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ABSTRACT

Background: To ensure harmonious intergroup relations, schools must foster the academic integration of immi-
grant students. School diversity climates play a central role in shaping immigrant students’ performance;
however, most studies rely on students’ perceptions of these climates. Because such perceptions are shaped by
subjective experiences, they limit our understanding of how institutions can nurture inclusion. Measuring school
diversity climates with an exogenous indicator, teachers’ immigration attitudes in a school, offers a rigorous test
of how those relate to students’ academic achievement.

Aim: This study investigates whether school diversity climates, measured through teachers’ immigration atti-
tudes, are associated with immigrant students’ academic performance.

Sample: We analyzed the 2018 PISA data from OECD countries that administered the teacher questionnaire. Our
analytical sample included 46,740 students from 1544 schools and 35,452 teachers across seven countries.
Methods: We estimated country fixed-effects regression models with standard errors clustered at the school level
to examine the interaction between students’ migration status and school-aggregated teachers’ explicit immi-
gration attitudes on students’ performance in science, mathematics, and reading.

Results: Across subjects, the achievement gap between native-born and first-generation immigrant students was
smaller in schools where teachers expressed more inclusionary immigration attitudes.

Conclusion: Inclusionary school diversity climates, reflected in teachers’ pro-immigration attitudes, appear to
promote the academic integration of first-generation immigrant students, helping to narrow achievement dis-
parities between immigrant and non-immigrant students. The difference in performance for first-generation
students between more exclusionary and inclusionary school diversity climates corresponds on average to one

year schooling.

Societies worldwide are becoming increasingly diverse in culture,
ethnicity, race, and religion with rising immigration. In 2020, over 280
million people lived outside their home country—nearly double the
figure 30 years earlier (McAuliffe & Oucho, 2024). By 2022, 15-35 % of
15-year-olds in Western Europe had an immigrant background, above
the OECD average of 13 % (OECD, 2023). As climate change, conflict,
globalization, and demographic decline likely amplify this trend,
effective integration is critical to economic sustainability and long-term
social welfare and cohesion. Schools play a pivotal role in this integra-
tion (De Paolo & Brunello, 2016). Despite rising immigration,
anti-immigration attitudes have not diminished and continue to fuel
divisive debates and unrest (Schmidt, 2021; Shehaj et al., 2021).
Consequently, immigrants and their descendants face exclusion, preju-
dice, discrimination, and systemic inequalities (Esses, 2021; European
Commission, 2019), which harm well-being, mental health, and aca-
demic achievement (Benner et al., 2018; Coll et al., 1996; Dimitrova

et al., 2016). How schools respond to diversity can strongly shape
intergroup relations, students’ success, and broader social and economic
outcomes (De Paolo & Brunello, 2016; Kende et al., 2022). This study
examines whether teachers’ immigration attitudes—aggregated at the
school level—are associated with immigrant students’ academic
performance.

1. Determinants of immigrant achievement gaps

Immigrant students remain at heightened risk of underperforming on
standardized tests relative to second-generation and non-immigrant
peers (Dimitrova et al., 2016; Duong et al., 2016). They earn lower
grades, are less likely to complete secondary school, and more often
pursue shorter, less demanding tracks (Heath & Brinbaum, 2014). These
gaps are commonly linked to differences in socioeconomic status,
parental income, cultural capital (e.g., books at home), and speaking a
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non-national language at home. Yet, even after accounting for these
factors, a smaller but persistent achievement gap remains (European
Commission, 2019; Porcu et al., 2023). This phenomenon has spurred
research on structural contributors, showing that gap magnitudes vary
markedly by context (Alieva et al., 2024; Sprong & Skopek, 2022). It
varies across and within countries by immigrant group, host context,
and subject (Dustmann et al., 2012). It is smaller in countries with
higher human development (e.g., life expectancy, schooling, income;
Arikan et al, 2020) and varies by discipline—typically
small-to-moderate in math and reading but larger in science (Andon
et al., 2014). Gaps are more pronounced where early tracking sorts
students into selective pathways (e.g., at age 10 in Austria/Germany vs.
16 in Scandinavia) and, more broadly, under any form of segregation by
neighborhood or academic ability (Entorf, 2015).

2. How school contributes to achievement gaps: school diversity
climates

The achievement gap is also shaped by institutional (e.g., policies)
and cultural (e.g., inclusivity norms) factors and their inter-
section—often termed the school cultural diversity climate. Cultural
diversity climates encompass the practices, policies, norms, and overall
atmosphere that structure interactions among students and between
students and staff (Bardach et al., 2024; Phalet & Baysu, 2020). In a
meta-analysis of 79 studies, Bardach et al. (2024) found that all climate
types were positively related to academic outcomes—except colorblind
climates, suggesting that when schools acknowledge cultural differ-
ences, immigrant students tend to perform better. Notably, most studies
(73 out of 79) assessed climate via students’ perceptions.

