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Abstract

This paper provides new evidence on how the presehmmmigrant

peers in the classroom affects native student aehient. The
analysis is based on longitudinal administrativeadan two cohorts
of vocational training students in ltaly’s largesgion. Vocational
training institutions provide the ideal setting fetudying these
effects because they attract not only dispropoatiely high shares
of immigrants but also the lowest ability natived#nts. We adopt a
value added model, and exploit within-school vasiatboth within

and across cohorts for identification. Our ressittsw small negative
average effects on maths test scores that arer lasgéow ability

native students, strongly non-linear and only obeae in classes
with a high (top 20%) immigrant concentration. Th@sitcomes are
driven by classes with a high average linguististatice between

immigrants and natives, with no apparent role playy ethnic
diversity.
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1. Introduction

In recent years, most OECD countries, even thoske storically low immigration, have
witnessed a substantial increase in migrant inflom2015, for instance, 11.1% (43.9 million)
of EU-15 country residents were foreign born, adowy to the EU Labour Force Survey, up
from 6.3% in 1990 and 8.2% in 2000 (UN Populatioiviflon). The surge has been
especially high in Southern European countries 8kain and Italy, where immigrant shares
of the population have increased by 7 and 5.5 péaige points, respectively, to 12% and 9%.
Yet although research on the labour market (e.gjaBp 2003; Card, 2001 and 2005;
Dustmann, et al., 2013; Ottaviano and Peri, 2012) &scal effects (Auerbach and
Oreopoulos, 1999; Storesletten, 2003; Dustmann fradtini, 2014; Preston, 2014) of
immigration in receiving countries is extensivesdes known about the impact of such
inflows on the education system. This latter asperhportant because of the rising shares of
immigrant students in most advanced countries, wtang for 12% of 15-year-old students
across OECD countries in 2012 and increasing betwesnd 6 percentage points in Ireland,
Italy and Spain from 2003 to 2012 (OECD, 2015).tA¢ same time, in many countries,
especially in Europe, the children of immigrantshiek significant gaps in school
performance relative to native children (Schnepf)Z, Dustmann et al. 2012), an educational
disadvantage that has sparked fears that theser’dattarning achievements may be
threatened by the presence of immigrant studentihianclassroom. These concerns often
motivate native students to move out of school& wihigh immigrant concentrations (the so-
called ‘native flight’), leading to the immigrantisool segregation documented in both U.S.
and European contexts (e.g. Betts and Fairlie, 20@3cio and Lewis, 2012; Faret al,
2015). The concern that such large concentraticag lmarm native educational attainment is
theoretically rationalisable within Lazear's (2004gucation production function model, in
which classroom teaching is a public good for whicimgestion effects matter. Immigrant
students may be more likely to require specialnéitie and potentially create negative
externalities for two main reasons. First, theyenftome from families with a poor socio-
economic background and they thus tend to haverlpeormance compared to natives. As
a result, they are more likely to be concentratedha bottom of the academic ability
distribution — where peer effects are strongesvyl &ilva, and Weinhardt, 2012). Moreover,
immigrants tend to have lower command of the hosintry’s language and may require a
disproportionate amount of teacher attention, thedverting teaching resources away from



other students. The literacy deficiency may alsomgpt teachers to slow the pace of
instruction to accommodate migrant student comprgiba (Hunt, 2016).

Whether these concerns are justified, howevemigigcally less clear, and the issue remains
a thorny one for a recent immigration country likaly. In this paper, therefore, we throw
more light on whether and how a concentration ahigrants in the classroom affects native
student outcomes by taking advantage of a uniqu@nastrative dataset on the universe of
students in vocational training institutions in Iyta largest region, Lombardy. These
vocational schools are an ideal setting for stuglynmigrant peer effects because they attract
not only high shares of immigrants but also thedstachieving natives, who are typically
most affected by peer effects (Angrist and Lan@200ur results show that the presence of
immigrant students in the classroom has no effachative students’ literacy achievements
but does slightly hold back their maths scores s€haffects, although quantitatively small on
average, are larger for low ability native studeriteey are also strongly non-linear and
observable only in classes with a high (top 20%jmigrant concentration. We further
investigate the mechanisms through which thesetsfieould operate, and demonstrate that
ethnic diversity plays no role whereas the resals driven by classrooms with a high

average linguistic distance between immigrantsrati/es.

Our paper is related to the large body of literatoin peer effects in education (see Sacerdote,
2011 for a review) and particularly to the moreergcwork on immigrant peer effects. This
literature, however, is not only rather sparsedftdrs mixed results, with studies differing in
identification strategy adopted, type of data usem, groups considered and geographic focus
(Jensen, 2015, and Brunello and De Paola, 201¥jderaiseful reviews). For example, two
early studies by Brunello and Rocco (2011) andeeasd Rasmussen (2011), who use PISA
data to exploit cross-country and cross-regionabggphic variation, respectively, find small
but significant negative effects of immigrants ative performance in secondary school, an
effect that is limited to maths in Jensen and Rasen (2011). Others who adopt a tighter
identification strategy reliant on within-school riaion in the immigrant student share,
however, tend to find zero or weakly negative peféects. For instance, Ohinata and van
Ours (2013), using PIRLS and TIMMS data for the héefands, and Geay, McNally and
Telhaj (2013), using administrative data from thetigh National Pupil Database, find no
evidence of any spill-over effects from the presewé immigrant children (non-English
speakers in Geagt al) on the test scores of native students in prinsahools. Gould, Lavy
and Paserman (2009), in contrast, focusing onr ahieomes and exploiting the 1990 mass
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migration of Russian immigrants to Israel, find tthlmigrant concentration in primary
school does adversely affect the dropout rate tiedsraelis, as well as their chances of

passing the high school exam necessary to attdtedjed

Three more recent papers focus specifically on Hadian experience by analysing
administrative data on the standardized INVALSIt tes primary and lower secondary
schools. Two of these, relying on within-schooliggon in immigrant concentration, find
that the proportion of immigrant students has akweagative effect on child learning
outcomes that is either slightly larger for childréom low socio-economic background
(Contini, 2013) or highly non-linear (Tonello, 2Q16n contrast, Ballatore, Fort and Ichino
(2015), by exploiting class formation rules to itignthe causal impact on native test scores
of increasing the number of immigrants in a classravhile keeping class size and student
quality constant, find sizable negative effects rative performance in both literacy and
maths at ages 7 and 10. To explain the magnitud¢hef findings, they argue that
conventional estimates of immigrant peer effects asually smaller because they are
confounded by endogenous class size adjustmentermepted by principals confronted with

immigrant and native inflows.

Our paper contributes to this literature along salveimensions. First, we focus on the
vocational schools that previous studies overlosnehough these institutions attract both a
disproportionate share of immigrant students ared rtfost disadvantaged segment of the
native student population. Second, by employingrgd administrative dataset encompassing
the entire population of vocational track studemis,reduce the peer variable measurement
error inherent in surveys that do not sample alllants in a class or school (Micklewright et
al., 2013) while also overcoming the under-repreg@n of immigrant share typical in
survey data (Aydemir and Borjas, 2011). Third, flet that our dataset includes the scores
for students tested at the beginning of the fiesryallows us to perform several balancing
tests to validate our identification strategy andrhplement value added models that help
reduce the omitted variable bias in the modellihthe education production function (Todd
and Wolpin, 2003). Lastly, we allow for non-lindsgtrin the estimation of peer effects and we
investigate the underlying channels through whibk effect may be operating, testing

particularly for the involvement of ethnic divessir linguistic distance. In fact, to the best of

! Anelli et al. (2017) is the only paper that has analysed immigpeer effects among university students,
showing that the presence of foreign peers regitleelikelihood that U.S.-born students gradudth §TEM
majors.



our knowledge, ours is the first study to examihe tole of diversity in immigrant peer
groups while also studying compositional effects.

