immigrant-native gap in standardized test scores across previous cohorts of students met by
each teacher. Furthermore, teachers’ IAT scores correlate with their own self-reported prejudice
against immigrants in other contexts, notably participation to the labor market, as measured by a
specific question that we adapted from the World Values Survey.

After showing the existence of discrimination correlated with teachers’ stereotypes, we evaluate
the effectiveness of a simple intervention aimed at reducing bias. The intervention consists in
revealing teachers their own stereotypes. Specifically, we allow a randomly selected sample of
teachers to see their IAT score shortly before the end of semester grading, while the other teachers
were allowed to do so only shortly after. By design grades given by the latter group of teachers
cannot reflect any new information on their stereotypes, while grades given by the former group can,
at least in principle. We find that teachers who received their IAT scores before the date when they
submitted grades tend to correct their bias by giving higher grades to immigrant students, compared
to teachers who received their IAT scores after. This tells us two things. The first is that the former
group of teachers were not aware of (or had not fully internalized) their racial stereotypes, otherwise
our communication would not have contained any new information on which they should update
their behavior. The second is that the intervention was effective, that is, the mere fact of making
someone aware of their own bias may be a powerful tool to counteract it.

Our paper makes two substantial contributions. First, we show that bias in grading is at least
in part driven by teachers’ stereotypes about race. While there exists work documenting gaps in
grades given by teachers to certain groups and blindly graded tests (see below), we innovate by
showing that this gap correlates with a measure of implicit bias. This allows us to rule out that

1The results of our IAT confirm that teachers generally have strong, negative stereotypes about immigrant students.
According to the metrics for IAT scores proposed by Greenwald et al. (2009), two thirds of teachers in our sample
exhibit ‘moderate to severe’ stereotypes, and as much as 91 percent exhibit some stereotypes against immigrants.
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unobserved components of ability or student behavior in class are responsibly for the gap. We are
able to do this thanks to a unique dataset that we assembled by collecting IAT scores for a large
sample of teachers and merging them with student outcomes from administrative sources.

Second, we provide experimental evidence on a concrete and easily scalable intervention aimed
at reducing actual discrimination in the classroom. We show that revealing to teachers their own
stereotypes, as measured by the IAT score, is an effective treatment to reduce bias in grading against
immigrants. To the best of our knowledge, we are the first to show in a real, large scale field setting
that making people aware of their bias can induce them to take actions to reduce it.

Our results have far-reaching implications, as countries are becoming more ethnically diverse
than they used to be in the past decades. In this context, discrimination in schools may have
perverse and long lasting effects for an increasing number of (typically disadvantaged) immigrant
students. In the immediate, young immigrants who feel discriminated may become discouraged
and work less hard, with consequences for their careers and job placement. Eventually, they may
also develop a belief that effort does not pay off, for an immigrant, not only in school but even
in the workplace and in society in general. In turn, the perception of effort put in by the needy
significantly affects the propensity of society to help the poor.2

Our work is related to several strands of literature. Within the broad area of empirical studies
of discrimination, we contribute to the recent literature in economics that has underlined the ben-
efits of considering implicit bias (Van den Bergh et al., 2010; Guryan and Charles, 2013; Lowes
et al., 2015; Burns et al., 2016; Bertrand and Duflo, 2017).3 Exploiting data from French groceries
stores, Glover et al. (2017) provides evidence that exposure to managers with stronger implicit
bias, as measured by a race IAT similar to ours, negatively affects performance of minorities in the
workplace. In the context of gender bias, Reuben et al. (2014) show in a lab experiment that the
gender IAT predicts employers’ biased expectations against females and also suboptimal update of
expectations after ability is revealed. Finally, Carlana (2018) shows that teachers’ stereotypes affect
the gender gap in math, track choice, and self-confidence in own math of girls in middle school.

Our study adds to the literature that analyzes bias of teachers against minority children. Gilliam
et al. (2016) track teachers’ eye gazes while watching a video and find that, when expecting chal-
lenging behaviors, teachers gazed longer at black children, even if all children were behaving simi-
larly. A few previous papers compare teacher-assigned (non-blind) grades and standardized (blind)

2See Alesina and Glaeser (2004); Fong (2001) and with specific reference to the effort of immigrants Alesina et al.
(2018).

3Economists have widely studied discrimination at least since Becker et al. (1957) (for a review of theoretical and
empirical issues, see Altonji and Blank, 1999). Evidence of discrimination include that by employers (Bertrand and
Mullainathan, 2004), police officers (Fryer Jr, 2016; Coviello and Persico, 2015; Knowles et al., 2001), courts (Dobbie
et al., 2018; Alesina and La Ferrara, 2014), and teachers (Figlio, 2005).
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test scores across minority and non-minority students (Botelho et al., 2015; Burgess and Greaves,
2013; Hanna and Linden, 2012; Van Ewijk, 2011) and across genders (Lavy and Sand, 2018; Lavy,
2008). Those papers cannot distinguish between the role of teachers’ biases and unobserved stu-
dent characteristics, while we are able to do so by using the IAT as a direct measure of teachers’
stereotypes. Furthermore, none of the above papers test the effectiveness of remedial interventions.

Finally, we contribute to recent studies that investigate how to reduce bias towards immigrants
and affect people’s inclination towards immigration policy. A first group of studies has analyzed the
impact of providing information about immigrants on their attitudes towards them (Grigorieff et al.,
2017; Hopkins et al., 2018), toward immigration policy (Facchini et al., 2016), and redistribution
(Alesina et al., 2018). A second group has focused on the contact hypothesis, i.e. the idea that
promoting inter-group contact may help reduce prejudice (Allport, 1958; Pettigrew and Tropp,
2006). For instance, Burns et al. (2016) show that quasi-random exposure to a roommate of a
different race affects stereotypes (measured by the IAT), attitudes, and academic performance of
students. As suggested also by a recent meta-analysis by Paluck et al. (2018), contact “typically
reduces prejudice (but) (...) the absence of studies addressing adults’ racial or ethnic prejudices (is)
an important limitation for both theory and policy”. We consider a novel intervention that targets
adults and consists in providing information to teachers on their own stereotypes. Interestingly,
several institutions, especially in the U.S., administer the IAT to employees as an educational tool
to increase awareness about race and gender implicit associations. However, to the best of our
knowledge, there is no empirical evidence on the causal effect of providing this information to
people. Our paper contributes to close this gap.

The remainder of the paper is organized as follows. In section 2 we provide some background
information about the grading system in Italian middle schools. Section 3 describes our data and
the experimental design. In section 4 we present our results and the last section concludes.

2 Institutional background

In the Italian schooling system the share of immigrant children, defined as children without Italian
citizenship, has substantially increased in the last two decades, moving from less than 1 percent in
1998 to 10 percent in 2018. Immigrant students come from a diverse geographic background, with
the most represented nationalities being Romanian, Albanian, Moroccan, Chinese, Philippino, and
Indian (see Appendix Table A.1).

Middle school is the analog of grades 6 to 8 in the US system. Students during those years are
assigned to the same class for all subjects, with an average class size of 25. Students are usually
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taught by the same teachers for the three years of middle school and they spend at least 6 hours with
the math teacher and 5 hours with the Italian teacher per week. Teachers are assigned to schools
by the Italian Ministry of Education and their allocation is determined by seniority: teachers with
more experience can get schools that are higher in their preference ranking, and tend to move close
to their home town and away from disadvantaged areas (Barbieri et al., 2011).

Grades received by students in Italian middle schools typically range from 3 to 10, where 6 is
the minimum passing grade. Students are assessed continuously, but they receive an official grade
for each subject twice a year: at the end of the first semester (in January) and at the end of the
second (in June). These two sets of ‘final’ grades mostly reflect their performance in exams, but
also a broader evaluation of their diligence in doing homework and attention during lectures. In the
questionnaire we administered to teachers, we ask them the relative weights they assign to written
and oral exams, attention during lectures and diligence in doing their homework. Both math and
literature teachers reported that they assign significant importance to attention in the classroom.
Thus, end of semester grades may include a non-negligible component of subjective evaluation by
teachers.