Studying students’ perceptions avoids potential social desirability in
school/teacher reports, but it has key limits. First, causal claims are hard
when all focal variables are endogenous and numerous unmeasured
traits (e.g., political orientation, rejection sensitivity, neuroticism,
conscientiousness) could shape both climate perceptions and achieve-
ment. Second, focusing solely on perceptions obscures institutional/
structural contributors: if the climate itself (not just perceptions) does
not impact students, the relevance of school-level policy recommenda-
tions becomes questionable. In the meta-analysis, the teacher (vs. stu-
dent) perspective was not a significant moderator of the effect of
multicultural diversity. However, the effect of teacher-reported diversity
climates—measured through self-reported multicultural efforts in
classrooms—on student performance was nonsignificant and indistin-
guishable from zero (Bardach et al., 2024). This result is not necessarily
surprising, given how difficult it is to demonstrate the direct detrimental
effects of teachers’ prejudice or stereotypes (Batruch et al., 2023).

3. Teachers’ biases and school diversity climates

Despite being viewed as egalitarian, teachers are not immune to bias.
Meta-analytic and large-scale studies indicate that teachers exhibit im-
plicit and explicit biases toward ethnic minority students at levels
comparable to, or only slightly lower than, those found in the general
population, which can influence their expectations and interactions with
students (Cate et al., 2019; Quinn, 2017; Starck et al., 2020; Turetsky
et al., 2021). Indirect evidence of stereotypes and prejudice are also
sometimes deduced from research on teachers’ discriminatory behavior.
Experimental studies indicate that minority students and socioeco-
nomically disadvantaged students are graded less favorably and are
more likely to be recommended for lower academic tracks (Batruch
et al., 2017; Doyle, Harris, & Easterbrook, 2024). Observational studies
also reveal disparities even after controlling for students’ behavior and
prior academic performance, often more pronounced by socioeconomic
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status than by ethnicity (Barg, 2013; Batruch et al., 2023; Timmermans
et al., 2018). Yet, few studies are sufficiently powered to establish that
teachers’ stereotypes directly cause discriminatory behavior or minority
underperformance.’

Focusing solely on individual teacher-student relationships is
perhaps insufficient to explain immigrant students’ underperformance,
as both actors are embedded in broader institutional contexts. In sec-
ondary school, students interact with multiple teachers whose beliefs
and practices are shaped by institutional norms and expectations. Sup-
porting this view, Autin and colleagues (2019) found that teachers’
discriminatory behavior emerged primarily when institutional struc-
tures encouraged differentiation (see also Batruch et al., 2017, 2019).
Building on this reasoning, aggregating teachers’ attitudes at the insti-
tutional level could be more informative than focusing on single
teacher-student relationships because it captures not only the preva-
lence of teachers’ biases within schools but also the broader institutional
norms that foster or legitimize them.

Aggregating explicit immigration attitudes or implicit bias measures
at the level of region or institution to capture context-dependent inclu-
sionary or exclusionary cultural environments is referred to, depending
on the field, as “systemic or structural bias” or as “normative climates”
(Charlesworth et al., 2023; Green & Staerklé, 2023; Payne et al., 2017).
In social psychology, explicit immigration attitudes are aggregated to
capture exclusionary versus inclusionary “normative climates” within
regions (Christ et al., 2014; Fasel et al., 2013; Van Assche et., 2017;
Visintin et al., 2020). They serve as social environmental cues of soci-
oecological inclusion (Greenaway & Turetsky, 2020). Exclusionary cli-
mates are associated with increased prejudice expression, over and
above individuals’ political orientations and socio-demographic char-
acteristics, suggesting that exclusionary climates translate into harsher
environments for minorities. Previous education research has captured
“systemic or structural bias” in schools by aggregating teachers’ implicit
bias, but findings are mixed and frequently underpowered (e.g., Chin
et al., 2020; Del Toro & Wang, 2023), and implicit measures face reli-
ability and interpretive challenges relative to explicit self-reports
(Corneille & Gawronski, 2024). These limitations highlight the need
for alternative indicators, such as teachers’ explicit immigration atti-
tudes, to capture exclusionary versus inclusionary “normative climates”
or “systemic bias” in schools more robustly.

There are several reasons to expect school-level teachers’ immigra-
tion attitudes to relate to first-generation students’ achievement. When
teachers collectively endorse inclusionary views, they signal a multi-
cultural school climate that values diversity and acceptance. Such cli-
mates could shape day-to-day teachers’ practice—equitable
expectations, culturally responsive instruction, respectful interactions,
thereby strengthening first-generation students’ belonging, motivation,
engagement, and performance (Celeste, Baysu, Phalet, Meeussen, &
Kende, 2019; Bardach et al., 2024). They can also shift peer norms to-
ward greater respect and inclusion. Conversely, exclusionary attitudes
may legitimize lower expectations and hierarchy-enhancing or
discriminatory practices (Batruch et al., 2019), fostering environments
where immigrant students are and/or feel devalued. Consistent with this
logic, perceived teacher discrimination or peer bullying predicts lower
achievement (Baysu et al., 2023; Civitillo et al., 2024; Martin et al.,
2024). These collective signals are likely especially consequential for
first-generation students, who face stronger linguistic and cultural bar-
riers (Karakus et al., 2023) and rely more on institutional cues to gauge
belonging within the school community.

