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INTRODUCTION*

Economic analysis has always focused on how indaliddecisions are interconnected
through price interactions taking place in the retsk Non-market interactions were
phenomena of smaller relevance, without an inttimeportance and typically conceptualized
as problems of ‘incomplete markets’, preventing de®nomy to reach a social optimum
through the simple clearing markets mechanisms §kia2000). Only starting from the late
Nineties, a growing interest developed in undedita;m how social interactions beyond the
marketplace affect individual decisions and outcerfEdlume and Durlauf, 2005). In the last
decade, the importance of social interactions apsty individual behaviour has been widely
recognized in both the economic and the sociolbgiesature (Jackson 2006). A number of
studies produced empirical evidence documentingnfhi@ence of social interactions in many
areas: consumption, criminal behaviour, on-the{qobductivity and satisfaction, financial
decisions (among others: Zimmerman, 2003, Hoxby02@acerdote 2001, Cipollone and
Rosolia 2007, Falk and Ichino 2006, Mas and Mor2®tl1, Moretti 2015 In the thesis, |
refer to ‘social interactions’ as all forms of irdependencies among individuals in which
preferences, beliefs and constraints faced by on®economic actor are directly influenced
by the characteristics and choices of others (Déréand loannides, 2009; Zanella 2004).
These interactions do not occur because individasdsaffected through the effects of the
choices of others on prices, rather, social intevas typically have features that render them
forms of externalities (Scheinkman, 2008)

Pupils attending school may receive direct andreudiinputs for the development of their
cognitive and non-cognitive skills, coming from ariety of sources: teachers, school
facilities, parental investments, environment areighnbourhood, and, most importantly,
schoolmates. Starting from the Nineties, a large maltidisciplinary literature has focused
on the impact and the effects of a pupil’'s schobédésabackground characteristics and

abilities on achievement at school (Gibbons anthdjeP006). My research focuses on social

! The views expressed in the thesis are those ddutieor and do not necessarily reflect those ofrthtitutions

he belongs to. The usual disclaimers apply.

2 Concerning the Italian context, evidence on edaooati peer effects can be found only in few and mece
papers: Brunello, De Paola and Scoppa (2010), béaRad Scoppa (2010), De Giorgi, Pellizzari andddli
(2010), De Giorgi and Pellizzari (2011); Cipollomed Rosolia (2007). Few other studies involve thedysis of
peer effects at work (De Paola, 2010; Falk and niehi2006), criminal behaviour (Corno, 2009), and
hospitalization choices (Moscone, Tosetti and ditig 2011).

3 n fact, social interactions are sometimes calleon-market interactions’ to emphasize the fact thase
interactions are not regulated through the priceharism.
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interactions among pupils attending the same ctasthe same school. In the existing
literature social interactions among schoolmatescammonly referred to as ‘peer effects’ or
‘peer-groups effects’. This term usually indicagxcial interactions of children or young
adults with people of similar age, in order to ma&edistinction from the broader
‘neighbourhood effects’ stemming from interactiomsth superiors, family or teachers
(Gibbons and Telhaj, 2006). Spanning the econommdycation, sociological and
psychological field, a rich literature has focusea these aspects, trying to model and
measure the effects of social interactions on gupitainment. The first empirical study on
peer effects at school dates back to the ‘ColemapoR’ (1966), while, some years later,
Becker (1974) was the first to provide a theoréfiiGganework to social interactions. It is only
starting from the Nineties that a vast literatuas Aourished, though a clear consensus on the
issue has not been found yet. Indeed, educaticee gffects are a complex phenomenon.
First of all, peers may affect different outcomssich as teen pregnancy, drug use, high
school attrition, attitudes toward minorities, egié choice), and they may have an effect in
the accumulation and development of both cogniimd non-cognitive skills (Neidell and
Waldfogel, 2010). Then, peer effects may work tigfomultiple channels: a student’s ability
can affect his peers through knowledge spilloversg direct peer instruction (i.e. students
teaching one another), but also a student’'s bebavimay affect his peers (Hoxby, 2000).
Finally, peer influence in a classroom may followaiety of lines, such as race, disability,
gender, family income. This complexity is mirrored the difficulties in the identification of
these effects and of the underlying social mechmasisvhich, in Manski’'s words, “[...] is
difficult to impossible” (Manski, 1993, p. 532).

Albeit research on peer effects is a hard empigballenge, in the end, it provides powerful
insights for policy makers. Social scientists haeen studying for a long time peer effects,
because, if they exist, they potentially affect tiptimal organization of any structure where
individuals interact (schools, jobs, neighbourhqoel€.). As outlined above, peer effects
constitute a particular class of social interacti@nd may be considered as some kind of
‘externalities’ in education production activitiest in the accumulation process of human
capital. This interpretation justifies the ‘publiband’ intervention to correct them:
externalities due to peer effects can be both ipesdnd negative, and in both cases may
prevent to reach a social optimum. As a consequéeineee is room for policy interventions so
to enhance social welfare. Some practical examplése school context are concerned with
tracking (under which students are exposed onhh vpieers with similar achievement),
grouping, desegregation policies (whether desegmygalans should assign students to
schools outside the neighbourhood or district), emen school choice policy issues

12



(Ammermueller and Pischke, 2009). If peer effe¢tschool exist and are sufficiently high,
then the policy maker should care about a schagtkesy design that encourages an efficient
distribution of peers because it will make humapited investments more efficient, and will
also enhance macroeconomic growth (Hoxby, 2000pbmFra general policy making
perspective, peer effects are also important bectney may reinforce the effects of changes
in private incentives. This amplification is knowas ‘social multiplier effect’, and the
presence of social multipliers has important imgdiens for the policy design that is still

greatly unexplored (Glaeser, Sacerdore and Schankg003; Durlauf, 2004).

Thesis outline -The thesis contributes to the existing literatune proposing different
empirical strategy to identify social interactigparameters and linking the results to simple
theoretical frameworks to shed light on the possgacial mechanisms driving the estimated
effects. | focus on junior high school studentsiduhigh school is generally considered by
educational psychologists as a critical periochim $tudents’ educational path, corresponding
to students’ early adolescence and to the periomhich friendships ties are usually formed
and interactions with school mates take a releparitof students’ time at school and outside
school. The three chapters exploit rich and newlgilable datasets combining test score
results in Math and Language from Inva(§iirst Cycle Final Exam and National Evaluation
Program), administrative records from Ministry afU€ation Statistical Office, and the Italian
Population Census Survey 2001. The census dimemdiémvalsi data allows to overcome
problems of underrepresentation and measuremensédsypical of international surveys on
students’ attainment (such as PISA, TIMMS and PIRIsBbstantially improving the
originality and contributions of the research.

The first chapter and the second chapter deal suithal interactions between native and non-
native students. In the last two decades, a I&Wes$tern countries have experienced massive
immigration waves. While there is a vast literatarethe effects of immigration on natives’
labour market outcomes, economic literature onetffiects of non-native students on native
peers’ attainment levels is quite limited and pnésenixed evidence. Although it is widely
accepted that non-native students typically faceenmoblems at school and have lower
scores in standardized tests, causes, consequandgsolicy implications are still unclear.
There is not clear evidence on possible conseqsenicsocial interactions between natives
and non-natives in educational settings, and ithinfgappen that such interactions (if they
exist) could tend either to increase or decreaseettisting attainment gaps. For instance,

Jensen and Rasmussen (2011) find a negative effescthool ethnic concentration on

“ Invalsi is the National Institute that carries abe evaluation of students’ attainment and schioltaly.
13



cognitive outcomes for Danish native students. Blonand Rocco (2011) provide cross-
country evidence of a negative but small effecttied share of immigrants on natives’
educational attainment. On top of that, even lesknown on the possible underlying
mechanisms that such peer interactions may follbhve study of peer interactions between
native and non-native students has also importatityp implications ranging from the
implementation of re-allocation programs (e.g. tlBoston Moving To Opportunity
Program’, Angrist and Lang 2004), to non-nativedstuts allocation rules across classes or
schools, or even ‘share-cap’ rules that fix a mawximlevel to non-native students

concentration in each school.

Thefirst chapter (“Social interactions between native and non-nattuelents: mechanisms
and evidenc® addresses the question of whether social intienas between native and non-
native students affect natives’ attainment meashyetkst scores in Math and Language. The
chapter proposes a theoretical framework to stylize possible mechanisms of peer
interactions between native and non-native studdrdsed on a ‘disruption’ versus
‘integration model’ of education production (Lazed&001), and tests the theoretical
predictions identifying the causal link between smatives’ school share and native students’
educational outcomes. The identification strategygés upon school fixed effects and
selection on observables. Results show that nawenathool share has small and negative
impacts on test scores of natives’ peers. Negadiffects on natives’ test scores are
significantly different from zero only for suffialy high values of non-native school-share
and characterized by a convex relation (i.e. maitbjinncreasing with respect to non-native
school share). The empirical evidence is consisteith an integration model of peer

interactions.

The second chapter (“Acting-white? Social interactions among non-natistident?)
addresses the issue of the effects of social ictieres within non-native students on their own
attainment. The empirical analysis tests the ex¢®eand relevance of two potential
behavioural channels that might help to explain dhderlying mechanisms: ‘acting-white’
and ‘assimilation’. | label ‘acting-white’ the ewdce that within-group negative social
interactions are greater the greater is the segoegaf minority students within each school.
This is a sort of reinterpretation of the ‘oppasital culture behaviours’ sociological theory
(Fordham and Ogbu, 1986). The ‘assimilation chdnseésted restricting the analysis on the
sub-group of first-generation non-native studenit® ylausibly experience more difficulties
to assimilate to the hosting country language artui@ with respect to second generation

14



peers. The sources of endogeneity are tackled amtmstrumental variable approach. | find
negative within-group social interaction effectergmsing with respect to the degree of school
segregation and decreasing with respect to nonagtassimilation. These findings support
the existence of ‘oppositional culture’ mechanisos ‘acting-white behaviours’) that

exacerbate the negative social interactions efigittsn the non-native peer group.

Thethird chapter (“Students’ cheating as a social interaction: evidefrom a randomized
experiment in a national evaluation progrgniocuses on students’ cheating as a form of
social interaction among classmates taking aniaffiexam. Large-scale cheating has been
uncovered over the last year at some of the US roostpetitive schools, and surveys
conducted in US and Canada document that a relgvantof high school and college
students admit to have cheated in official exams(kbe, 2005). Economic literature
suggests that students’ and teachers’ cheatingteegi has been growing hand in hand with
the more extensive use of high-stake testing systeith detrimental consequences on the
signalling value of the education on the labour ketirand on the incentives to invest in
human capital accumulation. There is little evidewon the effects of cheating behavior for
educational outcomes, as well as on the measukes ta contrast its diffusion. This chapter
is one of the few work which analyses students’atihg behavior in a social interaction
framework. In fact, when a student cheats duringeaam, many others — who might
otherwise have behaved honestly - end up beingenfied thus reacting to such behavior. In
this context, even an isolate cheating behavior prapagate and become larger through
social interactions. We provide a measure of tloasmteractions due do students’ cheating
while taking an exam in terms of ‘cheating socialltiplier’. First, we build a theoretical
model which defines the mechanisms that may dragak interactions in cheating behavior
showing that students may optimally decide whett®erengage in cooperative effort
exchanging information and do so taking into ac¢ather students’ best response. Then, we
estimate the structural parameter correspondintbesocial multiplier in cheating behaviors
using the Excess-Variance approach developed blya@rg2008) which is based on contrasts
in the (excess) variability of conditional betweemd within-variance at different levels of
aggregation. The natural experiment in Invalsi SiNia is the perfect environment to retrieve
the structural parameter as it provides a perfantiemization in the external monitoring
technology to which classrooms were subject to mdurthe evaluation. This chapter
contributes to several strands of the literaturestFit is one of the few works studying the
unintended behavioral consequences due to thadudtion of testing systems in education.
Second, it contributes to the general literaturesoaial interactions as it is one of the few
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papers estimating the endogenous part of the gemate parameters a la Manski. Third, it
develops a stylized theoretical model and direetitimates the structural parameters of the
social interactions due to students’ cheating atiptpa relatively new identification strategy
based on the Excess-Variance approach develop&tdihyam (2008). We find that cheating
interactions play a substantial role so that tolegathis practice can have detrimental
consequences which are substantially amplified loy effects of the social multiplier:
cooperative behaviors, when a strict external nooinig) is missing, may generate a change in
the equilibrium of students’ achievements that wdcé as big as the class average

achievement.
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CHAPTER 1.
SOCIAL INTERACTIONS BETWEEN
NATIVE AND NON-NATIVE STUDENTS:
MECHANISMS AND EVIDENCE

ABSTRACT

| present an education production function with rpeespillovers encompassing two

alternative mechanisms of peer effects betweenaatid non-native students: disruption and
integration. The identification strategy exploitsetidiosyncratic variation in non-native

school share between adjacent cohorts and schaal-&ffects to estimate peer effects on
natives’ school mean test scores in Language antth.Maest the theoretical predictions

exploiting a dataset covering the entire populatbnative and non-native students enrolled
in Italian junior high schools. | find that non-ieg school share has negative impacts on
natives’ school mean test score especially conegrbanguage skills. Effects are highly non-
linear: non-native school share below 15% doesaffett natives’ outcomes. The disruptive
mechanism of peer interactions is partially rej@dby the empirical analysis which rather

supports the integration mechanism.

JEL Classification: J15, 121, 128
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1.1.INTRODUCTION

Over the last decade, most OECD countries haveriexped increased migration, much of it
of people whose home language is not the languégestouction in the schools that their
children attend: according to PISA 2009 survey,ghaportion of 15-years-old students with
an immigrant background in the European Union adesitwas around 9% (PISA, 2009).
While there is a vast literature on the effectsimmigration on natives’ labour market
outcomes, economic studies on the effects of ndinenatudents on native peers’ attainment
levels is quite limited (Gouldet al, 2009). These students may be academically
disadvantaged either because they are immigratesirggn a new education system or because
they need to learn a new language in a home emagahthat may not facilitate this learning.
In both cases, they plausibly need special or eattention from teachers and educators.
Moreover, the educational disadvantage experiegedon-native students is substantially
influenced by the new environment they face in llosting country (Dustmann and Glitz,
2011; Dustmanret al, 2011) and peer effects may play a crucial rolenamrowing the
existing gap - integrating non-native with nativieicents - or exacerbating it - if self-
clustering and rejection behaviours are in plagg€&chini and Zenou, 2006).

Starting from Coleman (1966), scholars in the dogy of education have long argued that
peers’ influence and class ethnic composition anportant determinants of students’
achievement. Nevertheless, the specific questiorwloéther non-natives affect natives’
educational outcomes through social interactiors reaeived relatively little attention and
presents mixed evidence (Brunello and Rocco, 2Ghlild et al, 2009). Even less is known
on the possible underlying mechanisms that suchipesactions may follow (De Giorgi and
Pellizzari, 2011).The aim of the paper is twofold. On the one hangkolbose a theoretical
framework to stylize the two mechanisms of peegranttions between native and non-native
students based on ‘disruption’ vs. ‘integration’ dets of educational production. On the
other hand, | test the theoretical predictions tifigng the causal link between non-natives’
school share and native students’ educational aw#eo Assuming that non-native students
have a higher propensity to disrupt compared tivesitand grounding on Lazear (2001)
educational production framework, the ‘disruptivedal’ of peer interaction predicts that, in
mixed schools, the presence of non-native studgetserates negative externalities on
natives’ attainment which are marginally decreasintp respect to non-native share. This
model embeds the classical ‘bad apple principlethsd one ‘disruptive student’ is enough to
generate bad spill-overs on all the students (Hady Weinghart, 2006; Epple and Romano,
2011; Sacerdote, 2010). The ‘integration modeldmts that, for ‘sufficiently low’ values of

19



non-native school share, non-natives students’upign does not hurt the educational
production process. This is because non-nativeestachre more easily integrated with native
peers and engage less frequently in disruptive \betis when they are not enough to
constitute an independent cluster in the schoogbldibing this framework, | want to answer
the following research questions: does non-natth®al share induce negative peer effects on
natives’ attainment? Is the ‘disruption mechanisuifficient to explain peer effects between
native and non-native students? Do different leeglson-native school share have different
impacts on natives’ so that an ‘integration meckianimight be at work?

From the empirical point of view, | identify peeffexts exploiting the within school
idiosyncratic variation in non-native share betweejacent cohorts. Our estimation strategy
relies on the assumption that changes in non-natkieol shares between adjacent cohorts in
the same school are not correlated with pupils’bseovable characteristics that may be
relevant in the educational production processvi8gl problems of sorting and omitted
variables bias is crucial in the correct identifica of the effects. Sorting takes place within
schools - as non-native students are non-randoiidgaded across classes - and between
schools because of non-natives’ families residémkecisions. | side-step the within school
non-random allocation of non-natives across clasaksg school-level averages, while
school fixed effects control for across school isgrtand non-native students endogenous
placement. Selection on observables and schoatl-tects limit omitted variable bias in
correlated effects (Hoxby, 2000; Goudd al. 2009; Brunello and Rocco, 2011). | use as
outcome measure Language and Math test scorestfi@standardised exam taken by 4l 8
grade students enrolled in Italian junior high sdk@lnvalsi First Cycle Exant.

This paper contributes both to the general litesatan peer effects in education and to the
specific stream of the literature concerning sortitdractions between native and non-native
students. First, | contribute to the general lilema on peer effects as, to the best of our
knowledge, our study is among the firsts linking tBmpirical estimation of peer effects
parameters to a stylized theoretical frameWotk fact, although there is a large empirical
literature on social interactions, still little khown about the economic mechanisms leading
to the high level of clustering in behaviour thatso commonly observed in the data (De
Giorgi and Pellizzari, 2011). Indeed, the use sfmaple theoretical framework does allow to
shed light on the interpretation of the results. tOm of that, allowing for non-linearities in
peer effects is crucial to test which possible naetdms and which channels peer effects are

following (Hoxby and Weinghart, 2006; Imbermanal. 2012). Second, | contribute to the

® 8" grade students are attending the third yearmibjthigh school. The Italiardtinior high School Diploma
corresponds to ISCED level 2.
® De Giorgi and Pellizzari (2011) and Duflo et &011) are two notable exceptions.
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specific stream of the social interactions literatwhich examines the effects of non-natives
on natives’ attainment providing new evidence om ¢listence and size of peer effects, and
on the underlying mechanisms. Our work considerabiproves the existing empirical
findings on this issue as | exploit a dataset toaitains census information @i native and
non-native 8 grade students. Thanks to this characteristic, ptyulation of non-native
students in Italian junior high schools (10 -14rgeald students) is similar to the non-native
population of students of many European countaes, especially those which experienced
sharp immigration waves in the last decades (e.§.,Bpain, Portugal, Ireland) (Eurydice,
2012). Moreover, the census dimension allows toramrae serious problems of under-
representation and attenuation bias arising whenigmant shares are included in reduced
form estimations providing more accurate resutimpgared to existing studies exploiting
survey data on students’ attainments (e.g. PISRLBland TIMMS) (Aydemir and Borjas,
2010).

Our results show that non-native school share hesegative impact on test scores of natives’
peers and that the effect is stronger for Langskgks. However, negative effects on natives’
test scores are significantly different from zerdydor sufficiently high values of non-native
school-share and marginally increasing with respecton-native school share. Thus, once |
allow for non-linear effects in non-native schobbee, the general pattern of the results is
more consistent with an ‘integration mechanismpeér interactions as negative peer effects
are not at work for non-native school shares bel&% for Language test and below 20% for
Math.

The rest of the paper is organized as follows. i8ed.2 presents a review of the literature
and Section 1.3 explains the theoretical framewdslection 1.4 discusses the main
characteristics of the dataset and provides gertmstriptive evidence while Section 1.5
describes the identification strategy. Section a8l Section 1.7 discuss the results and

conduct sensitivity checks. Section 1.8 concluaesderives policy implications.

1.2.LITERATURE

Despite the growing relevance of the immigratioreqdmenon in Europe and the well-

established desegregation literature in the U.8tksvinvestigating peer interactions between
native and non-native students in European sclavelgust a few and present mixed findings.
There is no consensus on the effects of socialdaati®ns between natives and non-natives in
educational settings: existing studies find botht ththe presence of non-native students

negatively influence natives’ attainment (Jenseth Rasmussen, 2011; Brunello and Rocco,
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2011; Gouldet al. 2009; Contini, 2011) or do not find sizeable effe(Ohinata and Van
Ours, 2011; Geagt al. 2012) so that it might happen that such interasti¢f they exist)
could either increase or decrease the existinqatent gaps (Schnepf, 2007).

Jensen and Rasmussen (2011) analyse the effechadlsethnic concentration on PISA test
scores of Danish ™ grade students. To correct for the endogeneityséhool ethnic
concentration across schools, the authors applyosdixed-effects and 1V. The instrumental
variable is the ethnic concentration in the geolgicg area where each school is located.
Results show that there is a negative effect ofietboncentration on students’ outcomes
which is statistically significant only for nativ@anish children. Brunello and Rocco (2011)
study whether the share of immigrant pupils affélts school performance of natives using
aggregate multi-country data from PISA. Aggregatainthe country level is exploited to
avoid sorting problems of immigrant students witbach country, while country fixed effects
and socio-economic indicators are used to contmoafross countries sorting and time trends
in immigrants’ residential choices. They find tlmimigrant share has small negative effects
on natives’ mean test and that a reduction of tkpedsion of this share between schools
would determine only a small increase in nativest scores. Goulét al. (2009) exploit the
variation in the number of immigrants id" fyrade conditional on the total number of
immigrant students in grades 4 to 6 to identify ¢hesal link of the immigrant concentration
on the outcomes of native students in Israeli sishddhe approach is interesting under two
main aspects: first, they use quasi-experimentalegxce as early '90 immigration waves to
Israel are used as an exogenous variation in inamigr flows; second, they focus on long-
term outcomes. Their results point to a strong exveffect of immigrant concentration on
native outcomes. Contini (2011) exploits data fi8Prand 6" grade students in Italy to study
to which extent immigrant class share influencesattainment of both native and immigrant
students. Her identification strategy is based @hiwschool (across-classes) variation in the
exposure to non-native peers. She conducts the/ssmadn a sub-sample of the original
census population of schools for which a statistiest of students random allocation across
classes is accepted. She finds that the immigrass-share has weak negative effects on
children test scores and that the effects are Hdoggoupils from disadvantaged backgrounds
and negligible for native pupils from richer farasi

In opposition to the aforementioned studies, Getagl. (2012) and Ohinata and Van Ours
(2011) do not find sizable effects. Geztyal. (2012) look at the association between the share
of non-native English speakers in the year group #ie educational attainment of native
English speakers at the end of primary school igl&rd. They use two different approaches.
First, they analyse how the effect changes usitexgen on observables in a standard value-
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added OLS model for the education production fumctiThen, similarly to Goulat al.
(2009), they implement an IV approach exploiting &xogenous variation given by the influx
of white non-native English speakers that happeaéidr 2005, on account of E.U.
enlargement to Eastern European countries. Usitiy d&yoproaches they do not find sizable
negative effects. Finally, Ohinata and Van Oursl@Gnalyse to what extent immigrant class
share has effects on native Dutch attainments usitigidual level data from PIRLS and
TIMSS surveys. Their estimation strategy explodso®l fixed effects and does not retrieve
statistically significant effects.

Differently from European studies which primarilgncern first-generation immigrants, U.S.
literature traditionally focused on achievementsgyaptween ethnic minority students (blacks
and Hispanics) and white students. Only in thedastdes peers’ interactions have started to
be seen as one the most important determinant afy abserved different behaviours and
outcomes between white and black students (Heckg@d,). Early contributions were given
by Evans, Oates and Schwab (1992) and Cutler andsét (1997), while Hoxby (2000),
Hanusheket al. (2009) and Hanushek and Rivkin (2009) are the fosdefine ‘racial peer
effects’ as a particular group of social interagsidaking place between students belonging to
different ethnic groups. These works generally painweak effects of immigrant school
share on students’ achievement. The effects areehigithin students of the same ethnic
group than between students belonging to diffesémic groups.

A common characteristic of both European and Ut8tature on peer effects is the main
interest in empirical analysis. Theoretical invgation of the mechanisms of educational
social interactions is usually neglected althoughcould help to provide consistent
interpretations for the empirical evidence (De @ioand Pellizzari, 2011). One notable
exception is Cooley (2010) who defines a structunabel to explain the achievement gap
between black and white students and estimatesngulata from North Carolina elementary
schools. In line with the reduced-form estimatiarsfsracial peer effects, she finds that
endogenous peer effects within the non-native peeup are much stronger than effects

between natives and non-natives.

1.3. THEORETICAL FRAMEWORK

In this Section, | propose two models of peer ¢ffdetween native and non-native students.
First, | adapt the ‘disruption’ model a la Lazea®@1) identifying the two types of students

who interact in a mixed school with native and mative students. Then, | propose the
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‘integration model’ which extends Lazear (2001) aflow for heterogeneity in the
externalities according to different intensity bétexposure of non-natives to native peers.
Disruption is a possible mechanism of peer intévastthat directly influences the learning
process and the attainment levels through exté¢iemtiaused by peers’ behavibufhe basic
assumptions | made are twd) one child’s disruption hurts the learning processall
students (including the disruptive one)) fion-native students have a higher propensity to
cause interruptions during the learning proces®yTdre stylized assumptions on different
‘behaviours’ that distinguish the two types. Indetgk ‘disruption mechanism’ may follow
many different channels and should not be assattataon-native students’ ‘bad’ behaviour:
it could be thought as non-native students’ neealdditional help which causes the teacher to
slow down the teaching activity, as well as nonveastudents’ higher propensity to interrupt
because of more difficulties to understand duensufficient language skills. Descriptive

evidence and discussions in Appendix A corrobaitaee hypotheses.

1.3.1 The ‘Disruption’ Model A La Lazear

Interactions between native and non-native studemtdhe school are such that the
misbehaviour of the ‘more disruptive’ type deteresmegative externalities on the learning
production process which are captured by negateer gffects on per student outcome.
Following Lazear (2001), | defing as the probability that any student is not hurtisgown
learning or other’s learning at any moment in iheetspent at school. Given a class sizg,of
the probability that disruption occurs at any monierimet is (1 — @). DefineV as the value

of a unit of learning, which is influenced by thkelihood that a student is not engaged in a
disruptive behaviour in the given instanandZ the total number of students in the school.
Then, the total output for each school is givenYsyZzVvgd', and the output per student by
y=Vp". As discussed above, | assume that non-nativeestsid=F ) tend to interrupt more
frequently (on average) with respect to native pdeiN), so that | can identify to types of
students JEN, F) according to different values @ ( pn > pr). Finally, definef<0.5 the
proportion of non-native students in each schodhsd typeF is the ‘minority type’. This is
consistent with the institutional setting and dagad as in Italian schools - as well as in the
majority of European schools - non-native studestsly constitute the majority of the school
population (Table 1, MIUR, 2009a, 2010, 2011; Eiogd 2012). Normalizing/ to 1 and

holdingn constant, per-student output in mixed schools is:

" Hoxby and Weinghart (2006), De Giorgi and PellizZa011), Epple and Romano (2011), Sacerdote (2010
and McKeeet al. (2010) point to Lazear (2001) model as one ofpbntial model of peer interactions in the
school.
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Y= [1]

where y =y, =y under assumptioni)( The ‘disruptive model’ predicts that per-student

output §) is a decreasing and concave function of non-aaohool share:

° _rywo 2 inl P | = vo | P
=5 [ pE2pE |in o 7Y In N <0 2]
0’y° _9y° (p
=9 hl P
0F 06 n(pNj>O 3]

Expressions [2] and [3] describe the main charesties of the ‘disruptive model’ of
educational production which embeds the so-caltedi-apple principle’. Eq. [2] states that
increasing non-native school share always detesnmegative externalities on students’
outcome so that one disruptive student (i.e. ‘oaé apple’) is enough to generate negative
peer effects on all schoolmates. The concave oelatescribed by eq. [2] and [3] shows that
as the share of non-native students increasescti@ol becomes more segregated and the
negative effects on per student attainment margimcreases. The decreasing and strictly
concave relation between non-native share andtpdest output can be represented as in
Figure 1.