While the final (possibly subjective) grades are given each year, standardized test scores in math
and reading are administered at the end of middle school (grade 8) to all Italian students. These are
mainly multiple choice exams prepared by the National Institute for the Evaluation of the Italian
Education System (INVALSI). Importantly, for the purposes of our study, INVALSI tests are graded
anonymously following a precise evaluation grid and the grading is done by different teachers than
the ones instructing the students.

3 Data and empirical strategy

3.1 Grades

The analysis was conducted on 65 schools in 5 cities of northern Italy: Milan, Brescia, Padua,
Genoa, and Turin. We invited these schools to take part in a research project titled “The role of
teachers in high-school track choice”, which involved the administration of a survey to all math and
literature teachers. In the description of the project, there was no reference to teachers’ bias against
immigrants.

We obtained from all schools in our sample administrative data on teachers’ grades and stan-
dardized test scores at the end of grade 8 for all schooling years between 2011-12 and 2015-16.
Figure 1 plots average teachers’ grades across immigrant and native students (on the vertical axis)
by quintiles of standardized test scores (on the horizontal axis). Conditional on obtaining the same
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standardize test score, immigrant students receive lower grades from teachers – by 0.13 points, or
11% of a standard deviation in teachers’ grades.

[Insert Figure 1]

These differences could be a signal of biases against immigrants, but they could also be ex-
plained by the ability of teachers to assess multidimensional competence (e.g., oral expression,
behavior in class, etc.) that are not relevant for multiple choice, standardized tests.

3.2 Teachers survey and the race IAT

From September 2016 to March 2017, we administered the survey to all math and literature teachers
in the sample of 103 schools. However, only 65 were surveyed before the end of January 2017 and
they are included in the main analysis of this paper. The survey was conducted by enumerators
using tablets in a meeting held in school buildings. Participants agreed to take part in the survey and
signed an informed consent. The time to complete the survey was around 30 minutes and teachers
did not receive any compensation. Among all math and literature teachers working in the schools
included in the final sample, around 80 percent completed our survey. The survey measures implicit
stereotypes toward immigrant children using an IAT, along with additional information on teachers’
socio-demographic characteristics, teaching experience, and explicit beliefs about immigrants. The
idea underlying the IAT is that the easier the mental task, the faster the response production and
the fewer the errors made in the process. Therefore, the test requires categorizing words to the left
or to the right of a computer or tablet screen and measures the strength of the association between
two concepts based on response times.4

Specifically, the race IAT that we administered associates immigrant/native children and words
related to good/bad in the specific schooling context. Teachers were presented with two sets of
stimuli. The first set included typical Italian names (e.g., Luca) and common names among im-
migrant children in Italy (e.g., Mohammed) and the second set included positive adjectives (e.g.,
smart) and negative adjectives (e.g., lazy). One word at a time (either a names or an adjectives)
appears at the center of the screen and individuals are instructed to categorize them to the left or
the right according with different labels displayed on the top of the screen (for instance, on the
right the label “Immigrant” and on the left the label “Italian”). The subjects have to categorize the
words as quickly as possible. In the rounds used for scoring, the names and the adjectives randomly
appear at the center of the screen. In one round, subjects are asked to categorize native-sounding
names and negative adjectives to the same side of the screen, whereas in another, they are asked

4This concept was initially developed by Donders (1868).
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to categorize immigrant-sounding names and negative adjectives to the same side. To facilitate the
link between words and labels, words related to names (and their respective labels) are written in
white, while words related to adjectives (and their respective labels) are written in green. The order
of the two types of rounds is randomly selected at individual level.5 To the extent that teachers
are biased against immigrant students, they should react more slowly when the label ”Immigrant”
(”Italian”) is associated to positive (negative) adjectives. Therefore, we measure stereotypes by
the difference in reaction times between rounds in which native-sounding names and negative ad-
jectives appear on the same side of the screen compared to rounds in which immigrant-sounding
names and negative adjectives are on the same side.

It is hard to fake the IAT, as this would require strategically speeding up or slowing down in
certain blocks. This is particularly unlikely within our sample of Italian teachers, as the IAT is
not widely known in Italy. IATs have the great advantage of avoiding social desirability bias in
the response and capturing implicit associations that are unconscious to the individual – but may
nevertheless affect his or her interaction with the stigmatized group. For this reason, the IAT is a
widely-used tool in social psychology. Although there is some mixed evidence on its predictive
validity (Blanton et al., 2009; Oswald et al., 2013; Olson and Fazio, 2004), implicit bias has been
found to correlate with outcomes in the real world and in laboratory experiments (Nosek et al.,
2007; Greenwald et al., 2009; Burns et al., 2016), related for instance to call-back rates of job
applicants (Rooth, 2010).

Figure 2 shows the distribution of race IAT scores across the teachers in our sample. A positive
score means a stronger association between foreign-sounding names and negative attributes, while
a negative score suggests a stronger association between foreign-sounding names and positive at-
tributes. Using the typical thresholds in the literature (Greenwald et al., 2009), a IAT score between
-0.15 and 0.15 indicates no bias, a score between |0.15| and |0.35| a slight association between two
concepts, while a score higher than |0.35| indicate a moderate to severe association between two
concepts. According to this metric, IAT scores in Figure Figure 2 suggest that teachers are gener-
ally biased against immigrants. The mean race IAT score is 0.47, which is slightly higher compared
to the mean of 0.41 in the sample of Italians who decided to take the IAT online on the website
https://implicit.harvard.edu and substantially higher compared to the mean of most Euro-
pean countries (see Figure A.1). Most of teachers (67.6%) exhibit moderate to severe bias, i.e. a
IAT score greater than 0.35.

[Insert Figure 2]

5Detailed explanation on the IAT is provided in the Online Appendix B.1 and a screen shot of the tablet is shown
in Figure B.1.1.
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Table 1 shows the correlation between individual characteristics and the results of IAT scores.
Female teachers are slightly less biased than male teachers, and so are (very slightly), teachers
born in northern Italy, while there are no relevant differences along other individual characteristics,
namely having children, and teachers’ parental background. IAT scores are significantly correlated
with beliefs about immigrants, as elicited by some questions included in the survey. In particu-
lar, teachers believing that immigrants and natives should have equal opportunities of accessing
available jobs, a question we borrowed from the World Values Survey, are on average less biased
(column 5).

Teachers with stronger race stereotypes were not previously exposed to less capable immigrants
than natives. Column (6) shows that teachers’ IAT scores are not systematically correlated with the
relative test scores of native and immigrant students they taught to in the past. We could recover
previous students’ test scores for 899 out of 1384 teachers, which explains the reduction in the
sample between column (6) and column (7). Therefore, stronger stereotypes toward immigrant
students do not seem to reflect statistical discrimination based on objective information on average
group ability.

In the Appendix Table A.2, we report the correlation between implicit stereotypes of teachers
and their belief on factors affecting the different high-school choice of native and immigrant chil-
dren (see Appendix B.2 with detailed questions). Teachers with higher IAT score are more likely
to believe that the lower ability of immigrants is a crucial explanation of why they are more likely
to go to the vocational high schools, rather than academic oriented ones, while other factors that
may determine the choice of high-school track, such as economic reasons, are not correlated with
IAT scores. All these findings are confirmed when including all variables together in the regression
(columns 7-8 of Table 1 and columns 2-3 of Appendix Table A.2).

Overall, the evidence in Table 1 and in the Appendix Table A.2 is consistent with the test
capturing to a large extent bias against immigrants, rather than statistical discrimination based on
actual information on average group ability.