4. Hypotheses

We address limitations in the school-climate literature by

1 A notable exception is the study by Carlana (2019), which found a direct
effect of teachers’ implicit bias on the gender achievement gap.



A. Batruch et al.

aggregating teachers’ explicit immigration attitudes at the school level
leveraging PISA’s large-scale, high-powered, multi-country dataset. This
approach enables us to effectively assess the relationship between sys-
temic explicit bias and immigrant students’ academic performance
across three distinct domains: science, mathematics, and reading. We
hypothesize that a more inclusionary school diversity climate will be
associated with higher performance from first-generation students (i.e.,
students born in another country) and a smaller performance gap be-
tween non-immigrant and first-generation immigrant students. Consis-
tent with prior work, we expect second-generation students (native-born
to immigrant parents) to perform closer to non-immigrants than to first-
generation peers at baseline (Karakus et al., 2023). Whether exclu-
sionary school climates affect them is unclear: effects are likely smaller
than for first-generation students and may be null given that their per-
formance is near that of non-immigrants. We also do not anticipate
domain differences in the climate effect: although baseline gaps are
slightly larger in science than in math or reading (Andon et al., 2014),
the three domains are strongly correlated (OECD, 2019) and there is no
evidence of domain-specific stereotypes toward immigrant students.

5. Method
5.1. Sample

Initial Sample. We merged data from students, teachers and schools
in PISA 2018, resulting in an initial sample of 158,658 students and
107,367 teachers from 5563 schools across 19 countries.

Inclusion Criteria. We restricted the final sample to OECD countries
(i.e., seven out of 19 countries) and public schools (3,964 schools of the
total 5,563). We chose these two exclusion criteria because the current
research focuses on identifying the school factors that contribute to the
integration of immigrant students in contexts where immigration pre-
sents a societal challenge.

Criteria #1. Focusing on OECD Countries. We restricted to OECD
countries because first-generation immigrant populations differ,
particularly in their level of education, between non-OECD and OECD
countries (d’Aiglepierre et al., 2020). To verify whether this was the case
in our sample, we tested the interaction between student immigrant
status (non-immigrant, first-generation, second-generation) and type of
country (OECD vs. non-OECD) on parental level of education (measured
using PISA’s reporting of highest level of education of either parent,
coded from O to 6). The interaction was significant, F(2, 149,591) =
1175.21, p < .001. In particular, parents of first-generation immigrant
students had a higher level of education (M = 5.16, SD = 1.36) than
parents of non-immigrant students (M = 4.26, SD = 1.66) in non-OECD
countries, whereas we find the opposite pattern in OECD countries (M =
4.32, SD = 1.85, for parents of first-generation immigrants; M = 4.84,
SD = 1.5 for parents of non-immigrants).

Criteria #2. Focusing on Public Schools. We restricted to public
schools because first-generation immigrant populations also differ,
particularly in parental level of education, between private and public
schools. To verify whether this was the case in our sample, we tested the
interaction effect between student immigrant status (non-immigrant,
first-generation, second-generation) and type of school (public vs. pri-
vate) on parental level of education. The interaction was significant, F(2,
139,990) = 69.91, p < .001. Parents of first-generation immigrant stu-
dents had a higher level of education (M = 5.18, SD = 1.35) than parents
of non-immigrant students (M = 5.02, SD = 1.33) in private schools. In
contrast, there was no difference in parental level of education between
these groups in public schools (M = 4.35, SD = 1.83, for parents of first-
generation immigrants; M = 4.31, SD = 1.69, for parents of non-
immigrants).

Final Sample. After applying our two exclusion criteria, the final
sample comprised 46,740 students (Mage = 15.81, SD = 0.29), including
23,088 girls (49.4 %) and 23,652 boys, and 35,452 teachers nested in
1544 schools from 7 countries (Chile, Germany, Spain, Great Britain,
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South Korea, Portugal, United States). Table 1 presents descriptive sta-
tistics of the sample.

5.2. Variables

Performance in Science, Mathematics, and Reading (Outcome).
We used PISA plausible values for science, mathematics, and reading. To
increase the accuracy of the measurement, PISA provides ten plausible
values for each of these domains, rather than one single value. These
plausible values serve as multiple imputations of students’ latent per-
formance in the PISA standardized science, mathematics and reading
tests, thereby representing a range of possible performance scores for
each student. Plausible values are scaled to M = 500, SD = 100. Ac-
cording to the PISA 2018 Technical Report (OECD, 2019, ch. 12), me-
dian reliability across countries exceeds 0.80 for all domains, indicating
high measurement precision.