The rest of the paper is structured as followstiee@ describes the data and reports relevant
descriptive statistics. Section 3 explains our eiogli approach and identification strategy,
after which section 4 outlines several possibledts to identification and the various tests
used to validate our identifying assumptions. ®&ch presents the results, and section 6
concludes the paper with a discussion of possitlieypimplications.

2. Data and descriptive statistics

Our analysis is based on administrative data fiostabents earning a three-year vocational
qualification certificate in 2012 or 2013 in any &bmbardy’s vocational secondary
institutions, which all fall under the governandetlze regional authority. Being the largest
Italian region, Lombardy, whose inhabitants tothl®8 million in 2013, accounts for 16%
and 15% of the Italian and total school student upettons, respectively, but for a
disproportionate 24% of the immigrant school popata It also has the highest immigrant

share of school population in the nation (14% camgavith a national average of 8%).

In Italy, although education is compulsory from &§¢o age 16, after completing lower
secondary school at age 14, students can choosedretthree different tracks: academic,
technical and vocationalThe vocational track involves two types of indtitns: vocational
schools istituti professionali, whose five-year programs give direct accestoeusity; and
vocational training institutiond@rmazione professionale regiongl®rganized at a regional
level, whose programs last three or four yeard) @wipossible fifth year for students seeking
access to higher education. These vocational trgischools, although overseen by regional
authorities, are part of the national educationtesysand organized along two basic pathways:
three-year courses, leading to the award of a @@t qualification certificateattestato di

qualifica di operatore professiongfe and four-year courses, leading to a professional

2 Source: ISTAT Geodemoyww.demo.istat.itand 1.Stat based on “Rilevazione sulle scuole mgage di
secondo grado” run by MIUR (year 2012)
(http://dati.istat.it/Index.aspx?DataSetCode=DCISUSCESECOND2#).

% See Braga, Checchi and Meschi (2013) for moreildata the institutional features of school systdrosn an
international perspective.

“This certificate corresponds to Level 3 in the Be@an Qualifications Framework (EQF) (see
http://ec.europa.eu/ploteus/search/site?f[0]=inmd fientity type%3A97}#
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technician diploma diploma professionale di tecnigd These schools, although aimed
primarily at the acquisition of basic, transversad technical-occupational skills, must
balance general and vocational subjects at abdut &ich of total school time (about 1,000
hours a year, as in all upper secondary institstimm any track, see Cedefop 2014). Schools
on the vocational track are characterized by ardEptionate share of immigrant students,
both in Italy as a whole and in Lombardy, where adtn20% of vocational students are
foreign born, compared with 10% on the technicatkrand less than 5% on the academic
track (Figure 2.1).

[Figure 2.1]

As illustrated by the breakdown in Figure 2.2 afidgnt shares attaining different PISA
achievement levels, the performance of studenth@mwocational track is significantly lower
than that of students on the academic or technicalks. Despite the average good
performance of students across the region (14%aridwest class, versus 25% in ltaly and
26% across OECD countries), a remarkable 50% ddesiis in Lombardy’s vocational

training institutions are among the lowest educati@chievers.
[Figure 2.2]

In particular, our dataset contains informationtwo student cohorts that entered the regional
vocational training system in Lombardy in 2009 &@l0, respectively, and earned their
vocational qualification certificates in 2012 an@dll3 after a three-year course. All students
take standardized, externally marked (graded) test#alian literacy and maths at the

beginning of the first year and again at the enthefthird year as part of the final exam. In
addition to test scores, our dataset also recduaest gender, age and country of birth. We
use this latter to define immigrant status, dediggaall foreign-born students as immigrants.
This ability to identify birth country (albeit natecond-generation immigrants) is a key
advantage of our data in that it allows us to stedgh class’s immigrant group composition
to assess whether diversity plays a role. Anothmgrortant advantage is our coverage of the
universeof students attending vocational courses in Lomapawhich enables us to match

students with their classmates and thereby redoeerteasurement error in peer variable

® The qualifications awarded under the regional esysare recognized at both the national level arttiinvi
Europe, with a national register of qualificatiawsarded in the VET system created in 2011. Studesiting a
professional technician diploma can continue ihi@ Higher Technical Education and Training Systéi $-
ITS) or higher education on completion of an additil year and after passing a state exam (see |SEQIS,
for more details on vocational education in Italy).



construction that often characterizes survey-batedies (see Ammermueller and Pischke,
2009; Micklewrightet al, 2013). In addition, although the dataset prowilitle information

on individual characteristics and family backgroyred se we are able to use beginning of
the first year test scores to capture all the ueotesl individual, school and family

characteristics that affected school performandereethe student’s entry into vocational

training.

Our sample comprises all 14,700 students (6,32Berfirst and 8,365 in the second cohort)
who completed the vocational training course andexha qualification at the end of the third
year. As Table 2.1 shows, consistent with the Miagfgregate data in Figure 2.1, about 18%
of students are foreign bofnwhich confirms the high share of immigrants in atienal
institutions. As expected, most students are betwiee and 18 years old, with deviations
from this age group probably the result of gradeetéion. The students overall, 44% of
whom are female, are allocated between 1,308 dassth an average 3.5 classes per school,

a mean class size of 17.3, and a mean immigrang glea class of 19%.
[Table 2.1]

Table 2.1 (bottom rows) also reports the summaaiissics for the initial maths and literacy
test scores, broken out separately for immigrantsraatives and standardized to have a mean
of zero and a standard deviation of one in eachew@lear differences emerge not only for
the means but also for the native and immigrantesdastributions, especially for literacy;
just as the -0.41 value for the™percentile of the native literacy distributionhigher than

the -0.56 mean value for immigrants, so the 0.18evéor the 75 percentile of the immigrant
score distribution is lower than the 0.16 meanrfatives. Hence, natives have higher test

scores than immigrants in both subjects, but tigekt difference is for literacy.

3. Identification of Peer Effects and Empirical Strategy

The main challenge in estimating peer effects & thther than being assigned to schools
randomly, students with similar backgrounds tend¢hoose similar schools. For example,
advantaged students with higher ability levels #&mdter access to information typically

choose better schools. The peer group is thusylikebe self-selected, especially in the case

® Albania, Morocco, Romania, India, Ecuador, Pakisenegal, Peru, Moldova and Ukraine are the headi
origin countries, accounting for almost 70% of itmenigrants in our sample.
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of immigrants, who, given more limited informatiaccess and residential segregation, tend
to sort into disadvantaged schools that typicalgo éhave a concentration of low-ability

natives. Yet if immigrants are not randomly all@shto schools, then the impact of class
composition could easily be confounded with schepmeific unobservable effects, leading to

biased estimates of the peer effects.