[Insert Table 1]

3.3 The experiment

In total, due to practical issues,6 we administered the survey and collected all relevant information
on 65 schools out of 103 before the end of January, i.e. before the end of semester grading. These
65 schools are therefore included in our experiment. The balance table on the characteristics of

6The principals needed to agree on the data collection and they needed to consent to share the administrative data
on teachers’ grades and standardized test scores of all their students.
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teachers that we were able to survey before the end of January and other teachers interviewed
are reported in Table A.3, while those of their students are reported in Table A.4. The sample of
teachers is balanced in terms of implicit bias against immigrants and the standardized difference
for both teachers’ and students’ characteristics is always substantially below 0.15. Our final sample
comprises 6598 students in grade 8 in the school year 2016-2017 and their 537 teachers, 266 in
math and 271 in Italian.7

We offered to all teachers in our sample the possibility of receiving a feedback on their implicit
bias against immigrants, namely their IAT score. The timing of feedback was randomized across
schools. Teachers in half of the schools (the treated group) could receive the feedback before the
end-of-semester grading, taking place at the end of January 2017; teachers in the remaining schools
(the control group) could receive the feedback only after grading. In the E-mail, teachers received
their IAT score and a description clarifying whether their association between immigrant names
and good/bad adjectives was “slight”, “moderate”, or “strong” according with the typical threshold
used in the literature (Greenwald et al., 2009) and represented also in Figure 2. The detailed E-mail
with the feedback is reported in the Appendix B.3. Tables A.5 and A.6 in the Appendix show,
respectively, the average characteristics of teachers and students in treated and control schools. As
it should be expected, by the virtues of randomization, teachers and students in the two groups are
balanced in terms of observable characteristics (the standardized difference is always below 0.2,
see Imbens and Rubin, 2015).

Figure 3 below summarizes the timing of the intervention as well as the periods covered by the
data on standardized test scores and teachers’ grades. Panel A focuses on the sample of student
used to analyze whether teachers with more implicit bias actually discriminate against immigrants
in grading. For this exercise, we exploit cohorts of students graduating from middle school between
June 2012 and June 2016 for whom we have the standardized test score in June of grade 8 and
teacher-assigned grades in exactly the same period. Importantly, knowledge of our study could
not affect the behavior of teachers toward these cohorts of children given that they graduate from
middle school before our data collection. Panel B shows the timing of our experiment: IAT data are
collected between October 2016 and January 2017. Teachers in treated schools receive the E-mail
with the feedback about own IAT score at the end of January, while teachers in control schools
receive the e-mail with the feedback about own IAT score at the beginning of February. For data
availability issues, the analysis focuses on the cohort of students in grade 8, graduating from middle
school in June 2017.8

7We have the information on students and math teachers for 5342 pupils and on students and teachers teachers for
5546. Indeed, for some students we have information for only either the math or literature teacher.

8Data on teacher-assigned grades at the end of the first semester are collected by INVALSI only for students in
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[Insert Figure 3]

4 Results

In this section we present our main empirical results. We start by showing that the gap in grading
between native and immigrant students uncovered in Figure 1 is systematically correlated with
teachers’ racial stereotypes. We then estimate the impact of our intervention (revealing stereotypes
to teachers) on students’ grades. We conclude by analyzing patterns of heterogeneity along teacher
and student characteristics.

4.1 Implicit biases and grading

Table 2 investigates the relationship between teachers’ implicit bias and grading of immigrant vs.
native students. The sample includes all students enrolled in grade 8 in our schools between school
years 2011-12 and 2015-16.9. The dependent variable is end-of-year grade received from the math
(Panel A) and literature (Panel B) teacher. Note that this grade differs from the mid-term grade
given at the end of January, which we use to evaluate the impact of our experiment. The advantage
of considering end-of-year grades for this part of the analysis is that at the same time students take
the standardized, blindly graded test score, which allows us to control for student’s proficiency in
the subjects. All specifications in Table 2 include teacher fixed effects.

[Insert Table 2]

Column 1 shows that immigrant children receive on average half a grade less than natives in
both math and literature (on a scale going from 3 to 10, where 6 is the passing grade).Interestingly,
the gap is not very different for literature and math, even though one may expect that language may
be a stronger barrier for immigrants in the former subject than in the latter.

After controlling for student ability, as measured by a cubic polynomial in the standardized test
score (INVALSI), the gap decreases to about 0.1 points, or .09 of a standard deviation in teachers’
grades (column 2).

In column 3 we interact the dummy for immigrant student with the teacher’s IAT. We find that
teachers with stronger implicit stereotypes against immigrants give them lower grades, holding

grade 8.
9We stop with the 2015-16 cohort because this is the last one graduating before our data collection. We are thus

sure that neither knowledge of our study, nor taking the IAT, could have affected the grades given by teachers to these
cohorts because they finished middle school before teachers took our survey
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constant students’ ability (as measured by the standardized test score). To gauge the magnitude
of the effect, we can consider what happens if we increase a teacher’s IAT score by one standard
deviation, that is by 0.26 (which is equivalent to moving from an unbiased teacher to a slightly
biased one). This decreases math grades given to immigrants by 0.045 –about half of the average
gap between immigrants and natives with identical performance in standardized test scores. The
effect on grades in literature is in the same direction, but smaller and not statistically significant.
It is interesting that immigrants suffer a stronger penalty from biased teachers in math, given that
grading a math assignment arguably involves less discretion than grading a reading test.

The remaining columns of Table 2 show that these findings are robust to including additional
covariates. In column 4 we include student controls such as gender, first vs. second generation
immigrant and mother’s education. In column 5 we further interact these student characteristics
with the immigrant dummy. In column 6 we add teacher level controls, specifically age, gender,
place of birth and whether the teacher holds an advanced STEM degree (defined as physics, math
or engineering).10 In all these specifications the coefficient on the immigrant dummy and that on
the interaction between immigrant and teacher’s IAT remain similar in magnitude and significance
level.

Appendix Table A.8 shows, in addition, that the negative interaction coefficients in Table 2 re-
flect lower grades given by more biased teachers to immigrant students, whereas there are generally
no significant differences in native students’ grades.

Our finding that teachers with more negative stereotypes against immigrants (higher IAT) give
immigrant children lower grades than they deserve may be explained by the fact that low expec-
tations and negative (implicit) attitudes towards immigrants prevent them to objectively evaluate
their performance. This is of concern because low teachers’ expectations and grades may induce
minority students to decrease their effort, leading to the so-called “Pygmalion effect” (Jussim and
Harber, 2005; Rosenthal and Jacobson, 1968). These biases in teachers’ mind may operate in an
unconscious way, even without willingness to harm directly the stigmatized group (Gilliam et al.,
2016; Van den Bergh et al., 2010).11

10In Appendix Table A.7 we also interact teacher characteristics with the immigrant student dummy, separately for
math and literature teachers, and find a very similar coefficient on the interaction between immigrant and teacher’s IAT.

11A bias opposite to the Pygmalion effect could occur if teachers gave minority children higher grades than they
deserve, e.g., because they set lower standards for immigrant children who have poorer language skills, or because
immigrants’ observed performance exceeds their expectations, or simply to provide encouragement.
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4.2 Revealing Implicit Stereotypes

Figure 4 shows the effect of our treatment, i.e. revealing own stereotypes to teachers, on grading of
immigrant and native students. The sample includes 8th graders during the school year 2016-2017,
colored bars represent grade distributions across students of teachers receiving the feedback before
end-of-semester grading, while black lines represent grade distributions across students of teachers
receiving the feedback after end-of-semester grading. Receiving the feedback on IAT scores before
grading shifts the grade distribution to the right for immigrant students and to the left for native
students.

[Insert Figure 4]

Table 3 quantifies the average effects in Figure 4. In Panel A of the table we compare grading
by teachers that were offered the feedback before and after end of January 2017. This can be
interpreted as the intention-to-treat effect of our intervention. Math teachers that were offered the
feedback before grading (i.e., ’Early Feedback’ equal to 1) give on average 0.4 points more to
immigrants and 0.2 points less to natives compared to teachers in control schools (columns 1-3).
As in previous Table 2, the effects are qualitatively similar but smaller in magnitude for literature
teachers (columns 4-6).

[Insert Table 3]

In Panel B of Table 3 we rescale the intention-to-treat effect by the take-up rate of the early
feedback to compute the treatment effect of bias revelation. The effect on immigrant and native
students’ grades increase in magnitude to about +0.5 and -0.25 points, respectively.