Immigrant Status (Predictor). Students’ immigrant status was
coded: 1 = Non-immigrant student (87.43 %), 2 = Second-generation
student (6.42 %), and 3 = First-generation student (6.15 %).

School Diversity Climate (Predictor). Teachers were asked to
report their attitudes toward immigration. We created a school-level
score by averaging, within each school, teachers’ responses to four
items on a scale from 1 “Strongly disagree” to 4 “Strongly agree:
“Immigrant children should have the same opportunities for education
that other children in the country have”; “Immigrants who live in a
country for several years should have the opportunity to vote in elec-
tions”; “Immigrants should have the opportunity to continue their own
customs and lifestyle”; “Immigrants should have all the same rights that
everyone else in the country has” (o« = .84, M = 3.29, SD = 0.60). The
score theoretically ranges from 1, indicating a school where all teachers
have very negative immigration attitudes (exclusionary school diversity
climate), to 4, indicating a school where all teachers have very positive
immigration attitudes (inclusionary school diversity climate). To justify
aggregating teachers’ immigration attitudes to the school level, we
estimated ICC(1) and ICC(2) from teacher-level data using Bliese’s
(2000) formulas. Thirty percent of the variance in teachers’ attitudes
was between schools (ICC(1) = 0.30), and the reliability of school mean
scores was high (ICC(2) = 0.91), supporting aggregation to the school
level.

5.3. Analytical strategy

School-Cluster Robust Standard Errors and Country Fixed-
Effects Models. Our main model accounts for three challenges in the
data: (1) PISA performance measures are reported as plausible values,
(2) observations are not independent because students are nested within
schools, and (3) there are substantial differences between countries,
making within-country analyses essential. To address the first issue, we
estimated linear regression models in which plausible values for each
performance score were regressed on immigrant status, school diversity

Table 1
Description of the PISA 2018 sample and variables.
Variable M + SD or %
Mean age 15.81 + 0.29
Percent of schoolgirls 49.40 %
Percent of non-immigrant students 87.43 %
Percent of native speakers 87.33 %
Student—teacher ratio 11.91 +5.21
School % of non-native speakers (as estimated by school principals) ~ 17.05 +
24.34
School % of low-SES students (as estimated by school principals) 24.14 +
24.13
School truancy (as reported by school principals) 2.34 +0.79
Lack of respect for teachers (as reported by school principals) 2.23 +0.70
School drug problem (as reported by school principals) 1.85 £+ 0.70
Teachers’ education (PROAT5AB) 0.76 + 0.36
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climate, and their interaction. Regarding the second issue, the mean
intraclass correlation coefficients across plausible values were ICC =
0.19, 0.20, and 0.21 for science, mathematics, and reading performance,
respectively. This indicates that about 20 % of the variance in perfor-
mance is attributable to between-school differences within countries.
We used school-clustered robust standard errors to account for this
heterogeneity (McNeish et al., 2017). Regarding the third issue, we
included country fixed effects to control for all observed and unobserved
country-related differences (Allison, 2009), allowing us to estimate
pooled within-country effects of school diversity climate on
non-immigrant and immigrant students’ performance (Sommet & Lipps,
2025). This approach ensures that students are compared only within
the same country, eliminating time-constant cross-national con-
founders—a crucial step given the wide variation in national multicul-
tural policies and immigrant populations.

Plausible Values. We followed OECD (2009) and Jerrim,
Lopez-Agudo, et al. (2017)’s protocol to pool estimates across the ten
plausible values. For each outcome, we ran the model separately for
each plausible value and combined results with Rubin’s rules: (a)
average the 10 coefficients per predictor; (b) average the corresponding
squared standard errors to obtain the within-imputation variance; (c)
compute between-imputation variance and combine it with the
within-imputation variance to obtain the total variance, from which is
derived the pooled standard error. These pooled estimates were then
used to build confidence intervals and compute p-values for statistical
inferences. We implemented this procedure using the ‘PV’ Stata module
(Macdonald, 2023).

Control Variables. All analyses included the same sets of student-
level and school-level control variables. Most variables were selected
based on Ferri et al.’s (2023) analysis of the most important predictors of
national-immigrant achievement gaps. We included five student-level:
age, gender (1 = girls; 2 = boys), track level (1 = general; 2 = pre-vo-
cational; 3 = vocational; 4 = modular), home language (1 = native
language; 2 = other), and SES (PISA standardized index of economic,
social and cultural status); and eight potential school-level confounders:
school area (1 = village; 2 = small town; 3 = town; 4 = city; 5 = large
city), school admission policies based on performance (1 = never; 2 =
sometimes; 3 = always), student-teacher ratio, percentage of non-native
speakers (as estimated by school principals), percentage of low-SES
students (as estimated by school principals) and the proportion of
teachers with a Bachelor degree. We also included three additional
control variables: the extent to which students’ truancy, lack of respect
for teachers, and alcohol or drug use affect learning in the school (as
reported by school principals; 1 = Not at all to 4 = A lot), because these
indicators capture potential behavioral consequences or confounder of
low achievement. Controlling for them reduces the likelihood of a
reverse causal explanation: lower student achievement could lead to
more disruptive behavior, which may foster negative attitudes toward
immigrants among teachers. In the supplementary material, Table S1
reports the correlations among outcomes, predictors, and student-level
control variables, while Table S2 reports the correlations among out-
comes, predictors, and school-level control variables.