To deal with this endogenous student sorting acsob®ols and to identify causal effects,
previous studies adopt various empirical strategi#®e method is to rely on some form of
exogenous variatiom student assignment to schools or classroom#io@t al, (2011), for
example, exploit the variation in peer compositgamerated by actual randomization, while
Angrist and Lang (2004) leverage the substantiateiase in the number of disadvantaged
black or other minority students in the school8oston’s affluent suburbs as a result of the
Metropolitan Council for Educational Opportunitykletco) desegregation program. Gould
et al. (2009) similarly relies on the variationnamber of immigrant students induced by the
exogenous immigration waves to Israel in the edl90s, while Ballatoret al. (2015) use
the exogenous variation in the number of natives ammigrants generated by the
compulsory cap of 25 students per class in Itajgmary schools. Still other papers
overcome the issue of endogenous sorting of stadaestiveen schools by aggregating the
data at city, state or country level (see e.g. Gard Rothstein, 2007; Brunello and Rocco,
2011; Jensen and Rasmussen, 2011; Hunt, 2016)hé&mobmmon method is to use school
fixed effects models to control for the unavoidatdéf-selection into schools. Research using
this latter approach identifies peer effects by lexpg the idiosyncratic within-school
variation in peer characteristics across adjacehbits (Hoxby, 2000; Lavy and Schlosser,
2011; Lavy, Paserman and Schlosser, 2011; Burke Sas$, 2013; Geay, McNally and
Telhaj, 2013) or across classes in the same cdqAaonmermueller and Pischke, 2009;
Ohinata and van Ours, 2013).

Our identification strategy relies on the randomiateéon of students across both classes and
adjacent cohorts within schools. In particular, @gtimate the following model, derived from

a reduced form of an education production function:

Yiest = pyigst + Xi’csta + C'cstf + YIMMSHARE o + 85 + O + €ict (1)

where Yict IS the outcome (standardized test scores in eitheths or literacy) of native

studenti in classroont, schools in cohortt; Y? is the student’s outcome at the beginning of

8



the first school yearX;.,; andC.;; are student and class characteristics (class stizee of
females), respectively; IMMSHARE is the immigrahiase in each class; are school fixed
effects;d; are cohort dummies argl.,; is the error term. Because immigrant share doés no

vary at the individual level, we adjust the stamldarrors for clustering at the class level.

If students are randomly allocated across clags@€ahorts within schools, then school fixed
effects allow us to control for systematic crosBesa variation in school or student quality,
thereby overcoming the issue of endogenous stusielettion. In this case, parameter
identifies the causal impact of immigrant share on native performanceur Gnain
identification assumption is that once school-dpecunobserved characteristics are
controlled for, students are allocated randomlgach class within a school. A preliminary
test of this assumption is illustrated in Figur&,3vhose left-side diagram plots class-level
average initial literacy test scores against theqrgages of immigrant students in each class.
This scatter plot clearly shows a negative con@iabetween immigrant shares and average
ability in the class, suggesting that immigrantsdtéo sort into schools attended by low-
ability natives. Once we conduct a within transfation to eliminate the school level
averages, however, as shown in the figure’s rigimehdiagram, there is no correlation
between the within transformation of the average $eores and the percentage of immigrant
students across classes within the same schod. firfding suggests that our identifying
assumption is likely to hold (cf. Ohinata and Vaor§) 2013), a presumption that we test

more formally in section 4.

[Figure 3.1 here]

When studying peer effects in education, a secand,often neglected, identification issue is
how to model the education production function. tThg because student academic
achievement at a given point in time is a funcdrall past and present inputs from family,
student and school — for which full data are seldmrailable — estimating the impact of
observed inputs is likely to suffer from an omitteatiable bias (see e.g. Todd and Wolpin,
2003, 2007). Our strategy to overcome this lacldata on historical input measures is to
adopt a value added specification, which relieshenassumption that previous test scores are
sufficient statistics for the effect of all paspirts (Todd and Wolpin, 2007).

" To the best of our knowledge, the only other atsthibat study immigrant peer effects using a valdded
approach are Friesen and Krauth (2011) and &eal, (2013).
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4. Threats to identification

Keeping in mind our key identifying assumption thatice school-specific unobserved
characteristics are controlled for, student allecato each class within a school should be
random (see section 3), we now perform severadialtests on our identification strategy.
First, we test whether the observed immigrant ibistion across classes in each cross-section
is compatible with random assignment. Second, weclkchwhether the immigrant
concentration in each class is systematically taed with native (or immigrant) initial
ability. Third, we assess whether the immigrantresha a classroom affects the dropout
likelihood for natives. Lastly, we check for podsimon-random variation of immigrant share
across adjacent cohorts, due to native flight, itee possibility that higher immigrant
concentration may lead native students to chod$ereint schools in subsequent years. All
these tests are conducted using immigrant shahe atart of the first school year, before any

school changes or dropouts could have taken place.

4.1 Random assignment test
Because random allocation implies independencedsstummigration status and a student’s

assigned class, we can test the randomness ohassig across classes within schools using
the Pearsonx?test (cf. Ammermueller and Pischke, 2009) of whettiee number of
immigrants in a particular class is consistent vinitiependence given the number of students

in the school. Formally, we write the test statigtir each school as follows:

(Memm — nmy N (Meyar — an)z

n n
T cIMM T cNAT

wheren vy (vary 1S the number of immigrant (native) studentslassroont= 1, ...,Cs, and
nemmvary 1S the predicted number of immigrant (native) stud when immigrant status
and classroom are independent; thatvisen the total number of immigrant students in the
school is allocated to each clasaccording to the proportion of overall studentshiat class.
This latter implies that the joint probability ofrandomly chosen student from a given school
having a migrant background and being assignedbagsc is equal to the overall proportion

of migrants in the school times the proportiontatignts in class:

IMM NAT
_—_ N¢xNgep _—— _ N¢*Ngep
Neivm = —Nsch NeNaT = —Nsch
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whereN!YM is the total number of immigrant students in tbleo®l, N, is the total number of

students in class and N, is the total number of students in the school. éynithe null
hypothesis of independend@;-X? with (Cs -1) degrees of freedom. We perform these tests
for every single school in each cohort and repbet distribution ofp-values in the two
cohorts in Table 4.1. In about 90% of the schowkscannot reject the random assignment of
students across classes at the 5% significancé(ilexethep-values are above the 5% level in

about 90% of the schools in both cohorts).

[Table 4.1]

4.2 Non-random sorting of immigrants and natives between classes within schools
in each cohort
To deal with the concern that school principalshigpncentrate more immigrants in classes

with “better” or “worse” native students, in Tabfe2, we report the results of regressing
native test scores at entrance (i.e. before anyegftsets have taken place) on the initial share
of immigrants in the classroom and additional contariables (gender, age, class size, share
of females, cohort dummies). Columns 1 and 2, whegort the results for literacy and maths
test scores, respectively, when school fixed effeoe excluded, show clear evidence of
negative sorting between schools. Once we incladed dummies, however (columns 3 and
4), there is no indication of any systematic catieh between the immigrant student share in
each class and the initial literacy or maths preficy of native students. This finding is an

additional indication that our identifying assungptis likely to hold.

[Table 4.2]

Nonetheless, the concern remains that the allotatiommigrants across classes may not be
random with respect to their own ability (e.g. pipals might decide to allocate more
immigrants to a class who have relatively good gakbol performance). Because we have
data on immigrants’ initial test scores, we tess thypothesis by regressing the immigrants’
entrance test scores in maths and literacy onntineigrant share in the class both excluding
(columns 1 and 2) and including (columns 3 and chosl fixed effects. Again, once we
control for school fixed effects, no systematicretation is observable between immigrant
share and immigrant ability.