[Insert Table 4]

We next focus on the effect across students at the margin between failing and passing the course.
Students fail if they obtain a grade lower than 6, and failing has more severe consequences in the
second semester, they can be retained in the grade if they fail more than one subject. By contrast,
failing in the first semester has no immediate consequences, though it represents an important
“warning sign”. For this reason, teachers tend to give less than 6 (failing) more in the first than in the
second semester; in our sample, the fraction of students failing either subject in the first and second
semester is 21% and 2%, respectively. This is an important margin for immigrant students, as they
exhibit particularly high failure rates, 31% and 4% in the first and second semester, respectively.

Visual evidence in Figure 4 already suggests that the effect of receiving the early feedback is
particularly pronounced grades between 5 ( fail) and 6 ( pass). This is confirmed in Table 4, in
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which we estimate the effect of receiving the feedback before grading on the probability of failing
immigrant and native students, respectively. The early IAT feedback decreases the probability of
failing immigrant students in math by more than 10 percentage points, on a baseline gap of 0.16
relative to native students (whose failure rates remain unaffected). In line with the results in Table
3, there is no significant effect on grading in Italian.

4.3 Heterogeneous Effects

Table 5 explores how the (intention-to-treat) effects on grading vary with teacher and student char-
acteristics. Panel A of the table focuses on math teachers, while Panel B on literature teachers.
The effects are stronger for teachers supporting equal access of immigrants and natives to job op-
portunities, as measured by the World Values Survey question (column 3); not only these teachers
are slightly less biased to begin with (see the previous Table 1), they are also more responsive to
the intervention. The same is true for female teachers, though only in math (column 4, Panel A).
Finally, in column (6) we estimate the differential effect by (immigrant) students’ area of origin:
Eastern Europe, Africa, Latin America, and Asia. In Table 5 Panel A, math teachers receiving the
early feedback increase grades more for students that are geographically and linguistically closer to
natives, respectively, Eastern Europeans (the excluded category) and Latin Americans. The pattern
is less clear for literature teachers (Table 5, Panel B). More generally, and in line with previous ta-
bles, the estimated coefficients are smaller and less precisely estimated for literature than for math
teachers.12

[Insert Table 5 ]

5 Conclusion

In a sample of Italian middle school, teachers display bias when grading immigrant children.
The latter receive lower teacher-assigned grades than natives, controlling for their performance
in anonymously graded standardized tests. This is not a proof of bias since there may be character-
istics that differentiate immigrants from natives that are observable for teachers, but unobservable
for the econometricians, such as disciplinary problems or the performance in standardized multiple
choice questions. However, the difference in grading is correlated to teachers’ stereotypes against
immigrants, as measured by a race IAT test performed on the teachers. Furthermore, in this paper,

12We also explored heterogeneity of the effect with the timing of IAT: before/after Christmas, and number of days
before/after end-of-semester grading. However, we could not detect any significant difference along this dimension.
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we provide evidence that informing teachers about own implicit association is an effective policy to
reduce discrimination in grading. Teachers randomized to receive the information about their score
in the IAT test before grading react to this information, increasing the grades to immigrants and
decreasing grades to natives. The policy implication is straightforward: by making teachers aware
of own ”implicit” biases, their evaluation of students becomes more fair. The IAT test is simple to
implement and it would not cost much to require every teacher to take it, say at the beginning of
every academic year.

Eliminating bias in grading in schools is important. Children who perceive a bias against them
may become discouraged, and apply less effort to school-work. This behavior would create a vi-
cious circle, reinforcing teachers’ stereotypes, with potentially long lasting negative consequences
for the children. These effects may extend even outside of schools by making them less open to
adopt norms of good social behavior and less prone to assimilate in society.
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Tables and Figures

Figure 1: Teacher-Assigned Grades vs. Standardized Test Score (Blind Grades)
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Notes: This graph shows teacher-assigned grades (no-blind grades – on the vertical axis) and quintiles of the
standardized test score INVALSI (blind grades – on the horizontal axis) assigned to students at the end of
grade 8. Teacher-assigned grades are in a scale from 2 to 10, with 6 as the pass grade. The green squares and
line is for native students, while the red squares and line is for immigrant students. The left panel presents
evidence from grades in mathematics, while the right panel presents grades in literature. Students in this
sample completed grade 8 between school years 2011-2012 and 2015-2016.
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Figure 2: Race Implicit Associations of Teachers
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Notes: This graph shows the distribution of raw IAT scores for mathematics and for literature teachers. A
positive value indicates a stronger association between “natives”-“good” and “immigrant”-“bad”.
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Figure 3: Timeline

survey	&	IAT

oct-dec jan feb

Feedback	on	IAT	sent	to	teachers	randomized	into	the	
control	group

school	year	2016/17

school	year	2012/13

end-of-semester	grading

end-of-year	grades	and	test	scores

end-of-year	grades	and	test	scores

……	school	years	2013/14	to	2014/15	……	

school	year	2015/16

Feedback	on	IAT	sent	to	teachers	randomized	into	the	
treated	group

Notes: This figure shows the timeline of the data collection, survey, and experiment. As described at length
in Section 3, we obtained administrative data on end-of-year teachers’ grades as well as on standardized,
blindly graded test scores between school years 2012/13 and 2015/16, respectively. During the first semester
of school year 2016/17 (October-December, 2016), we administered the survey and the race IAT to all
teachers in our sample. On January 2017, before end of semester grading, we invited a random group of
teachers to see their IAT score. All other teachers were allowed to see their score after the end of semester
grading (i.e., February 2018).
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Figure 4: The impact of revealing bias to teachers on grading of immigrant and native students
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Notes: This graph shows the distribution of grades given to native and immigrant children by math and
literature teachers who received the feedback about own race IAT score (light blue bars) and who did not
received the feed (striped bars).
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Table 1: Correlation between teachers characteristics and IAT Race
(1) (2) (3) (4) (5) (6) (7) (8)

Dep. Var.: Race IAT

Female -0.042∗∗ -0.033 -0.040
(0.020) (0.025) (0.029)

Born in the North -0.026∗ -0.035∗∗ -0.034∗

(0.014) (0.016) (0.019)
Children 0.021 0.075 0.113

(0.050) (0.080) (0.101)
Middle edu Mother 0.027 0.030 0.035

(0.017) (0.021) (0.024)
High edu Mother -0.022 -0.011 -0.000

(0.021) (0.025) (0.029)
WVS Immigrants’ Rights to Job -0.058∗∗∗ -0.052∗∗ -0.046∗

(0.017) (0.022) (0.027)
Native-Imm INVALSI(/100) -0.019 -0.002 0.017

(0.083) (0.083) (0.107)

School FE No No No No No No No Yes

Obs. 1384 1384 1384 1384 1384 899 899 899
R2 0.063 0.063 0.060 0.065 0.066 0.075 0.095 0.180

Notes: This table reports OLS estimates, where the dependent variable is IAT score of teachers; the unit of observation
is the teacher t in grade 8 of school s. We include controls for the order of IATs and for wether the blocks were pre-
sented in a order compatible or incompatible way (which was randomized at individual level). The variables “Reason
Race Gap High-School” are coded to assume value 1 if they believe it is a *, ** and *** indicate significance at the
10%, 5% and 1% percent level respectively.
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Table 2: Bias in Grading of Teachers
(1) (2) (3) (4) (5) (6)

Panel A: Dependent Variable Grades given by Math Teacher

Immigrant -0.468*** -0.112*** -0.111*** -0.077*** -0.123*** -0.123***
(0.026) (0.019) (0.019) (0.024) (0.034) (0.034)

Imm*Std Race IAT Mat -0.045** -0.038* -0.039* -0.040*
(0.022) (0.021) (0.021) (0.021)

Mean of Native-Imm Gap -0.468 -0.112 -0.112 -0.077 -0.077 -0.077
Obs. 21892 21892 21892 21892 21892 21892
R2 0.095 0.470 0.470 0.497 0.497 0.497

Panel B: Dependent Variable Grades given by Literature Teacher

Immigrant -0.589*** -0.123*** -0.123*** -0.122*** -0.182*** -0.182***
(0.023) (0.018) (0.018) (0.023) (0.034) (0.034)

Imm*Std Race IAT Lit -0.013 -0.012 -0.010 -0.010
(0.022) (0.022) (0.022) (0.022)