Regression Equation. Below is the cluster-robust fixed-effects
regression equation used in the main analysis:

Performance‘ij. =B; x Immigramfg1 + B, x Immigrantg-2 + B; x Climate;;
+B, x Immigrantg1 x Climate; + Bs x Immigrantg'.2 x Climate; + Bjj
x Controlj + o 4 €y,

(€8]

...wherei=1, 2, ..., Nstudents, j = 1, 2, ..., 7 countries,
. where Performanceg. represents the plausible value p for perfor-

mance in a given domain, Immigrantg" represents a dummy variable n
contrasting two of the three student immigrant status groups, Control;

represents a vector of control variables, «; represents the country fixed
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effect, and e,; represents the within-country residual. Residuals are
assumed to be normally distributed (ey; ~ .77(0, 02)), homoscedastic
(Var(ey; | Xy) = 02), and independent beyond school (as standard errors
are clustered at the school level) and country (as country fixed effects
are included).

Note (2): Following Giesselmann and Schmidt-Catran (2022), we
conducted Hausman tests to assess whether the interaction terms
required double-demeaning. None were significant (ps > 0.05), indi-
cating that the model was correctly specified.

6. Results
6.1. Main analyses

We hypothesized that an inclusionary school diversity climate would
be associated with smaller gaps in school performance between non-
immigrant and first-generation immigrant students. Table 2 presents
the estimate from the school-cluster robust standard errors and country
fixed-effects models testing the interaction effect between school di-
versity climate and students’ immigrant status for each of the three
dependent variables (i.e., plausible values of student performance in
science, mathematics, and reading). All continuous predictors were
standardized (at the individual or school-level, depending on the
variable).

As seen in Table 3 (line 1), the omnibus tests of the inclusionary
school diversity climate x immigration status were significant for all
dependent variables. As seen in Tables 2 and 4, upon decomposing the
interactions, we found a similar simple slope pattern across the depen-
dent variables: there is a significant gap between each of the groups (i.e.,
non-immigrant, second-generation and first-generation students). The
effect of school diversity climate on performance is not significant for
the non-immigrant students nor for second-generation students. How-
ever, as predicted, the effect of school diversity climate on performance
is positive and significant for first-generation students. Specifically, as
shown in Table 2, a one-standard-deviation increase in school-level
teachers’ immigration attitudes is associated with an average perfor-
mance increase of 6 points in mathematics, 10 in science and 12 in
reading. In sum, first-generation immigrant students have better science,
mathematics, and reading performances in schools where teachers have
more inclusionary immigration attitudes as compared to schools where
teachers have more exclusionary immigration attitudes.

As for the differences in performance gap between students as a
function of school diversity climate, Fig. 1 shows, as expected, that the
gap in science performance was smaller in schools where teachers’
immigration attitudes are more inclusionary (First-generation: M =
479.18; SE = 3.45; Second-generation: M = 481.52; SE = 4.09; Non-
immigrant: M = 496.20; SE = 1.72) than in schools where teachers’
immigration attitudes are more exclusionary (First-generation: M =
453.90; SE = 4.04; Second-generation: M = 479.74; SE = 3.83; Non-
immigrant: M = 492.01; SE = 1.71). We find the same pattern for
math performance whereby students’ performance gap was smaller in
schools where teachers’ immigration attitudes are more inclusionary
(First-generation: M = 468.33; SE = 3.07; Second-generation: M =
478.84; SE = 3.77; Non-immigrant: M = 495.01; SE = 1.63) than in
schools where teachers’ immigration attitudes are more exclusionary
(First-generation: M = 451.40; SE = 3.70; Second-generation: M =
479.89; SE = 3.63; Non-immigrant: M = 491.75; SE = 1.63). The pattern
is again replicated for the reading performance whereby students’ per-
formance gap was smaller in schools where teachers’ immigration

2 Because marginal means and graphs cannot be recovered with Stata PV
module (i.e., imputing the outcome) for science, mathematics and reading
performance, we conducted the same analyses replacing the imputed plausible
values of performance with the mean performance values (Table 3, line 6; see
Baysu et al., 2023).
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Table 2

Estimates from the Fixed-Effects Model Testing the Interaction Between School
Diversity Climate and Students’ Immigrant Status (non-immigrant, Second
generation, First generation).