11



4.3 Native dropout
An additional concern on the validity of our idéicttion strategy is whether a higher

immigrant share in a class could increase the fibtyeof natives dropping out. For instance,
if a higher initial concentration of immigrants lekde best native students to drop out of
school, then we would observe a spurious negatweslation between immigrant share and
native test scores because of unfavourable sefecths a result, our estimates of
immigration’s causal impact on native achievemeotil be downward biased. This concern
is especially relevant for our vocational track texh because the drop-out rates in vocational
schools are particularly high (about 40% in our gl@n Because our dataset includes
information on class composition at the beginnifthe first school year, we can directly test
for any possible effect of initial immigrant shae the probability of native dropout. To do
S0, we estimate a linear probability model in whieh regress, for each native student, the
probability of dropping out on the initial shareinfmigrants in the class and on the usual set
of additional control variables (initial test scoege, gender, class size, share of females in
the class, cohort dummies) both with and withotibst fixed effects. The results, reported in
Table 4.3, indicate that, although natives in @aswith a higher share of immigrants are
generally more likely to drop out of school (colun this finding results from the clustering
of immigrants in schools characterized by higheypdut rates. Once we use school fixed
effect to control for sorting across schools, tleereation not only becomes negative but
much smaller in magnitude and not statisticallyngigant at conventional levels (column 2).
Nevertheless, as comforting as these results may,sihe question remains of whether the
absence of an average effect on dropout ratesateg from opposite effects on high and low
ability native students. To investigate this posisih we run separate regressions for native
students with high and low initial ability. We meas ability as the mean of the maths and
literacy test scores at entrance, and then dehigh” or “low” ability students, respectively,
as those with a score above or below the mediamev&eassuringly, our estimates indicate
the absence of any impact on dropout rates for gattips (columns 3-6).

12



4.4 Native flight
Another potential threat to identification is thatime flight phenomenon(see Betts and

Fairlie, 20039 by which the best native students could changedishas a result of a high
immigrant concentration, meaning that the variatiothese schools’ quality over time would
not be random. In this case, estimates of a negatmpact of immigrant concentration on
native students may simply reflect selective sclawoblment by both immigrant and native
children. To test this latter possibility, we runheol-level regressions of the change in
natives’ mean initial ability between the secon®1@ entrance) and first cohort (2009
entrance) on the immigrant share of the school jadipa for the first cohort, as well as on
the usual set of additional control variables. Thsults indicate that the variation in the
average quality of incoming students over timenaftected by past immigrant shares in the

school®

5. Results

The results of our main specification are repoitedable 5.1, which shows the effect of
immigrant share on native student scores for litg(aolumns 1-3) and maths (columns 4-6).
Whereas columns 1 and 4 report the results fofutheample, in columns 2 -3 and 5-6, we
divide the sample by initial test scores to tesetbr or not peer effects are homogenous
along the ability distribution, in which high (lovequates to a mean initial maths and literacy

score above (below) the medi#n.
[Table 5.1]

Once we control for non-random sorting of studea®ss schools, the share of immigrants
does not significantly affect natives’ literacy but does have a small negative effect on
their maths scores, with a 10 percentage poineass in immigrant share (70% of a standard
deviation) generating about a 4.6% of a standaxiatien decrease in score. Although this

finding (lack of any adverse effect on literacyttesores and negative effects on maths) may
initially seem counterintuitive, it is in line witlhe educational literature’s claim that language
is essential for mathematical learnii®Rigrdain and O’Donoghue, 2009), which is supported

by evidencethat students underachieve in mathematics whenotdanguage differs from

8 Betts and Fairlie (2003) coined the expressiotivedlight’ to describe the tendency of native-h@dmericans
to leave public schools for private alternativedlofsing an increase in immigration share in theonte
communities.

® The coefficient and standard error are -0.22 ah@3) respectively.

1% These results are robust to using alternativenidiefins of high and low ability, including abovedahelow the
meanor above the 75percentile and below the ®Hercentile.
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home language. In multi-lingual settings, mathsheas must deal not only with the language
practices that learners bring to school but wiié fact that “discontinuities in understanding
new words and new meanings can turn into a widetyaof cultural conflicts and disruptions

of the learning process” (Gorgorio and Planas, 200Moreover, the stronger impact on

maths may result from the fact that although pemntoice on the literacy test depends mainly
on language proficiency (which is in turn related family background and competences
acquired in primary and lower secondary schoottjranent in maths is influenced more by

the school learning environment and peer effects.

As Table 5.1 also shows, the impact of immigramtcemtration is not homogenous along the
native ability distribution. In fact, when we rureparate regressions by native ability
(columns 5 and 6), we find that the average negatffect discussed above is due entirely to
the larger impact on low ability native students Whom a 10 percentage point increase in
immigrant share leads to about a 7.5% of a standevéation decrease in test scores. This
finding is consistent with evidence from previowspeffects studies that a higher immigrant
concentration in the class or school is more likielyadversely affect disadvantaged than
advantaged children (e.g. Gould et al., 2009; Astgand Lang, 2004). The effect on high
ability natives, in contrast, is both smaller ingnaude and very imprecisely measured. A
test for the equality of the low and high abilitgetficients indicates rejection of the null

hypothesis of no difference withpavalue of 0.09.

At the same time, the immigrant shares acrossedassour sample vary considerably. While
the mean value of the share of foreign-born stuglpet class is 19%, moving from the"2b
the 78" percentile of the distribution, a jump from 8%atimost 30% (see Table 2.1). Such
variation may indicate that constraining this valéés impact to be linear may be too
restrictive: its effect may manifest only when themigrant concentration in a class is above
a certain threshold. Hence, in Table 5.2, we mshén-linearities in the effects of immigrant
concentration by using as regressors dummy for gatttile of the distribution of immigrant

share in each cohort.

[Table 5.2]

Our results not only confirm the lack of any imnaigt peer effects on literacy scores, even
for classes with a very high share of immigrantistus, but also provide strong evidence of

non-linearities in the effect for mathematics. Tisaistudents in classrooms whose immigrant
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share is in the second, third or fourth quintilehed distribution show no significant test score
differences from students in classes with an imamgshare in the first quintile. On the other
hand, being in the fifth quintile implies a 23% afstandard deviation reduction in maths
scores relative to being in the first quintiteThis finding suggests that negative peer effects
arise only when the proportion of immigrants isth{gf. Hardoy and Schgne, 2013; Tonello,
2016)* If we split the estimates by native ability, weaagfind that the effect of a high
immigrant concentration is stronger and larger [t ability natives. Moreover, as the
column 5 results indicate, the critical threshadawer for low ability students, for whom
negative effects are observable even in classéseiriourth quintile of the immigrant share
distribution.

Overall, then, these estimates suggest that althonmigrant peers have a rather small effect
on native students’ maths scores on average, thet & larger for low ability native students
and driven by classes in which the immigrant cotregion is particularly large. This latter
implies that as long as the immigrant share inaa<ls sufficiently low, the presence of non-
native students will not generate negative peearcesfon native outcomes. Understanding the
channels at work here, however, requires a modepth examine of the other dimensions of
heterogeneity.