Mean of Native-Imm Gap -0.589 -0.123 -0.123 -0.123 -0.123 -0.123
Obs. 20609 20609 20609 20609 20609 20609
R2 0.151 0.519 0.519 0.548 0.549 0.549

Teacher FE Yes Yes Yes Yes Yes Yes
INVALSI cubic No Yes Yes Yes Yes Yes
Student Controls No No No Yes Yes Yes
Student Controls *Imm No No No No Yes Yes
Teacher Controls No No No No No Yes

Notes: This table reports OLS estimates, where the dependent variable is grade given by teachers in math
(Panel A) and literature (Panel B) in grade 8; the unit of observation is student i, in class c taught by
teacher t in grade 8 of school s. We include a cohort dummy in all regressions and “INVALSI cubic” indi-
cates the cubic polynomial of INVALSI test score in grade 8. Student controls include gender, generation
of immigration and education of the mother. Teacher controls include gender, place of birth, advanced
STEM degree (as physics, math, engineering), age. *, ** and *** indicate significance at the 10%, 5%
and 1% percent level respectively.
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Table 3: Estimation of the impact of revealing stereotypes to teachers on student grades
(1) (2) (3) (4) (5) (6)

Dep Var: Grades given by Math Teacher Grades given by Literature Teacher

Panel A: Intention to Treat

Early Feedback*Imm 0.352** 0.402*** 0.404*** 0.289** 0.279*** 0.260***
(0.136) (0.123) (0.125) (0.110) (0.090) (0.091)

Early Feedback -0.179* -0.205** -0.174* -0.126 -0.141** -0.125*
(0.101) (0.095) (0.098) (0.081) (0.069) (0.071)

Immigrant -0.713*** -0.748*** 0.700 -0.682*** -0.705*** -0.233
(0.085) (0.190) (1.260) (0.062) (0.139) (1.251)

Obs. 5342 5342 5342 5546 5546 5546
R2 0.025 0.112 0.121 0.038 0.170 0.177

Panel B: Local Average Treatment Effect

Email*Imm 0.461*** 0.517*** 0.523*** 0.378*** 0.370*** 0.341***
(0.167) (0.155) (0.157) (0.144) (0.123) (0.123)

Email -0.242* -0.273** -0.234* -0.169 -0.190** -0.168*
(0.132) (0.130) (0.134) (0.107) (0.096) (0.100)

Immigrant -0.713*** -0.716*** 0.808 -0.682*** -0.650*** -0.468
(0.084) (0.194) (1.233) (0.061) (0.147) (1.317)

Obs. 5342 5342 5342 5547 5547 5547
R2 0.024 0.107 0.119 0.036 0.165 0.173
F- stat 89.35 96.13 100.9 113.4 129.7 130.3

Student Controls No Yes Yes No Yes Yes
Teacher Controls No No Yes No No Yes

Notes: This table reports OLS estimates, where the dependent variable is grade given by teachers in
math (columns 1-3) and literature (columns 4-6) at the end of the first semester of grade 8 (January);
the unit of observation is student i, in class c taught by teacher t in grade 8 of school s. Standard errors
are robust and clustered at school level. Student controls include gender, generation of immigration and
education of the mother, interacted with wether the student is immigrant. Teacher controls include gen-
der, place of birth, advanced STEM degree (as physics, math, engineering), age, interacted with wether
the student is immigrant. *, ** and *** indicate significance at the 10%, 5% and 1% percent level re-
spectively.
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Table 4: Estimation of the impact of revealing stereotypes to teachers on student grades
(1) (2) (3) (4) (5) (6)

Dep Var: Math Fail (GRADE < 6) Literature Fail (GRADE < 6)

Panel A: Intention to Treat

Early Feedback*Imm -0.084** -0.094** -0.100*** -0.015 -0.015 -0.011
(0.042) (0.040) (0.038) (0.024) (0.021) (0.021)

Early Feedback 0.030 0.033 0.026 -0.000 -0.002 -0.008
(0.028) (0.025) (0.025) (0.014) (0.012) (0.012)

Immigrant 0.160*** 0.135** -0.220 0.079*** 0.097*** -0.337
(0.030) (0.067) (0.411) (0.016) (0.034) (0.315)

Obs. 5342 5342 5342 5546 5546 5546
R2 0.016 0.061 0.069 0.012 0.042 0.049

Panel B: Local Average Treatment Effect

Email*Imm -0.109∗∗ -0.119∗∗ -0.128∗∗∗ -0.019 -0.019 -0.013
(0.051) (0.048) (0.045) (0.031) (0.027) (0.027)

Email 0.041 0.043 0.035 -0.001 -0.003 -0.011
(0.037) (0.033) (0.034) (0.019) (0.017) (0.016)

Immigrant 0.160∗∗∗ 0.129∗ -0.237 0.079∗∗∗ 0.094∗∗∗ -0.331
(0.030) (0.066) (0.401) (0.016) (0.035) (0.316)

Obs. 5342 5342 5342 5546 5546 5546
R2 0.018 0.061 0.070 0.012 0.042 0.049

Student Controls No Yes Yes No Yes Yes
Teacher Controls No No Yes No No Yes

Notes: This table reports OLS estimates, where the dependent variable is the probability of
obtaining a grade lower than 6 (pass grade) given by teachers in math (columns 1-3) and litera-
ture (columns 4-6) at the end of the first semester of grade 8 (January); the unit of observation
is student i, in class c taught by teacher t in grade 8 of school s. Standard errors are robust and
clustered at school level. Student controls include gender, generation of immigration and edu-
cation of the mother, interacted with wether the student is immigrant. Teacher controls include
gender, place of birth, advanced STEM degree (as physics, math, engineering), age, interacted
with wether the student is immigrant. *, ** and *** indicate significance at the 10%, 5% and
1% percent level respectively.
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Table 5: Heterogeneous effects of the treatment
(1) (2) (3) (4) (5) (6)

Panel A Dependent Variable: Grades given by Math Teacher

Early Feedback*Imm 0.404*** 0.379*** -0.105 0.351** -0.103 0.596***
(0.125) (0.134) (0.239) (0.160) (0.308) (0.130)

Early Feedback -0.174* -0.181* 0.097 -0.096 -0.037 -0.174*
(0.098) (0.103) (0.182) (0.100) (0.164) (0.099)

Early Feedback*Imm*HighBias 0.088
(0.281)

Early Feedback*HighBias 0.041
(0.129)

Early Feedback*Imm*WVS 0.703**
(0.340)

Early Feedback*WVS -0.058
(0.183)

Early Feedback*Imm*FemTeacher 0.618**
(0.268)

Early Feedback*FemTeacher -0.330*
(0.175)

Early Feedback*Imm*Girls 0.107
(0.179)

Early Feedback*Girls -0.155*
(0.078)

Early Feedback*Africa -0.477*
(0.252)

Early Feedback*Latin -0.180
(0.243)

Early Feedback*Asia -0.409*
(0.242)

Obs. 5342 5342 5342 5342 5342 5342
R2 0.121 0.122 0.123 0.122 0.126 0.127

Student Controls Yes Yes Yes Yes Yes Yes
Teacher Controls Yes Yes Yes Yes Yes Yes

Notes: This table reports OLS estimates, where the dependent variable is grade given by teachers in math
(columns 1-3) and literature (columns 4-6) at the end of the I semester of grade 8 (January); the unit of
observation is student i, in class c taught by teacher t in grade 8 of school s. Standard errors are robust
and clustered at school level. Student controls include gender, generation of immigration and education
of the mother, interacted with wether the student is immigrant. Teacher controls include gender, place of
birth, advanced STEM degree (as physics, math, engineering), age, interacted with wether the student is
immigrant. *, ** and *** indicate significance at the 10%, 5% and 1% percent level respectively.
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Table 5: Heterogeneous effects of the treatment (cont.)