[Figure 1 here]

1.3.2 The ‘integration’model

The ‘integration model’ embeds the ‘subcultural mibgroposed in the U.S. sociological
literature (Fordham and Ogbu, 1986; Steele and #a0n1998) and exploited to ground the
evidence of ‘acting-white’ behaviours in U.S. sclso@-ryer and Torelli, 2010). Anytime an
integration mechanism is at work, native studemnestepositive externalities on non-native
peers so that the difference between native anehative students, in terms of propensity to
disrupt, tend to be attenuatq@ (- pyn). Integration, however, has some cost which | @m&su
to be the effort made by native students to intiegnan-native peers. Intuitively, if non-native
students are relatively isolated, integration ssleostly for native students (Lazear, 1999). On
the contrary, anytime non-native students becoraegbent enough to form a ‘critical mass’,

the native type rejects them because the effoiritefration becomes too high. The rejection
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may be due to different reasons: natives may bkngito make sufficient effort to include a
few minority members but unwilling to make the efféo include numerous non-native
schoolmates, but also unwilling to include some-native students while rejecting others
(Hoxby and Weingarth, 2006).

The ‘integration mechanism’ is formalized transfargithe non-native propensity of disrupt

(pe) into a decreasing function of the proportion ohmative student& (i.e. pr (6)):

y =i pn@)] [4]

Thus, definepe(d) as a continuous, twice differentiable functionisging the following
propertie&;

p, if =0
P-(6)={P. < p-(8) < p, if 60(0;0.5) [5.1]
P <p, if 6=0.5
0if 6=0
o (9):6'05;6') =/P. < p.(6)<0if 80(0;0.5) [5.2]
P. <0if 6=05

op: (6)

where P, = p. (0.5) and p, = Y :
6=0.5

In particular, notice that if non-native share idfisiently small, the propensity of non-

disruption of non-natives approaches the natives’ ne o (i.e.

if & 0" thenp. @)- p, andy- & }» 1) as a result of the integration process. On the
contrary, if non-native share increases, the gahénpropensity of non-disruption between
the two types grows (i.éf 8 - 0.5 thenp. @)- B andy 4 »» ).

As a result, the ‘integration mechanism’ determimaportant differences in the predicted
effects due to non-native students’ school shatk mispect to the simple ‘disruption model’.

In fact, contrary to the ‘disruption model’ whiclemerates strictly negative externalities (eq.

[2]), the ‘integration mechanism’ allows for nongagive externalities on students’ outcomes:

8 For example, the functiom:(d) can be defined according to an integration indé® = 6/ (1- 6) representing
the ratio between the number of non-native andseatiudents.
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In particular, the ‘integration mechanism’ makee tion-native peers’ negative spillovers -

due to the disruption mechanism - decrease foicgerfitly low non-native school shafes

|
if ew*:%lgq

v [7]
if 6.05 =2 k<0

e

wherek is a negative real number.
[Figure 2 here]

Figure 2 represents the basic intuitions from théegration mechanism’ in eq. [6] and [7]:
the dotted and dashed lines show two possible shap¢he relation between non-native
school shared) and per student outcomg) (consistent with the ‘integration model’. The
dashed line is globally convex, the dotted lineaavex ford approaching zero. This implies
that, even without specifying a precise form of faeaction p:(9), the externalities from
‘disruptive non-native peers’ are close to zerodufficiently low values of the share of non-
natives. This is because the education productmetion with the integration mechanism
follows the predictions of the ‘subcultural modshowing that the minority type can be
integrated by the majority type as long as thissdoet entail high cost. As demonstrated by
Lazear (1999), this ‘integration mechanism’ actsaa®ultural acquisition’ behaviour that

cancels out the distinction between the two typgs { p,) and it is more likely to occur

when the presence of non-native students in ealebokés below a certain ‘critical mass
value™®,

To sum up, the ‘disruption mechanism’ predicts miegaand marginally decreasing peer
effects of non-native school share on per studemtome. The ‘integration mechanism’
mitigates these effects and predicts ‘non-linedect$’ with respect to non-native school
share which are close to zero when non-native satwoe is ‘sufficiently low’. | test these

theoretical predictions in the empirical applicatiexploiting a rich dataset containing census

° Analytical derivations in Appendix B.

19| azear (1999) presents a model of ‘cultural adtioig and shows that “[...] incentives to be assiéld into
the majority culture depend on the size of thewvah groups. The smaller is the minority relatieethe
majority, the greater is the incentive of a minpritember to acquire the culture of the majorityagkear, 2001,
p. 791).
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information on test scores and administrative r@smn all & grade native and non-native

students for three subsequent school years.

1.4.DATA AND DESCRIPTIVE STATISTICS

Many European countries - including Italy, SpainKl) Portugal and Ireland - experienced
massive migration waves starting from the late N@se The share of foreign population has
risen rapidly: from 1997 to 2007 Italy records aorease of 242 %, Spain 627%, the U.K.
92%, Portugal 147% (OECD, 2010), and, as a conseguenon-native students are
nowadays a relevant part of the school populatrahgenerate a wide range of occasions for
peer interactions between students of differemtietbrigins.

[Figure 3 here]
This gives rise to a quantitatively large, but tiglely unknown, phenomenon. For instance, in
school year 1996-97 only 0.7% of students in tladiaih school system had a non-ltalian
citizenship, while in 2010-11 the share has growriai7.0%, with peaks of more than 9% in
primary and junior high schools, in line with avgeatrends in most European countries
(Figure 3; Eurydice, 2012). This characteristicrapid and sheer increase in the non-native
school population also improves the identificatioh peer effects. In fact, the students’
populations used in this works are the first cahoriho have been exposed to the immigration
externalities of non-native students on nativedtomes and this help to limit confounding
long-term effects (Gouldt al, 2009).
We exploit a unique dataset that combines fimealsi First Cycle Final Examdatd®,
administrative records fromMinistry of Education Statistical Officeand the Italian
Population Census Survey 200Qfvalsi First Cycle Exanffrom now on ‘Invalsi IC’)data
contain Math and Language test scores and adnatigrrecords on all students enrolled in
Italian junior high schools. The census dimensiéninwalsi IC tests allows to overcome
problems of underrepresentation of immigrant indlisls in sample surveys which lead to a
substantial attenuation bias (Aydemir and Borj&d,. Additional information about socio-
economic family background are obtained as schoatlaverages of Census variables linked
to each school using an original matching technifaé identifies for each junior high school
its ‘catchment area’.
Test scores in Invalsi IC data range from 0 to 400 refer to the fraction of right answers for

each of the two subjects. Three waves are avajlableesponding to 2007-08, 2008-09 and

1 INVALSI (Istituto Nazionale per la Valutazione del Sistentétivo di Istruzione e di Formazionis the
independent public institute carrying out the emtibn of Italian school system and test studentisirament
levels.
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2009-10 school years final exams (about 500,000esiis per wave). Individual information
cover year of birth, gender, citizenship (Italiaon-Italian); how long the student is in Italy if
born abroad (from primary school, for 1-3 yearsslthan 1 year); mother’s and father’s place
of birth (Italy, EU, European but non-EU, other ABaropean country), grade retention (if the
student is ‘regular’ i.e. if he/she is 14 years aldhe end of the school year; ‘in advance’ i.e.
younger than ‘regular students, or ‘retained’ i.elder than ‘regular students).
Administrative records from Ministry of Educationta8stical Office provide general
information about school characteristics (i.e. tydeschool, public vs. private, number of
students enrolled and number of teachers, averdage size) matched to Invalsi First Cycle
data through an anonymous school identifier. Fnalensus 2001 contains information
about resident population in Italy in 2001. Eaclhasd is matched to a group of census
divisions through an original matching techniqueigeed to associate to each junior high
school a group of census cells constituting itécloment area’ (Barbieet al. 2011}2 This
procedure allows matching to each junior high stadables from 2001 Population Census
Survey covering a great variety of demographic soclo-economic information on resident
population (gender, age, ethnic origins, educatiabpur force participation, occupation,

households’ composition and houses characteristics)
1.4.1. Descriptive statistics

We exploit the panel dimension of the dataset whg&ltonstituted by 5616 junior high
schools $=1...5616 and three school years=2008, 2009, 2013°. Mean test scores and
mean individual characteristics are obtained ayietpat the school level individual level
information. School characteristics are matchednfr€ensus and administrative school
records as explained above. | define to as ‘noiv@astudent an individual enrolled in the
ltalian school system and having both parents witli@lian citizenship'.

[Table 1 here]
Panel A in Table 1 describes the general charatiteyiof the schools in the dataset (number
of students and schools, non-native school shaezage school size, average class size) with
respect to geographical macro-area and Invalsi #&ew while Panel B provides descriptive
statistics concerning non-native school share, dclsize and average class size. The

distribution of non-native students across theittagr is not homogenous: in Northern and

125ee Appendix B for a detailed description of théadet and the matching techniques used.

13 From the original population of 6290 schools, atn8% are dropped because they appear in only ane.w
To be consistent with the theoretical framework,als® exclude 22 schools with non-native schootesiag"
grade greater than 0.5. Robustness checks showethdts do not change even without dropping tisebeols.
t=2008 stands for school year 2007-08 and so on.

' This definition coincides with the definition dfe Ministry of Education Statistical Office.

29



Centre regions the average non-native school skameound 11-10% while it dramatically
falls in the South (2%). Moreover, in the Appendixl provide a short description of the
regulatory framework concerning allocation rulesnoh-native students across classes and
schools and show that non-native students are amatomly allocated across classes in the
same school. Average school and class size areaiignequally distributed across the IC
waves although sensibly smaller in the South of ¢dbantry. This suggested appropriate
robustness checks performed in Section 1.7.1.

[Table 2 here]

[Table 3 here]
Table 2 shows school mean and standard deviatitesbEcores according to the native/non-
native status: gaps between mean test scores toresmaand non-natives are large and
statistically significant. In Table 3 | report theefficient of the dummy variabldéing non-
nativeé obtained running individual-level pooled OLS regsions on the whole sample of IC
2009 and 2010 students. | first show the raw coieffit of the unconditional attainment gap
where | control only for cohort fixed effects toptare possible trends in the two IC waves:
non-native students have test score lower thanengters by 11.65 points in Language, and
8.36 points in Math. Then, | progressively add colstfor individual characteristics (gender,
retention, parents’ origins, time spent in the hostintry since birth), time-variant school
characteristics (school size, average class sigal-feacher ratio) and school fixed-effects.
The conditioned gaps turn out to be smaller thanutiiconditioned one, but still significantly
different from zerocoeteris paribusbeing non-native implies a lower test score induage
(-3.44 points) and in Math (-1.79 points).
Two main results can be drawn from general deseemvidence. First, there exists a sizable
gap in test scores results between native and atiwerstudents which is greater in Language
than in Math skills. Second, even after taking iat@ount individual characteristics, parental
background, school characteristics and territadiferences, the attainment gap is reduced
but still persists. Given that the gap does napmjigar controlling for usual school and family
background inputs, it is plausible to think thaicgl’ inputs and peers’ externalities may play
a crucial role in explaining these gaps (Akerlofl dranton 2002; Heckman 2011; Freyer

2011; Patacchini and Zenou, 2006 among others).

1.5.EMPIRICAL STRATEGY

The estimation of peer effects between native amtmative students must address several

empirical difficulties concerning different types siudents’ sorting and omitted variable bias
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in correlated effects. First of all, non-nativeshcentration in the schools may be endogenous
because of households’ housing decisions. One nakst into account the endogenous
placement of immigrants into some geographical satbat are usually more likely to be
populated also by lower-achieving native studerggardless of the local level of immigrant
concentration (Goulét al, 2009). Second, the peer group can be the resuidofidual and
families choices: for example, given the residdrmdice of the household, individuals might
choose a certain school on the basis of some (peeschool quality. Third, given the
school choice, the allocation of non-native stugerhong classes is not random, but usually
depends on school staff choices, previous schabl pawv or regulations (Ammermueller and
Pischke, 2009). Besides self-selection issues, esftanation of a reduced form model
retrieving the peer effect parameters is alsodiffibecause of the problems arising from the
presence of the correlated effects that will giige ito bias if they are correlated with peer
group composition (Manski, 1993). The sorting pes&s described and the difficulty to
control for all possible correlated effects maydiéa a negative spurious correlation between
attainments levels of native students and non-eaohool share, independently from the fact
that non-native students actually cause some ediges on natives’ outcomes.

Our estimation strategy relies on the assumptia@ thanges in non-native school shares
between adjacent cohorts within the same schoahatreorrelated with pupils’ unobservable
characteristics that may be relevant in the edocati production process. The strategy
implemented rests on averaging procedures andtiselean observables to solve the sorting
mechanisms described above (sorting across clas#®s same school, sorting across schools
in the same areas and endogenous placement aceas3 and school fixed-effects to limit
possible bias due to omitted variables in correlaiects. In the empirical specification | use
as outcome variable natives’ per student outcoyleds the focus of this work is on peer

effects on natives’ attainment due to non-nativergespill-overs.

1.5.1. Baseline empirical model

We solve sorting of non-native students acrossselmsvithin the same school using school
level averages (Card and Rothstein, 2007) andnitiigethe effect of non-native school share
on natives’ attainment exploiting school by timerigaons in the data. In fact, any non-
randomness due to across classes sorting would rggeeto a class-specific error term

correlated with the observed variables which paadigtbias OLS estimates from individual-
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level datal5. Conducting our analysis at the sch®atl solves the sorting of non-natives
across classes in the same school as long as imasthat: (i) the class-specific error
component averages to zero across all classe® iactiool; (ii) the individual-specific error
component are mean zero for all natives in eacbddCard and Rothstein, 2007). Thus, |

start from the following empirical specificationtate school level:

Yo =BPL + Xia+g +o +n% (8]
where:

E_ non- nativeg |
' (nativeg, + non nativey

grade=8 [8 . 1]

yl is the school mean test score of Jligade native students=N) in schools and school
yeart; X/ is a vector containing mean characteristics of/eattudents in schosland year

t; ps are school fixed effects and the teppincludes cohort and territorial fixed-effec®! is

the variable of interest and it is defined as thers of &' grade non-native students in school
s and yeart (henceforth hon-native school shale School fixed effects solve omitted
variable bias in individual mean characteristicsl @achool mean characteristics which may

F is

influence natives’ attainment (i.e. the correlagdieects). Notice tha®; ~ used as a proxy for

average non-native peers’ characteristi®g, §. The rationale for this stands in the fact that

the share of non-native peers in the school isa gwoxy of peers’ characteristics but it is
also predetermined with respect to the outcome uneasnd thus not affected by common
school-level shocks (i.e. the correlated effecdshihermuller and Pischke, 2009; Angrist and

Lang, 2004). Indeed, the use of peers average akastics (X, ) may determine serious

problems of collinearity with respect to individugiaracteristics and may be correlated with
common shared variables. Moreover, because ofwik-known ‘Reflection Problem’
(Manski, 1993), | cannot distinguish wheth@ reflects the exogenous effects of peers’
characteristics or the endogenous effects operdatingugh peers’ achievement. Anyway,
finding evidence of the ‘social effects’ (i.e. bathdogenous and exogenous peer effects) is

still of substantial policy interest (AmmermullancdaPischke, 2009).

> Non-random allocation of non-native students aeroksses is common in many European countries.
Ammermueller and Pischke (2009) provide evideneegpfanary schools in France and Sweden. Contini {30
finds that for approximately 22% of junior high scis in Italy the null of non-random allocationigfmigrant
students across classes within the same schoabthanejected (at 10% confidence levél ggade).
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Another important source of endogeneity that mestaidressed in our empirical model is
across schools sorting of non-native students. @chiwed-effects and geographical area
fixed effects already capture this sortiigHowever, | also exploit the original featuresoof
dataset and add to the specification in eq. [8¢tao$ school by year variable8V{) which
capture the socio-economic characteristics of eablool catchment-area and help to control
for non-natives’ sorting across schools. The secionomic variables are chosen to capture
catchment-area characteristics that could havacatid immigrant families in the past and
thus influence the actual non-native school shiog.example, | include male and female
occupation rates, population density, indicators poor housing conditions which are
considered relevant determinant of immigrants’destial choices (Boeet al, 2011). | also
include the number of non-Italian residents in escmool catchment area in 2001 (i.e. at the
beginning of the sharp increase in the Italian ignation trend) which can be shown to be a
strong predictor of the actual non-native schoakss.

A final concern may arise in cases in which theiateim of non-native shares across
subsequent cohorts is potentially endogenous becaftisome sort of ‘native flight' or
underlying time trends (Betts and Fairlie 2003, by»X000 among others). In this case, |
apply the same strategy used by Goeldal. (2009) and Brunello and Rocco (2011)
conditioning on the total stock of non-native studein the school (i.e. the total number of
non-native students in"6 7" and &' grades) and on total school size (i.e. the tatahlmer of
students enrolled in the schoof,). Conditioning on these variables, the share oFmnative
students who attend"&rade in each school can be considered as gomhdsm, while any
residual correlation between non-native sharessahaol characteristics is captured by the
school fixed effects. | also include in vec®¢ relevant time-variant school characteristics
such as average class-size, pupil-to-teacher matib ‘cheating dummie¥. Equation [9]

represents our baseline empirical specification:
Ya = BPr + Xa+ WP+ Sy+¢ +¢ +1' [9]
[Table 4 here]

Table 4 contains the complete list and descriptibthe variables included in th&; Ws; and

Sit vectors. The estimation g8 in eq. [9] allows a causal interpretation of thiee of non-

6 Geographical area fixed-effects are in the formiméraction variables between five territorial duias
(North West, North East, Centre, South, Islands) gear dummies. In the sensitivity analysis we shbat
results are robust introducing up to 103 territadtiammies corresponding to school-districts and/imae level.

7 See Appendix C for detailed description on howcleatent-areas are built and school variables are
constructed.
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native school share on natives’ attainment whichtérpret as non-natives’ peer effects on

natives’ attainment. 1{3 <0 | might conclude that the presence of non-nattudents cause

negative externalities on the attainment of natpeers and that a possible ‘disruption

mechanism’ is at work.

1.6.RESULTS

In this section, | first present the results frame tbaseline specification and then | seek for
non-linear effects in order to test the mechaniginstrated in Section 1.3.

[Table 5 here]
Table 5 contains the results for the baseline modet dependent variable is the Invalsi IC
school mean test score for native students. | conolur analysis separating Language from
Math test score. The rationale for doing it beihgttl expect peer effects to have greater
impact on Language tests because language slalldiaactly influenced by the use of Italian
language with native peers. | progressively adaasthariables controlsS) in columns (II)
and catchment-area socio economic variablgg) (n columns (lll). Thus, the coefficients
estimated in columns (1) correspond to eq. [8],lvthie ones estimated in columns (lll) to eq.
[9]. Adding school and catchment-area controls ifiantly influences the estimates
improving the school fixed-effects basic framewarrkd limiting the possible biases due to
across school sorting.

Focusing on the estimates @f from eq. [9] (columns IlI), | find negative andasstically

significant effects and that natives’ Language Iskilre more influenced by peers effects
compared to Math. Increasing non-native schoolesbgrl% determines a decrease of -4.85
points in native peers’ Language school mean tesesand -3.53 in Math, corresponding to a
decrease of 0.66 standard deviations for Language(Ga35 for Math. Given that school
composition usually changes a lot from primaryunigr high schools (MIUR 2009, 2010),
these effects can be interpreted as the resulhefcumulated externalities experienced by
native peers in the exposure to non-natives dutingythree years of junior high school.
Notice also that the cohorts used in this study aotially the first to be exposed to a
‘relevant’ presence of immigrant students in thieosds so that long-term confounding effects
are limited in our setting thanks to the charast@s of the immigration waves (see Section
1.4 and Appendix A). However, non-native studezas be enrollediuring the school year

or suffer higher grade retention compared to natise that school composition could be
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subject to sensible changes from grade 6'oBecause of the possibility of these changes in
the non-native school composition, | can interghet estimated peer effects as @pper
boundof the cumulated externalities.

Our results are in line with Brunello and Rocco [2f) Jansen and Rasmussen (2011),
Contini (2011) and Gouldt al. (2009). Brunello and Rocco (2011) find that a peecentage
point increase in the share of immigrant studestexipected to decrease by 1.38 points the
average test scores for native students (0.01&latdrdeviations). Contini (2011) finds that
the class share of immigrant students decreafegréde individual test score by 0.66
standard deviations for Language and 0.14 for Mathansen and Rasmussen (2011) find
negative and significant effects only for Math: &6 lincrease in immigrant school
concentration reduces individual Math score by hoiits (0.011 standard deviations).

The baseline model estimates improve existing e@ogbistudies under, at least, two main
aspects. First, | use the universe of native amdrragive students and thus do not suffer from
attenuation bias (Aydemir and Borjas, 2010). Thas gartially explain the fact that the
effects | find are greater compared to Brunello Redco (2011) and Jensen and Rasmussen
(2011), but in line with Contini (2011). Second,gegpation at the school level ensures
consistent estimates for the peer effects paranbetegiuse estimations from individual-level
OLS with school fixed effects are inconsistent aagl as non-native students are non-
randomly allocated across classes (Ammermiiller Bisthke, 2009Y. In any case, the
magnitude of the estimated effects are only p#ytiabmparable to the aforementioned
studies: Brunello and Rocco (2011) include in thmgle several countries with immigration
histories different from the ltaly and, in generantinental Europe (such as the U.S., New
Zealand, Mexico, Russia, Canada), while JansenRammhussen (2011) and Contini (2011)

exploit individual level data and within school iaion in immigrant class shares.
1.6.1. Non linear effects: ‘disruption’ vs ‘integraion’ mechanism

The theoretical framework predicts that in case timegration mechanism’ plays a
substantive role, the effects of non-native shaey wubstantially with respect to different

levels of Pf . Therefore, it is crucial to test for possible Amearity in the peer effects to

'8 In the robustness checks (Section 3.7.1) we shaivgrade retention does not to induce bias irré¢kalts.
The presence of non-native students enrolled dassethan one year is actually negligible in oumgle (about
0.004%).

% The effects are taken from the sum of the pedabtms of the share of first and second generationigrants
(Contini, 2011, Table 6).

%0 An alternative method to solve this problem woloddto exclude all schools where the null of random-
allocation across classes is rejected (see Cogfidil). However, given that this is more likelyhappen for
schools with a limited number of non-natives, itulebbe more difficult to test for non-linearity the effects
and underlying social mechanisms.
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distinguish which of the two mechanisms is at work. this purpose, | introduce a linear
spline functional form in non-native school sharéding the non-native school share range

into two intervals with the breaking poiffitC] (0;0.5):

Ya = BRI+ B P+ Xoa+ W+ Sy+¢ +4 #n'
BFi = o, if 0<g,<T
* o |1-6, ifT<6,<05

[10]

We accept thdaypothesis that a simple ‘disruption mechanismatisvork if two conditions
hold: () peer effects are negative and statistically $icamt for every value of the non-native
school share range (i.¢3,<0 and B, <Ofor every value ofT ); (ii) a strictly concave
relation exists between non-native school share ratd/e educational outcome. This is

because the ‘disruption mechanism’ implies that éeBmated peer effects3() should be
greater for lower values of non-native school shatee. |8, P|5, |, the ‘bad apple
principle’). On the other hand, | accept tmgpothesis that an ‘integration mechanism’ is at
work if: (i) peer effects are negative and statistically $icgnit only for ‘sufficiently high’

values ofT. (i.e. ,=0 and g, <0); (ii) the ‘integration mechanism’ entails a convex

relation between non-native school share and r&tieducational outcome (at least) as
6 - 0(i.e. | B, K|B, | for ‘sufficiently low’ values ofT).
To seek for structural changes in the effects llement different values of the break point
(T) and report the results in Table 6. This allowsvging in a flexible way how effects vary
above and below any given threshold. In the setisitanalysis (Section 1.7) | present
additional tests for non-linear effects in non-matischool share implementing different
methods.

[Table 6 here]
The effects are highly non-linear: | always reje¢oe null thayf, -3, =0. Setting the
threshold at the mean of the non-native schooleshigstribution T=0.068) | obtain that
increasing by 1% the non-native share has nosstatily significant effects if the non-native
school share is below the threshold, while it dases natives’ Language and Math test scores
by almost 5 points if the share is above 6.8%. géreral pattern of the results shows that the
increase of non-native share has negative andststatly significant effects only for

sufficiently large values ofF. | cannot reject the null tha®, =0and S, <0 for T<0.10, while,
if T>0.10, B, and B, are both negative and statistically significant f@anguage. Concerning
the magnitude, effects are greater for higher wabfenon-native school share, thus rejecting
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| B, P15, | both for Language and Math. The concave relatioth® ‘disruption model’ in is

not found in the empirical estimation of the effeavhich are consistent, on the contrary, with
a non-linear convex relation: negative marginadet§ are present only for high levels of non-
native school share and are generally increasitign@spect to non-native school share.
[Table 7 here]
In Table 7 I introduce a spline function with tweebk points, where the first one is fixed at
10% (1,=0.10) and | set different values for the secohg@.15; 0.20; 0.3G}. The rationale
is the following: with one break point | excludethhe structural breal) is smaller than the
threshold of 10%, indeed the effects above 10%stltaunclear. Effects below the threshold
of 10% and between 10 and 15% are never statlgtisgnificant. Results for Language
show negative and significant effects between 10 20, 10 and 30% levels of non-native
school share, while results for Math are negatind statistically significant only for high
shares (above 20%).
Summing up and interpreting together the resutimmfifable 6 and Table 7 | find that non-
linear effects reject the hypothesis of concavati@h. For Language, | cannot reject the null

thatB, =0 and S, <0 for T<0.15, while for Math the same result holds Te®0.20. Thus, our

findings are more consistent with the theoreticaldctions of the ‘integration model’ of peer
effects rather than with the simple ‘disruption rabdinterestingly, effects are stronger for
language skills where the ‘disruption’ plausiblycacs more frequently given the greater

difficulties to learn a non-mother-tongue for naatines.

1.7.ROBUSTNESS CHECKS

We test the robustness of our results under thi@a dimensions. First, | test the robustness
with respect to class-size effects and grade rietenthen, | test for possible concerns due to
the main source of endogeneity (across schoolngprtFinally, | show further evidence on

non-linear effects.

1.7.1. Robustness to class-size effects and gradeention

Existing literature on class size effects in comspwy school reports controversial results
exploiting both experimental and non-experimentatad(McKeeet al. 2010). The joint
estimation of peer effects and class-size effecteard in practice because class size could, in

principle, both amplify or reduce existing socialeractions if conformity type peer effects or

2L Robustness checks for other thresholds betwe@nahd 0.30 are always consistent with these results
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oppositional behaviour are, respectively, assunt&bak and Durlauf, 2001; Sacerdote,
2010). For instance, Graham (2008) exploit randdatation of students to large and small
classes provided by the Tennessee STAR Projeditimage the intensity of peer effects in
education attainments under the assumption thatesneéasses intensify conformity types of
social interactions among classmates. In our fraonlevt is unlikely to disentangle the single
contribution of these two channels to each studeattainment in the absence of an
exogenous variation in class size. For this reasiom,theoretical framework is developed
assuming no class-size effects (i.e. holdingonstant). In the identification strategy, given
that class size effects are part of the class-Bpemiror component, they are assumed to be
averaged out in the aggregation from individualsthool-level data (Section 1.5). The
estimation of the empirical model takes this inbcaunt and controls for average class size
and its square in all the specifications.

We perform robustness checks to ensure that ciassfects do not play a substantive role
in the data used. First, | noticed that the cosdfits of the class size variables are never
statistically significant. | also try a differenpexification for class size variable using a
categorical variable instead of the continuousiom@emented in the main specifications, but
results never show differences. Then, given thataye class size is relatively smaller in the
South, | repeat the analysis adding an interadbetween class size variables and a South
dummy. Results never show statistically significemefficients (Table 8, column I). Finally,

| interact the share of non-native students witthuenmy variable equal to 1 when average
class-size is greater of the median value (for eattort). If some form of class size effects
are at work, | would expect a statistically sigrafnt coefficient, so that the general peer

effects captured by3 would be either reinforced or mitigated. Tableh®ws that this is not

the case so that | can conclude that class siszteffare adequately controlled for in the
empirical specification and do not play a substantble in the data at haffd

[Table 8 here]
Contini (2011) underlines that non-native studeantdtalian schools typically face higher
grade retention with respect to native. Data fromidry of Education and Invalsi define to
as ‘retained’ a student enrolled in a lower gradid wespect to his/her age. However, grade
retention for non-natives may occur for three ddfe reasons. Non-native students are
enrolled in a lower grade becausgtliey are enrolled when the school year is alresddsted
and their language proficiency is insufficient &xd the grade corresponding to their agg; (

because of differences due to the previous schathi mm a school system which does not

22 Additional robustness checks have been made atingetlass size effects and are available fromatiteors
upon request. However, we conclude that thesetsffatthough theoretically relevant, are reasonabhtrolled
for in the estimation strategy and do not indu@eslin the results.
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overlap with the Italian oneiii) because they are held back at the end of theokglar for
insufficient proficiency and forced to repeat thedp (see Appendix A for details on the
institutional setting). In our dataset 37.33% oh#mative students are retained (compared to
6.25% of natives), but | cannot distinguish whiarni of grade retention each student
experiences. This is because data from Invalsi effidial statistics from Ministry of
Education do not distinguish among these diffefenins of grade retention for non-native
students. Possible threats to the identificatioatstyy arise only from the third type of grade
retention as non-native students held back at tm & the school year (because of
insufficient marks) and repeating the same grade fttlowing year may undermine the
idiosyncratic variation in non-native school sharesveen two adjacent cohorts.
Although | cannot disentangle the fraction of ne¢ai because held back at the end of the 8
grade, surveys on immigrant students in the Itafiehool system (CNEL, 2011; CENSIS,
2008) show that the first and second types of gratlntion are widely used from teachers
and School Heads as a tool to facilitate non-natiugegration and language proficiency.
More than one third of the junior high school tearshinterviewed confirm that non-native
students are usually allocated to a lower gradeeaally if language proficiency is poor.
Evidence fromad hocelaborations from Ministry of Education aif8MU Foundationshow
that in the 2010-11 school year 47.9% of non-nasiwelents enrolled in junior high schools
are classified as ‘retained’, but only 9.1% areadg-repeaters’ because held back for
insufficient proficiency at the end of the schoehy (MIUR, 2011). To test the robustness of
our results, | perform the analysis exploiting asirse of variation the difference between
non-native shares in 2008 and 2010 Invalsi IC waves dropping the observations for
2009). In this way | exclude the possibility thafraction of the non-native school share is
composed by non-native grade-repeaters held batle &nd of the 8grade.