5.1 The role of diversity and language distance

Based on our results so far, a high share of imanigrin the class may have a mildly
detrimental effect on native academic performamdence, in this section, we investigate
what drives this effect; in particular, whether ttegree of the immigrant group’s diversity or
the linguistic distance of their own languages fritatian play a role. As regards the first,
although several studies examine the role of ethtiersity on economic and social
outcomes, the findings are mixed: whereas ethnierdity may negatively affect trust and
solidarity (Putnam, 2007) and the provision of puigbods (Alesina and La Ferrara, 2005), it
can have a positive effect on native productividgtéviano and Peri, 2006). Likewise, in the
school setting, although ethnic diversity may warstudent social interaction and make

teachers’ jobs more difficult, it can also enridie tschool environment and hasten the

1 Moving from the first to the fifth quintile impl&about a 40 percentage point increase in immigtaante,

from a mean of 0.02% to 41%.

12 As an alternative test for non-linearity, we ailswoduce a linear spline functional form in IMMSHRE, with
a threshold set at the median (0.15), which alltivesmarginal effects to differ below and above tiedian.
We find significant negative marginal effects ofiy high (i.e. above the median) levels of immidrahare in
the class, for which a 10 percentage point incréas®MSHARE generates a 10.4% of a standard denat
reduction (results available upon request).
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assimilation of immigrant students. In fact, smathnic minority groups have a larger
incentive to adopt the majority culture and langiiag a means of interaction (Lazear, 1999;
Maestri, 2017). Yet little empirical research exien the effect of classroom ethnic diversity
on native school performance other than a recemlysby Maestri (2017)% who finds that
although ethnic diversity has no significant impantnative students’ literacy scores, it does
increase those of immigrant students, even aftetrais are included for ethnic composition

and peers effects.

To construct our own measure of ethnic diveraityoss the foreign-born population in each
class, we first adopt country of birth as a dedignaf cultural and ethnic identity (see
Ottaviano and Peri, 2006; Constamtal, 2009) and then calculate a diversity index based
the Hirschman—Herfindahl Index (Hirschman, 1964):

DIV =1 -3, s?

wheres denotes the share of students born in courdgngt of the total number of foreign-born
students in each class. Hence, this index, whicboisnded between a minimum of O for
contexts with only one category and a maximum wofhken the population is divided into an
infinite number of categories, can be interpretedhe likelihood that two randomly selected
immigrant students will not be born in the samentpu DIV is a measure of fractionalization
that considers all groups to be the same regardfessgin country characteristics. However,
because students whose native language differsfisggrily from Italian may have lower
school achievement and need a higher proportideaxther time, we explore the role of the
linguistic distance between the native languagenafigrants and Italian. To do so, we create
an index of language dissimilarity (LDI) calculatadgl each class’s mean on the Levenshtein
linguistic distance indextaken from Adsera and Pytlikova, 2015). This inderoduced by
the Max Planck Institute for Evolutionary Anthropgy, relies on the phonetdissimilarity

of words in two languages. The continuous indexrdases with the distance between
languages. To formulate the index, linguists cheosmre set of 40 everyday words that are
most common across languages, expressed them mefpharanscription (ASJP code) and

then computed the number of steps needed to moredrword expressed in one language to

'3 Both Dronkers and van der Velden (2012) and Brasid Dronkers (2013) provide useful discussiorhisf
topic but neither attempts to identify any causgbact.
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thatsame word expressed in another (see Bakkal.,e2009, for methodological details). In
our sample, the index ranges from 58 (for Sparaskl)102 (for Rwandan).

Not only do these two indices, the DIV and LDI, maa different dimensions of diversity,
they are not necessarily correlated with immigrahare in the classroom. To illustrate,
consider two classes with 20 students, 5 of whoenfareign born and suppose that all the
foreign-born students in class one were born in &oay and all those in class two were born
in China. In both classes, the share of immigrang5 percent and the DIV is zero. However,
because a neo-Latin language like Romanian is miondar to Italian than Mandarin, the
LDI will be 61 in the first class and 100 in thecead. Note that the two indices would be
unaffected if the number of immigrants changed bot their composition. Likewise, if
instead of being from Romania, the five immigratidents in class one were from Ecuador,
Peru, El Salvador, Venezuela and Spain, then tMeviuld jump to 0.84 because the ethnic
diversity had increased, but the LDI would actualgcrease to 58 because Spanish is closer
to Italian than Romanian. To depict these poingplgically, Figure 5.1 plots the LDI against
the DIV for each class to reveal a mere 0.0802lir®rrelation §-value = 0.0103) between
the two measures. Figure 5.2 then plots the DI diagram) or LDI (right diagram) against
the classroom immigrant share, demonstrating eogtlyi that both measures capture class

attributes other than immigrant concentration.
[Figure 5.1]
[Figure 5.2]

We then run separate regressions for classesréhaigh (low) in either diversity (Table 5.3,
top panel) or language dissimilarity (bottom par®sed on the DIV or LDI being above
(below) the median. The results confirm the lackaafy significant impact of immigrant
concentration on literacy scores even in classél high language dissimilarity and high
cultural diversity (columns 1 and 2 — top and bwttpanel). Even more interesting, our
estimates show that despite no significant diffeesnbetween classes with high and low
diversity (columns 3 and 4, top panel), immigramre does have a negative effect on native
maths scores in classes with high language dismiyil but no effect when language
dissimilarity is low (columns 3 and 4, bottom pagnelhe difference between the two

immigrant share coefficients in classes with highd alow linguistic dissimilarity is
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statistically significant, as we can reject thelrulpothesis of equality with a-value of
0.008.

[Table 5.3]

Because this latter also suggests that the lingudsttance between foreign born and native
students may play a key role in explaining immigrnaeer effects, it also implies a potential
channel through which immigrant students could esklg affect natives; namely, an
externality from limited language proficiency thatly be difficult for teachers to cope with
when the immigrant group is diverse and linguistycdistant. To investigate this conjecture
more deeply, we run the same regressions furtivedidg our sample by student ability level
(see Table 5.4). The results indicate that immigsdrare only has a negative effect on low
ability natives in classes with high linguistic slimilarity (see column 3). High ability
natives, in contrast, experience no effect evethnef linguistic distance of their immigrant
peers is high (see column 4). In panel B, we tdsther the peer effect difference between
high and low LDI classes holds in a non-linearisgtby including immigrant share in each
cohort as a regressor dummy for each quintile efdistribution (cf. Table 5.2). These results
confirm that the negative immigrant effect comegirely from the classes with high
linguistic distance and a very high concentratibmumigrants (top 20%) and that it is larger

for low ability natives.