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

Panel B Dependent Variable: Grades given by Literature Teacher

Early Feedback*Imm 0.260*** 0.269** -0.159 0.322 0.310*** 0.322**
(0.091) (0.114) (0.163) (0.210) (0.110) (0.137)

Early Feedback -0.125* -0.148* 0.060 -0.125 -0.086 -0.125*
(0.071) (0.083) (0.154) (0.142) (0.070) (0.072)

Early Feedback*Imm*HighBias -0.028
(0.195)

Early Feedback*HighBias 0.072
(0.128)

Early Feedback*Imm*WVS 0.584***
(0.163)

Early Feedback*WVS -0.234
(0.158)

Early Feedback*Imm*FemTeacher -0.070
(0.238)

Early Feedback*FemTeacher -0.000
(0.164)

Early Feedback*Imm*Girls -0.105
(0.143)

Early Feedback*Girls -0.078
(0.060)

Early Feedback*Africa -0.089
(0.205)

Early Feedback*Latin -0.111
(0.177)

Early Feedback*Asia -0.080
(0.203)

Obs. 5546 5546 5546 5546 5546 5546
R2 0.177 0.178 0.181 0.177 0.177 0.179

Student Controls Yes Yes Yes Yes Yes Yes
Teacher Controls Yes Yes Yes Yes Yes Yes

Notes: This table reports OLS estimates, where the dependent variable is grade given by teachers in math
(columns 1-3) and literature (columns 4-6) at the end of the I semester of grade 8 (January); the unit of
observation is student i, in class c taught by teacher t in grade 8 of school s. Standard errors are robust
and clustered at school level. Student controls include gender, generation of immigration and education
of the mother, interacted with wether the student is immigrant. Teacher controls include gender, place of
birth, advanced STEM degree (as physics, math, engineering), age, interacted with wether the student is
immigrant. *, ** and *** indicate significance at the 10%, 5% and 1% percent level respectively.
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Appendix

Figure A.1: A European map of implicit racial bias

Notes: This graph shows a European map of implicit racial bias. Red indicates a stronger association between
“natives”-“good” and “immigrant”-“bad”. Source: Tom Stafford, theconversation. com
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Table A.1: Place of birth of non-Italian students (school year 2016-2017)

Place of Birth Number of students Share among immigrant children

Romania 158,428 19.2%
Albania 112,171 13.6%
Marocco 102,121 12.4%
China 49,514 6.0%
Philippines 26,962 3.3%
India 25,851 3.1%
Moldavia 25,308 3.1%
Ukraina 19,956 2.4%
Pakistan 19,934 2.4%
Egypt 19,925 2.4%
Tunisia 18,613 2.3%
Peru 18,018 2.2%
Equador 16,153 2.0%
Macedonia 15,193 1.8%
Nigeria 14,853 1.8%

Source: Italian Ministry of Education Official Data. This table reports the total number of students and the share among
immigrant children of the 15 most represented groups in term of place of birth.
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Table A.2: Correlation between teachers characteristics and IAT Race
(1) (2) (3)

Dep. Var.: Race IAT

Reason Race Gap High-School: economic -0.015 -0.014 0.000
(0.026) (0.027) (0.029)

Reason Race Gap High-School: behavior -0.018 -0.021 -0.013
(0.014) (0.014) (0.015)

Reason Race Gap High-School: ability 0.032∗∗ 0.031∗∗ 0.031∗∗

(0.014) (0.014) (0.015)
Reason Race Gap High-School: language 0.025 0.027 0.017

(0.020) (0.020) (0.021)
Reason Race Gap High-School: information -0.010 -0.010 -0.007

(0.016) (0.016) (0.016)
Reason Race Gap High-School: prejudices 0.022 0.022 0.019

(0.016) (0.015) (0.016)
Female -0.040∗ -0.045∗∗

(0.020) (0.021)
Born in the North -0.027∗ -0.023

(0.014) (0.016)
WVS Immigrants’ Rights to Job -0.055∗∗∗ -0.051∗∗

(0.017) (0.020)
Children 0.094 0.085

(0.071) (0.080)
Middle edu Mother 0.028 0.030

(0.017) (0.019)
High edu Mother -0.021 -0.029

(0.021) (0.023)

School FE No No Yes

Obs. 1384 1384 1384
R2 0.067 0.086 0.152

Notes: This table reports OLS estimates, where the dependent variable is IAT
score of teachers; the unit of observation is the teacher t in grade 8 of school
s. We include controls for the order of IATs and for wether the blocks were
presented in a order compatible or incompatible way (which was randomized at
individual level). The variables “Reason Race Gap High-School” are coded to
assume value 1 if they believe it is a *, ** and *** indicate significance at the
10%, 5% and 1% percent level respectively.
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Table A.3: Balance Table: teachers in the randomization sample vs. others

(1) (2) (3) (4)
Variable Not in the Sample Final Sample Diff. Stand. Diff.

IAT Race 0.456 0.474 0.019 0.051
(0.260) (0.261) (0.019)

Female 0.799 0.872 0.073 0.139
(0.402) (0.335) (0.039)*

Teaching Math 0.505 0.495 -0.010 -0.014
(0.501) (0.500) (0.026)

Born in the North 0.592 0.683 0.091 0.135
(0.493) (0.466) (0.053)*

Age 48.468 49.074 0.605 0.047
(8.844) (9.390) (1.009)

Full time contract 0.850 0.861 0.011 0.022
(0.358) (0.347) (0.033)

Years of experience 19.667 20.349 0.682 0.043
(11.069) (11.504) (1.212)

Children 0.625 0.693 0.068 0.101
(0.485) (0.462) (0.051)

Low edu Mother 0.524 0.499 -0.025 -0.035
(0.501) (0.501) (0.050)

Middle edu Mother 0.347 0.338 -0.009 -0.013
(0.477) (0.474) (0.048)

High edu Mother 0.129 0.163 0.033 0.067
(0.337) (0.370) (0.033)

Degree Laude 0.229 0.290 0.061 0.098
(0.421) (0.454) (0.035)*

Reason Race Gap High-School: economic 3.810 3.933 0.122 0.080
(1.089) (1.076) (0.088)

Reason Race Gap High-School: behavior 2.675 2.559 -0.116 -0.078
(1.031) (1.092) (0.090)

Reason Race Gap High-School: ability 2.750 2.552 -0.198 -0.119
(1.190) (1.166) (0.113)*

Reason Race Gap High-School: language 3.503 3.548 0.045 0.032
(0.998) (1.003) (0.096)

Reason Race Gap High-School: information 2.743 2.705 -0.038 -0.025
(1.037) (1.093) (0.097)

Reason Race Gap High-School: prejudices 2.686 2.708 0.022 0.015
(0.977) (1.075) (0.075)

WVS Immigrants’ Rights to Job 0.808 0.802 -0.006 -0.011
(0.396) (0.399) (0.038)

Observations 184 537 721

Notes: This is a balance table of characteristics of teachers of 8 graders, comparing those in the sample used for the
analysis and other teachers to whom we administered the survey after the randomization of the feedback in January
2017. Standard errors are robust and clustered at school level. *, **, and *** denote statistical significance at the 90%,
95%, and 99% confidence level, respectively.
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Table A.4: Balance Table: students of grade 8 in the randomization sample and excluded

(1) (2) (3) (4)
Variable Not in the Sample Final Sample Diff. Stand. Diff.

Female 0.468 0.497 0.029 0.040
(0.499) (0.500) (0.012)**

Immigrant 0.241 0.195 -0.047 -0.080
(0.428) (0.396) (0.024)*

Mother Degree 0.144 0.186 0.041 0.079
(0.351) (0.389) (0.040)

Father Degree 0.137 0.161 0.025 0.049
(0.344) (0.368) (0.040)

Mother High-skill 0.021 0.029 0.008 0.037
(0.142) (0.167) (0.008)

Mother Mid-Skill 0.096 0.124 0.028 0.064
(0.294) (0.329) (0.033)

Father High-skill 0.188 0.194 0.006 0.011
(0.391) (0.395) (0.047)

Father Mid-Skill 0.307 0.349 0.042 0.064
(0.461) (0.477) (0.025)*

Grade Math June ’16 7.237 7.156 -0.081 -0.045
(1.293) (1.251) (0.058)

Grade Ita June ’16 7.156 7.117 -0.039 -0.026
(1.060) (1.055) (0.051)

Observations 2,135 6,598 8,733

Notes: This is a balance table of characteristics of students in grade 8, comparing those in the sample used for the
analysis and those of teachers to whom we administered the survey after the randomization of the feedback in January
2017. Standard errors are robust and clustered at school level. *, **, and *** denote statistical significance at the 90%,
95%, and 99% confidence level, respectively.
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Table A.5: Balance Table - Teachers’ characteristics

(1) (2) (3) (4)
Variable Control Treatment Diff. Stand. Diff.