Science B (SE) Math B (SE) Reading B (SE)
School diversity climate 2.07 (1.41) 1.51 (1.41) 2.35 (1.46)
(SDC)
Non-immigrant vs. 2G —13.17%%* —13.99%** —7.21% (3.17)
student (3.53) (3.78)
Non-immigrant vs. 1G —27.42%%* —33.36%** —28.27%**
student (3.95) (3.38) (2.96)
SDC x 2G student (ref: non- —0.98 (3.07) —2.20 (2.91) —3.13 (2.82)
immigrant)
SDC x 1G student (ref: non- 10.08** (3.07)  6.29* (2.85) 11.74%%*
immigrant) (3.13)
Other language (ref: native —12.87%** —8.50%* —15.21%**
language) (2.98) (2.94) (3.00)
Male (ref: female) 7.62%%* (1.65)  12.45*** —19.62%%**
(1.45) (1.37)
Socioeconomic status (ESCS) 21.82%** 23.37%** 21.52%**
(0.96) (0.84) (0.76)
Pre-vocational (ref: general —79.59%** —81.94%** —81.92%**
track) (7.46) (8.82) (7.22)
Vocational (ref: general —49.18%** —42.76%%* —45.63%**
track) (6.81) (6.58) (7.11)
Partly based on performance 0.90 (3.28) 0.12 (3.24) —2.95 (3.74)
(ref: open)
Based on performance (ref: 1.87 (5.19) 2.63 (5.10) —0.16 (5.40)
open)
Small town (ref: village) 4.26 (5.16) 6.22 (5.36) 8.43 (5.92)
Town (ref: village) 8.64 (5.33) 10.16 (5.46) 17.02%* (5.99)
City (ref: village) 13.81% (5.64) 15.62%* (5.76)  24.41%**
(6.14)
Large city (ref: village) 20.09%*(7.39)  24.59** (7.52)  32.49%**
(8.00)
Student-teacher ratio 1.56 (1.35) 0.90 (1.51) 2.23 (1.43)
School % of low-SES —13.12%** —12.20%** —13.42%**
students (1.67) (1.60) (1.69)
School % of non-native —0.28 (1.34) —0.10 (1.36) —0.31 (1.42)
speakers
School truancy —3.49* (1.41) —4.27%* —3.07* (1.43)
(1.40)
School drug problems —6.95%%* —6.55%** —7.46%**
(1.48) (1.43) (1.48)
Lack of respect for teachers 2.89* (1.24) 2.52% (1.18) 2.68* (1.30)
Teachers’ education —0.57 (1.44) —0.31 (1.40) —0.57 (1.53)
(PROATS5AB)
Country fixed effects Yes Yes Yes
N schools 846 846 846
N teachers 19,786 19,786 19,786
N students 24,178 24,178 24,178
R? 0.15 0.17 0.16

Note: The model controls for student’s age, gender, track level, home language,
SES, school area, school admission policies, student-teacher ratio, percentage of
non-native speakers, percentage of low-SES students, student truancy, lack of
respect for teachers, students’ alcohol and drug use, and the proportion of
teachers with a bachelor’s degree.
***p < .001, **p < .01, *p < .05.

attitudes are more inclusionary (First-generation: M = 476.23; SE =
3.73; Second-generation: M = 481.36; SE = 4.25; Non-immigrant: M =
492.09; SD = 1.81) than in schools where teachers’ immigration atti-
tudes are more exclusionary (First-generation: M = 447.05; SE = 4.46;
Second-generation: M = 483.02; SD = 3.81; Non-immigrant: M =
487.21; SE = 1.88). The difference in performance for first-generation
immigrant students (when comparing school diversity climates at +
1SD) is 25.27 points in science, 16.93 points in mathematics and 29.18
points in reading. Given that the standard deviation for performance is
100 in PISA, the difference (inclusionary vs. exclusionary climates) is
between 1/6 to 1/3 standard deviation.

6.2. Robustness analysis: alternative specification

In a second step, we conducted similar analyses with alternative
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Table 3
Omnibus Tests for Interaction Between School Diversity Climate and Students’
Immigrant Status on performance in Main and Alternative Models.

Science Math Reading
Main Model
Fixed-effects model with F(2, 845) = F(2, 845) = F(2, 845) =
controls (plausible values) 11.83** 6.55* 18.37%**
Fixed-effects model without F(2,1543) = F(2,1543) = F(2,1543) =
controls (plausible values) 24.37%%* 17.96%** 26.38%**
Sampling Weights
Fixed-effects model with F(2, 845) = F(2, 845) = F(2, 845) =
weights with controls 8.79* 4617 13.45%*
(plausible values)
Fixed-effects model with F(2,1543) = F(2,1543) = F(2,1543) =
weights without controls 17.27%%* 8.25* 21.89%**
(plausible values)
Alternative Models
Multilevel model with F(2, 845) = F(2, 845) = F(2, 845) =
controls (mean values) 11.35%* 7.76% 13.03**
Double-demeaned fixed- F(2, 845) = F(2, 845) = F(2, 845) =
effects model with controls 5.84** 4.07* 6.01*
(mean values)
Stratified analyses with F(2, 845) = F(2, 845) = F(2, 845) =
controls (mean values) 8.82* 8.92* 11.94%*
Fixed-effects model with F(2, 845) = F(2, 845) = F(2, 845) =
controls (mean values) 8.01%** 4.69%* o

* p < .10, *p < .05, **p < .01, ***p < .001.