[Table 5.4]

All these findings point not only to the importanaenative-immigrant linguistic distance in
explaining immigrant peer effects, but to the fé@t cultural heterogeneity — as proxied by
origin country-based diversity — plays no role. Biekeless, linguistic distance could, in
addition to signalling language difficulties, refteother cultural traits capable of affecting
educational achievement and driving the observisttefin fact, a growing body of literature
is demonstrating a clear positive correlation betwdifferent measures of cultural capital and
educational attainment. For example, Figltal (2016) find that students from societies with
a long term orientation perform better than stuslérdm cultures that do not emphasize the
importance of delayed gratification. Hence, to tesether linguistic distance reflects cultural
distance, we correlate our measure of linguisstagice with several indices of cultural traits.
Specifically, we consider Hofstedst al’s (2010) six measurable dimensions of national
culture:long-term orientatior(the dimension used in Figlat al 2016),individualism, power
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distance, masculinity, uncertainty avoidaraselindulgence™ According to the definitions in
Hofstedeet al (2010), the first, long-term orientation, is thdtural value that stands for the
fostering of virtues oriented toward future rewardewer distance describes the extent
to which the less powerful members oftitutions and organizations within a
country expect and accept that power isridiged unequally. Uncertainty avoidance
refers to the extent to which the members of aucellfeel threatened by ambiguous or
unknown situations. Individualism describes a dycie which ties between individuals are
loose (i.e. people are expected to look after tedwves and their immediate family).
Masculinity characterizes a society in whictmoéional gender roles are clearly distinct
— men are supposed to be assertive, tough andedars material success, while women are
supposed to be modest, tender and concerned walityqof life. Indulgence concerns the
good things in life, being free and following ondéspulses as opposed to being restrained,
feeling that life is hard, and believing that dutyt freedom, is the normal state of being.
These dimensions, which are based on responsagstiannaires that allow an appraisal of
the personal values dominant in each country, lhmaeasured on indices ranging from 0 to
100"°

In Figure 5.3, by plotting the index for each ofdk six cultural dimensions against
percentiles of the linguistic distance index, weatly demonstrate that linguistic distance is
uncorrelated with any cultural dimension. This lagk correlation strongly implies that
linguistic distance is truly capturing linguisticiffctulties rather than proxying for
unobservable cultural traits. In fact, linguisticstdnce affects the ease or difficulty with
which immigrants learn Italian, it being easielldarn a language that is linguistically closer
to the native one (Chiswick and Miller, 2005; Ispiing and Otten, 2014).

[Figure 5.3]

Based on the previous finding, we expect the listitiidistance index to be correlated with
immigrants’ command of Italian but not with thegrgeral ability. Having no precise measure
of immigrant knowledge of Italian, however, we pydkis latter with the literacy test scores
at entrance. More specifically, in Table 5.5, wst tihe relation between linguistic distance
and initial proficiency in literacy and maths bygressing, for each immigrant in the sample,

the initial literacy (column 1) and maths (columns2ores on the standardized Levenshtein

" These variables are available in the spreadsheetdi®ensions for website.xls (version 2015 12 08)th
additional data for Nepal and Sri Lanka in "Noncfi VSMO08 scores”, all downloadable from
www.geerthofstede.nl/dimensiondata-matrix in/

'3 For more details, see http://www.geerthofstedesnm~08.
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index, as well as individual controls (age and gehc&nd cohort dummies. As the table
shows, the linguistic distance index is negativedgociated with Italian performance (a one
standard deviation increase in linguistic distaiscassociated with a 0.14 standard deviation
decrease in literacy scores) but not significangated to performance in maths. The index
thus appears to be capturing immigrants’ actudigemcy in Italian and not other cultural or
social dimensions that would have similarly affeéctaaths scores. Nonetheless, although
linguistic distance and literacy performance areradated, a substantial fraction of the
individual variability in test scores cannot be @aated for by language distance. In fact, the
literacy regression in Table 5.5 has an R-squafgdsb 0.06, indicating that 94% of the test
score variation results from factors other thaguistic distance, age and gender.

[Table 5.5]

In Figure 5.4, therefore, we depict the extenthig test score variability, which occurs even
among immigrants with similar levels of languagssdnilarity, by showing the distribution
of standardized test scores in literacy (left daagy and maths (right diagram) over deciles of
the linguistic distance distribution. In particyldhe figure reports the value of the median
(solid line) scores and plots the"™2% 75" percentiles (blue box) for immigrants in each
decile of the linguistic distance distribution. Bleegraphs not only reaffirm the lack of any
correlation with maths and the negative associabetween linguistic distance and literacy
scores (whose median values decrease over thesletithe linguistic distance distribution)
but also highlights the substantial test scoreatiam at each level of linguistic distance. This
latter suggests that the competences measurecdeiteth do not simply reflect language
proficiency but also other types of skills, suchnagre general cognitive ability. Hence, a
researcher interested in isolating the role of legg in determining immigrant peer effects
may find linguistic distance to be a more apprdpriaeasure than literacy test scores, which

are also affected by other competences and maybthasenfounded with a peer ability effect.

[Figure 5.4]

6. Conclusions

Despite concern in many advanced countries thatldler school performance of the
increasing shares of immigrant may be detrimental native students’ educational
achievement, the empirical evidence of such spélrceffects is scant, with most studies

reporting little or no effect. We therefore testr feuch effects not only in a country
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experiencing a sizable increase in immigrant pdmrabut, more particularly, in its
vocational training institutions, which attract boa disproportionate share of immigrant
students and the most disadvantaged segment aofathee student population, who may be
more vulnerable to peer characteristics. Our arglpased on a unique administrative dataset
on the universe of students in vocational instogi in Italy’s largest region, identifies the
effect of immigrant peers on native test scoregdlying on random variation in students
across classes and across adjacent cohorts withools. These data, by allowing several
validation tests of our identifying assumptions ahbling the implementation of value
added models, both minimize the measurement amdweed attenuation bias typical of
survey data and reduce the omitted variable bidisearmodelling of the education production

function.

We find that although the presence of immigrantisiis in the classroom has no effect on
natives’ literacy scores, it does negatively affibetir maths scores. Nonetheless, even in our
disadvantaged context, these effects are quamétatsmall on average, although larger for
native students in the lowest half of the abilitytdbution. More specifically, a one standard
deviation increase in classroom immigrant shaee (i6 percentage points) results in a 7.4%
of a standard deviation reduction in mean mathsesc@n effect that increases to 12% of a
standard deviation for low ability native studer@ur results also indicate that these effects
are strongly non-linear, only arise in classes withigh (top 20%) immigrant concentration,
and are driven by classes characterized by a heglage linguistic distance between foreign-
born and native students. In these latter, the thegeffect is even larger. a one standard
deviation increase in immigrant share leads to 20% standard deviation reduction in maths

scores for low ability natives.

Unlike many other papers that fail to find any #igant adverse impact of immigrant peers
on native students, our analysis indicates thenpialefor some negative peer effects. We
recognize, however, that our results may be dukegarticular setting analysed in which the
vast majority of native students fall into the batt part of the national ability distribution

(see Figure 2.2). Our mean effects should thustezpreted as the effect on the mean low
ability native student rather than that on the meaftive student in general. Moreover, in
terms of magnitude, our mean estimates indicateithaigrant peer effects are quite small
relative to other peer effects studied in the dtere. For instance, Ammermueller and
Pischke (2009) find that a one standard deviatimenge in their peer variable (the average
number of books in the home of classroom peergjsléa a 17% of a standard deviation
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increase in reading test scofésn effect that is 2.3 times larger than oufsiother useful
way to interpret the size of our estimated effast®o compare them with the estimates of
class-size effects. Angrist and Lavy (1999), foample, estimate that a one standard-
deviation increase in class size among Israeh fiftaders reduces maths test scores by 14.4%
of a standard deviatiol,which corresponds to about twice our estimatef:cefAs regards
the mechanisms through which these effects openadjnd that ethnic diversity plays no
role in the effect; rather, the results are driv@nclasses in which the average linguistic

distance between immigrants and natives is high.