[Table 9 here]
Albeit less precisely estimated, results in TablgcBlumn [) show that there are not
significant differences in the effects. In column keparate the fraction of the school share
constituted by ‘retained’ and ‘non-retained’ nortiva students. Retained non-natives include
all three types of grade-retention. The exterredittaused by ‘retained’ non-native students
are not statistically significant, both for Langeaand Math test scores. On the contrary, ‘non-
retained’ students determine negative externaldiesative peers. These results confirm the
robustness of the analysis as the relevant paregétive peer effects seem to be driven by the
non-retained fraction of non-natives students. Mwvee, the negative externalities are

statistically significant only for Language tesbses suggesting that initial allocation to lower
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grades directly befits non-natives in the improvetra language skills and indirectly benefit

natives that do not receive negative externalities.

1.7.2 Robustness to across schools sorting

The identification is designed to control for acaschool sorting through school fixed-
effects, territorial by year fixed effects and sshepecific catchment-area socio economic
variables. To test that the identification strategysuitable to capture this main source of
endogeneity, | split the sample of schools into twoups according to school location in big
or small municipalities. | define ‘big municipaks’ those with three or more junior high
schools in their territory, while ‘small municiptéis’ have one or two junior high scho@ls
The enrolment rules are based on residency crit8tizdents have to attend the junior high
school in the same municipality where they livehwtiteir family. If there is more than one
school, families have to enrol their child to tleh@ol of the area where they reside. They are
allowed to enrol the child to another junior higthsol of the municipality only if free slots
are available.

Thus, the enrolment institutional framework limfer seacross school sorting. However,
‘cream-skimming’ and self-selection processes tllepsssible and more likely to happen in
big municipalities where there is a sufficientlyda number of schools and families have
some degree of ‘choice’. On top of that, ‘big mupadities’ are located in more urbanized
areas and benefit from higher public transportatiteans that could favour the commuting
process to a distant junior high school, altermativ the one nearby home. Thus, | estimate
separately eq. [9] on the subsample of small agdrhinicipalities. If across school sorting is
at work, the estimations should differ substantiatl the two groups of schools inducing a
negative spurious correlation between natives’ nteah scores and non-native shares, and

downward bias in the estimation ¢f. Given that across school sorting is more likaly t

happen in urban areas (i.e. big municipalities gypooncerns for across school sorting would

> ‘:Bsmall_ munici}) )
[Table 10 here]

Estimations in Table 10 reject this hypothesise@l are similar in the two subsamples,

then arise if | systematically find thb‘ﬁ’b

ig_ municip|

though slightly larger, in absolute terms, in snmallinicipalities. An additional sensitivity
check was carried out using 103 territorial dummgesresponding to junior high school
districts (which also correspond to Italian prowac NUTS5) instead of the five areas

territorial dummies (North East, North West, Cen8euth, Islands). School districts by year

% This distinction comes from Invalsi IC data (sggpandix C for details).
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fixed-effects and school fixed-effects would captany kind of across-school sorting within
each school district. Results in Table 10 do noiskignificant differences from the baseline
estimates, confirming the goodness of the basetiogel estimates.

1.7.3 Tests for non linear effects in non-native Bool share

We progressively add to the baseline model higheéeraterms of the non-native school share
variable to test the possible concave relationipted by the ‘disruptive model’ or even any
cubic or quadratic relevant relationship.

[Table 11 here]
Table 11 shows that higher order terms do not sgatestically significant coefficients neither
for Language nor for Math. The negative sign far tdoefficient of the quadratic term in the
first column further rejects the hypothetical coreaelation predicted by the ‘bad apple
principle’ in the ‘disruptive model’. Then, | usked spline functional form to test whether it is
possible to find evidence of statistically signdfit effects for some thinner intervals of the
distribution of non-native school share.

[Table 12 here]
In Table 12 | let spline thresholds coincide witie 24", 40", 60" and 88' percentiles. This
test increments the robustness of the findings @omeg the use of only one threshold
exogenously determined. Results show once morentbgative and significant effects are

concentrated in the upper deciles of the distrdsutf non-native school share.

1.8 CONCLUSIONS

This paper sheds light on peer effects betweewaaind non-native students. Results are of
substantial interest given the limited evidenc@eér effects between natives and immigrants
in European settings, and given the growing relegaomm the immigration phenomenon and

its impacts, not only on the labour markets, bgbabn the education systems. Our results
contribute to the existing literature in three maspects. First, | provide a theoretical

framework to interpret the underlying social medbars that determine evidence of peer
effects; second, | estimate the effect of non-matbehool share on natives’ attainments

identifying the peer effects parametef X exploiting a rich dataset covering the entif2 8

grade students population of native and non-nadiuelents; third, allowing for non-linear
effects, | provide empirical evidence to test thglized predictions of the theoretical
framework. Increasing non-native school share byde¥#ermines a decrease of -4.85 points in

native peers’ Language test score and -3.53 in MEtlkse results are in line with a part of
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the evidence from European literature on peer effeetween immigrant and native students
(Brunello and Rocco, 2011; Jensen and Rasmusséd, Zbntini, 2011). Differently from
Geayet al. (2012) and Gouleét al. (2009) who find long-term effects of the expostreon-
native peers, the effects | estimate can be imrtégdras an upper bound of the externalities
cumulated by native peers during the three yeapsnodr high school.

Introducing non-linearity and rooting our analysisthe comparison between the ‘disruptive’
and the ‘integration’ model of education productipmoposed in the theoretical framework
allows interpreting the results in a more precissywrhe overall pattern of our findings is
more consistent with the ‘integration model’ of peeteractions and robust under many
dimensions. In fact, negative effects are concedranly in schools with sufficiently high
values of non-native school share and are not malfgiincreasing with respect to non-native
school share (i.e. not characterized by a strictlgcave relation). In particular, peer effects
are close to zero for non-native school shareswbé&le% for Language and below 20% for
Math.

This work also suggests important policy implicaioconcerning allocation rules of non-
native students across classes and across sciNmilse that policy implications would be
substantially different according to the mechanibrat is at work. The simple ‘disruption
mechanism’ would entail average outcome to be miaeich when schools are totally
segregated by type of student. On the contrary'itttegration mechanism’ let allocation
rules play a substantive role in minimizing the amge externalities and fostering the
integration processes. In fact, according to tidegiration mechanism’ any allocation rule
should be constructed so to avoid any concentratigron-native students in the same school
and rather distribute them equally. As our empirresults support this latter mechanism of
social interactions between native and non-natiudents, | can posit that a relative isolation
of non-native students from other non-native peerseneficial for natives as it forces the
integration mechanism between the two peer groipmn-native school share below 15% in
each school would help the ‘integration mechanismnbe at work. For example, a recent
regulation act from the Italian Ministry of Eduaatiimposes a cap threshold of 30% to non-
native share in each school and daséccording to our findings, this threshold would b
inefficiently high and may not have any effect e £ducational production of Language and
Math skills.

#See Appendix A for a details.
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To conclude, the ‘disruptive mechanism of nativeAmative students peer interactions’ is
able to explain only a part of the empirical evidenOnce | add non-linearity, this
mechanism is partially rejected by the empiricadlgsis which rather shows that, as long as
non-native school share is sufficiently low, noriiviea students do not generate negative peer
effects on native outcomes. Negative effects seefmetconcentrated in schools where non-
native students are enough to form a ‘critical rhassthat they tend to cluster and do not
integrate with native peers. The ‘integration megs’ could be at work where non-native
share is ‘sufficiently low’ so that it is not to@stly for natives to make effort to interact and
integrate non-native peers, and, on the other wand, non-natives are ‘forced’ to interact
with native peers. This interpretation is alsoinelwith the general evidence of ‘acting white’
behaviours in the U.S. schools. Interestingly,tla# results are stronger for Language test
scores, confirming that language is more influenoggeer interactions between natives and

non-natives compared to mathematical skills.
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APPENDIX A. INSTITUTIONAL FRAMEWORK

Immigration flows and the consequent presence ofmative children in the Italian school
system have a relatively recent history. Italy eigeed only limited immigration before
1970: until the early Nineties there was a substhimternal migration (from the South to the
North) and still relevant external migration. Magsimmigration from North Africa first, and
Eastern countries then, started in the Nineties,sharply increased only in the last decade
(Mencariniet al, 2009). The foreign resident population has riegmdly: in 1999 it only
accounted for 1.9% of the total resident populatior2008 the share of foreign residents has
grown up until 7.3% (Billari and Dalla Zuanna, 2008he same pattern can be found in the
total number and the share of non-native studemtslied in the school system in the last
fifteen years (Table Al). Concerning the generaletitrends, the variation in non-native
students’ population is now decreasing, after teakp at the end of the Nineties and at the
beginning of the present decade (MIUR, 2011). Siteléfom European countries (EU and
non-EU) and from Africa cover more than two thifsthe non-native students population,
while students from Romania, Albania and Moroccatabute for almost 45% of the total

non-native students population.

A.1. Non-native students’ allocation rules

D.P.R. No. 394/1999 constitutes the reference etgu} framework concerning non-native
enrollment in Italian schools. The basic elementsetall here are three: first, the right and
the duty for every immigrant individual in schoajea to be enrolled in the suitable school
institution, independently from their legal or gl status; second, the duty for every school
to accept and enrol immigrant students in every smnof the school year; third, the
competence of the School Board and Head to alldcagégn students so to avoid the “[...]
constitution of classes where their presence idgmenant”. Non-native students should be
allocated to the grade and class appropriate fir #ye (so called ‘age-rule’). However, the
School Board is allowed to allocate non-native magg students to a lower grade depending
on the native country school system, languagesskilhd type of school path followed in the
previous school system.

To provide evidence of the non-random allocatiomarfi-native students across classes in the
same school, | calculate a dissimilarity ind€X) @t the school level. The index was first
proposed by Duncan and Duncan (1955) and then sxtdy used in school and residential
segregation analysis (among the others, Clotfelt69; Echenique and Fryer, 2007). It
provides a measure of tlewennessn the distribution of non-native students. Givéat in
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each school there afg classes d=1...N), the dissimilarity index at the school lev&®\
measures the percentage of non-native studentsvthddl have to change class for each class
to have the same percentage of non-native studesntse one of the whole school (i.e. the

non-native school share). In symbols:

1<, |Natives Nor nativi
Z| ?_ %45

Dj ==
2 Native§ Non- nativq:#

[A.1]

whereNatives andNon-natives represent, respectively, the total number of eatind non-
native students in clagsof schoolj, andNatives andNon-nativesrepresent the total number
of native and non-native students in schipd) ranges from 0 (perfectly even distribution,
meaning ‘no segregation’) to 1 (perfectly unevestréhution, i.e. ‘maximum segregation’).
The graph box in Figure A.1 portraits the resulistinguishing among three geographical
macro areas. The distribution of non-native stuslactoss classes cannot be considered even:
median value of the dissimilarity index is 15% le tNorth, 17% in the Centre and 13% in the
South, so that, for example, in the North on avera§% of non-native students has to be
reallocated from one class to another to obtaifeaen’ distribution within the school.

In January 2010, the Italian Ministry of Educatiotroduced a new rule for the allocation of
non-native students within classes and schoolapksting that classes and schools should
not contain more than 30% of non-native studentg. (students with non-Italian
citizenship}®. The idea behind the implementation of such astiokl is to avoid social
segregation in the schools and in the classes witlchools, especially in areas where
immigrant population is particularly high. The ruteenforced starting from the first-grade-
classes of primary, lower and upper secondary dshaddhe 2010-11 school year. Its impact
is not huge but still relevant, especially in therth and Centre of Italy: in Lombardy, for
example, more than 29% of the classes in the jumigih schools have a concentration of
more than 30% of non-native students (the percendagreases to the 27% if | consider only
non-native students born abroad) (MIUR, 2010).

A.2. Non-native students’ behaviour at school

The theoretical framework proposed in Section 1li3gés upon two main assumptions

concerning the school behaviour of native and nativa students:i) non-native students are

% “|ndicazioni e raccomandazioni per l'integrazioneatiinni con cittadinanza non italiahaMIUR, Circolare
Ministeriale No. 2/2010 (C.M. 8/1/2010, n. 2).
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more disruptive compared to native pegig>p); (i) disruption has similar effects on all
students. In this section, | provide descriptivadernce to corroborate these hypotheses.
International studies show that language, culauré previous school path negatively affect
non-natives’ school performance and behaviour (gmothers: OECD 2010, Stanat and
Christensen 2006, Schnepf 2007, Dustman and @Iitt1). There is also direct evidence of
the fact that minority students show lower disaiplwith respect to natives (Kinsler, 2010).
Existing studies applying Lazear (2001) model tpeital estimates use the fraction of low-
income students in the school (i.e. students dédibr subsidized lunch) as a proxy for the
fraction of the students with disruptive behavigMiueller, 2011; Mc Keeet al, 2010). Mc
Kee et al. (2010) justify this assumption grounding on indir@vidence from the Early
Childhood Longitudinal Survey where kindergarteacteers were asked to whether the level
of child misbehavior interferes with teaching aitites. The authors show that higher
proportions of teachers agree or strongly agreb thi¢é statement are in schools with higher
shares of students eligible for subsidized meals.

Concerning the Italian context, evidence on nonvaastudents behaviour at school can be
drawn from two surveys about non-native studertegiration in the school system (CENSIS,
2008) and non-native adolescents integration iriespdCNEL, 20113°. CENSIS (2008)
survey interviewed a national representative sangpld14 teachers in schools with non-
native students and 608 immigrant households. Tezachere asked which kind of problems
the presence of non-native students in the schotdile on learning processes. Results
reported in Table A.2 show that the main difficetimentioned by teachers concern language
difficulties in communicating with non-natives, slmg down the teaching activities and
adapting the teaching activities to non-nativesrédoer, 83% of the teachers declare to have
difficulties in communication with non-native stude because of the language, 73% of the
teachers undertake specific activities to help native students in catching up native
attainment levels. CNEL (2011) survey interviewebéional representative sample of native
and non-native students with the aim of assessmgrnative adolescents integration in
society. The results confirm that non-native haveremdifficulties at school: shyness,
language and discipline are important factors datgng these difficulties. The
representative sample of non-natives interviewedaded to have had attainment difficulties
at school (43.3%), difficulties in interactions litlassmates (33.3%) and teachers (24%). In

particular, they claim that difficulties in intetéans are especially due to language (30.2%),

% CNEL (Consiglio Nazionale del’Economia e del Lavpis the National Bureau for Economics and Labour
Research; CENSISCentro Studi Investimenti Socipiis a foundation carrying out socio-economic resea
since 1964.
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integration (28%) and discipline problems (44.8%JCNEL, 2011). Thus, descriptive
evidence from both surveys is supportive of thetfassumption showing that, on average,
non-native students cause more disruption comparadtives.

Additional evidence is obtained with the micro-datathe National Evaluation Program
carried out by the Invalsi starting from school y2809-10 on all 8 and &' grade students
enrolled in elementary and junior high schoolstatyl (Invalsi, 2010b). | exploit information
from 6" gradeStudents’ Questionnairg@™ grade students are enrolled in the first yeahef t
junior high school). Table A.3 shows the share atfwe/non-native, low/high ability students
who agree or strongly agree with statements comugrpersonal difficulties in studying
(statements a.1 and a.2) and personal evaluatamteming the slowing down of the learning
activities (statements b.1 and b.2). High abilitydalow ability students are classified
according to whether the teachers’ mark for eaaldestt at the end of the first semester (in
late January) is above or below the median. Noiv@atudents suffer more difficulties in
learning activities (especially in Language, staatra.2) but experience in the same way as
native peers the slowing down of the teaching #gtigtatements b.1 and b.2). High and low
ability students have different feelings about peed difficulties in learning activities
(statements a.1 and a.2) but report the same isipressof the slowing down of the teaching
activity (b.1 and b.2). The pattern of these answbus supports both assumptions: non-
native students feel greater difficulties in leamiactivities and plausibly cause more
interruptions during the lectures; the consequenéa@sterruptions and disruptive behaviours

affect in the same way native and non-native, agd and low ability students.

APPENDIX B. ANALYTICAL DERIVATION

Recall the education production function with ‘igtation mechanism’y)) and its first

derivative with respect to non-native school (ej.gnd [5]) and complete the properties and

definitions concerningp. () with the properties of the second derivative:

5p.(6) 0if8=0

.o 0°p _ : _

P (0) = agz = <"0 if 800(0;0.5) [B.1]
P <0if d=0.5

" Results are statistically different (at 5 or 1a9%dl) with respect to the same answers given lepeesentative
control group of natives.
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2
where: p. :%

6=0.5

The second derivative gf with respect t@ takes the following form:

oty _oy {ln{m(m} 0 (9)}+

e 06" by | 0@
LGN N G R CE G
P-(6) p:(6) [ p:(0)] [B.2]
oy ,{m(@} gp;w)} Y Lo ovon ool Pe@]
ae{ oo | 0@ ne) P OO, 6

Then, for9—0":

ey oy [ (0@ n@. ¥ |, @] |
o 692_69{"{ P, }%4&»}* pA@{ZpF(g)mpF(e) “ae [T B3

For &—0.5 the second derivative is different from zero, btletermined as it depends on the

valuesp,, P, B-:
0%y vof ) Pe 1B | 1. _1(B)
. — —= F 4 N +-D ——
M g7~ (PP ['” fzpj {2‘“29‘ 2 B }to B4

The sign of the second derivative globally depemnigp. () functional form. However, it is

possible to derive its sign fék—»0" that together with the information on first detiva is
sufficient for an horizontal inflection point to isk in a neighbourhood d#=0" (assuming

p (9)|9=0¢ 0). These results allow to draw the qualitative gsam Figure 2 which shows the

48



decreasing slope and the horizontal inflection pdm a neighbourhood of=0", but

undetermined concavity or convexity @¥0.

APPENDIX C. DETAILED DATASET DESCRIPTION AND CONSTRUCTION

We match three datasets. The first contains indalidevel information on each8grade
student who attended an Italian junior high schaal sit the Invalskirst Cycle Final Exam
(Invalsi IC) in school years 2007-08, 2008-09 a®@@210; the second contains school level
information from administrative records from Mimgtof Education Statistical Office; the
third collects information of each school ‘catchmarea’ from Census 2001. To our
knowledge, this is the first time that a datasehwuch a variety of information and covering
the universe of Bgrade students is made available for the Italims! system.

Individual level informationinvalsi IC data are the first experience of stadda&d test scores
census survey taken on all Italian students. Tirst'Eycle Final Exam’ was conducted since
2007-08 school year. However, only starting from #909-10 s.y. test scores contribute for
one sixth of the junior high school final grade eTdhataset contains test scores and individual
information on about 1,504,286 &rade students, aged between 13 and 14, who twok t
Invalsi standardized tests at the end of the ‘figgtle’ of compulsory education (i.e. after five
years of primary education and three years of juhigh school). Math and Italian Language
tests take place in June. Each part usually lastshour and between Language and Math test
students have a fifteen minutes break. Data corsigarate test scores for Maths and Italian
Language ranging from 0 to 100 (percentage of ragtswers), and individual information is
provided by the school administrative staff throwghool records (thus, not directly asked to
students). Because of cheating evidence (Inval8B2D09, 2010a), for each student | have
both the raw and cheating-corrected Maths and Lagguest score. Sensitivity analysis
confirms that raw and cheated-corrected resultsostincoincide once | control for
geographical differences (i.e. | introduce in thedel macro-area, regional or province
dummies). Therefore, | use raw test scores, addjrgpbical controls and a subject and
school specific dummy indicating if the school ras high-cheating evidence. The ‘high
cheating dummy’ is calculated starting from chagtooefficients obtained through a fuzzy-
logic correction procedure explained in detail nvdlsi (2010a) Appendix 9. The dummy
identifies the schools with heavy evidence of cimgabehaviours (it takes value 1 if the
school is in the lowest decile of the distributiointhe subject specific cheating coefficient).
Robustness checks replicate the construction of ‘high-cheating dummy’ with other

percentiles (1-5, 1-15, 1-20) without showing diffieces in the results.
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School level informationlnvalsi and Ministry of Education Statistical Q& provided us
with additional school level information. For egalior high school | know: ownership (i.e.
state school or private institution), administratierganization (i.e. whether it is an institute
having both elementary and junior high schools,wirether it is a junior high school,
administratively independent from other elementlgools); the province where the school
is located; the total number of students enrolle®,i 7 and &rade, and the total number of
classes for each grade; the total number of teadhiezd in the school; the total number of
support teachers for students with handicaps ayuage difficulties; the number of students
with disabilities for each grade. Because of restms imposed by Privacy Law, | have the
information of the municipality only in the case imhich the school is located in a
municipality with at least three junior high schaol

Catchment-area informatiori-or each junior high school | define a ‘catchmarga’ which
identifies the area where the majority of schot#radants live. A catchment area is composed
by a number of census divisions linked to each alchocording to a given algorithm. The
procedure for the association between school ansusedivisions assigns for each school the
closest divisions (in terms of geographic distarg®)hat the ‘relevant resident population’
living in those divisions contains at ledstl times the number of students enrolled in that
particular school (Barbieret al, 2011, Appendix A). The ‘relevant population’ igfohed
according to the 10-14 years resident populatiothéncensus data, while the multiplicative
factork is set equal to ten and it allows the overlapphgensus divisions among different
(but geographically not distant) schools. As a ltegiie matching procedure links each school
J with N; census divisions constituting its ‘catchment ardar each schoagl the socio-
economic background variables are obtained as gweshthe socio-economic variables of
the school catchment area from 2001 Italian Pojmulaensus Survey.

Missing data correctionMissing values in school and catchment-area bbesaare due to the
construction of the dataset. This fact would catlee number of schools in the regression
estimates to shrink from 5611 in the estimatiore@f [8] in Table 5 to 4823. The variables
containing missing values are two: the ‘stock ofitmative students’ in the school (included
in vector S;) and the set of school specific catchment aregabigs (Ws). Preliminary
analysis with probit regressions exclude any paldic pattern in missing values due to
geographical school location. The variable ‘sto¢knon-native students’ in the school is
missing for 16% of schools due to school registatadmissing. | correct this variable
replacing the missing values with the total sto€k’® grade non-natives students, one year
lagged, from a different Invalsi data source. Tlogrection replace all missing values.
Catchment-area variables are missing for 6.3% efstthools. This is because the matching
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procedure between the school identifier and thesuw=mells failed due to some non-perfect
overlapping between the school identifier in thealsi data and the one in the Census data. |
replaced the missing values of the socio-econoraitalles of the school catchment-area
with the average value of the same variables téi@n the schools which are located in the
same municipality. This correction procedure shsinkissing data on catchment-area
variables from 6.3% to 4.6% of schools. Table Chaves that implementing the correction
procedures allows keeping all the observationgdbat not modify previous results, which, in

turn, are not due to some selection pattern imtlssing data.
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TABLES CHAPTER 1

Table 1. Descriptive statistics. School level chacteristics.

Panel A 2008 2009 2010

ane North Centre South North  Centre South North Centre  South
No. Students 201,65089,870 204,339 208,575 91,639 200,643 205665 90993 197675
No. Schools 1762 832 2196 1837 857 2225 2080 906 4622

% Non-native students 0.10 0.09 0.02 0.13 0.11 0.020.11 0.10 0.02

Avg. NO. Students per 549 oo 34065 297.88  334.31 341.15299.00 326.09 340.31 300.36

School
Avg. Noéifsde”t”er 2096 21.20 19.35 20.61 20.85 19.75 21.45 21.03 1520.
Panel B Mean Sd P25 P50 P75 P95 Max Min N
9% Non-native students  0.0683 0.0750.0053 0.0449 0.10750.2143 0.5 0 14941
Avg. N%Cﬁg”je”ts PeT 31871 197.68 172 267 424 718 1340 11 14941
Avg. Noé;tsusde”ts Per 2049 314 189 21 226 246 30 7 14941

Table 2. Descriptive statistics. Invalsi IC schoainean test scores for native and non-native students

Language test
Native Non-native
Mean Sd Max Min Mean Sd Max Min
2008 685 6.22 93.87 16.57 59.23 11.57 98 8
2009 66.56 8.13 96.75 20 52.83 14.72 100 25
2010 64.97 6.97 89.3 0 55.6 10.92 100 0.76
Math test
Native Non-native
Mean Sd Max Min Mean Sd Max Min
2008 53.92 8.73 92.73 877 4731 121 100 9.09
2009 66 9.34 9793 14.81 5594 1529 100 0
2010 5556 8.04 88.09 24.72 49.65 10.85 95 0

Notes.Test scores range from 0 to 100 (percentage bf agswers). The difference between test score snafan
native and non-native students is always statistidéferent from zero (p.val0.001); the ratio between test
score sd of native and non-native students is as#atistically different from one (p.wl.001).

52



Table 3. Gap in individual test scores between nate and non-native students. Pooled OLS regressiona
individual level Invalsi IC 2009-2010 data.

Dep. variable: individual test score

Language Math
Q) (1 (1 () (1) (1

Non-native -11.6526*** -3.3199*** -3.4478*** -8.3664*** -2.6484*** -1.7929***

(-0.121) (-0.2072) (-0.1892) (-0.1378) (-0.2665) -0.1952)

R sq. 0.064 0.1 0.199 0.171 0.19 0.3
Clusters 5514 5514 5514 5514 5514 5514

N 995190 995190 995190 995190 995190 995190
Cohort FE yes yes yes yes yes yes
Individual characteristics yes yes yes yes
School characteristics and school FE yes yes

Notes. Robust standard errors in parenthesis clusteretthieatschool level. Significance levels: * p<0.1, **
p<0.05, *** p<0.01.Coefficients are obtained from the dummy variableing non-native’ through pooled OLS
regressions performed at the individual level fovdlsi IC 2009 and 2010 waves. Individual contrafigbles
include dummies for gender, grade retention, haeirigther born in Italy, having a mother born il living

in Italy since birth, living in Italy since elememy school, living in Italy since one year. Schobhracteristics
include total number of students per school anddtsare, average number of students per clasgsasduare,
pupil to teacher ratio.
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Table 4. Control variables list: type (individual, school, catchment area) and description.

Name

Description

Individual level (X)
female

late

father place of birth
mother place of birth
elementary_ltaly
always_italy

Fraction of native females in school s (grade 8)

Fraction of native students retained in schookadg 8)

Fraction of native students in school s and gradit8father born abroad
Fraction of native students in school s and gradét8 mother born abroad
Fraction of native students in school s grade I&iy since elementary school
Fraction of native students in school s grade I&ily since birth

School level (S)

Non-native school share

nonnatives_stock
Pt_ratio

Fraction of non-native students in school s andg&
Total number of non-native students in the schép¥(and 8 grade)
Pupil to teacher ratio (8 grade)

school_size and school_size2 School size (total number of students in the sgh&ol and 8 grade) and its square.

avg_class and avg_class2

Cheating_dummy_math and
cheating_dummy_language

Average class size (average number of studentscim & grade class) and its square.

Dummy equal 1 if the school is in th¥ 8ecile of the school cheating coefficient
distribution (subject specific)

Catchment area level (W)

Ipop

illiterate
university _edu
m_occup_rate
f_occup_rate
foreign_citizens
agri_oc
self_empl
commuter
avg_family_members
house_poor
house_new

avg_rooms

Log of total resident population

Fraction of illiterate pop.