Table 4

Estimates from the interaction between school diversity climate and students’
immigrant status in the fixed-effects model with imputed data for control
variables.

Science B Math B Reading B
(SE) (SE) (SE)

School diversity climate x Immigration status (Reference category: Non-immigrant)
School diversity climate x First- 56.45" 41.17° 62.14"
generation immigrant students (13.47) (12.37) (13.84)
School diversity climate x Second- 18.44 7.94 8.13
generation immigrant students (15.33) (13.91) (15.03)

Note: The model controls for students’ age, gender, track level, home language,
SES, school area, school admission policies, student-teacher ratio, percentage of
non-native speakers, percentage of low-SES, students’ truancy, lack of respect
for teachers and alcohol and drug use and the proportion of teachers with a
bachelor’s degree. Variables were not standardized for this analysis.

# p <.001.

specifications to ensure that the results were robust (see omnibus
interaction effects in Table 3).

Control Variables. We re-estimated the main fixed-effects analysis
while excluding control variables. We replicated the hypothesized
interaction between student immigrant status and school diversity
climate on performance in 3 of 3 models.

Sampling Weights. We re-estimated the main fixed-effects analysis,
with and without controls, using sampling weights to adjust for PISA’s
clustered design, oversampling in some countries, and school nonre-
sponse. Following Jerrim, Lopez-Agudo, et al. (2017), we combined
respondent sampling weights with balanced-repeated-replication
weights. Because our estimand is the pooled within-country effect, we
used senate weights so that each country contributes equally. As in PISA
(2009), we used Fay’s method with a factor of 0.5. As the
replicate-weight procedure cannot be combined with school-clustered
standard errors, we removed clustering. We replicated the hypothe-
sized interactions in 5 of 6 models (the p-value for mathematics in the
model with controls was p < .10).

Alternative Models. We re-tested the interaction effects between
student immigrant status and school diversity climate, in (1) multilevel
models with control variables and the median performance, in (2)
school-clustered robust standard errors and double-demeaned models
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Fig. 1. Graphical Representation of the Effect of School Diversity Climate as a Function of Students’ Immigrant Status.

Note: The regression lines were obtained from fixed-effect models with the mean performance values (see Table 3, line 6) and the following control variables:
students’ age, gender, track level, home language, SES, school area, school admission policies, student-teacher ratio, percentage of non-native speakers, percentage of
low-SES, students’ truancy, lack of respect for teachers and alcohol and drug use and the proportion of teachers with a bachelor’s degree. Shaded areas represent 95

% confidence intervals.

with country-fixed effects and controls variables and median perfor-
mance values and in (3) stratified analyses with control variables and
median performance values. We replicated the hypothesized effect in 12
of 12 models.

6.3. Robustness analysis: multiple imputations

In a third step, we imputed all control variables to maximize sample
size and test robustness. We used multiple imputation by chained
equations (MICE), creating 20 level-1 datasets for student-level controls
and 20 level-2 datasets for school-level controls. We then re-ran the
same models (school-clustered standard errors with country fixed ef-
fects) to test the interaction between school diversity climate and
immigrant status on science, mathematics, and reading. Because plau-
sible values are themselves imputations, MICE could not be combined
with the Stata PV module for the outcomes. We therefore manually
derived, combined, and adjusted coefficients and standard errors for the
three focal interactions across the 10 x 3 plausible values (90 estimates).
Given the computational burden, we report only these focal estimates,
without control-variable outputs or marginal-effects figures. Results
were substantively unchanged (see Table 4): the school climate effect
differed significantly for first-generation versus non-immigrant students
in all three domains and remained non-significant for second-generation
versus non-immigrant students.

7. Discussion

The study tested whether schools’ diversity climates, measured with
teachers’ explicit immigration attitudes, are linked to first-generation
immigrants’ achievement. We predicted that more inclusionary cli-
mates would boost first-generation students’ performance, narrowing
gaps with non-immigrant and second-generation peers. The data support
this: In schools where teachers collectively endorsed inclusionary
immigration attitudes, first-generation students achieved significantly
higher scores across all domains; by contrast, in more exclusionary
school climates, gaps between first-generation and non-immigrant stu-
dents were evident. The climate-related gain effectively reduced—and
in science and reading, even closed—the achievement gaps. The

improvement corresponds to over one year of schooling (Avvisati &
Givord, 2023).