Panel A: Math teachers
IAT Race 0.482 0.461 -0.021 -0.057

(0.272) (0.247) (0.031)
Female 0.785 0.883 0.098 0.186

(0.412) (0.323) (0.049)*
Born in the North 0.644 0.592 -0.053 -0.076

(0.481) (0.493) (0.070)
Age 48.661 49.204 0.543 0.039

(9.829) (9.770) (1.613)
Advanced STEM 0.263 0.203 -0.060 -0.100

(0.442) (0.403) (0.054)
Low edu Mother 0.536 0.477 -0.058 -0.082

(0.501) (0.501) (0.064)
Middle edu Mother 0.312 0.356 0.044 0.065

(0.466) (0.481) (0.058)
High edu Mother 0.152 0.167 0.015 0.029

(0.360) (0.374) (0.047)
Observations 121 145 266

Panel B: Literature teachers
IAT Race 0.497 0.463 -0.034 -0.091

(0.275) (0.254) (0.030)
Female 0.918 0.893 -0.025 -0.061

(0.275) (0.311) (0.037)
Born in the North 0.729 0.771 0.043 0.069

(0.446) (0.421) (0.058)
Age 49.585 48.856 -0.729 -0.057

(8.543) (9.380) (1.401)
Low edu Mother 0.486 0.500 0.014 0.019

(0.502) (0.502) (0.068)
Middle edu Mother 0.360 0.323 -0.037 -0.055

(0.482) (0.469) (0.065)
High edu Mother 0.153 0.177 0.024 0.045

(0.362) (0.383) (0.061)
Observations 122 149 271

Notes: Standard errors are robust and clustered at school level. *, **, and *** denote statistical significance at the
90%, 95%, and 99% confidence level, respectively.
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Table A.6: Balance Table - Students’ characteristics

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

Variable Control Treatment Diff. Stand. Diff.

Female 0.499 0.495 -0.004 -0.006
(0.500) (0.500) (0.014)

First Gen Imm 0.089 0.089 -0.000 -0.000
(0.285) (0.285) (0.016)

Born before 2003 0.106 0.120 0.015 0.032
(0.307) (0.325) (0.015)

Grade Ita June ’16 7.131 7.106 -0.025 -0.017
(1.062) (1.050) (0.069)

Grade Math June ’16 7.193 7.124 -0.069 -0.039
(1.265) (1.237) (0.075)

Grade Ita June ’15 7.219 7.170 -0.049 -0.033
(1.055) (1.055) (0.065)

Grade Math June ’15 7.350 7.299 -0.052 -0.028
(1.294) (1.290) (0.069)

Mother Less than high school 0.223 0.256 0.033 0.054
(0.417) (0.436) (0.040)

Diploma 0.440 0.461 0.021 0.031
(0.496) (0.499) (0.041)

Degree 0.158 0.210 0.052 0.095
(0.365) (0.407) (0.041)

Low Occupation 0.199 0.156 -0.042 -0.079
(0.399) (0.363) (0.051)

Mid Occupation 0.128 0.120 -0.008 -0.017
(0.334) (0.325) (0.034)

High Occupation 0.030 0.027 -0.003 -0.013
(0.171) (0.163) (0.009)

Father Less than high school 0.273 0.303 0.030 0.047
(0.446) (0.460) (0.045)

Diploma 0.385 0.421 0.036 0.051
(0.487) (0.494) (0.037)

Degree 0.145 0.176 0.031 0.059
(0.352) (0.381) (0.042)

Low Occupation 0.312 0.322 0.010 0.015
(0.463) (0.467) (0.042)

Mid Occupation 0.338 0.359 0.021 0.031
(0.473) (0.480) (0.034)

High Occupation 0.171 0.214 0.043 0.078
(0.376) (0.410) (0.048)

Observations 3,068 3,530 6,598

Notes: Standard errors are robust and clustered at school level. *, **, and *** denote statistical significance at the
90%, 95%, and 99% confidence level, respectively.
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Table A.7: Bias in Grading of Teachers

(1) (2)
Math Grades Literature Grades

Immigrant 1.312∗ 0.488
(0.673) (0.744)

Imm*Std Race IAT -0.045∗∗ -0.009
(0.021) (0.022)

First Gen Imm -0.005 -0.012
(0.029) (0.025)

Female 0.378∗∗∗ 0.342∗∗∗

(0.015) (0.014)
Female*Imm -0.036 -0.009

(0.030) (0.027)
Mother no Diploma -0.215∗∗∗ -0.236∗∗∗

(0.020) (0.018)
Mother no Diploma*Imm 0.205∗∗∗ 0.151∗∗∗

(0.039) (0.036)
Mother Degree 0.170∗∗∗ 0.194∗∗∗

(0.025) (0.023)
Mother Degree *Imm 0.003 -0.062

(0.062) (0.057)
Teacher Fem 1.207∗∗∗ 0.074∗∗

(0.073) (0.032)
Teacher Fem* Imm 0.015 -0.019

(0.056) (0.050)
Teacher Advanced STEM -0.958∗∗∗

(0.031)
Teacher Advanced STEM* Imm -0.012

(0.047)

INVALSI cubic Yes Yes
Obs. 21892 20609
R2 0.498 0.549

Notes: This table reports OLS estimates, where the dependent variable is grade given by teachers in math (column
1) and literature (column 2) in grade 8; the unit of observation is student i, in class c taught by teacher t in grade 8
of school s. We include a cohort dummy in all regressions and “INVALSI cubic” indicates the cubic polynomial of
INVALSI test score in grade 8 (of math in column 1 and Italian in column 2). Teacher controls are of math teachers in
column 1 and Italian teachers in column 2. Also the age and place of birth of teachers, interacted with “Immigrant” are
included. *, ** and *** indicate significance at the 10%, 5% and 1% percent level respectively.
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Table A.8: Bias in Grading of Teachers

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

Panel A: Dependent Variable Grades given by Math Teacher

Immigrants Natives

Std Race IAT Mat -0.062** -0.055* -0.060** 0.010 0.012 0.012
(0.029) (0.029) (0.029) (0.021) (0.021) (0.021)

Obs. 4524 4524 4524 17368 17368 17368
R2 0.356 0.379 0.381 0.437 0.466 0.467

Panel B: Dependent Variable Grades given by Literature Teacher

Immigrants Natives

Std Race IAT Lit -0.017 -0.016 -0.016 -0.033 -0.034 -0.040*
(0.027) (0.028) (0.027) (0.023) (0.022) (0.022)

Obs. 4162 4162 4162 16447 16447 16447
R2 0.346 0.377 0.382 0.452 0.484 0.487

School FE Yes Yes Yes Yes Yes Yes
INVALSI cubic Yes Yes Yes Yes Yes Yes
Student Controls No Yes Yes No Yes Yes
Teacher Controls No No Yes No No Yes

Notes: This table reports OLS estimates, where the dependent variable is grade given by teachers in math (Panel A)
and literature (Panel B) in grade 8; the unit of observation is student i, in class c taught by teacher t in grade 8 of school
s. We include a cohort dummy in all regressions and “INVALSI cubic” indicates the cubic polynomial of INVALSI test
score in grade 8. Student controls include gender, generation of immigration and education of the mother, interacted
also with the “immigrant” dummy. Teacher controls include gender, place of birth, advanced STEM degree (as physics,
math, engineering), age, interacted also with the “immigrant” dummy. *, ** and *** indicate significance at the 10%,
5% and 1% percent level respectively.
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B Online Appendix

B.1 Description of Implicit Association Test

We invite teachers to complete a seven-block IAT that was following the schematic overview pre-
sented in Table B.1.1. Half of the teachers, randomly selected at individual level, completed the
IAT, in the order as presented in Table B.1.1 (“order compatible” task first), while the other half
completed the IAT with the blocks in the following order: 1, 5, 6, 7, 2, 3, 4 (“order incompatible”
task first). An example of the screenshot of the latter task is presented in Figure B.1.1, while all the
words presented to teachers are shown in the box below (with the original in Italian in parenthesis).
On average, there is a small difference in the IAT score between individuals that perform the order
compatible and incompatible test. Hence, in all regression where there are no teacher fixed effects
we control for whether the first task was order compatible or not.