Fraction of pop. with university level education
Male occupation rate

Female occupation rate

No. of non-Italian residents

Fraction of workers occupied in agriculture
Fraction workers self-employed

Fraction of residents commuting every day
Average number of family members
Fraction of houses without clean water
Fraction of houses built after 1980

Average number of rooms per house
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Table 5. Baseline model. Results from OLS regressis with school fixed-effects.

Dep. Variable: School Mean Score for Native stusien

Math

0] (In (1

Non-native school share

R sq.
Clusters
N

-4.7090** -3.4601* -3.5322*

(1.9606) (1.8583) (B34
0.512 0.631  0.633
5611 5611 5611

14941 14941 14941

Individual characteristics, school

FE and cohort FE

School characteristics

Catchment area characteristics

yes yes yes
yes yes
yes

Notes. Robust standard errors in parenthesis clusterettheaschool level. Significance levels: * p<0.1, **

p<0.05, *** p<0.01. See Table 4 for control varieblist and description.
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Table 6. Non-linear effects. Results from OLS regrssions with school fixed-effects and spline linear
functions with one structural break (T).

Dep. Variable: School Mean Score for NATIVE stutden

Language
T=0.045 T=0.068 T=0.10 T=0.15 T=0.20
(P50) (mean) ~AP75) &P90) &P95)
Share < T -3.0525 -1.9672 -2.0061 -3.3155* -4.0949*
(5.5378) (3.8010) (2.6718) (1.9491) (1.6728)
Share > T -5.2763*+* -5.9787*** -6.9270*** -7.6722* -7.6323*
(1.7303) (1.8702) (2.1805) (2.9341) (4.1333)
R sq. 0.325 0.325 0.325 0.325 0.325
Clusters 5611 5611 5611 5611 5611
N 14941 14941 14941 14941 14941
Math
T=0.045 T=0.068 T=0.10 T=0.15 T=0.20
(P50) (mean) ~AP75) &P90) &P95)
Share<T -0.2107 1.6601 1.6118 -0.0889 -1.4300
(6.5980) (4.6177) (3.2537) (2.3788) (2.0450)
Share > T -4.0741* -5.2888** -7.2790%** -9.2423** 11.2379*
(2.1109) (2.3010) (2.6745) (3.5908) (5.0951)
R sq. 0.633 0.633 0.633 0.633 0.633
Clusters 5611 5611 5611 5611 5611
N 14941 14941 14941 14941 14941
All Controls yes yes yes yes yes

Notes. Robust standard errors in parenthesis clusterettheaschool level. Significance levels: * p<0.1, **

p<0.05, *** p<0.01. See Table 4 for control variablist and description.
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Table 7. Non-linear effects. Results from OLS regssions with school fixed-effects and spline linear
functions with two break points (T1=0.10 and T2=0.5, 0.20, 0.30).

Dep. Variable: School Mean Log Score for NATIVEd#nts

Language Math
T1=0.10 T1=0.10 T1=0.10 T1=0.10 T1=0.10 T1=0.10
T2=0.15 T2=0.20 T2=0.30 T2=0.15 T2=0.20 T2=0.30
Share < T1 -2.1148 -2.0087 -2.1650 0.9186 1.1445 44(Q1.
(2.8096) (2.7402) (2.6924) (3.3982) (3.3171) (926
T1<Share<T2 -6.4917 -7.1019* -6.3709*** -2.7538 7839 -6.1761**
(4.4532) (2.8148) (2.2355) (5.4557) (3.4608) (273
Share > T2 -7.1952** -6.8600 -10.7928 -8.8420** A4B3** -12.8443
(3.0312) (4.2071) (8.8243) (3.6920) (5.1695) (82
R sq. 0.325 0.325 0.325 0.633 0.633 0.633
Clusters 5611 5611 5611 5611 5611 5611
N 14941 14941 14941 14941 14941 14941
All Controls yes yes yes yes yes yes

Notes. Robust standard errors in parenthesis, clusterdtieaschool level. Significance levels: * p<0.%, *
p<0.05, *** p<0.01. See Table 4 for control variablist and description.
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Table 8. Sensitivity analysis. Robustness to clasize variations.

Dep. Variable: School Mean Score for NATIVE stutden

Language Math
0) () () ()
Non-native school share -4.8621*** -5.0857*** -3 52+ -4.4172**
(1.5262) (1.7513) (1.8490) (2.1916)
Average class size -0.0658 -0.0782 0.0456 -0.0041
(0.3515) (0.3569) (0.3741) (0.3764)
Average class size sq. 0.0027 0.0027 0.0019 0.0022
(0.0072) (0.0072) (0.0077) (0.0076)
Average class size * South dummy 0.0067 0.0173 4328  0.3267
(0.3841) (0.3879) (0.4071) (0.4078)
Average class size sqg. * South dummy -0.0013 -B001 -0.0056 -0.0059
(0.0072) (0.0072) (0.0077) (0.0076)
Non-native school share * big class dummy 0.4824 1.9226
(1.4405) (1.7893)
R sq. 0.325 0.325 0.633 0.633
Clusters 5611 5611 5611 5611
N 14941 14941 14941 14941
All Controls yes yes yes yes

Notes. Robust standard errors in parenthesis clusteretheaschool level. Significance levels: * p<0.1, **
p<0.05, *** p<0.01. See Table 4 for control varieblist and description.
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Table 9. Sensitivity analysis. Robustness to reta@d non-native students.

Dep. Variable: School Mean Score for NATIVE statie

Language Math
(1 (In (1 (Im
Non-native school share -3.6392** 3.3911
(1.8225) (2.3977)
‘Retained’ non-native students school share 0.2512 -1.3817
(2.4162) (3.1068)
‘Non-retained’ non-native students school share -8.4408*** -5.8727
(2.9118) (3.8812)
R sq. 0.412 0.413 0.348 0.349
Clusters 5592 5592 5592 5592
N 10022 10022 10022 10022
All Controls yes yes yes yes
Only 2008 and 2010 cohorts yes yes yes yes

Notes. Robust standard errors in parenthesis clusteretheaschool level. Significance levels: * p<0.1, **
p<0.05, *** p<0.01. See Table 4 for control varieblist and description.
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Table 10. Sensitivity analysis. Robustness to acssschools sorting.

Dep. Variable: School Mean Score for NATIVE stutden

Language
Big municipalities Small municipalities Provm;&lzzby year
Non-native school share -4.7285%** -6.8041** -4. 831
(1.7199) (3.4487) (1.5099)
R sq. 0.331 0.331 0.362
Clusters 3903 1085 5611
N 11094 3012 14941
Math
Big municipalities Small municipalities Provm;&lzzby year
Non-native school share -3.1641 -7.0337 -3.8518**
(1.9292) (4.8337) (1.8761)
R sq. 0.647 0.608 0.651
Clusters 3903 1085 5611
N 11094 3012 14941
All Controls yes yes yes

Notes. Robust standard errors in parenthesis clusteretheaschool level. Significance levels: * p<0.1, **
p<0.05, *** p<0.01. See Table 4 for control varieblist and description.
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Table 11. Sensitivity analysis. Non-linear effectadding higher order polynomials of non-native scholo

share.
Dep. Variable:School Mean Score for
NATIVE students
Language
Non-native school sharé)( -1.9658 -3.5082 -0.7507
(2.8974) (4.9352) (7.4583)
02 -10.6773 2.2747 -38.3617
(9.7352)  (33.5028) (85.5224)
0° -23.9852  152.1057
(61.7825) (351.1655)
0 -221.6964
(449.9035)
R sq. 0.325 0.325 0.325
Clusters 5611 5611 5611
N 14941 14941 14941
Math
Non-native school sharé)( 1.9595 2.1452 -3.8873
(3.4891) (5.7655) (8.7567)
0 -20.3081* -21.8670 67.0276
(11.5681) (37.6217) (97.7579)
0° 2.8866  -382.3169
(66.0874) (388.8570)
0 484.9629
(477.8939)
R sq. 0.633 0.633 0.634
Clusters 5611 5611 5611
N 14941 14941 14941
All Controls yes yes yes

Notes. Robust standard errors in parenthesis clusteretheaschool level. Significance levels: * p<0.1, **

p<0.05, *** p<0.01. See Table 4 for control variablist and

description.
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Table 12. Sensitivity analysis. Spline functions wh intervals of five percentiles.

Dep. Variable: School Mean
Score for NATIVE students

Language Math
pcl ) . .
pc2 @) -15.9934 -18.2352
(11.6235) (13.5156)
pc3 0) 5.1574 9.9346
(7.0422) (8.6081)
pc4@) -3.9617 1.0133
(3.8899) (4.7890)
pc50) -6.9353*** -8.2250***
(2.4676) (2.9980)
R sq. 0.325 0.634
Clusters 5611 5611
N 14941 14941
All Controls yes yes

Notes. The first percentile is the omitted category. Rathatandard errors in parenthesis clustered ascheol
level. Significance level: * p<0.1, ** p<0.05, **»<0.01. See Table 4 for control variables list dadcription.
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Table Al. Non-native students in the Italian schoadystem.

All levels Kindergarten  Primary school Junior high High- school
TotalNo. % TotalNo. % TotalNo. % TotalNo. % @bNo. %
1996-97 59389 0.7 12809 0.8 26752 1.0 11991 0.6 77830.3

School Year

2001-02 181767 2.3 39445 25 84122 3.0 45253 255927 1.1
2002-03 232766 3.0 48072 3.0 100939 3.7 55907 3.1489@ 1.3
2003-04 282683 3.5 59500 3.6 123814 45 71447  4.0238G6 2.0
2004-05 361576 4.2 74348 45 147633 5.3 84989 4.7383% 2.4
2005-06 424683 4.8 84058 5.0 165951 5.9 98150 5.63053 3.1
2006-07 501445 56 94712 57 190803 6.8 113076 612829 3.8
2007-08 574133 6.4 111044 6.7 217716 7.7 126396 7138977 4.3
2008-09 629360 7.0 125092 7.6 234206 8.3 140050 8130012 4.8
2009-10 673592 7.5 135632 8.1 244457 8.7 150279 8.5 143224 5.3
2010-11 711046 7.9 144628 8.6 254.644 9.0 158261 8.8 153513 5.8

Notes.Elaboration from MIUR-ISMU Foundation (2011). Pary school (grades 1-5); Junior high school
(grades 6-8); high-school (grades 9-13).Childremoked in kindergartens are from 3 up to 5 yearsand start
primary school the month of September of the yeay turn 6.

Table A.2. Descriptive statistics. The three mainiqpblems experienced by teachers in approaching non-
native students.

Main problems faced by teachers Average
North-West

Difficulties in communication because of the langeia 2.7
Problematic family background 25
Slowing down teaching activities 2.3
North-East

Problematic family background 2.9
Difficulties in communication because of the langeia 2.8
Adapting teaching activities to non-native students 2.6
Centre

Difficulties in communication because of the langeia 3.1
Adapting teaching activities to non-native students 2.7
Slowing down teaching activities 2.7
South and Islands

Difficulties in communication because of the langeia 2.7
Slowing down teaching activities 2.1
Problematic family background 2.1

Notes.Elaboration from CENSIS (2008, table 13), “Main Iplems faced by teachers in approaching non-native
students, distribution by geographical macro-aréa€rage points: 1 means “no problems”, 4 mearst‘af
problems”. | report the three answers with the &8flaverage points.
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Table A.3. Descriptive statistics. Evidence on thimeoretical framework behavioural assumptions.

Native Non-native High ability Low ability  All

(a.1) Stuglymg Math is more difficult for me than 29.76 3754 2326 2717 30.54
for others
(a.2) Studymg"Language is more difficult for me 24 48 39.36 19.9 339 25 96
than for others
(b.1) "During Math lessons, we dedicate a lot witi
to the same issue because class-mates do not 58.89 58.11 59.88 57.54 58.81
understand"
(b.2) "During Language lessons, we dedicate aflot o
time to the same issue because class-mates do not47.83 47.49 48.33 46.36 47.8
understand”

N 462,390 51,347 296,550 217,187 513,737

Notes.The data are taken from the Student Questionnéiteednvalsi National Evaluation Program, s.y. 200
10. The population refers to afl'grade students enrolled in Italian junior highaaik. High ability and low
ability students are classified according to whethe teachers’ mark for each student at the ernleofirst
semester (late January) is above or below mediak foaall students.

Table C.1. Robustness to missing data correction.

School Mean Score for NATIVE

students

Language

Without correction

Baseline for missing data
Non-native school share  -4.8530*** -5.4214%**
(1.5251) (-1.5641)
R sq. 0.325 0.328
Clusters 5611 4823
N 14941 13820
Math
Baseline Withoqt c_orrection
for missing data
Non-native school share -3.5322* -4.4357**
(1.8465) (-1.8926)
R sq. 0.633 0.635
Clusters 5611 4823
N 14941 13820
All Controls yes yes

Notes. Robust standard errors in parenthesis clusterettheaschool level. Significance levels: * p<0.1, **
p<0.05, *** p<0.01. Correction for missing dataesgplained in Appendix C. See Table 4 for contraiafles

list and description.
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FIGURES CHAPTER 1

Figure 1. The ‘disruption model’. The figure shows the concave relation between rativan school sharé)
and per student output (y) in the ‘disruption madel

Y= (P:"Pr): :

01 02 0.5 0
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Figure 2. The ‘integration model’. The dotted and dashed lines in the figure sheavpossible shapes of the
relation between non-native school sh@jeahnd per student output (y) consistent with théegration model'.
The dashed line is globally convex, the dotted ineonvex foi® approaching zero.
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Figure 3. Non-native students the Italian school sfem. The graph shows the percentage of non-native
students enrolled in Italian schools from s.y. 1:9896to 2010-11for all education levels (primarypir high
and high schools) and junior high schools only.
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Source: elaboration on data from MIUR (2011).
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Figure A.1. Dissimilarity index and non-native schol share. The figure shows a comparison between the
dissimilarity index calculated at the school lew#ld the non-native school share across three gatuged
macro-areas.
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CHAPTER 2.
‘ACTING-WHITE'?
SOCIAL INTERACTIONS AMONG NON-NATIVE STUDENTS

ABSTRACT

This paper focuses on social interactions withim-native students and analyses to which
extent non-native students’ cognitive outcomes ddpm the exposure to non-native peers in
the school. The sources of endogeneity due to andem allocation of non-native students
across classes (within schools) and across sclwilen school-districts) are tackled with an
instrumental variable approach. Exploiting a riétasget on Italian junior high schools, I find
negative within-group social interaction effectsrgmasing with respect to the degree of school
segregation and decreasing with respect to nonegtassimilation. Increasing non-native
school share has larger negative effects the mmmenative students are unevenly distributed
across classes in the same school and for the reuip-gof first generation non-native
students. These findings support the existenceoppdsitional culture’ mechanisms (or
‘acting-white behaviours’) that exacerbate the tiggasocial interactions effects within the

non-native peer group.

JEL Classification: J15, 121, 128

Keywords: social interactions, acting-white, scheejregation, non-native students
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1. INTRODUCTION AND BACKGROUND

The recent developments in the study of socialractéons between minority students and
white peers underlines how a clear understandinth@finternal dynamics of the ‘minority
peer group’ is determinant to assess sources amthamies of the minority students
underachievement (Austen-Smith and Fryer, 2005e~and Torelli, 2010; Fryer, 2010).
Nevertheless, despite the great variety of studliesocial interactions in educational settings,
empirical evidence and theoretical models on pékrcts between native and non-native
students still present mixed findings and limitedidence on possible channels and
mechanisms at work. Social interactions take plaitiein the reference groupvithin-group

or between two separate groups of individualsrgss-groups and influence cognitive and
non-cognitive outcomes of students’ peers. Whatrha ‘within-group’ social interactions is
generally referred to as ‘within-race’ social irgtetions in the U.S. literature and it refers to
the specific aspects of peer effeictsidethe group of minority students and it has nevemnbe
considered as an independent strand in the brdadatlire of ‘racial peer effects'.
Identification problems and policy interpretatiosa® generally different with respect to the
ones derived from estimations of ‘between groueereffects’ and just a few and recent
works look specifically at social interactions dgmas inside the ‘minority students peer
group’ (Fryer and Torelli, 2010; Fairlet al, 2011).

In this work, | focus orwithin-group interactionsand study to which extent non-native
students’ cognitive outcomes depend on the sharéh@fsame non-native peers in the
schoof®. My primary aim is to disentangle the possibleszauink between the size of the
non-native peer group and its average test scdoes the size of the non-native group (i.e.
non-native school share) influence the attainmémh® same non-native students? If it is the
case, in which way? The second aim of the analgdis test the existence and relevance of
two potential behavioural channels that might héip explain the underlying social
interactions mechanisms: ‘acting-white’ and ‘astation’. | label ‘acting-white’ the evidence
that within-groupnegativesocial interactions are greater the greater isségregation of
minority students within each school. This is at s@rreinterpretation of the ‘oppositional
culture behaviours’ sociological theory that assdéinat minority students may underachieve
and refuse assimilation to the majority behaviaarsrder to fit with their peers’ (Fordham
and Ogbu, 1986). The ‘assimilation channel’ isgdsestricting the analysis on the sub-group

of first-generation non-native students who plalysiexperience more difficulties to

%8| distinguishnative and non-nativestudents referring to a citizenship criterion. T8 because data from
Italian Ministry of Education (MIUR) only distingsih betweertalian or native and non-Italian or non-native
students. In the sensitivity analysis | test thieusiness of the results using the ‘immigrant’ statafinition as
defined by OECD (OECD, 2010).
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assimilate to the hosting country language anduceiltvith respect to second generation
peers.
The Italian context is an interesting case studyearmany aspects. From 1997 to 2007, Italy
experienced one of the highest increase (+242.9%he percentage of foreign population
among all OECD countries (OECD, 2011): foreign dapan more than doubled in less than
one decade. Only Spain records an increase conipa@bhe Italian one. Of course, this
huge phenomenon had direct consequences on stupgeptsgation. Over the same period, the
school system has recorded a growing number ofratine students enrolments: in 1996-97,
only 0.7% of students in the Italian school systeas non-native, while in 2009-10 the share
has grown up to 7.9% (+106%, Figure 4) (MIUR 20Q82)9b, 2010).

[Figure 4 here]
The pattern of immigration has also been changmmghe last two decades. In the past,
immigration flows mostly consisted in low-skillelbhw-wage and often undocumented men
seeking work. A lot of them were seasonal workangl they normally arrived and stayed for
brief periods without their families. Starting frothe late Nineties immigrants show the
intention to settle permanently: immigration flowsnsist more and more of complete
families and the number of children in immigrannfhes has rapidly increased (Mencargti
al., 2009). Consequently, in the last five years, sdcgeneration students have rapidly
become part the Italian schooling population analstantly interact with first generation and
native peers.
From the empirical point of view, in this specifgetting the identification of ‘social
interactions effects’ — defined as a combinatiorenflogenous and exogenous peer effects
(Manski, 1993) - has to solve three main threatst, fwithin school sorting given by non-
random allocation of non-native students acrosssels in the same school; second, the
separation of the effects of peers from other condiing influences in correlated effects;
third, the endogeneity of non-native school share @ across schools sorting of non-native
students generated by households’ residential aarkimg decisions. The identification
strategy is based on school-level averages in dalsidestep the non-random allocation of
non-native students within schools (across class®de the endogeneity of the non-native
school share due to across-schools sorting isdgdckith an IV approach. The instruments
exploit the existence of ‘network effects’ in tressidential decisions of non-natives due to the
evidence that early settlements of migrants tentiawe an attractive power to successive
migrants waves. | use as outcome measures stanedrtiist scores from a unique and rich

dataset combining the Italian national assessmegram of educational attainment at the
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end of junior high school$NVALSI First Cycle Exam3, with 2001 Census Survey data and
administrative records on schools characteristiod aocio-economic environment. The
dataset overcomes problem of under-representatinarenative shares typical of survey data
as it contains census information on dfl grade students enrolled in junior high schools. |
find robust evidence of negative within-group soaiteraction effects. Results also point to
the existence of ‘acting-white’ behaviours among-native students in Italian junior high
schools.

The paper contribution is twofold. First, it is ookthe few works that specifically looks at
social interactions within the reference ethnicugroDespite the limited evidence in U.S.
literature, this is one of the first times that tin-group’ peer effects are found in European
school contexts (Aslundt al. 2011 is a notable exception). Second, | find ewaethat two
important mechanisms (‘acting-white’ and ‘assimdat) are at work in the context under
study and are likely to influence the social int¢i@ns dynamics within the non-native group.
The rest of the paper is organized as follows. dnti®n 2.2 | discuss the main results in the
literature about the ‘intra-race peer effects’ aadting-white behaviours’. Section 2.3
describes the data and provides descriptive statissection 2.4 discusses the identification
strategy devoting particular care to the instruraemariable used. Section 2.5 contains the
main results, while in Section 2.6 | speculate lo@ tinderlying social mechanisms. Section
2.7 contains several tests to corroborate the tabsas of the findings. Section 2.8 concludes

and provides some policy implications.
2.2.LITERATURE

A new strand of the social interaction literatuemds to reinterpret the general result that
‘intra-race’ peer effects are stronger comparedetdra-race’ peer effects (Hoxby, 2000;
Angrist and Lang, 2004; Hanushekal, 2009; Hanushek and Rivkin, 2009) under the light
of the ‘acting-white’ theory. This is a reinterpagon of the ‘oppositional culture behaviours’
sociological theory asserting that minority studemiay underachieve and refuse assimilation
to the majority behaviours in order to fit with thpeers’ (Fordham and Ogbu, 1986). Battu
and Zenou (2010) exploit a similar intuition fortoomes of immigrant workers in the labor
market. Fryer and Torelli (2010) provide the fissnpirical evidence using the National
Longitudinal Study of Adolescent HealthAddHealt) and estimating the effects on

achievement of an ‘index of social status’ basedhenindividuals’ contacts with same-race

29 8" grade students are enrolled in their third yeathef Italian middle grade comprehensive school 143-

years old). After passing the final exam they gh&‘Junior High School Diploma’ (ISCED level 2).
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friends within the school. They show that this fagtwhite’ proxy variable varies a lot with
respect to school characteristics and individublea@ment and that the effect is concentrated
in schools with more interracial contact. Their fficeent for the ‘acting-white’ indicator is
twice as large in schools that are above the meitiaerms of segregation, whereas it is
significantly lower where black students are me@ated. Fairlieet al. (2011) implement the
same intuition of the ‘acting white theory’ to syuthe extent to which academic performance
depends on students being of similar race or etlyrtic their instructors. They use detailed
administrative data from one of the largest comnyuoblleges in the United States and
address the concern of endogenous sorting usirtg siatdent and classroom fixed effects.
The authors find that the performance gap, in tesindass dropout and pass rates between
white and minority students, falls by roughly afhahen minority students are taught by a
‘minority instructor’, so that, for instance, Afano-American students perform particularly
better when taught by African-American instructdfsesen and Krauth (2011) use data on
elementary school students in British Columbia @) to assess the effects of the language
spoken at home and attending ‘enclave schoolstudtests’ attainment. The authors broadly
define ‘enclave school’ as schools with higher ekaof same ethnic minority peers and
identify non-natives with Aboriginal, Chinese andniabi ethnic minority groups. In contrast
with the rest of the literature, the authors finithim-group effects weaker compared to
across-groups effects and that attending an ‘emtlaghool has differential effects with
respect to the prevalent ethnic minority (slightlgsitive effects for Chinese, negative for
Punjabi). According to Friesen and Krauth (201F) ¢lvidence that effects on achievement of
attending school with more same-language peergvavith the achievement level of one’s
own language group suggests that linguistic or ettuitural similarity to peers does not in
itself play a significant role in immigrant succebsit rather that human capital and cultural
norms of peers is what matters.

In European contexts, Asluret al. (2011) for Sweden, Maestri (2011) for the Nethwlg
Jensen and Rasmussen (2011) for Denmark use tiffeeemt identification strategies to
answer a variety of research questions dealingotoe extent, to assess the impact of the
presence of non-native students on natives’ andnatines’ educational outcomes. Aslueid

al. (2011) is one of the few work that specificallgses on peer effects within the minority
students’ community and neighbourhood. They estrtaivhat extent the lower achievement
of immigrant students is due to the characterist€she neighbourhoods in which the

immigrants grow up. The estimation strategy retiasa governmental placement policy that
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generated exogenous variation in the initial resiaé distributiori®. They show that the size
of the local ethnic community is positively relatexdcompulsory school grades. Separating
this effect into its components, the authors fihdttone standard deviation increase in the
fraction of highly educated peers raises studerfopeance by 0.9 percentile ranks and that
one standard deviation increase in the size oétheic community has about the same effect,
albeit less precisely estimated.

Maestri (2011) investigates how the heterogenditthe ethnic minority composition within
schools affects natives’ and non-natives’ attainmgrounding on the idea that ethnic
diversity can stimulate the creativity of studenmjsh them to be proficient in the
instructional language, and reduce the scope diietidentification with all its possible
drawbacks as the ‘acting white’ effects. She expléhe within school cohort-to-cohort
variation in the ethnic make-up of a rich datadeprimary schools in the Netherlands and
finds that ethnic diversity has a positive impant the test scores of minority students, in
particular for language skills. She also finds ewice of a negative relationship between an
ethnic diversity index, obtained as an invertedstfiman-Herfindahl indexand an indirect
measure of social interactions among pupils.

Finally, Jensen and Rasmussen (2011) analyse féwt ef ethnic concentration in schools on
the cognitive outcomes of children. They use a deltaset for Danish™grade students,
based on PISA test scores, administrative and seimarmation on students, schools and
neighbourhoods. In order to correct for the endedggnn school ethnic concentration, the
authors apply school fixed-effects and IV, using iastrumental variable the ethnic
concentration in a larger geographical area whieeesthool is located. Results show that
there is a negative effect of ethnic concentratbonstudents’ outcomes but that these are
statistically significant only for the native Dahighildren. In contrast to the majority of the
results in the literature, they do not find stadaity significant ‘within-group’ peer effects for
immigrant children so that increasing non-nativeagd share does not affect immigrant test
scores. However, albeit using detailed individualel information, the authors apply an
instrumental variable approach based on largerrggbgcal area ethnic density to instrument
for non-native presence in each school. This amgpraslikely to underestimate the effects -
both in terms of social interactions within the nawative group and between natives and non-
natives - as schools with different ethnic makeaighin the same area are subject to the same

value of the instrument.

%0 Between 1987-1991 Swedish authorities assignegjees to their initial location, since individuatere not
free to choose, Aslundt al. (2011) argue that the initial location was indeget of (unobserved) individual
characteristics.
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2.3.DATA AND DESCRIPTIVE STATISTICS

| exploit a unique dataset that combines the Iiv&isst Cycle Final Exam dath
administrative records from Ministry of Educationtatsstical Office, and the Italian
Population Census Survey 2001. Invalsi First Cyekam data (hereafter ‘First Cycle’ or
‘IC’) are the first experience of testing attainrhéevels of all students enrolled in Italian
junior high schools. All 8 grade students sit the Invalsi First Cycle Exarmid-June, at the
end of the compulsory and comprehensive path ofitdien school system constituted by
five years of primary education and three yeargioifor high school. The census dimension
of Invalsi IC data allows us to overcome problenisunderrepresentation of immigrant
individuals and measurement errors typical of sanguirveys (Aydemir and Borjas, 2010),
while additional information about socio-economaaiily background are obtained as school-
level averages of Census variables linked to ealsbd using an original matching technique
that identifies for each junior high school itstciament area’ (Barbieri et al., 20%4)

In detail, Invalsi IC dataset contains Math and dusage test scores, individual information
and school level information for eacl §rade student enrolled in a public or private guni
high schooP. I exploit two waves corresponding to 2008-09 2009-10 school years final
exams (about 500,000 students per wave). Indivighiafmation cover year of birth, gender,
citizenship (ltalian, non-Italian), place of birthow long the student is in Italy if born abroad
(from primary school, for 1-3 years, less than aryemother’s and father’s place of birth
(Italy, EU, European but non-EU, other non-Europeaumntry), grade retention (if the student
is ‘regular’ i.e. if he/she is 14 years old at #r of the school year; ‘in advance’ i.e. younger
than ‘regular’ students, or ‘retained’ i.e. oldkean ‘regular’ students). Administrative records
from Ministry of Education Statistical Office prale@ general information about school
characteristics (i.e. type of school, public vsvate, number of students enrolled and number
of teachers, average class size) and are matchelhvidsi First Cycle data through
anonymous school identifiers. Each school is finallatched to a group of census divisions
through an original matching technique designe@dsociate to each junior high school a
group of census cells constituting its ‘catchmerga(Barbieri et al., 2013). This procedure
allows matching to each junior high school variabileem 2001 Population Census Survey

covering demographic and socio-economic informatiomesident population.