Taken together, our estimates indicate that theaohmf immigrant concentration in a
classroom is negligible, even in the generally divsamtaged context of vocational training.
This observation suggests that the widespread p@oce of an increasing number of
immigrant students imposing negative peer effectstt@ir native-born peers may not be
empirically grounded. On the other hand, we do shioat problems may arise when the
immigrant share is particularly large and the listja distance high. Our findings thus seem
to imply that native students could benefit frommare even distribution of foreign-born
students across schools, achieved perhaps thrawhphnseasures as residential desegregation
policies. In addition, given our evidence that lirggic distance matters, investing more
resources for linguistic support to immigrant studemight help mitigate the potentially

disruptive effects of high immigrant concentratiamschools.

'* See Ammermueller and Pischke (2009), Table 8ytagiof column 5.

17 Angrist and Lavy (1999) report a 2SLS coefficieht0.230 for the effect of an additional studentaverage
maths scores in the class for fifth graders (Td¥lecolumn 8). We divide this coefficient by 9.6t standard
deviation of the fifth graders’ maths scores (akported in Table 1V), and multiply by 6, the stardi deviation
of the fifth grade class size reported in Apperidianel A.
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Figures

Figure 2.1: Share of foreign-born students, by scha track: Lombardy and Italy
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Figure 2.2: Share of students in PISA levels, by éick
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Figure 3.1: Correlation between classroom immigranshare and class-level average
initial test scores
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Note The left-hand diagram plots the class-level ageranitial literacy test scores against the shdae o
immigrant students. The right-hand diagram is tmes scatter plot after the within transformatiorelimninate
the school-level averages.
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Figure 5.1: Correlations between our literacy dissnilarity index (LDI) and ethnic
diversity index (DIV)
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Note The figure plots our linguistic distance indexD(l. against our diversity index (DIV). The LDI isaeh
class’s mean on the Levenshtein linguistic distamuex; the DIV is equal to 1 minus the Hirschman—
Herfindahl index, with groups defined based on igmaint country of birth.
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Figure 5.2: Correlation between the classroom immignt share and the ethnic diversity
and literacy dissimilarity indexes
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Note: The left- and right-hand diagrams plot the classroimmigrant share (horizontal axis) against the
diversity index (DIV) and linguistic distance indékDI), respectively. The LDI is each class’s meam the
Levenshtein index; the DIV is equal to 1 minus ieschman—Herfindahl index, with groups defineddzhen
immigrant country of birth.
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Figure 5.3: Correlation between the Levenshtein inex of linguistic distance

and other cultural dimensions

20 40 60 80 100

Long-term Orientation index

0

40 60 80 100

Masculinity index

20

o

Note The figure plots the Levenshtein index percestiégainst Hofstedet al’s (2010) six national culture
dimension: individualism, power distance, masctfiniuncertainty avoidance, long-term orientationd an

indulgence.
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Figure 5.4: Box plots of the immigrants’ standardizd literacy and maths scores over the
deciles of the Levenshtein index distribution
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Note The figure box plots the 350 75" percentiles (blue box), together with median v4keid blue line) of
the immigrants’ standardized test scores in liter@eft diagram) and maths (right diagram) overildscof the
the Levenshtein index distribution. The whisker £ade defined as the lowest datum still being withb IQR
of the lower quatrtile, and the highest datum btling within 1.5 IQR of the upper quartile.
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Tables

Table 2.1: Summary statistics

N Mean SD p25 p75&
Foreign born 14708 0.18 0.38 0 0
Female 14708 0.44 0.50 0 1
Age 14708 17.76 0.96 17 18
Share of foreign born per class 1308 0.19 0.16 0.080.29
# of classes per school 1308 3.51 2.14 2 4
Class size 1308 17.32 4.97 14 21
Share of female per class 1308 0.40 0.39 0 0.8
Std (entrance) test score in maths - natives 11995 0.07 1.00 -0.68 0.75
Std (entrance) test score in maths — immigrants 2660 -0.18 0.96 -0.92 0.37
Std (entrance) test score in literacy - natives 12047 0.16 0.93 -0.41 0.81
Std (entrance) test score in literacy — immigrants 2661 -0.56 0.99 -1.28 0.13

Note The table reports the number of observations nsiestandard deviations, and"2&nd 75" percentiles for

selected characteristics of the students, clasgkscahools in our sample.

Table 4.1: Distribution of p-values for Pearson X tests of independence between

immigrant background and classroom assignment witm each school, by cohort

5% 10% 25% 50% 75% 90% 95%
2009 0.025 0.036 0.171 0.521 0.737 0.916 0.963
2010 0.016 0.052 0.140 0.425 0.738 0.912 0.970

Note The null hypothesis is that students are randamsbigned to classrooms. The test is conducteddh e

school which comprises of more than one classroentphort.
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Table 4.2: Sorting of students into schools and daes

Panel A:
Dep. var.: Native test scores (at entrance)
1) (2) 3) (4)
Literacy Maths Literacy Maths
Immigrant share -0.382%** -0.253*** -0.066 -0.156
(0.068) (0.073) (0.116) (0.121)
Controls for age, gender, class size, Yes Yes Yes Yes
share of females, cohort
School fixed effects No No Yes Yes
Observations 12,636 12,620 12,636 12,620
Panel B:
Dep. var.: Immigrant test scores (at entrance)
Literacy Maths Literacy Maths
Immigrant share -0.460%** -0.089 -0.116 0.056
(0.111) (0.110) (0.209) (0.199)
Controls for age, gender, class size, Yes Yes Yes Yes
share of females, cohort
School fixed effects No No Yes Yes
Observations 2,661 2,648 2,661 2,648

Note Panels A and B report the estimated regressia@fficents of the classroom immigrant share at the
beginning of the first school year on standarditedacy (columns 1 and 3) and maths (columns 24r&tores

in the entrance exams for natives and immigraetgpectively. All regressions include controls fardent age,
gender, class size, share of females in the cladscahort dummies. Columns 1 and 2 exclude confals
school fixed effects, while columns 3 and 4 inclddem. Robust standard errors (adjusted for clnsteat the
class level) are in parentheses, $%0.01, ** p<0.05, *p<0.1

Table 4.3: Effect of immigrant share on native drojut probability

Dep. var.: dropout

Full sample Low ability High ability
1) (2) 3) (4) (5) (6)
Immigrant share 0.127*** -0.082 0.080* -0.082 18 -0.042
(0.043) (0.050) (0.048) (0.066) (0.058) (0.070)
School fixed effects No Yes No Yes No Yes
Other controls Yes Yes Yes Yes Yes Yes
Observations 20,958 20,958 10,425 10,425 10,533 5330,

Note The table reports the estimated coefficientshef classroom immigrant share at the beginning effiist school
year on the probability of native dropout. Othentrols include the initial test score, age, gendtss size, share of
females in the class and cohort dummies, as wedthsol fixed effects in columns 2, 4, and 6. Colari and 2 report
the estimates for the full sample, while columné 8nd 5-6 report them for low and high ability mes, respectively.
Ability is measured as the mean of the math amualdity test scores at entrance, with high versusalolity defined as
scores above versus below the median. Robust sthreteors (adjusted for clustering at the classelleware in
parentheses, *1H<0.01, ** p<0.05, *p<0.1
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Table 5.1: Effect of immigrant share on literacy anl maths scores, overall and by ability