Another notable finding is the differential impact of school climate
on first-versus second-generation immigrant students. Although first-
generation students benefited from inclusionary climates, no compara-
ble effect appeared for second-generation peers. Likely reasons include
(1) second-generation students’ greater language proficiency and sys-
tem familiarity (Dimitrova et al., 2016), making them less sensitive to
teachers’ attitudes; (2) teachers’ self-reported attitudes reflecting be-
haviors directed primarily toward first-generation students or (3)
second-generation students not self-identifying as immigrants and thus
feeling less affected by exclusionary climates.

To our knowledge, this is the first evidence that (1) teachers’ explicit
immigration attitudes constitute a key facet of school inclusionary
climate and (2) such climates relate to immigrant students’ performance
in science, mathematics, and reading. This finding is especially impor-
tant given the lack of sufficiently powered evidence directly linking
teachers’ explicit prejudice to achievement gaps. Using PISA’s large-
scale, multi-country dataset enabled robust analyses across diverse
educational contexts which enhances the generalizability of its findings.
The dataset included many schools (N = 1,544), providing substantial
statistical power to detect meaningful institutional-level effects. We
adjusted for numerous student- and school-level covariates and the re-
sults proved robust across various model specifications and multiple
imputation procedures. This rigor reduces confounding concerns and
strengthens the inference that teachers’ explicit immigration attitudes
help shape immigrant students’ academic outcomes.

This study also advances our understanding of cultural diversity
climates by showing that aggregated teacher attitudes have measurable
implications for student outcomes. While past studies often relied on
students’ perceptions, which limit causal interpretations due to endo-
geneity concerns (Bardach et al., 2024), our use of teachers’ explicit
attitudes helps mitigate these issues: aggregating explicit views likely
reduces social-desirability error, and prejudice may exert stronger ef-
fects at the institutional level by capturing the broader school environ-
ment. In sum, by proposing a new measure of school climates, we
identified an important structural contributor to academic disparities.
These findings also contribute to theories on how normative climates
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shape institutional dynamics (Kende et al., 2024; Phalet & Baysu, 2020).
Prior work shows that regional anti-immigration norms foster exclu-
sionary attitudes (Christ et al., 2014; Visintin et al., 2020). Our results
suggest the same dynamics operate within schools, aligning with ac-
counts of structural bias (Charlesworth & Banaji, 2021; Payne et al.,
2017). In short, biases are not only individual; they are embedded in
institutional climates that shape outcomes for marginalized students
(Batruch et al., 2019; Green & Staerklé, 2023).

7.1. Limitations

As with any study, several limitations apply. First, although aggre-
gating teacher attitudes offers a more exogenous climate indicator than
student perceptions, self-reports may still reflect social desirability.
Second, the cross-sectional design limits causal inference; longitudinal
or quasi-experimental work is needed. Third, the mechanisms remain
untested: inclusionary schools may prompt more responsive pedagogy
that boosts engagement and belonging (Celeste et al., 2019) and/or
foster peer norms that reduce discrimination (Baysu et al., 2023). Future
research could trace these pathways directly. Finally, our focus on public
schools in OECD countries constrains generalizability to other educa-
tional contexts.

7.2. Policy and practical implications

These findings carry clear implications for education policy and
practice. As migration rises, institutions need strategies to support
diverse student populations (European Commission, 2019). Given the
observed effect sizes, fostering inclusionary school climates may
meaningfully improve first-generation students’ achievement. In-
terventions can target students (individual solution), teachers (in-
dividuals or structural solution), or structural features like leadership
and policy. Our results point especially to teacher-focused efforts—e.g.,
professional development that reduces prejudice and builds multicul-
tural competencies (Starck et al., 2020). However, interventions that
target only individual bias awareness rarely yield lasting change
(Forscher et al., 2019; Paluck et al., 2021). Our results point to struc-
tural, school-level approaches: address teachers’ explicit attitudes to-
ward immigrant rights and opportunities (Charlesworth & Banaji, 2021)
by providing structured opportunities to collectively reflect on their
beliefs, learn about cultural differences, and adopt inclusive strategies.
Other approaches may be identifying influential actors within the school
(e.g., influential teachers) to lead school climate discussions (Paluck
et al., 2016) or implementing structural policies that limit opportunities
for bias—such as anonymized testing or cross-grading of exams (Autin
et al., 2019; Batruch et al., 2023).

8. Conclusion

To our knowledge, this is the first large-scale, multi-country study
showing that aggregated teacher explicit attitudes—rather than student
perceptions—capture a meaningful facet of school diversity climate with
measurable impact to achievement. By using a rigorous design and a
well-powered international dataset, we answer calls to examine insti-
tutional drivers of educational inequality and provide theoretically and
practically relevant evidence of structural contributors to immigrant
students’ outcomes. As immigration rises globally, shaping institutional
climates will be essential for educational equity, social cohesion, and
societal well-being.
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