The blocks used to calculate the IAT score are blocks 3, 4, 6, and 7. The number of words that
need to be categorized in blocks 3 and 6 are 20, while in blocks 4 and 7 are 40, as in the standard
IAT with 7-blocks. The scoring procedure follows the guidelines of the improved scoring algorithm
defined by Greenwald et al. (2003).

Table B.1.1: Schematic overview of the Race Implicit Association

Blocks Left Categories Right Categories

1 Italian Immigrant

2 Good Bad

3 Italian Immigrant
Good Bad

4 Italian Immigrant
Good Bad

5 Bad Good

6 Italian Immigrant
Bad Good

7 Italian Immigrant
Bad Good
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Figure B.1.1: Example of the screenshot of the tablet in the “order incompatible” task

• IAT with male names of immigrants and natives

1. Immigrant (Immigrato): Youssef, Mohamed, Gheorghe, Alejandro, Li Yi, Pascual

2. Italian (Italiano): Marco, Simone, Daniele, Francesco, Lorenzo, Mattia

3. Good (Bravo): Prepared (Preparato), Intelligent (Intelligente), Capable (Capace), Stu-
dious (Studioso), Able (Abile), Precise (Attento), Willing (Volenteroso), Respectful
(Rispettoso)

4. Bad (Impreparato): Disrespectful (Irrispettoso), Slow (Tardo), Unable (Incapace),
Boisterous (Irrequieto), Lazy (Pigro), Distracted (Distratto), Demotivated (Demoti-

vato), Insufficient (Scarso)
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• IAT with female names of immigrants and natives

1. Immigrant (Immigrata): Fatima, Naila, Adina, Iryna, Jiaxin, Beatriz

2. Italian (Italiana): Valentina, Sara, Giorgia, Francesca, Elisa, Alice

3. Good (Brava): Prepared (Preparata), Intelligent (Intelligente), Capable (Capace), Stu-
dious (Studiosa), Able (Abile), Precise (Attenta), Willing (Volenterosa), Respectful
(Rispettosa)

4. Bad (Impreparata): Disrespectful (Irrispettosa), Slow (Tarda), Unable (Incapace),
Boisterous (Irrequieta), Lazy (Pigra), Distracted (Distratta), Demotivated (Demoti-

vata), Insufficient (Scarsa)

B.2 Teacher Questionnaire
1) Immigrant children, with the same grades of natives, are more likely to choose a vocational

track. According to your experience, how much do you think these factors affect the choice of

immigrants? Answers in a scale from 1 to 5.

1. Economic reasons

2. Bad behavioural at school

3. Insufficient abilities for more demanding schools

4. Knowledge of the language

5. No information about educational and occupational careers

6. Perception of prejudices in school or at work

2) Do you agree or disagree with the following statements? When jobs are scarce, employers

should give priority to Italian people over immigrants. Possible answers: Agree, Neither Agree nor

Disagree, Disagree, Don’t know
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B.3 Email with the feedback

The exact wording of the email with the feedback about own implicit bias is reported in this ap-
pendix translated in English and in the original language (Italian). Instead of the XXX, teachers
saw the precise score (for example, 0.25). We followed the standard categorization of IAT scores
(Greenwald et al., 2009): there are no automatic association if the score is between -0.15 and 0.15,
slight associations for values between |0.15| and |0.35|, moderate associations between |0.35| and
|0.60|, and strong associations for values of IAT score higher than |0.60|.
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Subject: Result of the Implicit Association Test – Research Project of Bocconi University

Dear teacher,

as per your request, we are writing you to let you know your result of the Implicit Association Test

that you completed during the questionnaire administered by Bocconi University and related to the

research titled “The role of teachers in high-school track choice”. You did this test using a tablet

in the school building where you work. The Implicit Association Test was administered to teachers

in middle school to measure and increase the awareness of potential unconscious preferences or

associations.

RACE IMPLICIT ASSOCIATION TEST: this test investigates the automatic associations between

immigrant and Italian names with positive associations (e.g., good) and negative associations (e.g.,

bad). You completed this test separately with male and female names.

You Race Implicit Association Test score using male names of natives and immigrants is XXX, which

suggest a (slight/moderate/strong) association between positive attributes and Italian/immigrant

names, and a association between negative attributes and immigrant/Italian names (or no auto-

matic associations between positive attributes and Italian or immigrant names.

You Race Implicit Association Test score using female names of natives and immigrants is

XXX, which suggest a (slight/moderate/strong) association between positive attributes and

Italian/immigrant names, and a association between negative attributes and immigrant/Italian

names (or no automatic associations between positive attributes and Italian or immigrant names.

We want to underline that this test reveals implicit attitudes and not behaviours. Our attitudes may

derive from the cultural and social context where we live, and it is not obvious that explicit and

implicit behaviours coincide. All of your responses will be held in confidence: only the researchers

involved in this study will have access to the information you provide. Your responses will not be

shared with other people. Data collected will be published in aggregate form and it will not be

possible to link them with the teacher or the school. We hope that you found this test useful. Thank

you for the time you dedicated to our research.

The Research Team
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Oggetto: Risultato del Test di Associazione Implicita – Progetto di ricerca Università Bocconi

Gentile professoressa/ Egregio professore,

come da lei richiesto, le scriviamo per inviarle il risultato del Test di Associazione Implicita

che ha completato durante il questionario proposto dall’Università Bocconi nell’ambito della

ricerca “Il ruolo degli insegnanti nell’orientamento alla scelta della scuola superiore”. Tale test

è stato da lei fatto su tablet presso la scuola dove insegna. Il Test di Associazione Implicita è

stato somministrato agli insegnanti della scuola secondaria di I grado per rilevare e aumentare la

consapevolezza di possibili preferenze o associazioni inconsce.

TEST SU IMMIGRATI-ASSOCIAZIONI POSITIVE: questo test mirava ad investigare le associ-

azioni automatiche di immigrati e italiani con associazioni positive (ad esempio, bravo) e associ-

azioni negative (ad esempio, impreparato). È stato somministrato questo test separatamente per

nomi maschili e femminili.

Il suo risultato del Test di Associazione Implicita utilizzando nomi maschili di italiani e immigrati

è XXX, che suggerisce un’associazione automatica (leggera/moderata/forte) tra attributi positivi e

italiani/immigrati e attributi negativi e immigrati/italiani (oppure nessuna associazione automatica

tra attributi positivi e italiani o immigrati).

Il suo risultato del Test di Associazione Implicita utilizzando nomi femminili di italiane e immigrate

è XXX, che suggerisce un’associazione automatica (leggera/moderata/forte) tra attributi positivi

e italiane/immigrate e attributi negativi e immigrate/italiane (oppure nessuna associazione

automatica tra attributi positivi e italiane o immigrate).

Occorre sottolineare che questi test rilevano attitudini implicite e non comportamenti. Le nostre

attitudini implicite derivano dal contesto culturale e sociale dove viviamo, e non è detto che

gli atteggiamenti espliciti ed impliciti coincidano. Le ricordiamo che le sue risposte saranno

mantenute confidenziali: solo i ricercatori coinvolti nel progetto avranno accesso all’informazione

che lei ha fornito. Le informazioni non saranno condivise con nessun altro. I dati raccolti saranno

pubblicati in forma aggregata e non sarà in alcun modo possibile risalire all’insegnante o alla

scuola. Speriamo abbia potuto trarre qualcosa di utile da questo test. La ringraziamo per il tempo

che ha dedicato alla nostra ricerca.

Il team di ricerca
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