Literacy Maths
Full sample  Low ability High ability Full sample hoability High ability
1) 2) 3) 4) (5) (6)
Immigrant share 0.131 0.052 0.167 -0.463* -0.754** -0.392
(0.164) (0.219) (0.209) (0.203) (0.235) (0.257)
Entrance test 0.372%* 0.289*** 0.364*** 0.210*** 0.107*** 0.219%**
(0.010) (0.018) (0.019) (0.012) (0.018) (0.018)
Female -0.063** -0.123%** 0.026 -0.082*** -0.104%** -0.050
(0.027) (0.040) (0.037) (0.026) (0.037) (0.035)
Age 0.071%* 0.092*** 0.047*** 0.039*** 0.017 0.042**
(0.010) (0.017) (0.014) (0.010) (0.015) (0.014)
Class size 0.006 0.008 0.007 -0.001 0.005 -0.004
(0.004) (0.006) (0.005) (0.006) (0.006) (0.007)
Share of females -0.065 -0.009 -0.183 0.164 0.195 170
(0.148) (0.222) (0.168) (0.200) (0.261) (0.219)
Cohort 2 -0.035 -0.093*** 0.020 0.055 0.025 0.082*
(0.025) (0.035) (0.030) (0.036) (0.042) (0.044)
School FE Yes Yes Yes Yes Yes Yes
Observations 12,047 5,869 6,178 12,026 5,868 6,158

Note Entries in the Table are the estimated coeffisieof the classroom immigrant share and other obntr
variables (standardized entrance test scores, é&emgk, class size, share of females in the céass,cohort 2
dummy) on standardized native literacy (columng &8l maths (columns 4-6) scores. Columns 2-FHafideport
separate estimates for the low and high abilityveat respectively. Ability is measured as the mefatne math and
literacy test scores at entrance, with high vetsus ability defined as scores above versus belosv rifedian.
Robust standard errors (adjusted for clusterirthetlass level) in parentheses, 1#%0.01, ** p<0.05, *p<0.1
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Table 5.2: Non-linear effect of immigrant share

Literacy Maths
Full sample  Low ability = High ability Full sample Low ability  High ability

IMMSHARE quintile (1) (2) (3) (4) (5) (6)
2" -0.015 -0.062 0.014 -0.024 -0.100 0.007

(0.046) (0.060) (0.054) (0.061) (0.069) (0.069)
3 0.005 0.001 0.019 0.014 -0.051 0.029

(0.046) (0.065) (0.052) (0.062) (0.071) (0.070)
4 -0.039 -0.059 -0.018 -0.068 -0.198** -0.005

(0.056) (0.075) (0.070) (0.076) (0.083) (0.097)
5 0.080 0.022 0.109 -0.235%** -0.312%** -0.227**

(0.062) (0.083) (0.077) (0.084) (0.095) (0.107)
Other controls Yes Yes Yes Yes Yes Yes
School fixed effect Yes Yes Yes Yes Yes Yes
Observations 12,047 5,869 6,178 12,026 5,868 6,158

Note The table reports the estimated coefficientsifi€nt quintiles of classroom immigrant sharetfwthe £

quintile as the omitted category) on native stadided literacy (columns 1-3) and maths (column

9 4ddres.

Other controls include standardized entrance teses, female, age, class size, share of femakbg iclass, and a

cohort 2 dummy. Columns 2-3 and 5-6 report sepagstinates for low and high ability natives,

respety.

Ability is measured as the mean of the math aradddy test scores at entrance, with high versusability
defined as scores above versus below the medidousRetandard errors (adjusted for clustering ecthss level)

are in parentheses, *13<0.01, ** p<0.05, *p<0.1

Table 5.3: Heterogeneity by cultural diversity or Inguistic distance

Literacy Maths
) 2) (3) 4)
By cultural diversity (DIV)

Low High Low High

IMMSHARE 0.090 0.311 -0.327 -0.105
(0.298) (0.273) (0.319) (0.369)

Other controls yes yes yes yes
School fixed effects yes yes yes yes
Observations 6,516 5,531 6,497 5,529

By linguistic distance (LDI)

Low High Low High
IMMSHARE 0.427 -0.083 -0.069 -0.806**
(0.299) (0.291) (0.340) (0.357)
Other controls Yes Yes Yes Yes
School fixed effects Yes Yes Yes Yes
Observations 5,498 5,204 5,487 5,194

Note The table reports the estimated coefficientsladsroom immigrant share on natives’ standardizerhty
(columns 1-3) and maths (columns 4-6) scores. Qtbetrols include standardized entrance test sctepmle,
age, class size, share of females in the classa aathort 2 dummy. All regressions include schoad effects.
The cultural diversity index (DIV) is equal to 1 mis the Hirschman—Herfindahl index, with groupsirctef
based on immigrant country of birth. The languaggsidhilarity index (LDI) is each class's mean ore th

Levenshtein indexRobust standard errors (adjusted for clusterinthatclass level) are in pare
p<0.01, ** p<0.05, * p<0.1
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Table 5.4: Linear and nonlinear effects, by linguisc distance and ability

Low LDI High LDI
Low ability High ability Low ability High ability
1) (2) 3) 4)
Panel A: linear effects

IMMSHARE -0.110 -0.398 -1.292%** -0.387

(0.376) (0.386) (0.454) (0.432)
Other controls Yes Yes Yes Yes
School fixed effects Yes Yes Yes Yes
Observations 2,746 2,741 2,530 2,664
IMMSHARE quintile Panel B: non-linear effects
2 -0.283* -0.034 -0.110 -0.114

(0.118) (0.109) (0.194) (0.140)
3 -0.008 -0.052 -0.084 -0.045

(0.115) (0.100) (0.176) (0.136)
4" -0.134 -0.015 -0.205 -0.152

(0.118) (0.093) (0.184) (0.140)
5 -0.053 -0.147 -0.514%** -0.311*

(0.134) (0.168) (0.199) (0.179)
Other controls Yes Yes Yes Yes
School fixed effects Yes Yes Yes Yes
Observations 2,746 2,741 2,530 2,664

Note Panel A gives the estimated coefficients of ¢la@® immigrant share on natives’ standardized
maths scores. Other controls include standardintiGhrece test scores, female, age, class size, share
females in the class, and cohort 2 dummy. All regians include school fixed effects. The literacy
dissimilarity index (LDI) is each class’s mean tme Levenshtein indexbility is measured as the mean
of the math and literacy test scores at entrandt kvgh versus low ability defined as scores above
versus below the median. Panel B presents thenastil coefficients of different quintiles of the
classroom immigrant share (with the first quintds the omitted variable). Robust standard errors
(adjusted for clustering at the class level) arparentheses, **H<0.01, ** p<0.05, *p<0.1
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Table 5.5: Association between the standardized Lewmshtein linguistic distance index

and immigrants’ initial test scores in literacy andmaths

Initial test scores

1) 2)
Literacy Maths
Levenshtein linguistic distance index
(standardized) -0.142%** -0.029
(0.018) (0.018)
Other controls Yes Yes
Observations 2,804 2,812
R-squared 0.061 0.008

Note: The table reports the estimated coefficiefithe Levenshtein index (standardized
to a zero mean and SD of one) on immigrants’ ihtgat scores in literacy (column 1)

and maths (column 2). Other controls include agedgr and cohort dummies. Robust
standard errors are in parentheses,%0.01, ** p<0.05, *p<0.1
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