3L INVALSI (Istituto Nazionale per la Valutazione del Sistentadativo di Istruzione e di Formazionis the
independent public institute carring out the evadumof Italian school system and test studentiimment
levels.

32 Notice also that this is the first time that a datawith such a variety of information and coverihg universe
of 8"grade students is made available for the Italiiosksystem.

% Test scores range from 0 to 100 and refer tordmibn of right answers for each of the two sutsiec

3 See the Appendix in Barbieri, Rossetti and Se§fifd 1) for a detailed description of the matchiechnique
used.
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| identify native and non-native students accordioga citizenship criterion. Sensitivity
analysis on different categorizations never shoigsificant differences in the results (see
Section 2.7). Although the empirical analysis vatimarily focus on non-native students, |
also distinguish between first and second generatiodents. ‘First-generation’ students are
born abroad from parents born abroad, while ‘seagemkeration’ students are born inside the
receiving country but from parents born abroad (DEQ010). The final population is
constituted by all 8 grade non-native students enrolled in Italiangumiigh schools in 2008-
09 and 2009-10 school ye#t$68,717 individuals).

[Table 13 here]
Panel A in Table 13 describes the distribution bEse different categories across
geographical macro-areas. For instance, referartgd IC 2009-10 wave, the overall share of
non-native & grade students is 7.22%, but there are sharprelifées across the country. The
highest average school share of non-native studamsin Northern and Centre regions
(10.01% and 9.18%), while it dramatically falls time South (1.97%). At the school level,
Panel B in Table 13 describes school charactesigshare of public schools, pupil-teacher
ratio, average school size, average class sizé) neipect to macro-area. On average, more
than 76% of schools has at least one non-nativéeestu this proportion is very high in the
North and Centre (more than 90%) and sharply deeeein the South (58%).

[Table 14 here]
Table 14 contains general descriptive statistich \mverage test score results for first and
second generation immigrants and native and namenstudents, according to the definitions
previously introduced. Second generation studest®pn better compared to first generation
peers, and the difference is more pronounced inémguage skills (+5 points) than in Math
(+2.2 points). Finally, it is worth noting that tescores gap between non-natives and natives
does not change a lot along the test score disiitbu
To provide evidence of the non-random allocatiomaf-native students across classes in the
same school, | calculate a dissimilarity ind€X) @t the school level. The index was first
proposed by Duncan and Duncan (1955) and then sxtdy used in school and residential
segregation analysis (among the others, Clotfelté@9; Echenique and Fryer, 2007). It
provides a measure of the evenness in the disoibwf non-native students. Given that in
each school there are; Mlasses (c=1..;N the dissimilarity index at the school levé?®)

measures the percentage of non-native studentsvthaddl have to change class for each class

% | exclude all individuals who did not sit eitheraliis or Italian Language test because absent thefdhe
exam (0.73% of the total students population).
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to have the same percentage of non-native studesntse one of the whole school (i.e. the

non-native school share). In symbols:

N;

Di = 1 Z| Natives  Nomr- nativg{s
24 Native§ Nonr- nativer#

[1]

where Nativesand Non-nativesrepresent, respectively, the total number of masind non-
native students in class c of school j, and Natiaed Non-nativggepresent the total number
of native and non-native students in schooljj.riinges from O (perfectly even distribution,
meaning ‘no segregation’) to 1 (perfectly unevestribution, i.e. ‘maximum segregation’).
[Figure 5 here]
The graph box in Figure 5 portraits the resultsimisiishing among three geographical macro
areas. The distribution of non-native students sxrolasses cannot be considered even:
median value of the dissimilarity index is 15% e tNorth, 17% in the Centre and 13% in the
South, so that, for example, in the North, on agerd5% of non-native students have to be

moved from one class to another to obtain an ‘edétiibution within the school.
2.4 .| DENTIFICATION STRATEGY

Starting from a standard linear-in-means reducegh-imodel with peer interactions (Manski,
1993), | assume that a student’s outcoy)edepends on individual characteristie§,(the
share of same-group peers experienced by eachnsiudeong the school and grade mates

(Ps), contextual factorsg,) and an unobserved error term. Thus, for eachnadive student
attending & grade, in schod, it yields®®:

YN = XMWy BRI 4 4 M [2]

ICS
where:

rade=8

PN — non- native$
° (natives+ non- native$

[3]

rade=8

% Notice that in the reminder of the paper | simpfer to ‘non-native school share’ to easy the ekjm.
However, as expression [3] clarifigd, only refers to the share of non-native studenendihg grade 8 in the
schools. Ps is a good proxy of peers’ characteristics busitiso predetermined with respect to the outcome

measure and thus not affected by common school-ghacks (i.e. the correlated effeqgts) (Ammermidiller
and Pischke, 2009; Angrist and Lang, 2004).
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The identification of the ‘social interactions effe parameter 8 - which includes both

endogenous and exogenous peer effects (Manski,) 1983equation [2] has to solve three
main threats: first, within school sorting given bgn-random allocation across classes of
non-native students; second, the separation oetfeets of peers from other confounding
influences in correlated effects (i.e. omittingesgint components of the contextual effects

(u) that are correlated witRs will bias the estimation ofg); third, endogeneity of non-

native school shareP{ due to across schools sorting of non-native sttedgenerated by
households’ residential and working decisions.Hea baseline model, | solve within-school
sorting of non-native students moving from indivatievel data to school-level averages:
aggregation at the school level solves the probdérandogenous within-school sorting of
non-native students across classes (Cutler ands&la@997; Card and Rothstein, 2007;
Brunello and Rocco, 2011). To clarify this pointspecify the error term in three parts: a
school-specific componengd] common to each student of the non-native grgapN) in
schools, class specific component.) common to all non-native students in clasand

schools, and a student-specific componess)>":

Cics :,75+ucs+ eics [4]

Any non-randomness in within school allocation afnmative students determines a
correlation between the class specific componeg} &énd the observable characteristics so
that OLS estimates are biased. Under the assumgitaanthe student-specific error and the
class-specific error average to zero for each gtioupeach schoos, taking school-level
averages solves this prob@mThus, the mean outcome for non-native studentumrio

schoolsis given by:

Y, = Xa+BP, + SO+ WO #77 [5]

3" Henceforth, | suppress upper indg\N) to easy notatiory_'/;\‘N =Y.

% The assumption of zero mean for the class-speeifior component might fail if some class level
characteristics are not randomly allocated acrtasses (within each school). However, since thecation of
teachers across classes is a predetermined dea$itime School Head and school resources are gquall
distributed in the school (across classes and gjahis issue is not particularly relevant in thedlsi IC data.
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where, X_ represents the mean characteristics of non-natixgests in schoa, school §)

and catchment area characteristid¥) (calculated as school-level mean characteristics

(contained in the vectow).

The averaging procedure sidesteps the problemsoderrelation in within school allocation
to classes of non-native students but leaves ueddhe endogeneity problems due to OVB in
correlated effects and across schools sorting ofnative students. Concerning the possible
omitted variable bias arising from correlated ef$ed first point out that the possibility of
correlation betweeV and the peers’ variables in the equations is redlus the estimates
thanks to the original features of dataset usedadty catchment area variables are school-
specific socio-economic indicators that are no¢atly obtained as an average of some peers’
characteristics and that predate the outcome megsley are obtained from thHealian
Population Census 20D1These two characteristics reduce endogeneitpl@mes in peer
effects estimations limiting possible correlatioithmpeers contemporaneous characteristics
(X andP) (Ammermiiller and Pischke, 2038)Then, the omitted variable bias is also reduced
including school-district by year fixed-effects whi capture all omitted and confounding
factors that are common to all schools in the sasteol-district’. In other words, they
capture unobserved heterogeneity mirrored by diffesocio-economic conditions of schools,
underlying students’ families populations and réd¢esnds in immigrants’ settlements across

the territory. Thus, the baseline model to be e by OLS takes the following form:

Y, = Xa+BP + S+ Wy+@q+n [6]

where @ represents the set of school-districts by yeaedirffects and year dummies

(included to control for possible time trends int&St score results in the two waves used).
2.4.1. IV model

| implement an IV approach to tackle the bias frearting of non-native students across
schools due to households’ residential choices.ifgiance, in big cities immigrant families
tend to settle in suburbs where location rentslaneer. Within a given city, these areas

generally reflect lower socio-economic status ahhbaative and immigrant households living

% The different time pattern in the IC Invalsi datad catchment area level variabl&¥) (s not a concern as
socio-economic conditions across Italian territdigy not change significantly in the period consate(Bank of
Italy, 2008).

40 School districts fixed-effects correspond to 1lfmehies, one for each Italian province (NUTS 3 level
Eurostat Nomenclature of Territorial Units for ${a¢s).
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there. Therefore, for schools located there thédrigiumber of non-native students may be
reasonably correlated to lower scores of both ratiwd non-native peers. Nevertheless, this
may be due not only because the exposure to higherbers of non-native schoolmates
causesnegative externalities within the non-native pgesup, but also because non-native
students’ test scores are lowmgr se for instance, because of the underlying lowericsoc
economic status or because of negative exterraliteen disadvantaged native peers. With
respect to the empirical framework proposed, anyramdomness in the sorting of students
across schools or neighbourhoods produces a sesatslation betweeRs and the school-
error component and bias OLS estimates iof the school-level equations.

To address this problem | instrument the non-natol®ol shareR;) with the number of non-
native residents living in the school catchmentare2001 Z5). This approach exploits the
existence of ‘network effects’ in the residentiagictsions of immigrants due to the evidence
that early settlements of migrants tend to haveattiractive power to successive migrants
waves, especially in urban areas (Borjas 1995; C41d1). This fact is confirmed also in the
Italian context where important channels that caxglain immigrants residential clustering
have to do with the advantages of proximity to peap the same national, ethnic, linguistic,
or socioeconomic group for information sharing msgs, reciprocal support and use of
common local public goods (Barone and Mocetti, 2@Bderiet al.2011; Pellizzari, 2011).
Similar identification strategies are widely expéal in the migration and segregation
literature. For instance, Boustan (2010) estimtitesausal effect between ‘white flight’ from
U.S. cities to suburbs and the arrival of blacksnigration waves. To solve the potential
endogeneity in blacks settlements across citiedbahés an instrumental variable making use
of the fact that black migrants from given southsetates clustered in particular northern
cities. Saiz and Wachter (2011) take advantagehefitnmigrant clustering evidence to
partially predict the patterns of new immigranttieshent in U.S. metropolitan areas and
evaluate the causal impact of immigration on neagitbood dynamics. To this purpose, they
instrument for the actual number of new immigramsing the predictions of a geographic
diffusion model that estimates the number of newnigrants in a neighbourhood using
lagged densities of the foreign-born in surroundmeighbourhoods. Boeét al. (2011) use
houses characteristics form the 2001 Census datesttmment for immigrant segregation in
eight Italian Northern cities. Their instrumentariable approach is very close to mine and
hinges upon the same exogeneity condition, allpglied to residential segregation and not to
the school context. In educational settings, sinsteategies have been used to determine the
causal impact of immigrant concentration on stuslentitcomes. Dustmann and Preston

(2001) and Jansen and Rasmussen (2011) use etimientration in a larger geographical
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area to instrument for the school ethnic conceisimatThey ground on the assumption that
larger geographic area immigrant concentration igoad predictor of school immigrant
concentration while it does not directly affectldhén outcomes.

The IV strategy implemented combines insights ftooth streams of the literature, although
being closer in spirit to arguments and the idgagal of the migration one. The exclusion
restriction claims that non-native residents inheachool catchment-area in 200Z)(
influence the test scores only through the effeatshe actual share of non-native students in
the school Ps). The exogeneity of the instrument relies on tha that it is antecedent to the
outcome measures used and thus plausibly uncadehatith test scores: the nine years

temporal lag between the outcome variable and tistrument ensures the exogeneity
condition to be met. The coefficient of the sodaméractions paramete;f}() is estimated from

the reduced form equation [7] with 2SLS.:

Vo= X+ BRSO+ Wy+try L7l
2.4.2. Instrument relevance and validity: a discussn

In this paragraph | discuss possible concerns emdhustness of the instruments validity and
relevance assumptions while in the sensitivity gsiall perform empirical falsification tests.
The relevance of the instrument is based on thietiiat the number of non-native individuals
who lived in the school catchment-area in 208 i a good predictor of the actual number
of non-native residents in the school area, anda asnsequence, of the actual non-native
composition of the school population.
[Figure 6 here]
Figure 6 compares the non-native students’ conagoitr in junior high schools (average
values for the two school years considered in thayais, i.e. 2008-09 and 2009-10) with
non-native resident population in 2001. The figuaksost perfectly overlap corroborating the
basic assumption on which the instrument relevasiggounded: non-natives tend to cluster
only in particular areas of the country which cam fredicted making adequate use of
information on past immigration waves. First staggressions confirm tha is positively
and strongly correlated with the endogenous vagiabl
Differently from Dustmann and Preston (2001) andséa and Rasmussen (2011), | exploit
an instrument that is school-specific, thus it isrenprecise than instruments based on larger
geographical areas ethnic concentration. In facgdr geographical areas might contain more
schools sharing the same value of the instrumengalable. This problem becomes
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particularly serious in urban areas, where diffeuburbs within the same city may show
sharp differences in the school ethnic make-up whit instrumental variable approach based
on ethnic concentration in larger geographical areald not capture.

Concerns upon the exogeneity of the instrumeneadfiZs is correlated with the outcome
variable (non-native test scores) through some ningechannels other than the presence of
non-native students in the school. Indeed, the tagebetweer?s andys ensures the validity
condition to be met. Using measures which are ntiséant in time with respect to the
outcome variable would improve, in principle, tlediability of the exclusion restriction. This
is not the case in the Italian context becausd 884 Census would not capture the ‘network
effects’ in households’ residential locations as finesence of non-native in Italy was totally
negligible compared to the actual one (Billari andlla Zuanna, 2008; Mencarimt al,
2009). In fact, in 1991 the non-native populatiortaly was so small that such a hypothetical
instrument would not have any predictive power aspnt non-native school shares. Be¢ri
al. (2011) do a similar exercise and conclude thatl1®8nsus data have not predictive power
with respect to actual immigrant residential cheige Italy. They focus on eight cities in the
North and Centre of Italy, but this result can lasily generalized to the whole courffry
Possible concerns arise if | consider that somthefnon-Italian resident population in the
2001 Census data may be constituted by the paoérike non-native students in Invalsi IC
data who were 5 or 6 years old in 2001. To testttis, in Section 2.6.2 | repeat the main
analysis only non-native students born abroad fitst generation). First-generation non-
native students are not born in Italy, thus iikelly that the majority of them and their parents
either did not reside in Italy in 2001 or were uadmented and in ‘illegal’ status. In both
cases they would not be recorded in the 2001 CeRmults are not qualitatively different
from the main analysis and thus further supportrétiability of the exogeneity conditiéh

To conclude, the instrumental variable chosen atdpas previous studies both in terms of
relevance (stronger predictive power) and precigidnis school specific), while the nine
years lag supports the validity of the exclusiostnietion.

2.5.RESULTS

This section contains the baseline OLS and IV tssulhile in Section 2.6 | provide evidence

of two possible underlying mechanisms: ‘acting-whiand ‘assimilation’. In the empirical

“! Notice also that Census 1991data are can not hieheth to junior high schools and Invalsi test ssore
(Barbieriet al, 2011)

“2 Finally, it is worth to notice that it is not pdsie to build an instrumental variable based orpfgy-push’
factors of immigration waves a la Card (2001) bseaaf data availability constraints. Invalsi IC alainly
record whether the non-native student is from arckuhtry or not
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analysis | exclude those schools where only onenatdive student is enrolled, so that the
final sample is constituted by almost 6,200 juniogh schools. The outcome variable is
expressed as the natural logarithm of the non-aeahool mean test in Math and Language.

2.5.1. OLS results

The complete list and detailed description of tbetml variables used can be found in Table
15.

[Table 15 here]

[Table 16 here]
Panel A in Table 16 contains OLS estimates of tugas interaction parametgrfrom eq. [6].
| progressively add the complete set of explanateayiables: individual and family
background mean characteristics (gender, schoblnegularity, place of birth, time spent in
Italy since birth, parents’ origins), school-distrby year fixed effects; school characteristics
(school type and size, ownership, average class gupil-teacher ratio, pupil-support teacher
ratio, students with disabilities school share,rage lesson hours per week, ‘cheating’
dummy?) and catchment-area socio-economic variables. @isBlts show a negative and
statistically significant impact of non-native schhare Ps) on non-natives’ school mean
test scores: increasing by 1% non-native schoalestsgalinked to a statistically significant
decrease of -20.6% in Language and -16.7% in Mathnmest scores. Results do not vary
substantially once | control for individual chamxistics, family background and add school-
district*year fixed-effects, although school andctenent-area characteristics help to capture
socio-economic features of the environment expeddnby all students in each school
(correlated effects). The general pattern of thes@ésults induce to suppose that there are
negative within-group peer effects. However, beeanfsthe endogeneity of the non-native
school share causal links cannot be established.
The direction of the bias ia priori undetermined as it depends on many possible cl&anne
through which across school sorting and within-grauechanisms of social interactions
might (or might not) be at work. Across schoolstisgrarises when non-native students tend
to cluster in some schools which are plausibly tedan urban areas characterized by lower

socio-economic backgrounds. Given that non-nativage lower test scores than natives,

3 Because of cheating evidence in IC data outlinethisalsi (Invalsi 2009, 2010), | add a dummy vhféathat
controls for all schools suspected to have ‘chéaiadreporting test scores results. The dummy ifieatthe

schools in the upper decile of the distributiontlod school-specific cheating coefficient (rangimgnfi 1, no
cheating, to 0, full cheating) provided by the lisveStatistical Office. Indeed, cheating evidenselimited

concerning the 2010 wave and sensitivity analysisarious specification of the ‘cheating dummy’ athe
use of ‘cheating corrected’ results do not finchifigant differences once | control for territoridimmies in the
estimated specifications.
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‘school segregation’ would determine negative susicorrelation and downward bias in the
OLS estimates. This downward bias may be also elatel by negative spill-overs arising
from disadvantaged native peers. On the contraey(lLS estimates may be upward biased if
both low-skilled and high-skilled non-native stutketend to cluster in the same schools. This
is a case that is well-suited for the Italian cabhtethere immigration is a relatively new
phenomenon and immigrants tend to settle in theesameas irrespectively from their
characteristics. Boemt al. (2011) demonstrate that, in a general equilibrionmdel, even
high-skilled immigrant (i.e. the ones with bettelueation and, plausibly, better performances
in the labour market) choose to settle in the sameas of the cities where low-skilled
immigrants reside, even if their income would allttvem to pay higher rents. Their work
supports this ‘positive selection mechanism’ sa MBS estimates result to be upward biased
compared to the IV case. A similar argument of ifpes sorting’ can be translated in the
school context so that high-skilled non-native stnitd would plausibly attend the same
schools of low-skilled non-natives and, for ins&&ndo not enrol in schools with only native

peers. This fact would generate an upward biasdi@ €stimates.

2.5.2. IV results

2SLS estimations solve the endogeneity of the bbriaf interest ) and the omitted
variable bias induced if equation [6] fails to amhtfor all relevant school and environment
inputs, and obtain aaverage causal responseeasure to the increase of non-native school
share on the same non-natives’ mean test scoregl Baof Table 16 contains the 2SLS
estimation (eq. [7]), Table 17 the first stage esgions.

[Table 17 here]
The instrumental variables usedy)(is the number of non-native residents in the stho
catchment-area in 2001, which is obtained matcthegCensus 2001 variables to each junior
high school as described above. First stage estingaishow that the coefficients of the
instruments always have a positive and statisyicsigjnificant impact on the endogenous
variable Ps), and first stage F-statistic strongly rejectsniné of weak instrument (Yogo and
Stock, 2005). Within-group social interactions atd#l negative, statistically significant and
increased, in absolute terms, with respect to O&t8nations: a 1% increase in non-native
school share causes a decrease of -81.6% in Matlages test score of the non-native peer
group, and a decrease of -73.3% in Language. Timaatsed effects of the increase of 1% in
non-native school-share are quite huge: they cporesto a 2.37 times the standard deviation

for Language and 2.56 for Math.
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In Chapter 1 | estimate the social interactioneaf caused by non-native students on
natives’ attainment so that | can compare thosenasts with within-group effects in Table
16. The average causal response for an increadésooin the non-native school share is
different for the two types of peer interactioithin the non-native peer group, a one
percentage point increase in the non-native scéloale lowers their own mean test scores by
70-80%. On the contrary, the same increase causal isegative effects or no effects at all
on natives’ attainment. Although not directly comgdade, these results are in line with U.S.
literature on tacial peer effectsihich finds evidence of negative and sizable &face peer
effects’ (Hoxby 2000; Hanushedt al. 2009) but are new in the European schools context.
fact, Aslundet al. (2011) document the strong social interactionsat$f taking place intra-
ethnic groups in Sweden and find that positive reities on immigrant children education
may arise if the neighbourhood ethnic referenceigroontains a higher fraction of educated
adults. Jensen and Rasmussen (2011) find no signtfivithin-group effects. However, these
studies focus on Northern Europe countries (Swealeth Denmark) which experience a
different kind of migration with respect to couesisuch as ltaly, U.K., Portugal and Spain
where prevalently low-skilled (and often undocuneeiitimmigrants had great impact on the
labour market and school systems only in the l@stdecades. Indeed, these results are in line
with Boeriet al. (2011) who study the effects of residential segtieg on immigrants’ labour
market outcomes in eight cities in Northern Italyheir instrumental variable approach
uncovers a positive sorting process between seijpagand immigrants’ employment which

results in IV negative estimates greater, in alisdlerms, than the baseline OLS.

2.6.MECHANISMS

The evidence of strong and negative effects inim4group social interactions in the non-
native peer group can be explained through manilples underlying channels. In this
Section | explore two main mechanisms: ‘assimildtiand ‘acting-white’. In fact, within-
group negative social interactions might be exaatex by within-school segregation of the
non-native group with respect to native peers ugetterate ‘acting-white’ behaviours and, on
the contrary, the same negative effects might tenaated the more non-native children and
their families are assimilated in the hosting coyrdociety. The ‘acting-white behaviour’
comes from the social interactions literature (&asmith and Fryer, 2005; Fryer and
Torelli, 2011) while the ‘assimilation’ mechanisnmepalently follows the migration literature
(Dustmann and Glitz, 2011). | focus on these meisias for two main reasons. First, they
can be easily linked to direct policy implicatioms the assimilation and integration of
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immigrants are nowadays considered key elemenasgoiod immigration policy (Dustmaat

al.,, 2012). Second, they are the two main elementsidered in the literature as potential
determinants of non-native students’ underachiewém@&iven that it is not possible to

quantify the single contribution of each channehdirectly test whether there is evidence to
support or reject the hypothesis that these twoham@sms are at work in the setting under
study. To this purpose, | first seek for non-lingam the effects with respect to a school
segregation index and then separately estimatenibdel for the subgroup of ‘first-

generation’ non-native students.
2.6.1. Oppositional cultural behaviours: ‘acting wlite’

The linear specifications estimated so far do a&etinto account that, conditional on non-
native school share, the average test scores eghatiwes may also vary with the degree of
segregation experienced by non-native studentach school (Brunello and Rocco, 2011). It
is particularly interesting to verify this hypotlesn the light of the ‘oppositional culture
behaviours’ that may arise in cases in which stithin-school segregation of non-natives
lead them to cluster, do not interact with natieens, and even refuse to be integrated. The
general refusal of assimilation to native peerdilddead non-natives to under-achieve in
order not to fit-in with ‘native stereotypes of gbstudents’. This mechanism, known in the
sociological literature as ‘oppositional identiffordham and Ogbu, 1986; Portes, 1987), has
been used to explain the evidence of ‘acting-whitehaviours in U.S. schools (Fryer and
Torelli, 2011).

In this context, | name ‘acting-white’ the partiaulform of ‘oppositional culture behaviours’
that might arise when negative within-group effestsrease with the degree of school
segregation. To test for this hypothesis | add kearity in the within-group social
interactions effects interacting the non-nativeostishare with the school dissimilarity index
(eq. [1]) and estimating the following model:

Vo= X+ Bl +S P+ Wy+p+n (]
wherel , =P, [D

The new interaction variabld<f represents a weighted version of the simple redive
school share where the within-group social intéoast effects are weighted by the degree of
segregation experienced by non-native studentadh echool. Given thddg; (as well as the

interaction variablds) is a refinement of the simple non-native schdwre variable Hs)
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used in previous equations, | exploit the sameruns¢ntal variable 45) of the main IV
analysis. Results (Table 18) confirm the existenfceon-linear effects increasing in within-
school segregation. The estimated coefficientsherinteraction term between the non-native
school share and the dissimilarity index are ngga#ind statistically significant both for
Language and Math, while first stage F-statistiovstthat the IV estimates are strongly
identified. Hence, increasing non-native schoorshmas larger negative effects the more the
school is segregated. That is, the more non-nativéents are allocated together in the same
class the greater are the negative within-groupiabdateractions effects. This finding
supports the existence of ‘oppositional culture’chenisms that exacerbates the negative
within-group social interactions effects. While tlating-white’ theory has been recently
debated in the American literature (Torelli and éfry2010, for the U.S., and Friesen and
Krauth, 2011, for Canada), it is new to the Eurapeantext and these findings are the first
that support the possible existence of ‘acting-@/htechanisms also in the school systems of
European countries that experienced relativelyrmeard massive migration waves.

Indeed, results are in line with the limited Eurapesvidence on peer effects within the non-
natives at school. In particular, these findings @ line with Maestri (2011) who provides
evidence to support the benefits from ethnic ditgKsvhich is opposed to ethnic segregation)
on students attainments in Dutch primary schoolngdJ cross-country data based on PISA
test scores, also Brunello and Rocco (2011) estaliat school segregation exacerbates the

(small) negative effects on natives’ attainments ttuthe presence of immigrant peers.

6.2. First generation students and assimilation eftts

Non-natives’ children assimilation in the hostinguotry is a complex process that involves,
at least, three main factorsi) (parental background and parental decisions ofdrem
education; i{) school system characteristicdj)(the social context and ‘ethnic capital’ in
which children grow up (Dustmann and Glitz, 201th&eeweis, 2011; Schnepf, 2007). In
general terms, better assimilated households Iepassimilation of non-native children in
schools and, more broadly, in any aspect of théakdie in the hosting country so that
within-group negative social interactions should decreasing with respect to degree of
assimilation of the immigrants’ households. Notitet | refer to ‘assimilation’ in an
extremely broad sense, ranging from the acquisitibskills in the use non-mother tongue
language to the degree of integration the non-adtwmily has reached in the host country.
To test this hypothesis, | rerun the analysis fo@usn the sub-group first-generation students
(1G, non-native students born abroad) making the ag8amthat, after controlling for a

87



proxy of arrival time, first-generation non-natigeudents usually face more difficulties in
assimilation processes compared to second generggers’ (Dustmann, Machin and
Schonberg, 2010; Dustmann, Frattini and Lazzard2p0In fact, international surveys on
students’ attainment generally find that secondegation usually perform better than first
(especially in language skills) and seem to berfediin their longer stay in the hosting
country (Schnepf, 2007; Dustman and Glitz, 2011).
To test this assumption in the Invalsi IC dataetfprm OLS regressions on the Invalsi IC
2009-2010 individual test scores (for about 870,86@rade students, both native and non-
native) using school-fixed effects to capture umobsd heterogeneity at the school level,
year dummies and individual characteristics as rotst(dummies for gender, retention,
immigrant status, first and second generation innamtg).

[Table 18 here]
In the first regression (Table 18, column a) | dyngse the dummy for being a non-native
student, while in the second regression (Tablect&mn b) | distinguish between first and
second generation immigrant€oeteris paribus being a non-native student implies a
Language test score 12.41% lower than native peads 6.16% lower in Math. First
generation students score 13.74% lower in Lang@ege6.05% lower in Math than native
peers. Second generation gaps are reduced for ageg(8.41%), while there is not
statistically significant difference in Math testose between first and second generation
students. Thus, a descriptive pattern emerges ouingedifferences in achievement gaps
between subjects and immigrants’ generations. Alghonon-native students show a sizable
gap, it is more pronounced in Language than in Mislibreover, the difference between first
and second generation students’ achievement gapsreg@pect to native peers is relevant in
Language skills, but not for Math.
This evidence suggests that the greater difficallitteachievement could be potentially linked
to language difficulties and difficulties to intetawith teachers and native peers and that
second generation students benefit from their losg@y in the hosting country showing a
greater assimilation to the hosting country langudgurther descriptive evidence can be
drawn from a recent survey on non-native adolesdetggration in the society which
confirms that first-generation non-native have mdifficulties at school mainly driven by
shyness, language, difficulties in interactionshwitassmates and teachers (CNEL, 2011).
Thus, | focus on first generation non-natives drartcontribution to the within-group social

effects estimating the following model:

4 |deally, | would also perform the analysis on sebgeneration non-native students (the ones boitaly)
but given their limited presence, results cannatdigsidered robust.
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Vo= XSa+ BB+ S0+ Wy+pn ol

If the ‘assimilation’ channel plays a role in th&hin-group social interaction effects | would

expect different estimates of the social parameitir respect to the baseline model. In detalil,
if lower assimilation of first generation non-nasé/is associated with greater within-group
negative externalities | would expect the socidkraction parameter to be negative and

greater in absolute terms with respect to the basdéV/ estimates of the effects of the whole

non-native group (i.#e,@le‘ >‘,3‘). On the contrary, if assimilation does not playpke, | would

not find differences (i.ﬁ;@’l@‘ D‘,@‘ ).

[Table 19 here]
Table 19 shows the results both for the OLS anadWmates. Focusing on IV estimates, |
find that social interaction effects are negatived egreater in absolute terms for first-

generation peers with respect to the estimategh®rwhole group of non-native students
(|Bs

peer interactions cannot be rejected. In fact, thes assimilated’ sub-group of first-

>‘,5")- The hypothesis that assimilation plays a sulbistamole in shaping within-group

generation students generate greater negativenagtioup social effects with respect to the
whole group of the non-native students. Thus, idifties in assimilation’ can be considered
a channel that exacerbates the negative withinpgedernalities. In this sense, integration
through education is a powerful tool to favour askition of immigrants, at least by reducing

the negative within-group social interactions etifec
2.7.SENSITIVITY ANALYSIS

In this section | test the robustness of the requdlying particular attention to the instruments
used. | repeat the analysis to test the robustok#ise results according toi) (a different
specification of the endogenous variabig; & different definition of the ‘non-native group’;
(iii) alternative indices to measure segregation atstdm®ol level. The sensitivity analysis
shows that, once the assumptions on the instrumeateble Z; are accepted, results are

stable and robust.

2.7.1. Different specification for the endogenousaviable and for the ‘non-native group’

89



| test the robustness of the results using a @iffespecification of the endogenous variable.
Instead of the non-native school share thgBade students | simply use the number 'bf 8
grade non-native students in the school.

[Table 20 here]
Table 20 contains the estimation of the baselindeheq. [7]) substituting the endogenous
variable Ps with the simple number of non-native students ie #thool. First-stage F-
statistics show that the coefficients are alwaysrgfly identified. There are not significant
differences in the results, apart from the inteigtien of the coefficients. Including the full
set of explanatory variables, 2SLS results showttiere is a negative impact of the number
of non-native students on the test scores of theeszon-native students: one additional non-
native student determines a decrease in the avéeagescore by -0.8% in Language and -
0.9% Math.
So far, | have focused the analysis on the effedtsin the peer group composed by the non-
native students, where for the identification of thon-native status’ | rooted upon a simple
citizenship criterion: non-native students are stud without Italian citizenship which means
that both student’s parents do not have the Itatitinenship (so calledus sanguinisrule).
This is because the citizenship is an administeatecord and does not show severe missing-
values problems in the Invalsi IC data. Howevealsb rerun the analysis exploiting a slightly
different specification and identifying the ‘immagt’ group following the OECD-PISA
definition already introduced (OECD, 2010). Thidinidon partially overlaps with the ‘non-
native status’ definition, but it is stricter anttiude less students. Notice also that Invalsi IC
data offers for the first time the chance to idgnseparately first and second generation
immigrant students in Italy although this classifion could be less precise. In fact, ‘student
citizenship’ is an administrative compulsory infation that parents are obliged to give to
schools staff at the moment of the enrolment, wttike information about parents’ place of
birth used to identify the ‘immigrant status’ issgn on voluntary basis. | rerun the analysis
using the ‘immigrant school share’ as endogenousabig. Results (Table 20) always point to
a negative effect between immigrant share (or nujrdned the average test score results of
the same immigrant peer group; first stage F-stedisalways reject the null of weak
instrument. A 1% increase in immigrant school shdetermines a decrease of -27% in
Language and -34% in Math. Even if the generalepatof the results confirm the ones
obtained in the main analysis, the magnitude ofettfects is smaller compared to the results
obtained with the ‘non-native status’ definitionhi§ can be due to the fact that the
‘immigrant’ definition is ‘stricter’ as it encompsss only students born froboth foreign-
born parents and to measurement error due to rgisisita.
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2.7.2. Alternative segregation measures

Finally, | also implement two alternative measuoéssegregation at the school level: the
isolation index and the inverse of the exposudein(Clothfelter, 1999). Both indexes range
from O (no segregation) to 1 (maximum segregati®hg isolation index measures the extent
to which non-natives are exposed only to one otta¢iher than to natives: at the school level,
the index is computed as the non-native-weightedragge of each class non-native

population. In symbols, using the same terminolagyhe one of the dissimilarity index:

c=1

| :i Non- nativegD Nor natives [10]
Non- natives ( Nor natives Natiyg

The inverse of the exposure index is a measursotdition similar to the isolation index, and
it is computed as the inverse of the standard axpasdex (Echenique and Freyer, 2006). |
choose these two indexes because they offer a measschool segregation which is based
on the ‘extra-groups contacts’ between nativesrardnatives rather than on the unevenness
of the distribution of non-natives, as the dissantl index.

[Table 21 here]
The estimated coefficients (Table 21) are all nggaand statistically significant, confirming
the robustness of the results. In general, incngasiegregation at the school level is
associated with greater within-group negative dontaraction effects.

2.8.CONCLUSIVE REMARKS

Although U.S. scholars have long focused on theataateraction effects of desegregation
policies on minority students attainments (Angastd Lang, 2004; Hanushek et al., 2009),
European literature has rarely focused on peectsfies a potential channel which contributes
to explain the well-known gap in achievement betwemtives and non-natives. Recent
studies investigating the causes of non-native esttsd underachievement in European
schools have primarily focused on immigrant famsilsocio-economic background, without
investigating the contribution that school segrisgatand social interactions have on
explaining the gap. In this light, a clearer untlrding of the internal dynamics of the
minority students groups of peers is fundamentalorder to understand whether and
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following which channels social interactions withilon-native students widen the existing
attainment gap and under which mechanisms (FrgdiQR

From the methodological point of view, | solve tiedogeneity of non-native school share
exploiting the original features of the dataset dndding an instrumental variable which is
school-specific, shows a strong predictive powed #mat is plausibly exogenous to the
outcome measures. Once the assumptions on therresttal variable are accepted, results
are stable and robust under a variety of falsificatests and alternative specifications. The
population for the analysis is constituted by ahmative students enrolled in th€ grade of
Italian junior high schools in the 2008-09 and 2Q@9 school years and the lItalian
background is similar to those of European cousit(eemong the others, Spain and U.K.)
which experienced massive migration waves of uleskiind often undocumented individuals
in the last two decades.

| find strong negative within-group social inteliacis effects: increasing by 1% the non-
native school share determines a decrease of -iM3%rguage and -82% in Math mean test
scores of the same non-native students. The asayshe mechanisms at work supports the
evidence of ‘acting-native’ behaviours in Italiamjor-high schools. That is, | find that the
negative within-group effects are stronger the wgreas the degree of within-school
segregation (i.e. the less uniformly non-nativedstus are allocated across the classes of the
same school) and the lower is the degree of asgionl (focusing on first generation students
results are negative and greater, in absolute tecormpared to the entire group of non-
natives). Findings are robust to different speaifens of the segregation index and to
different definitions of the endogenous variablel ah the ‘non-native’ group. These results
are new in the European context while in line with negative ‘within-race effects’ found in
the U.S. and close to Maestri (2011) who finds tle#tinic diversity’ within classes has
positive externalities both on attainments levetsl &ehaviours of native and non-native
students.

The evidence on the existence of acting-white biel@as and negative within-group effects
supports the general idea that a successful imtivgraolicy has to be concerned with the
assimilation and integration of the immigrants (Duasn and Glitz, 2011) and that successful
integration policies for immigrant children showrt as early as possible in the school path.
Focusing on school policy implications, this workggests avoiding any sort of segregation
of non-native students across schools and acrassed within the same schools. Schneeweis
(2011) points out that school segregation of nativaastudents in European contexts is
primarily due to two factors: immigrants’ familigesidential segregation and (explicit or
hidden) selectivity criteria in the school systdaowever, the formation of ‘enclave classes’
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by school heads or the (more or less explicit) ttuien of ‘segregated schools’ has often
found policy justification under the idea that ‘sjg schools’ or ‘special classes’ might
favour the work of teachers which can concentrhtgrtefforts on a group of non-native
students with homogeneous educational needs aficuities. In some sense, if schools are
only concerned in maximizing their profit functiooy equivalently, in maximising the
average school performance in test scores andna@ssessment programs, it can be shown
that the non-native students’ segregation in ‘er&lalasses may lead to the result (Lazear,
2001). However, this view totally disregards theigbimplications of such programs. | show
that increasing school segregation is detrimemtahée educational outcomes of non-native
students and to their integration with native pe&snilar policies heavily neglect the
importance played by social interactions: ‘opposiéil culture’ behaviours and the ‘lack of
assimilation’ with native peers could dramaticadlyacerbate the existing attainment gaps
(Fryer, 2010). On the contrary, adequate mixingesuin schools and class composition
criteria could easily mitigate these negative dffec

Moreover, from a school-path perspective, withihesd segregation must be avoided
especially in the lowest levels of the educatiothpavhere pupils could be more easily
integrated with native peers. This aspect is paldity relevant in educational systems with
explicit tacking. For instance, Ludemann and Schivé2012) show that, conditional on
students’ attainments, the early tracking systei@@énman schools generates greater negative
effects for second generation immigrant studentschvHargely explain the wage gap
differential between native and second generatiommigrants. It is also relevant in
educational systems, like the Italian one, wheré&maplicit tracking’ for non-native students
takes place at the end of th8 grade, in the passage from the comprehensive dsoryu
education to the upper secondary education. In famt-native students tend to cluster in
vocational schools or even drop out after juniaghhschool (MIUR, 2010). As an indirect
result, the sorting effects leading to enclave tiocal schools in secondary education
potentially prevent non-natives from an effectigsimilation if this has not started as early as

possible during the school path, from primary amigr high schools.
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TABLES CHAPTER 2

Table 13.Individual and school level descriptive statistics.

Panel A: IC 2008-09 IC 2009-10
Individual Level North Centre South Tot. North  Centre  South Tot.
No. Students 211,567 93,440 205,856 510,863 206,%8N629 199,405 497,564
% Non-natives 11.20 8.97 1.83 7.04 11.24 9.28 1.84 7.12
% Immigrants 11.42 9.02 1.98 7.21 11.24 9.47 1.99 227
% First Gen. Imm. 8.56 6.62 1.28 5.25 8.41 6.82 412 5.21
% Second Gen. Imm. 2.22 1.63 0.45 1.37 1.01 1.17 400. 0.78
Panel B: IC 2008-09 IC 2009-10
School Level North Centre South Tot. North  Centre  South Tot.
No. Schools 2359 1017 2427 5803 2368 1009 2356 5733

No. Schools with
non-native students
%Schools withnon- g4 15 9164 5871 7689 8851 9029 57.55  76.10
native students
% Public Schools 83.59 86.52 95.09 88.9 83.78 2B6.795.33 89.04
% K-8 schools 66.21 63.32 95.10 63.2 69.04 67.196.086 67.49
Avg. No. Students

2103 932 1425 4460 2096 911 1356 4363

S

341.94 342.03 29858 32221 306.61 31550 291.01 1.720
per School
Avg.No. Students ) 4 5593 1975 2049 21.30 21.00 2008  20.74
per Class

Pupil-teacher Ratio 11.60 11.64 10.30 11.92 21.155.74  13.12 16.77

% Schoolslinkedto o) o5 9100 9308 9395 9312 92.86 91.85 9255
Catchment Area Info.

Table 14.Descriptive statistics at the individual level I@h2010: students’ origins and test
scores.

Language test score

0,
/o Mean Median2nd Q. 3rd Q. Variance A Mean

Students [(@)-(b)]

Native (a) 92.878 60.90463.110 51.125 73.440 304.074 7 418*
Non Native (b) 7.122 53.48664.251 42.418 65.250 274.005

1% Gen. Imm. (a) 6.021 53.39854.165 42.351 65.067 271.577 5046
2"Gen. Imm. (b) 0.931 58.44459.983 48.699 69.612 256.839

Math test score

Stu(yc;)ents Mean Median2nd Q. 3rd Q. Variance [?a'r?ba)?

Native (a) 92.878 52.26252.195 41.865 64.049 272.017 4.602%
Non Native (b) 7.122 47.65%7.126 37.226 57.292 229.224

1% Gen. Imm. (a) 6.021 47.663 47.134 37.232 57.263 226.876 2 253

2" Gen. Imm. (b) 0.931 49.916 49.731 39.671 59.884 240.780
Notes.Test scores range from 0 to 100 (percentage bf aéigswers) and are cheating-corrected. The ldstro
contains standard t-test (with different variancesgults on the difference between means of each ()
category; star indicates whether the mean differésstatistically significant (p.vaD.05).

94



Table 15.Variables description.

Type Name Description Source
Fraction of non-native females in
female
school s
Fraction of non-native retained
late .
students in school s
o . Fraction of non-native students in :
Individual (X) father place of birth school s with father born abroad Invalsi
mother place of birth Fraction of non-native students in
P school s with mother born abroad
alwavs ital Fraction of non-native students in
ys_ftaly school s in Italy since birth
istituto Dummy equal 1 if “K-8 school” .
- Invalsi
statale Dummy equal 1 if State school
. School size, given by the total number
tot_alunni : .
- . of students in the school and its
tot_alunni2
- square
avg_class Average class size in each school and
avg_class2 its square
. Percentage of students with
School level (S) handicap_percent disabilities in the school MIUR / Invalsi
pt_ratio Pupil-to-teacher ratio
. . Non-native students-to-support
it_ratio .
- Teacher ratio
tl_class _iii Fraction of 40-hours classes ifi §r
High_cheating_dummy Durrt}]n(;y e.?ua:c 1h|f thehscrOEI is in the
(subject specific) 9" deci e of the school cheating
coefficient distribution
Province by year Interaction dummies for provinces
N )
Fixed Effects provyearFE_ (103 dur3m|es)_ and years (2
ummies)
Ipop Log of total resident population
illiterate Fraction of illiterate pop.
university_edu Fraction of pop. Wlt_h university level
education
m_occup_rate Male occupation rate
f _occup_rate Female occupation rate
Catchment Area agri_oc Fraction O; V\r/i(;rulﬁfeoccupled n
(W) ___ag Census 2001
self _empl Fraction workers self-employed
Fraction of resident commuting every
commuter )
day for school or working reasons

avg_family_members Average number of family members
Fraction of houses without clean

house_poor

water
house new Fraction of houses built after 1980
avg_rooms Average number of rooms per house
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Table 16.Baseline estimates OLS and IV: effect of non-reteghool share on school mean
test of non-native peers.

Dep. Var.: log School Mean Score for NON-NATIV&dents

Panel A: OLS estimates
Language Math

Non-Native School Share ~ -0.2891%*  -0.1976%* AD59** -0.2316** -0.1504**  -0.1659**
(0.0399) (0.0548) (0.0566) (0.0405)  0B®9) (0.0579)

R sq. 0.187 0.219 0.222 0.202 0.237 0.240
Adj.R sq. 0.159 0.190 0.193 174 0.210 0.211
N 6201 6201 6201 6201 6201 6201
Panel B: IV estimates
Language Math

Non-Native School Share  -0.4656%**  -0.6856*** f(B28** -0.5130** -0.7652**  -0.8156%**
(0.1320) (0.2108) (0.2561) (0.1330)  2(a3) (0.2524)

R sq. 0.184 0.210 0.212 0.196  0.223 0.224
Adj.R sq. 0.156 0.181 0.182 168 0.195 0.195
N 6201 6201 6201 6201 6201 6201
1st stage F-statistic 294.56 231.64 203.22 29456 31.12 202.75

Individual Charact. (X)

and Province*Year FE yes yes yes yes yes yes
School Charact. (S) yes yes yes yes
Catchment Area (W) yes yes

Notes.Sig. level: * p<0.1, ** p<0.05, *** p<0.01.
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Table 17.First stage regressions.

Endogenous Dep. Var.: Non-native students
school share

Non-Italian residents in the school catchment are2001
(Population CENSUS 2001)

0.00871*** 0.00568*** 0.00521***

(0.00051) (0.00037) (0.00036)

First stage F-statistics 84 231.64 203.22

R sq. 0.340 0.629 0.640

Adj.R sq. 0.317 0.616 0.627
N 6201 6201 6201

Individual Charact. (X) and Province*Year FE yes sye yes

School Charact. (S) yes yes

Catchment Area (W) yes

Notes.Sig. level: * p<0.1, ** p<0.05, *** p<0.01.
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Table 18.Individual level OLS estimates.
Dep. Var.: log (individual test score)

Language Math
(@) (b) (@ (b)
Female -0.0042*** -0.0042*** 0.0085*** 0.0081*
(0.0006) (0.0006) (0.0007) (0.0007)
Retained -0.1888*** -0.1860*** -0.1619*** -0.13p***
(0.0016) (0.0016) (0.0015) (0.0016)
Advance 0.0633*** 0.0634*** 0.0600%*** 0.09**
(0.0018) (0.0018) (0.0021) (0.0021)
Non-native -0.1241%** -0.0616***
(0.0017) (0.0017)
First Gen. Imm -0.1374%** -0.0605***
(0.0021) (0.0020)
Second Gen. Imm -0.0841*** -0.0690***
(0.0034) (0.0035)
R sq. 0.173 0.173 0.259 0.259
Adj.R sq. 0.167 0.167 0.254 0.254
Clusters 47887 47872 47890 47875
N 874157 868203 874185 868233
Year fixed effects X X X X
School Fixed Effects X X X X

Notes. Robust std. errors clustered at class level. Say. I p<0.1, ** p<0.05, *** p<0.01Female: dummy
equal 1 if femaleRetained: dummy equal 1 if retained; Advance: duneapyal 1 if younger than normal age for
8" grade (i.e. enrolled one year in advance); Noiveatlummy equal 1 if non-native; First Gen. Imaiummy
equal 1 if first generation immigrant; Second Gemn.: dummy equal 1 if second generation immigrant
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Table 19.Mechanisms: non-linear effects with the interactodrthe Dissimilarity Index and
assimilation effects in the subgroup of first gextien non-native students.

Dep. Var.: log School Mean Score for Non-nativalstuts

Language Math
oLS v oLS \Y,
Non-native SS*D_Index 0.0052* -0.0897** 08D***  -0.1002***
(0.0027) (0.0361) (0.0027) (0.0369)
R sq. 0.221 0.081 0.240 0.049
Adj.R sq. 0.192 0.047 0.211 013
N 6200 6200 6200 6200
1st stage F-statistic 26.54 26.49
Language Math
oLS v oLS v
First Gen. school share 0.2604**  -0.9829** .3@41**  -1.0981***
(0.0590) (0.3588) (0.0592) (0.3549)
R sq. 0.223 0.174 0.242 0.175
Adj.R sq. 0.194 0.143 0.214 140.
N 6200 6200 6200 6200
1st stage F-statistic 122.00 121.81
All Controls yes yes yes yes

Notes.Sig. level: * p<0.1, ** p<0.05, *** p<0.01.
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Table 20. Sensitivity analysis: different specification ofetendogenous variable (Panel A)
and of the immigrant group (Panel B).

Dep. Var.: log School Mean Score for Non-nastuaents

Panel A Language Math
oLS v oLS v
Non-native No. -0.0022***  -0.0084**  -0.0015*** -0.0094***
(0.0004) (0.0030) (0.0004) (0.0029)
R sq. 0.223 0.202 0.240 0.205
Adj.R sqg. 0.194 0.172 0.211 176.
N 6201 6201 6201 6201
1st stage F-statistic 134.23 133.53
Language Math
Panel B oLS v OoLS v
Immigrant school share -0.0395 -0.2787  0683*** -0.3400
(0.0283) (0.2356) (0.0259) (0.2247)
R sq. 0.174 0.162 0.219 0.203
Adj.R sq. 0.142 0.129 0.189 17
N 6021 6021 6021 6021
1st stage F-statistic 60.11 59.88
All Controls yes yes yes yes

Notes.Sig. level: * p<0.1, ** p<0.05, *** p<0.01.

Table 21.Sensitivity analysis: different segregation measure

Dep. Var.: log School Mean Score for Non-Natiuedgnts
Language Math
D I IE D I IE
Non-native SS*Index  -0.0719***  -0.0929** -0.0014*** -0.0880*** -0.1138** -0.0017***
(0.0276) (0.0380) (0.0004) (0.0277) (0.0386) (0.0004)

R sq. 0.152 0.041 0.369 0.111 -0.031 0.354
Adj.R sq. 0.120 0.004 0.345 0.077 -0.070 0.329
First Stage F-stat Zs 47.33 35.13 32.8 47.05 34.89 325
N 6201 6201 6201 6201 6201 6201
All Controls yes yes yes yes yes yes

Notes.Sig. level: * p<0.1, ** p<0.05, *** p<0.01.
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FIGURES CHAPTER 2

Figure 4. Non-native students percentage in the Italian sichgstem, from s.y. 1996-07 to
2008-09.
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Source: elaboration on Ministry of Education StatisticéfiCe data (2009).

Figure 5. Dissimilarity Index and non-native school share.
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Figure 6. Comparison between non-native school share (emdagevariable), on the left,
and non-ltalian residents in 2001 (instrument),tba right. Geographical distribution by
province.
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CHAPTER 3.
STUDENTS'CHEATING ASA SOCIALINTERACTION:
EVIDENCE FROM A RANDOMIZED EXPERIMENT
IN A NATIONAL EVALUATION PROGRAM’

ABSTRACT

We analyze students’ cheating behavior during @onakt evaluation test. We model the
mechanisms that trigger cheating interactions betwstudents and show that, when
monitoring is not sufficiently accurate, a socialltiplier may magnify the effects on

students’ achievements. We exploit a randomizecmx@nt, which envisaged the presence
of an external inspector in the administration aratking of the tests, to estimate a structural
(endogenous) social multiplier in students’ cheatifhe empirical strategy exploits the
Excess-Variance approach (Graham, 2008). We fistdomg amplifying role played by social

interactions within classrooms: students’ cheatbeihaviors more than double the class
average test scores results. The effects are faonbe larger when students are more

homogeneous in terms of parental background charsiits and social ties.

JEL Classification: C31, D62, 121.

Keywords: social multiplier, students’ cheatingadamized experiment

“This chapter is a joint work with Claudio Lucifofniversita Cattolica and 1ZA).
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“It's seen as helping your friend out. If you askople, they’d
say it's not cheating. | have your back, you hausem senior
student at Stuyvesant High School in Manhattan.

“We want to be famous and successful, we thinkcolieagues
are cutting corners, we’ll be damned if we’ll loset to them,
and some day, when we’ve made it, we'll be roleetsodBut

until then, give us a pass.” student at Harvard @Guate School

of Education.

The New York Times, September®22012

3.1.INTRODUCTION

In many social and economic contexts individualemfface the choice to adopt different
types of opportunistic or even illicit behavior itacrease their welfare taking advantage of
others for personal interests. Leaving aside majames, there is abundant evidence
indicating that cheating on taxes, free riding arblic goods, claiming benefits without
entittement, bribing and corrupting public offigalabusing of drug and drinking, smoking
when not permitted, as well as other types of dissb behaviors are widely diffused
phenomena in most countries (Kleven et al. 201%fifr@t al. 2007; Powell et al. 2010;
Gaviria and Raphael 2001; Clark and Loheac, 2007).

In this paper, we focus attention on a specificetyyf such fraudulent behavior, that is
students’ cheating when taking an exam. Severalegardocument that students’ cheating
has grown, over the last decades, hand in hand thghmore extensive use of testing
programs (Davies et al., 2009; McCabe 2005; Rind&3¥>, yet there is little evidence on the
effects of cheating behavior for educational outespas well as on the measures taken to
contrast its diffusioff. Students’ cheating behavior can have importansequences in the
process of human capital accumulation and for thectioning of the labor market. For
example, cheating can interfere with the evaluaabibty to assess students’ performance and

“ Large-scale cheating has been uncovered ovenshgéar at some of the US most competitive schiikés
Stuyvesant High Schowl Manhattan, théir Force Academynd, most recentlydarvard University(The New
York Times, September 7, 2012). A survey conduetegbart of the Academic Integrity Assessment Ptdjgc
the Center for Academic Integrity (Duke Universig)d covering 80,000 students and 12,000 facuti¢he
U.S. and Canada, between 2002 and 2005, repora®186 of undergraduates admitted to have cheated o
exams at least once a year (McCabe, 2005). Anailmey run - in 2010, on a national sample of Ydhlic
and private high schools students - by the Josephsstitute of Ethics —Report on honesty and integrity’
(2011) - found that 59.3% of the U.S. studentsruidsved cheated at least once during a test, whdee than
80% of them copied from others’ homework at leamsteo

“® In many countries, policy interventions make estem use of test scores to determine the allocatibn
resources across schools and to evaluate teaetmnisbut little has been done to develop objectheasures of
students’ cheating.
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can decrease the external validity of grades (Amderand Murdock, 2007). ‘Cheating bias’
may contaminate the information used in many edoicak decisions, such as: promoting
students from one grade to the next, or awardidgplmma without the required knowledge.
In one case, cheating detracts from the signaliaigdity of education titles on the labor
market; in the other case, it determines negatiterealities on the learning processes, for
example, slowing down the teaching acti{ity

Moreover, students’ cheating raises a number ot@ms not just for the unfairness with
respect to students who do not cheat, but morergiynéor the externalities that are created
on others (McCabe, Trevifio and Butterfield, 1998rr€l et al. 2008; Dee and Jacob, 2012).
In particular, when a student breaks an ethicalecofi behavior exchanging information,
cooperating with other students or using any pritdibmaterials during an exam (Cizek,
2003), many others — who might otherwise have bethdonestly - end up being influenced
thus reacting to such behavior. Many students nest that they cannot afford to be
disadvantaged by those who cheat without beingrtep@r punished by school authoriffes

In this context, even an isolate cheating behawiay propagate and become larger through
social interactions. Hence, as widely discussedthi@ social interaction literature, the
aggregate outcome is likely to depend on a dirfetie(a reactiorvia private incentives to
cheat) and an indirect effect on behavior (a reacto the cheating behavior of others): the
ratio between the equilibrium aggregate responsktlam sum of the reactions of individuals
to cheating is the so-called social multiplier (&lar et al., 2003). The cheating outcome is
amplified by the multiplier generating large di#eces in variance across different groups
(i.e. school, classroom, etc.) with otherwise samilcharacteristics. While unobserved
heterogeneity and sorting of individuals acrossiggomay account for part of the differences
in cheating behavior, social interactions withilogp of students linked by different types of
contextual ties are often necessary to explairekuess variation that is observed in the data
(Manski, 1993; Brock and Durlauf, 2001).

Note that in many circumstances the driving foraee dishonest or illicit student’s behavior
during an exam may be found in some personal traitsh as: greed, envy, competitive

pressure, etc.; however, social norms, low trustjdespread acceptance of illicit behavior

" The consequences of cheating can be even moreeseveducational settings in which the school eysts
based on a strict tracking system (e.g. Germany).

“8 Note that reporting the offenders, as contemplatethany schools’ ethical codes, is required ta kfaé
diffusion of cheating behaviors, nevertheless @uth be noted that small transgressions and distdrehavior
are very often overlooked or tolerated within maayools, either because students do not like tditeetly
involved in the accusation, or because schools ¢kéras do not want to be associated to the judiciar
procedures required to support the allegationsunfent’s dishonesty.
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and other background characteristics may also aserghe likelihood of dishonesty within
students.

In other words, cheating behavior can be seen aigeriree-riding problem, where students,
for any given level of effort, try to maximize thgierformance (i.e. pass-rate probability,
exam grades, test scores, etc.) and exploit thsilplity of opportunistic behavior — i.e.
exchanging information or cooperating - anytime ithenitoring system tolerates it or is not
efficient in reporting the offende’s The interdependencies between students’ decigimns
cheat are at the basis of the positive covariam@edividual behavior that triggers the (social)
multiplier effect. In terms of the framework intnaced by Manski (1993), and extensively
discussed in the literature on social interactiaghs, above cheating behavior represents the
endogenous part of social effects (Bramoullé e2@09; De Giorgi et al. 201%)

The literature on social interactions in educatlas largely focused on peer effects in
students achievements in classrooms and schoots) social outcomes within fraternity (or
sorority) membership (Sacerdote 2001; Zimmerman32@inebrickner and Stinebrickner
2006; Foster 2006; Graham 2008; Hanushek, et 8B;20yle, 2007; Lefgren 2004; Carrel et
al. 2009; Lavy et al. 2012). Conversely, the effeicstudents’ cheating interactions has not
received much attention and even less is known tathwu potential mechanisms that may
drive cheating behavior.

An extensive literature in educational psychologs ldocumented cheating behavior in
schools!, while only few papers have addressed the isswsocifal interactions in cheating
behavior using a credible identification stratelyjost papers in the literature use statistical

technigues that cannot reliably separate the emaageand exogenous effects — i.e. the effect

9 Monitoring activities are introduced to validagsting procedures in national evaluation progratiasvever,
contrary to international programs of students'easments (e.g. PISA, TIMSS, PIRLS) - which are igua
conducted on a survey basis and sampled studentsestest under the supervision of inspectorsational
assessments programs are conducted on a censssabdsihe same school teachers supervise studéiies w
tacking the exam (U.S. Department of Education Q2@urydice, 2009).

0 Manski (1993) identifies three main factors theg #ikely to influence social interactions: exogasg(or

contextual) effects (i.e. when the propensity ofiradividual to behave in some way varies with tkegenous
characteristics of the group), correlated effeces €common shared group-level factors) and endmgeisocial
interactions (i.e. when the propensity of an indipdl to behave in some way varies with the behasfahe
group). Only the latter effect can determine theiaamultiplier.

*! Stephens and Gehlbach (2007) count more thanmaréa empirical studies on this issue over thedasade.
Research in this area documents that cheating ®aectonong students from all grades, from elemen@gds to
colleges, and even in graduate schools. From dajawental perspective, Miller et al. (2007) finctltheating
tend to occur less in younger children than in esioénts. These developmental differences are doleatoges
both in students’ cognitive abilities and in theiab structure of the educational contexts in whitildren and
adolescents interact (Murdock et al., 2001). Fromadivational perspective, Anderman and MurdockO&0
document different reasons for engaging in acadexh@ating: some students cheat because they angy hig
focused on extrinsic outcomes such as grades; otttezat because they are concerned with maintaiming
certain image to themselves or to their peers oale they lack the requisite self-efficacy to gega complex
tasks.
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of the group upon an individual from the effectaof individual upon the group due to the
well-known reflection problem (Carrel et al. 2008}arting from an early study by Stanard
and Bowers (1970), where it was shown that chedénded to be higher among members of
a fraternity or sorority, the psychological litareg has focused attention on how social norms,
peer pressure, environmental pressure and selépgoa of cheating behavior affect
individual cheating decision. McCabe and Trevin®91), for example, found peer-related
contextual factors to be the strongest predictofscloeating in their multi-campus
investigation of individual and contextual influescrelated to academic dishonesty. Students
who perceived that their peers disapproved acadeislmnesty were less likely to cheat,
while those who perceived higher levels of cheatingong their peers were more likely to
report cheating. Grimes and Rezek (2005) estimat®lit regression model to determine the
factors that contribute to the probability of chiegt Their results indicate that the most
important determinants are personal beliefs abbat dthics and social acceptability of
cheating and various attributes of the classroomiremment?. Carrel et al. (2008) are the
first to analyze cheating behavior as a sociakaaion using separate estimation procedures
to identify an exogenous (contextual or pre-treatthpeer effect and an endogenous (during
treatment) peer effect. Their model assumes that p#ects are completely driven either
through experiences of cheating behavior at highoaslc or completely through peers’
behavior while at college. Their results for thedegenous peer effects indicate that one
additional college cheater ‘creates’ approxima@B1—0.75 additional college cheaters.
There is also a parallel literature that has foduse other forms of cheating, for example
cheating on taxes is one of the most interestirgesaKleven et al. (2011) analyze a tax
enforcement field experiment in Denmark confrontiddferent types of tax reporting
methods (i.e. third-party reporting vs. self-repdrtincome), as well as different auditing
methods faced by tax filers. The authors show tiatcheating is close to zero for income
subject to third-party reporting, but substant@ $elf-reported income and that prior audits
and threat-of-audit letters have significant effeat reducing cheating on self-reported
income. Galbiati and Zanella (2012) estimate a adowiultiplier effect in tax cheating
generated by the congestion of the auditing reesurthey use a rich dataset from lItalian
Local Tax Authorities and find that an exogenousockh altering concealed income
independently across individuals produces an diguilin variation that is up to three times

the initial response.

%2 Kerkvliet and Sigmund (1999) explore the determtsaf source-specific cheating behavior includihgdent
characteristics and deterrent measures. They abadioat large alcohol consumption and low gradentpoi
average increase the probability of cheating. Jor(2001) finds a significant correlation betweenleze
students’ perceived social norms and their selbrieg cheating.
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We develop a simple theoretical model to highlihe mechanisms that may drive social
interactions in cheating behavior and to deriveatde predictions. We show that students
may optimally decide whether to engage in coopezagiffort exchanging information (e.qg.
conform to other student cheating behavior) andaltaking into account other students’ best
response. The equilibrium solution takes the forifn ao linear-in-means model with
(endogenous) social interactioaga Manski, so that we can attach a structural intggtion

to our estimate of the multiplier (Cooley 2010a ) particular, our model posits a specific
social spillover: by observing or expecting thatdsint achievements depend also on cheating
interactions, students adjust their behavior inpoese to the cheating behavior in the
classroom.

We use a unique data set drawn from the ‘Nationalvé& of Students’ Attainments’
(henceforth SNV) (in both Mathematics and Languagdiich is compulsory for all schools
and students attending different grades of prinaany junior-high school in Italy, and exploit
a randomized experiment which envisaged the pres@fcan external inspector in the
administration and marking of the tests.

In particular, we contrast the behavior of studémtsdlassrooms where the test is administered
only by the school teachers, with the behavior taflents in classroom where an external
inspector invigilates over students’ behavior dgrihe exam, to identify students’ social
externalities in cheating behavior. In the non-naneid classrooms (i.e. our control group),
we may expect monitoring to be more ‘benevoletdg-a-vis student interactions during the
exam, while no interactions are expected to oattiné monitored classrooms (i.e. our treated
group).

In this context, we interpret the presence of atpescovariance in students’ behavior, when
exchanging information or engaging in any sort offaborative behavior during the test in
the non- monitored classroom, as a form a behdwettarnality which may produce a social
multiplier>. Students’ cheating behavior during the test kasrelevant implications. First, it
generates excess variance in individual behavidh wespect to individual and group
characteristics in the monitored classrooms. Secdnkhtroduces a difference among the
between-group and the within-group variance ofvittlial behavior. These two features are
the foundations of the empirical strategy propobgdGraham (2008), which exploits the
Excess-Variance (henceforth, E-V) approach to s#pathe part of variability due to

>3 Note that students’ cheating during an exam imtaresting case study of social interactions sdhassroom,
since it is likely to capture the same networkragrfdships and cooperative behaviors that takespiiacing the
school year. Students are more likely to collalmsith closer friends, with classmates they shareobthe
school activities (like sport practice), as wellvath classmates sitting closer.
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individual and group level heterogeneity from theess variability genuinely originating
from social interactions.

We contribute to different strands of literatur@&sg to the literature on the identification of
grade inflation due to various types of cheatindhawors (Dee and Jacob, 2012, for
plagiarism; Carrel et al., 2008, for students’ ¢hrggp Jacob and Levitt, 2003, Jacob 2005 for
teachers’ cheatingf) Focusing on students’ cheating behavior, our @@gh departs from
Carrel et al. (2008) since we do not identify the effects ofimeg ‘share of cheaters’ on
individual test score, rather we provide a measfiendogenous interactions due to students’
cheating behavior. In this sense, we contributeth® part of the literature on social
interactions which tries to overcome the ‘reflentgroblem’ and directly estimate the effects
of the endogenous social multiplier (among othBies:Giorgi et al. 2010; Calvo-Armengol et
al., 2009; Bramoullé et al. 2008) Second, we use data on test scores and othetidul
characteristics drawn from the whole student pdmnaat different grades in a national
evaluation test, which is a significant improvem&om studies which rely on representative
samples. We also match our data with other admatigé archives, at the school level, and
with a follow-up survey to get additional inform@i on parental background characteristics
as well as motivational questions concerning tise fEhird, we implement a rather innovative
estimation method based on the Excess-Varianceoapprto estimate (endogenous) social
interactions by exploiting an exclusion restrictiprovided by a randomized experiment and
illustrate the presence of heterogeneity in thevesed social effectd

We find a strong amplifying role played by cheatsugial interaction within students in the
classroom: in the baseline estimates we identép@al multiplier ranging between 2.26 and
2.43 for Math, and between 2.05 and 2.18 for Laggudhis implies that students’ cheating

behavior more than double the class average testscesults and the effects are found to be

>4 Evidence of cheating behavior mostly refers to acsid (Mc Cabe and Trevino, 1999; Mc Cabe, 2005;
Carrel et al. 2008), less from other type of schobi the Italian context, Ferrer-Esteban (2012) Bertoni et
al. (2012) use SNV dataset to study the effecipervision on students’ performance.

> Grounding on Manski's seminal works (1993), enuaifiliterature on peer effects has focused on the
estimation of reduced form equations which collagise endogenous and the exogenous effects into one
parameter of interest, that is identifiable andrdef to as ‘social effect’ parameter (Ammermdullad &@ischke,
2009; Lavy et al. 2012). Recent works in the fiefdsocial interactions in education addressed #fieation
problem in the estimation of the classical linearmieans model a la Manski (1993) using data whecek
groups are endogenously defined (i.e. networksyd@zAfmengol et al. 2009; Bramoullé et al. 2009jraducing
appropriate exclusion restrictions (e.g. partiatiyerlapping groups in De Giorgi et al. 2010; graige
variations in Davezies et al. 2009), or even jlsgging into the reduced form equation a laggedealf peers’
achievement as proxy of the contemporaneous onaudtek et al. 2003, 2009). In these cases, random
assignment is usually ensured in the specific ateratics of the data used (e.g. random assigntoetiasses
and courses at the first year of college), or adletd for using multiple levels fixed-effects.

* Galbiati and Zanella (2012) also implement the dsseVariance approach to tax cheating behaviogusin
more standard exclusion restriction given by greizg variations.
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larger when students are more homogeneous in tefrparental background characteristics
and ‘social ties’.

Our findings show that tolerating cheating behavis it is often done, can amplify the
negative effects on students’ performance, alterdignaling role of education in the labor
market, and raise collective indulgence with respecsarious forms of dishonest practices.
Also, given that increasing competition in schodti@vement and in the job market are likely
to exerts considerable pressure on students torpenivell in exams, more resources should
be devoted to monitoring activities in order to i@vaheating interactions to become
widespread.

The paper is organized as follows. In Section 3e2bwild a theoretical framework to define
the social multiplier parameter. Section 3.3 désgithe institutional setting, the data and the
randomized experiment, and provides some descgigtiatistics. Section 3.4 discusses the
identification strategy while Section 3.5 and 3régent the main results and some robustness

checks. Section 3.7 concludes and provides someypoiplications.

3.2. THEORETICAL FRAMEWORK

We develop a simple model to investigate the meash@athat may drive social interactions
in cheating behavior. We consider the (endogendasision students face, when taking an
exam, as to whether work individually or, altermaly when the monitoring technology is
loose, engage in any kind of prohibited cooperat@xechanging information with other
students. We assume that students derive utilgynfachievement, which depends on own
(costly) effort and on the effort of classmafesSince own effort and peers’ effort in the
classroom are complementary inputs in the achiemerhwnction, students may decide to
cheat choosing the optimal level of cooperativertfio be shared with their peers (Anderman
et al., 2007). In this context, cheating originadéekehavioral externality among individuals,
who simultaneously choose their utility-maximizileyel of effort taking into account peers’
best response to each level of effort chosen (Bewvuk Durlauf, 2001). Note that the type of
social externality that emerges from student’s thgabehavior is different from the
traditional peers’ achievement externality (i.esdxh on predetermined characteristics of the
students, such as unobserved ability or ‘qualigonsidered in the literature, since here
individual decisions play an important role in simgpstudents’ behavior which, in turn,

originates the endogenous effects needed to deterthe social multiplier (Sacerdote, 2001;

" Notice that we assume no cost of cheating. Thiissistent with the institutional setting (and #mapirical
application, i.e. SNV surveys) as in practice giboary measures or sanctions have never beeneapdi
students and teachers who behave dishonestly.
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Cooley, 2010a,b; De Giorgi and Pellizzari, 2011bémman et al. 2012; Lavy et al. 2012)
In particular, in the present context, peers’ aohimeentper semay not affect a student’s
achievement when cheating or any other form of biehal interactions are abséht

We model students’ achievement) (as dependent on the following elementsandx; are,
respectively, individual and peers’ predetermindubracteristics (i.e. gender, parental

background, non-native status, etg), represents shared class-level factors (i.e. scaod!

class environment, teacher’'s experience), whkilend g are, respectively, unobservable
individual and peers’ endogenous behaviors whardicates any other student different from
K

Y =X X e+t ety [1]

The above specification describes the Achievemeatition Function (APF) suggesting
that achievement is increasing in both the studadtpeers’ unobservable behavior, such that

individual achievement may improve when cheatinggenalities are present (i.€>0). The
parameter of interest here (& which identifies the endogenous social interaction
characterizing students’ behavior in the presericgheating. The other parameters, and

7, describe exogenous (or contextual) effects (Coaey0b§°. To get further insights on

%8 In terms of behavioral interactions, the literatam drug use, smoke habit or alcohol addictiorvipes a
better illustration of a social mechanism througdhioll group’s behavior directly affects individuadasion. In
these cases, we have endogenous peer effects venghevaverage behavior’ of the reference groupatly

influences the individual behavior or choice. Ittlee group’s decision to drink, smoke or use drtios

influences the individual decision to take someaomgtand both group and individual behaviors amedly

captured by some quantifiable measures (alcohalitksl per day, binary decision to smoke/not smake,
cigarettes per day etc.) (Cooley, 2010b; Gavirid Raphael, 2001; Sacerdote, 2001).

% The empirical literature on peer effects, traditiy, does not distinguish between the effect @st scores

deriving from unobservable pre-determined charesties of the students and their unobservable hehav
choices (Sacerdote, 2001; Imberman et al. 2012y kea\al. 2012). However, as noted by Cooley (2010
“[...]JAnnual standardized exams are often the outcofmimterest, and, in the absence of cheating, ata
group effort. Thus, peer achievement per se magffiett a student’s achievement. In contrast, thesion of a
teenager to smoke or drink alcohol might be readiffgcted by having peers that engage in thesewetsa
Examples of endogenous peer behavior on achievearendiscussed in Lazear (2001) where peer dismupti
behavior imposes negative externalities on othadesits in the classroom. Similarly, Figlio (200Zavy and
Schlosser (2011) and Kinsler (2006) present englirgvidence that disruptive peers may negativefgcaf
achievement. In the robustness section we alsevtesther achievement peer effects play a role irdata.

% Note that human capital externalities still operiatthe APF (eq. [1]) but, in some sense, theyhmthought
as being part of the individual and peers’ predeiteed characteristics and contribute to individoalcome as
‘endowment effects’ (i.e. exogenous effects incoaped in/Z, ). Given that we only want to estimate the

endogenous component of the social interactionsgs® due to cheating behavior during the test, thatd
students’ quality is likely to be same in the twdoopulations used for the empirical estimatior, agsume
thatx; also includes unobserved predetermined individhatacteristics.
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how student’s behave, we specify individual's tyiliU;) as a quadratic function that depends

positively on achievemeni, =0) and it is concave in own effort costg(= 0):
_ 1 24/ _
U (%86 9=4 y-5A 8+Ae e~ @) [2]

The componentc () represents an exogenous cost due to teacher’s aniagitactivity

during the test. All individuals have to bear thast which is likely to depend on class-level
characteristics (strictness in teacher monitoraigss physical dimension, desks allocations,
etc.). Notice that peers’ behavior matters as lasghere are social interactions during the
exam (i.e. loose or benign monitoring allows chegtiand students are willing to share their

effort cooperating with other students (i.e. conforg to other students’ cheating behavior):
hence individual utility increases with peers’ effc([?e >0). Students maximize utility

choosing the level effort as best response to pé&snsultaneous) effort choices and subject

to the achievement function (i.e. given by thedtrtal APF):

1 . _
Man Ui :ﬁyyl_zﬁeé"'ﬁe@‘?_ QU)
St Y= XL+ XL+ e+7T e+

[3]

Solving forg the first order condition yields the effort bessponse function:

ge%+%q [4]

The effort best response is a function of the nmeigitility of effort relative to the cost and is

increasing in the average effort of peers when toinganteractions occurs (i.e. cooperative
peers’ effort,,[?e >0). Given the assumption that achievement is moncddig increasing in

cooperative effort behaviogj, the effort best response can be mapped intcchie\eement
best response which is observable to the rese&tcher

YR =+ %0, + X0, + Iy + 19, [5]

®1 See Appendix A for the detailed derivation.
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Given the linear-in-parameters form of the achieeetbest response, it can be shown that a

unique Nash equilibrium existsy{; yJ ) so that equation [9] can be rewritten as:

Y =0, +%J,+ %8, + Iy +40, (6]

Under the assumption that the achievement obselugdg any exam or test (i.e. grade, tests
scores, etc.) originates from the described utitigximising behavior - when cheating occurs
- we can use peer achievement to proxy for peepembive behavior (effort) such that
equation [6] expresses individual achievement asction of individual and peers’
characteristics as well as peers’ achievement.pBinemeted corresponds to the ‘unobserved
endogenous social effects’ and it is a measurehefendogenously determined effect of

individual behavior on the reference group avetaggavior:

—Be-l-lgeﬁe
J_lBe-I-lBeﬁe [7]

It is composed by three structural parameters: nfagginal (dis)utility from own effort

exerted in cheating activitiesf(), the marginal utility derived from peers’ effoit
cooperative cheating behavio;[?e(), and the marginal effect of peers’ effort exeriad

cheating on individual achievemert).

The linear-in-means model in equation [6] requides 1 (i.e. a stability condition to ensure
that a small change in cheating behavior will netednine a diverging response in
aggregate), and this is true if two restrictions anposed to the structural parameters: that is
B.<p, and 77, <1 ®2 The first condition states that the utility frooooperative cheating
behavior (i.e. peers’ effort) must be smaller thilaa disutility from own effort; the second
condition requires the marginal contribution of eeffort on individual achievement to be
smaller than own contribution (i.e. normalized toinlthe APF, see equation [1]). Both
conditions are rather intuitive and realisticallginin our framework. Notice also that, when
monitoring allows cheating to occur, the assumptibrcooperative peer effort (i.e@’e >0),
implies thatJ is always positive {=0)°% In other words, as we show in the descriptive

evidence, when the monitoring technology prevetigents to interact or cooperate during

62 77 >0 is without loss of generality, assuming that ctatas are constructed accordingly.
%t is easy to show that, since we have assumeplecative peer eﬁects& >0), and given thai3, >[?e, this

necessarily implies thgf, >0 and alsdZ >0 thus ensuring thaf > 0.
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the test, their achievements (or test-scores) tenoe more dissimilar and exhibit a larger
within-class variance as compared to the achievé&snanthe non-monitored students where

behavioral interactions are present.
2.1. The social multiplier

The simple model described above implies a socialtiplier, such that any shock to
individual behavior via social interactions - determines relatively largggregate responses.
To frame the model in a way suitable for empiriestimation, we need to retrieve an
expression for the social multiplier. First, witlioloss of generality, we can rearrange

equation [6] substituting average peers’ charasties and average peers’ achievement:
Yo =0+ X0, + X0, + IY + 149, [8]

Averaging within the reference group (i.e. the stasm) and solving foy, yields®*

V. =10, + XN, + )+ )P, [9]

Where y=(1-J)"represents the social multiplier in students’ caoapee efforts, when

during the exam cheating can occur (Glaegeal, 2003). Substituting equation [9] into [3]

we obtain the following reduced form model:

Y =W, + %0, + 0% +(y-DOX + 0,1 [10]

The achievement best response takes the form afldssical linear-in-means model of social
interactiona la Manski (1993). While this has been obtained atcitst of introducing some
ad hoc linear functional forms, it has some clear advge&X: first, it highlights the

mechanism through which cheating behavior may ggeestudents’ social interactions;
second, it provides a specification that allowseclirestimation of the social multiplier

parametery) using the Excess-Variance approach (Graham, 2008)

® In the social interactions literature the grouposé (average) behavior influences the behaviorache
individual is considered a “reference group”, irr @etting the classroom is the natural referencaigito be
considered in the empirical analysis.

% See Cooley (2010a) for an illustration of the gahease.
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Note that, in some sense, the interpretation ofsibhaal interaction parameter as students’
cooperative effort is specific to our model, simbeating is the only social externality we are
modeling. However, while we think that cheatingezralities are the main driving force in
the estimation of our structural social multiplieke cannot exclude that other social
mechanisms may also play a role. We briefly discesme alternative interpretations
hereafter.

One hypothesis, also discussed in the literatweofd and Levitt, 2003a,b; Jacob, 2005; Lavy,
2009), is that our social multiplier parameter nogiginate also from explicit teacher cheating
rather than students’ cooperative efforts in exgivaginformation when monitoring is more
benevolent or looser. Teacher cheating may takdatime of suggesting the right answers to
all students, or even altering students’ answeeetshduring the marking phase. Indeed,
besides the ethical implications of such behavlwre are several reasons why teachers may
want to alter students’ outcomes: for example, theay wish to improve their students’
results in the exams, alternatively teachers malikdi sharp differences in results across
classes within the same school, or feel pressucause of monetary incentives linked to
student performance, or because the allocatioresdurces to schools depends on students
outcomes (Jacob, 2005; Lavy 2009). A second hypaths that students in classroom with
an external inspector feel intimidated and are tieglg affected in their performance during
the test (Bertoni et al. 2012). Finally social efeemay also derive from the presence of some
ethical norms of behavior whose strength decreagbshe extent of cheating itself (Algan et
al. 2011; Myles and Naylor, 1996).

In a later section we provide evidence to prove tbleustness of our results to these
alternative effects and their interpretation. M@0 while we cannot exclude that some of
the above effects is at work, it should be streghatitheir presence does not invalidate our
estimation procedure to provide a structural edionaof the social multiplier, while the
randomized experiment in the data allows us totifleprecisely behavioral interactions (i.e.

cheating) during an exam.

3. INSTITUTIONAL CONTEXT , DATA AND DESCRIPTIVE STATISTICS

The Protocol for the SNV survey entails the usexdernal inspectors for the administration
of the tests, in a representative and random saofptdassrooms. We define a ‘sampled
school’ as a school where there are one or moraitmm@d classrooms’, and a ‘monitored
classrooms’ (in a sampled school) as a classrooaerewmn inspector is present during the test.

Moreover, a ‘non-monitored classroom in a sampledbsl’ is a classroom in a sampled
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school where the inspector was not present. Theralaexperiment in SNV surveys
administration determines a random variation in tifpe of classrooms subject to and not-
subject to the external monitoring (monitoredrsusnon-monitored classrooms) which is

exploited to identify social spillovers due to stats’ cheating behaviors.

3.1. The National Survey of Students’Attainments

Starting from 2009-10 school-year the ‘Nationaltitage for the Evaluation of the Education
System’ (Invalsi, from now onwards), carries outearly evaluation of students’ attainment
and schools quality administering the SNV survegdolaon questionnaires and test scores
evaluation®’. SNV takes the form of an annual census, siniedompulsory for all schools
and students attending the second and fifth giadajmary schools, and the sixth and eighth
grade, in junior high schools (about 500,000 sttslém each grad€). Each student takes a
test in Mathematics and Language in two differeapsdin late May. Test administration and
marking is carried out by school teachers, whilealsi enforces a detailed Protocol (i.e.
Invalsi, SNV Report 2010) for the administrationdamarking of the tests to reduce the
possibility of teachers’ cheating. For exampleptisn done in National Evaluation programs
(Eurydice, 2009), the test is not administratedthoy class teacher but by teachers of other
classes and specialized in a different subject vafipect to the one that is tested. All school
teachers are simultaneously involved in the markingcess, so that they cross-check each
other during the marking, and the School-head - vibioresponsible for the correct
implementation of the Protocol - supervises the lewhprocess. Finally, an external
specialized institution is charged to compute th& scores using an automatic procedure.
However, what cannot be excludadpriori is that teachers adopt forms of soft monitoring.
Teachers might simply adopt some form benevolepésiision because they allow students
to exchange information or use prohibited matemaleven because they are not able to
implement a strict monitoring simply because ofsstaoms dimensions. Another kind of
teachers’ benevolent behavior which is not posdibleontrol ex ante concerns the so called
‘teaching to the test activity’ (Lazear, 2006; Jac®005; Kohn, 2007). For instance, since the

®8 Since 2005-06 school year a similar survey wadserhiwut on a representative sample of schools,endill
the other schools not in the survey sample werigeidto participate on a voluntary basis.

%7 The choice of these grades corresponds to theresgeint to test students’ abilities at the beginmingd at the
end of the education path in primary and juniomhéghool levels. Formally,"8grade test is part of the final
exam at the end of the junior high school and fedlaifferent procedures and protocols. Pupils witabilities
are recognized by a team of specialists since ¢lg@nhing of their schooling path, sit special fotsnaf the tests
and their results are not included in the officgorts. In any case, it is not possible to chahge ‘disability’
status during the school year.

116



beginning of the SNV surveys in 2008, it has becam®mmon practice in many schools as
teachers want to prepare students to test andikeithe ones that they have to solve the day
of the exarf?.

3.2. The randomized experiment in SNV data

External inspectors are sent to administrate ank tiee SNV tests in a representative and
random sample of classrooms both to validate timergé results of the survey and give each
school a ‘certified’ benchmark. In particular, iegpors are required to perform a number of
tasks in the selected classrooms: (i) invigilatedshts during the tests, (ii) provide specific

information on the test administration, (iii) comeuhe test scores and send results and
documentation to Invalsi within a couple of daysvélisi, 2010).

The allocation of inspectors to a random samplelagsroom in the SNV data provides the

ideal framework for our empirical strategy, folintroduces a random treatment with respect
to the possibility of students to interact exchaggnformation or cooperating during the test

— i.e. ‘monitored classrooms’ constitute the trdageoup of students, while ‘non-monitored

classrooms’ are the control grow]le, the possibility ofanylnteractlons among the students (cheating behawidhe

monitored | assrooms$ totally " and rigorously tested Hjya's (nvalsi. 20106%pare js evidence
that students in the non-monitored classroom recki@ more ‘benevolent’ supervision
allowing the possibility of exchange of informatiand cooperative interactions. The latter is
also confirmed by a number of studies which haweuavalsi data to investigate the extent
of ‘cheating bias’ in test scores (Invalsi, 201@&rrder-Esteban, 2012; Bertoni et al. 2012;
Castellano et al. 2009) Given that the choice of the monitored classroaras random and
done afterclassrooms formation, there is no sorting or magtietween the treatment and
school or classroom characteristics. The only esictu criterion from the sample is
constituted by classrooms with less than 10 stsfferthis feature will require a careful

analysis in the empirical estimations (see SecBds). On average, monitored students

% A confirmation can be easily found looking at htext books have changed with the introduction ef #NV
Program and started to include tests and quiz @irtdlthe SNV exams structure.

% To test this Invalsi implemented sophisticatedistiatl techniques based on fuzzy-logic algorithsrise. see,
Castellano et al. (2009) - and reported no evidefcheating in the monitored classes.

0 Bertoni et al. (2012) find that the presence ef éixternal inspector reduces the average scorén(iterms of

percent of correct answers) in the classroom byd&5 per cent as compared to classrooms in £hoth no
external monitoring. They also find evidence ofiiadt effects on non-monitored classrooms in sathple
schools, although the magnitude of the effect im ¢thse is much smaller.

™ In case in which a class with less than 10 studesis selected, it was discarded and replacedanitther
class.
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correspond to 7-8% of the total student populatioeach grade, while sampled classrooms

corresponds to 6-7% of the total number of clagsm each grade.

3.3. Data and descriptive statistics
In the empirical analysis we use the 2009-10 SN¥A dar sixth grade$, for each student
SNV data provides the test score for Math and Lagguand micro-data containing individual
level information which are discussed in detailAppendix B. Test scores are obtained as
percentage of right answers for each subject amdtandardized with zero mean and unitary
standard deviation for the empirical anal{itndividual characteristics cover information on
gender, year and place of birth, Italian citizepslgrade retention, kindergarten attendance
and school and class (anonymous) identifier. TaBlsums up the major characteristics of the
dataset: number of schools, classes and studeneadly grade tested, average number of
students per school and class while Table 23 shibatsthe two groups are not different in
terms of observable characteristics.

[Table 22 here]

[Table 23 here]
The only systematic difference is found in the pre® of immigrant students who are
oversampled. This feature suggests particular whien estimating the social multiplier (see
Section 3.5). The two groups mainly differ becaudethe cheating behaviors of non-
monitored students. Invalsi excludes the possybiht any interactions among students in
monitored classes (SNV 2010 Report, Appendix 183@). and provides statistical evidence
of cheating behavior occurring in non-monitoredssks by computing an index of ‘cheating’
(i.,e. a class-level and subject-specific indicatamging from 1, cheating is high, to 0, no
cheating}*. The statistical method implemented by Invalsihfights a high probability of
cheating behaviors in non-monitored classroomsatleage cheating coefficients are .97 for
Math and .92 for Language tests (Table 22). Onatetrary, Invalsi Report shows that
cheating coefficients for monitored classroomssaagistically not different from 0.

[Table 24 here]
Finally, Table 24 provides statistical evidencetloa differences in test score results between
monitored and non-monitored students. The mearttededian test score of non-monitored
students is generally higher compared to monitstadents, while the total variance is lower.

2\We also repeat the analysis using SNVaBd 29 grade data in the robustness section.

students with special education needs take appmtepviersions of the tests compatible with theirsitsi or
mental disability. Their results are not availathle to privacy regulation restrictions.

™ Invalsi uses these techniques to detect cheatefgasiors also in other surveys and official nationa
examinations. For further details about the “fuzzgneans clustering” technique which is at the bafsthe
indicator, see Castellano et al. (2009), Dunn ()9B8zdek (1981).
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The effect of the inspector’'s supervision becomesentlear when we decompose the total
variance in its within- and between-class compasignwithin-class variance is greater in

monitored classes while the between class variesnosver.

4.EMPIRICAL STRATEGY

To identify the endogenous social multiplier effemtiginating from students’ cheating
behavior, we implement the Excess-Variance appragsteloped by Graham (2008). This
approach, by relying only on the cross-group vamathat originates from endogenous social
effects, allows a direct estimation of the (struatusocial multiplier - i.e. parameterin
equations [9] and [10] as derived in the theorétseztion. One advantage of this empirical
strategy is that it bypasses most of the identificaproblems that characterize the classical
reduced-form linear-in-means motfelFor example, most studies in the social intecasti
literature (i.e. Gleaseat al. 1996, 2003; Entorf and Lauk, 2006; Entorf and iT@&809) have
not been able to reliably separate the different@s of variability of individual and group
level heterogeneity from the ‘excess variabilitgngiinely originating from social interactions
(Sacerdote, 2010} Moreover, the E-V approach has other notable migges: first, it is
robust to individual and group-level heterogenesggond, the data requirements necessary to
overcome the bias originating from standard omitbéas variable — i.e. which is a rather
fundamental problem in social interactions settilug to the various sources of correlated
effects - are very limited.

In practice, we observl classrooms, each composedNgfstudents. For each student we
observey;, the outcome variable (test scor@), and ¥;, vectors containing group-level

information, while individual-level &) and classroom-level heterogeneity,§ are

unobserved latent variables. Following Galbiati af@hella (2012), we can rewrite the

reduced form model from equations [10] and [9] ari@nce-components: let the classroom-

> The formula is corrected with appropriate weidbtsake into account the different size of the sobgs (i.e.
classes) (see Ammermiiller and Pischke, 2009)

® For example using proxy for peers’ education ldt#ginushek et al. 2003, 2009) or having to relyspecific
exclusion restrictions (De Giorgi et al. 2011; Braui#é et al. 2009).

" Some recent papers in the social interactionalitee refer to the concept of social multiplier the
‘multiplicative effect due to social interactiorsnd derive the estimation of the multiplier inditg¢e.g. Maurin
and Moschion, 2009; for female labour market pgréiton decisions; Drago and Galbiati, 2012, fomer and
recidivism).

"8 Durlauf and Tanaka (2008) discuss the advantafjgsedE-V approach compared to the regression ampro
and conclude that the former requires strongermagtans on the variance covariance matrix which raoe
needed in the classical estimation of peer effeatameters from linear-in-means models. Howeveratithors
suggest that E-V can be better justified whenether gort of exclusion restriction needed on the avae
covariance matrix of the outcomes can be substitbie appropriate prior information on the variamoatrix
structure. Our implementation of the EVA followsaeHy this direction: we implement EVA exploitinget
exclusion restriction which directly arises frone thatural experiment in Invalsi SNV data.

119



level heterogeneity bejs :5X>‘<C+5ﬂ,u+50; the individual-level heterogeneity; =9 X ; and

the classroom-level average of individual hetereggn&, = J X.. This transformation yields

the following behavioral equations:

Ye =& +(y-De + 1, [11]

Yo = Ve WL [12]

The social multiplier parameter to be estimatedyigwith y > 1), which captures the
equilibrium social effect on individual achievemdne. test score) due students’ cheating
cooperative behavior during the exam. Equation [§42pws that the social multiplier is

related to both the average of classroom-leveliiddal) heterogeneityg,, as well as to the

classroom-level heterogeneity,,, such that - as implied by the theoretical model —

exogenous shocks to contextual factors can alstribate (feeding-back through individual

behaviors) to amplify the effects social exteriedit.
3.4.1. The Excence-Variance approach

Following Galbiati and Zanella (2012), a simplifiadtation for the conditional variances and
covariance of individual and group-level heteroggnis given hereafter: let?(Z,,W,) =0?
be the conditional variance (i.e. od. and ¥;) of individual-level heterogeneity;

o.(Z.,¥)=0,. the conditional covariance of across individuals
heterogeneitwf,(zc,wc)zaj the conditional variance of group-level heteroggmne
o0,.(Z,¥,)=0, the conditional covariance of group-level hetermgy with individual
heterogeneity; whild/"(Z,,W.) =V and V>(Z,W,) =V’ are, respectively, the within-group
and the between-groups conditional variance. Ndtia& o,, can be considered a measure of

the degree of student sorting across classroomﬁemcbﬁ represents the variance of

unobserved teachers’ characteristics, such as iexper strictness, ability and effectiveness,

as well as the variance of all other unobservedacheristics that are common to all students

" Note that Graham (2008) defines the social migtipparameter as a combination of both endogenads a
exogenous peer effects - as group level heterogetiere is obtained through group level averageboth
observable individual characteristics and unobd#evhehaviors —, while in our setting it incorp@sbnly the
endogenous part of the cheating interactions.
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in a classroomy,, is a measure of ‘matching’ between these chaiatitar and the students.

The latter is non-zero any time teachers (or ctesar characteristics) and students are not
randomly allocated — i.e. student can choose thed®r, within each school, the classroom
in which enrol. Then assuming that;,(Z,,¥,) =0, 0.(Z,¥.)=0;, 0,(Z,¥,) =0, are
independent o, and that the portion of the between-group vagaimcdependent from the

within-group variance can be approximated by adirfanction, such as:

V[ou(W)+20, (W )+a, W)=, [13]

Graham (2008) shows the{" andV” can be rewritten as follows:

U‘SZ(ZC’ ch) - a—gg (ch)
N

C

12, W, [14]

C

VW:E[

VP =y on(W)+20, (W) +0, (¥ )+V, ] [15]

where, substituting expression [13] into [14],igls:

VP =7+ A [16]

It is easy to show that the within-group varianéestndents’ achievements in classroom
(denotedV." in equation [14] abova$ independent of social interactions and classkteorel

heterogeneity. Note that, within-classroom diffeein individual cheating behavior, when
teachers are not sufficiently scrupulous in suméng students during exams such that
cheating occurs, cannot be attributed to sociareslities — since in our model, by definition,
are the same for all students - but only to diffiees in individual characteristics and the
covariances arising from students’ sorting. Comnslgrsthe between-group variance (denoted

V? in equation [15] above)epends on classroom heterogeneity and, when stlidieating

behavior occurs, is magnified by social externaditiln this case, part of the variability in
students’ achievement between two different classs) one in which teachers do not strictly
supervise students and another where strict mamifors efficiently enforced, must
necessarily depend on supervision. Then, sinceestadachievement in a classroom is also
driven by cheating interactions, the cross-clagsro@riation will be affected. Cheating

interactions introduce a wedge between the variafictudents’ achievements (measured by
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test scores) at different levels of aggregationictviis what we exploit to identify the social
multiplier.

Expressing the conditional variances, as in [14] @] aboveas conditional expectations of

the relative within- @) and between-classroom Gf) statistics, namely:

V' =E[G|Z,¥,]|andV =E[ G| Z,,W, ], we can rewrite equation [16]°ds

E(GPZ,w,)=m +y[E(C)Zw )] [17]

which implies the following conditional and uncotidinal moment restrictions, respectively:

E[G)-m.-Gy|Z,¥, ]=0 [18]
el % |(cr - -AG") |=0
(chj( (o c c) - [19]

Equation [19] delivers the appropriate specificatio estimate (i.e. by GMM) the social

multiplier, y%, usingZ.as instrumental variable.

3.4.2. The identifying assumption

The randomized experiment in Invalsi SNV data piesithe ideal setting for identification.
We observe two classrooms with, otherwise identistaldents interacting in different ways:
in one classroom achievement can also be attaigedtudlent cooperative behavior (i.e.
control group); in another classroom external maimg limits students’ possibilities to
interact, such that achievement is only based divitiual effort (i.e. treatment grouf)

Given the perfect randomization in treatment assagmt, both individual and group level
heterogeneity are likely to be the same acrosstwhe classrooms, such that the only
difference in achievement between the two is the amginating from social externalities in

students’ cheating behavior: which are present amlyhe control group. Notice, that the

8 For each class we observe the outcome for a (random) sampleunfesits 6. < N,) given by all students

who sit both Language and Math test scores. Farrdgdson we rewrite expressions [14] and [15] usireg
appropriate statistics containing correction tetmtake into account the difference between thepsamnd the
population means. See Galbiati and Zanella (2012) wupplement for a formal derivation of conditiona
expectations.

8 We may also expect that supervision is more efficin treated-group classroom simply because efdmt
presence of the inspector and a school teachegrréthn just one teacher as in the control-groagstbom.
Note that in this case, the test score incorporatdls the ‘endowment type’ peer effects (i.e. &piland the
‘behavioral peer effects’ due to students’ cheatimgractions (see Section 3.6.3).
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presence of an inspector, by virtue of randomirgtioas no effect on the allocation of
students and teachers to classroom, nor any effiectnatching and sorting process of
students’ characteristics. According to our maianitifying assumption (i.e. see equations
[14] and [15]), Z. generates an exogenous variation that affectsb#teieen-classroom
variance in students’ achievement only via the affeat cheating interactions have on the
within-classroom variance. That is, by comparing ttonditional variance of individual
behavior within and between classrooms that we icemtify the contribution due to
endogenous social interactions only. In practice, define a dummy variable identifying
classrooms with external monitoringZ.£€1), and classrooms without external monitoring

(Z:=0)%2. The standard rank condition f@g to be a valid instrument can be easily assessed
empirically: E(GCW | Z, = 1,‘PC) 7 E(GZ,V |Z.= 0¥ c).

Since the model is just-identified, we can simpdyireate it by two-stage least squares and
given that the instrumeng, is a dummy variable, the estimator of the soaialtiplier takes

the form of a Wald estimator:
_E(6’1z,=1)-E(G|Zz,=9

yZ_E(GCW|ZC:1)—E(GZ”|ZC:O)

[20]

The numerator is a contrast of observed (or actoetyveen-classroom variance in student
achievement across treatment states #deel versusZ.=0). As discussed above, under
perfect randomization, this contrast is purged g tnfluence of teacher heterogeneity,
matching, and sorting; thus it solely reflects eliéinces in the variance of achievements
across the above treatment states as amplifietidgheating interactions. The denominator
also equals the difference in the variance of adments across the treatment states, but
unaffected by social interactions (Graham, 2008g8iote, 2010).

Finally, the feasible estimator requires an estinadtthe conditional expectation of students’

achievementE(y, | Z,,W.) which we obtain from a regressionygf on Z; and ¥.. We then

use the residuals to repla&® with G =(¥, - Z7z-W )?, where 7 and 7z, are least
squares estimates.

Randomization also implies that (in principle) we bt need to include any variable in the
vector ¥, to control for sorting or matching of students twitespect to assignment to

treatment,Z,, and class characteristics. Descriptive eviderogiged in Section 3.3 shows

82 Graham posits that identification relies on: “[.two subpopulations of social groups where assignren
groups is as if random” (Graham, 2008, p. 658hitnpaper, Graham identifies a social multipligsiag from
differences in peer quality across groups, in attirey however peer quality is homogeneous acromspg the
only source of excess variation being cheating ieha
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that the two subgroups constitute a representadivé random sample of the students
population for the sixth grade (see also AppendixTBere are, however, a couple of matters
for concern: first, we may need to control for #iare of immigrant students as they appeared
to be slightly oversampled in treated classroone (Bable 23); second, there may also be
spill-over effects of external monitoring in tredtelassroom on non-monitored classrooms of
sampled schools, which we need to control for (@eret al. 2012). For these reasons, we
include two additional controls: a dummy varialbidicating whether a classroom is a ‘non-
monitored class in a sampled school’, and a dumanaklle indicating whether there is a
‘high share’ of immigrant students in the classro@m. takes value 1 if the immigrant share
is greater than the 75r the 98" percentile of the immigrant class share distritmiti We

discuss further extensions in the following section
3.5.RESULTS

The estimates of the social multiplier are obtaittedugh two-stages least squares where we

regress the feasible estimator for the betweenggeariance @f) on the additional controls

(%), and on the within-groups variancéew, instrumented by the class type indicatdy).(

We first report our estimates of equation [20],heiit including any control variable (i.e.
baseline social multiplier), then we progressivatigl other control variables to the vectéy

to account for selected features of randomizatwniest the existence of spill-over effects.
Social externalities exist if the social multiplisrdifferent from one (eq. [11] and [12]), thus
we test the null thaf=1 and report the correspondent p-value in each .tdlolallow for the
comparability of the results across subjects, weigoon all students who sit both Language
and Math test scores. In fact, given that the test® in two different, although subsequent,
days there are students who sit just one of thetésts and students who do not sit none of
them because they are absent in both days. Thergage of absent students ff grade is
about 0.6%. As previously discussed, the only kate Invalsi used in the randomized
experiment to dropa priori, some classrooms from receiving the treatment éxternal
monitoring) was classroom size — i.e. less thastli@lents (723 classes for corresponding to
2.7% of the total number). For this reason we cohthe analysis dropping classes with less
than 10 students, while robustness checks to ttlasion of these classes are tested in the
next section.

Note, that the E-V approach leaves the sign of sheial multiplier ¢%), in principle,
undetermined (since we estimate its square). Hetheesign has to be inferred from the
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underlying theoretical model which, in our casesifsoa positive effect of social multiplier (
and J >0) due to the assumption of students’ cooperative rigffeuch that cheating
interactions among students during the exam aedylilo increase each student’s achievement
and the class average performance. Next, we explweheterogeneous effect of social
interactions comparing sub-populations with a défeé degree of heterogeneity according to

a set of selected (exogenous) characteristics.
3.5.1. Baseline estimates

First stage F-statistics reported in Table 25 shbat instruments are not weak and the
standard rank condition is always satisfied (theffowent of the excluded instrument is
always positive and statistically different fronraat 1% significance level).

[Table 25 here]
First-stage results, not reported in the tabledjcate that in monitored classrooms the
variance of the tests scores is higher comparedmnemonitored classrooms. This reflects the
larger dispersion of individual heterogeneity isttecores when behavioral interactions are
not at work and students cannot exchange informatiengage in any cooperative effort.
From our baseline specification we obtain an edtéma of 5.13 for Math and 4.18 for
Language. Progressively adding the control varmhlescribed above does not alter the
results: estimates for Math range between 5.135a8@, while estimates for Language range
between 4.18 and 4.77. This confirms that the ammsoups are (almost) identical in terms of
observable characteristics, and that adding comtinables (included in thé&/ vector) only
has a negligible effect on the estimated socialtiplidr. All estimates are significantly
different from 1 at 1% confidence level: this me#mst we can strongly reject the null of ‘no
social interactions’ (i.e. that1l, Graham, 2008).
Our results imply a strong amplifying role playegdocial interactions within students in the
classroom. The above estimates correspond to vdugeganging between 2.26 and 2.43 for
Math, and between 2.05 and 2.18 for Language, @aldes forJ ranging between 0.56 and
0.59 for Math, and are slightly lower for Langug@e51 - 0.54%°. In terms of our structural

parameters, a cheating social multiplier close wm t(i.e.y1[2.05;2.43) means that

cooperative behaviors, when external monitorindoisse or benevolent, may generate a

change in the equilibrium of students’ achieveménad is twice as big as the class average

8 Standard errors for the model parameteps)) are obtained using the delta method. The deltthade

expands a function of a random variable (i.e. thtar@ted parameters) about its mean with a onegtor
approximation. Then, it computes the variance ttaioban estimate of the standard errors (see Danidsid
MacKinnon 2004, chap. 5.6).
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achievement without behavioral interactions (equmfB]). In terms of individual test score,
the estimates fod (i.e. JU[.51;,.59]) imply that the marginal contribution due to cliegt

increases individual test score by almost a halthef standard deviation (equation [10]),
which corresponds to almost 10 points in Math apadigts in Language te&fs

For what concerns the general pattern of the reswith respect to the two subjects, the
magnitude of the estimated social multiplier isgistly larger in Math with respect to
Language. This small difference can be explainetwicering that cheating behavior may be
easier for mathematics, which are based on clossders and quiz, rather than in language
since text comprehension exercises require moogtefhd longer time to get through the text,
to interpret it and derive the answers. This resulilso in line with educational psychology
literature which finds that cheating occurs moegtrently in the hard sciences compared to
the arts and social sciences (Mil&ral, 2007).

Our results, although not directly comparable, sanin general the evidence available from
other studies in the social interactions literat(see Carrel et al. 2008; Glaeser et al., 1996;
Drago and Galbiati, 2012; Maurin and Moschion, 200Bich find social multipliers between
2 and 3 in order of magnitude. A more direct corrguer can be done with those studies that
use the E-V approach to recover an estimate ofstwal multiplier. In his analysis of
students’ peer effects in class learning activjtigsing Project STAR data, Graham (2008)
reports an estimate for the social multiplier opagximately 1.9 for Math, and 2.29 for
Reading. Galbiati and Zanella (2012) estimate dasaounultiplier arising from congestion
externalities in tax cheating between 3.1 and B.ather words, in all the above settings an
exogenous shock altering the variable subject tdabkanteractions (respectively, school
achievement and concealed income) produces anitequit variation that is between two
and three times the initial response. Note, howethat when comparing the results reported
in Graham (2008) and Galbiati and Zanella (2012puo own, some important differences
should be born in mind. First, while we exploit identifying restriction given by the natural
experiment in Invalsi SNV data, both Graham (200&) Galbiati and Zanella (2012) identify
the social multiplier through exogenous variationsthe size of the reference group. As
standard in this literature (Sacerdote, 2001; Inmaer et al. 2012), Graham’s social multiplier
due to peer interactions in achievement embeds éxtigenous and endogenous effécts
Galbiati and Zanella (2012) provide a structuraleipretation of the social multiplier

generated by externalities in concealed income tduéax congestion within Local Tax

8 According to the corresponding valueslpthe cheating marginal contribution for Math rasigetween 10.1
—10.7 points. For Language it is sensibly smdbetween 7.8 — 8.2 points).

8 Graham (2008) points out that the estimated stratparameter for the social multiplier shouldreterred to
an explicit structural model to highlight the ungiarg social mechanisms which originate the peérat$.
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Authorities so that their social multiplier reprasean upper bound of the long run effects of

the endogenous effects of tax cheating.
3.5.2. Heterogeneous effects

We exploit the richness of individual-level infortizan in the SNV data to explore different
dimensions of students’ characteristics which mae gise to heterogeneous effects in
cheating behavior. In practice, we test whetherdabeal multiplier differs across selected
subpopulations of classrooms characterized by lang@unts of heterogeneity in some
observed students’ attributes, with respect to bBpspulation of classrooms with low
heterogeneity (Graham, 2008). Since cheating regugome cooperative effort between
students within each classroom, one may expectcthasrooms in which students are more
homogeneous with respect to some exogenous aggbeixhibit stronger social interactions
as compared to classrooms in which students are imeterogeneous. This corresponds to
test whether there is complementarity or substiilitp between the intensity of cheating
behaviour, due to looser external monitoring, dmael gtrength of classroom social ties. With
complementarity, moving a group of students withrenbomogeneous characteristics and
stronger social ties (i.e. low heterogeneity sulybapons) to a non-monitored classroom
should, in addition to increase average test scaexhuce its variance more than for a
comparable group of students with less homogenebagsacteristics (i.e. high heterogeneity
subpopulations). Thus, if external monitoring andassroom heterogeneity are
complementary, the social multiplier estimated twe tow heterogeneity subpopulations
should be greater compared to the one calculateédeohigh heterogeneity subpopulations. If
they are substitutes, the opposite will occur.

In particular, we select the following attributes the subpopulations: number of books at
home, sport practice (outside school), participatio outside school activities (other than
sport, e.g. music, arts and foreign languages esyrand time spent playing with friends
(outside schoofy. In all the above cases, we split the sample a$stboms into two groups
characterized by high and low degrees of heteragewe refer to the number of books that
students have at home as a proxy for heterogeméityarental background in terms of
education and socio-economic status (AmmermdulldrRischke, 2009). In this case, the high
(low) heterogeneity group is defined as the subfatjmn of classrooms having a standard

deviation higher or equal (lower) to the mediamdtad deviation observed in the entire

8 Note that all the attributes are considered exogsly pre-determined with respect to students’ esinent
during the exam.
87 See Appendix B for further details on the defanitiof the variables.
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classroom population. The ‘sport’, the ‘outside aahactivities’ and the ‘time spent playing
with friends’ variables are themselves a proxyhd strength of the social links within each
classroom, measured as the amount of time classmeaet and spend time together outside
the school. Classrooms in which social ties, proxig the above variables, are below the
median level of the whole population belong to high heterogeneity group. In other words,
classrooms above the median level of these vasateompass situations in which a lot of
students interact more outside school (sport, masts, playing with friends) thus showing
stronger social ties. An opposite reasoning is touelassrooms below the median levels.
[Table 26 here]
Table 26 shows the main results: for each seleateibute we repor® - the square of the
social multiplier - for the group of classroomsltwitigh and low heterogeneity, respectively,
and test the null of no differences (p-values reafi®. We exclude from the analysis
students with missing values in any of the fouralgles used and drop classrooms with less
than ten students because of the above discu&Sidtisst stage F-statistics show that the
effect is always strongly identified. We find thdte social multiplier is larger in the
subpopulation of classroom with low heterogeneityhwespect to parental background
characteristics and students’ outside school d&sviboth in Language and Math. For
Language, the same result holds also for the sypam@ble. No statistically significant
difference is detected with respect to time spdayipg with friends. This suggests that
higher strength of social ties and more homogenetassrooms in terms of family socio-
economic background favour social interactionshieating behavidf.
In general, we find support for the hypothesis ttwiperative efforts in cheating interactions
require a more homogeneous pool of classmates alivkda greater social multiplier. In
particular, the results for the sport practice #reloutside school activities variables, seem to
suggest that practicing sport with classmates deitschool and doing other leisure activities
such as arts and music courses are to be considengalementary to the social links that are
useful to support cheating.

8 We test the null, H %, =% , using the Sargan-Hansen test of over-identificanssociated with the
estimates of the combined sample where the binetyument (monitored/non-monitored classrooms) igd
interaction with the high heterogeneity dummy sexsexcluded instruments (Graham, 2008).

% The same pattern of results holds keeping classsasith less than 10 students. Dropping these rdasss
slightly improves p-values for the ‘books at homatiable.

% We also calculate heterogeneous effects with nespeclassrooms showing high and low heterogeriaity
teachers’ marks given to students at the end ofitkiesemester, in late January. We find that thgasocial
multiplier is higher the more the class is homogersein terms of ‘perceived’ ability level (as predi by
teachers marks). We do not include these resulisagatiers’ marks cannot be considered plausiblgenaus to
students’ test scores results.
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3.6.ROBUSTNESS

We test the robustness of the empirical result;igakito account different forms of social
mechanisms that could affect our estimates of leating social multiplier. For example, we
investigate whether teachers’ cheating in non-nooed classes, or stress induced by the
presence of an external inspector in monitoredselsnay explain (part of) the gap in
performance between monitored and non-monitoredlesiis, as opposed to students’
cheating. Next, we replicate on our data Grahammpigcal analysis of achievement peer
effects in the Tennessee Schools STAR Project.tiidl robustness checks support our
identification strategy and show that estimatedueal of the cheating multiplier are not
affected by alternative mechanisms that could thiagesults. There alternatives are discussed

hereafter.

6.1. Teachers’ cheating

Several forms of teachers’ cheating are discugs#uki literature. There could be totally illicit
activities, so called ‘explicit cheating’, such @sanging student responses on answer sheets,
providing correct answers to students, or obtairdagies of an exam illegitimately prior to
the test date and teaching students using knowletitfee precise exam questions. There is
‘hidden cheating’ in which educators attempt teeaa school overall performance profile by
retaining low-scoring students in grade, classifyimore students as ‘special needs’ in order
to exclude their scores from school averages,wshag attention on students who are close
to passing, and ignoring those who are sure to elbamd those likely to fail (Kohn, 2007).
Additionally, there could also be ‘soft’ forms @@acher cheating such as ‘teaching to the test'.
One reason why teachers’ cheating should not plsigraficant role in the Italian schools is
due to the fact that the career of teachers follan@mple experience-age rule and is not
linked in any way to students’ performance. In faeachers’ cheating has been found to be a
substantial problem when high-stakes testing pragrare introduced in the school system
(Jacob, 2005; Jacob and Levitt, 2003a,b). Moredweglsi controls that the SNV Protocol is
strictly followed by school teachers and Schooldseare responsible for any illicit behavior
of the school staff. However, teachers may be iadum illicit behavior because, for
example, they simply dislike sharp differencesasults across classes within the same school
(Bertoni et al. 2012). Anytime teachers help stisldn suggesting the right answers or
changing their answers while marking the test,e$tamates for the social multiplier will also
include this component and be upward biased.

129



Ferrer-Esteban (2012) and Bertoni et al. (2012)yapahe effects of monitoring on students
test scores using SNV data and show that extermaditoring has a negative effects on
students’ test scores. Bertoni et al. (2012) us¢hMests of elementary school student8 (5
grade) and argue that the better performance sfetawithout the external inspector is due to
the manipulation of tests by students and/or teacde authors do not distinguish between
students and teachers’ cheating so that they irgetipe performance gap between monitored
and non-monitored classrooms as a measure of grage intensity of (generalized) cheating
taking place in non-monitored classrooms. They alsmw that spill-overs effects are present
in non-monitored classrooms of sampled schoolss TdGt also justifies the inclusion of the
‘non-monitored classroom in sampled school’ inddcatariable in the vector of controls.
Ferrer-Esteban (2012) uses data both from elemestdmools (¥ to 5" grades) and junior
high schools (6 to 8" grades) in the 2009-10 SNV to build an individigtel cheating
indicator. Similarly to Jacob and Levitt (2003 a,hb)student is suspected of cheating if the
entire path of the answers of the test - item bynijtindependently of whether answers are
right or wrong - is equal to the one of a classende shows that the distribution of
‘suspected cheaters’ conditional on the resulhentests is sharply different across grades. In
the elementary schools ‘suspected cheaters’ ardisdtibuted in the upper tail of the test
score performance distribution while in the junioigh schools ‘suspected cheaters’ are
normally distributed along the test score perforogarange of results. The author interprets
this evidence as teachers’ cheating playing a anbige role especially in the elementary
schools, as ‘suspected cheaters’ always give aghivers as if they are suggested by teachers
and not by each other copying or cheating. Takegetteer, Bertoni et al. (2012) and Ferrer-
Esteban (2012) studies suggest that teachers’iogeat any - is particularly concentrated in
elementary schools and less in the junior high slsho
As robustness check, we replicate the analysislementary school students if' @nd 2¢
grades who sit the 2009-10 SNV test (see AppendixoBdetails). Grounding on the
aforementioned studies, we expect cheating soaciddipher to be higher in magnitude than
the 8" grade as it potentially includes bias given bycheas’ cheating which is likely to
increase class average test scores.

[Table 27 here]
Table 27 shows descriptive evidence on test sca@ansand variances across grades. It is
easy to notice that the gap between mean testssobraonitored and non-monitored students
is much higher in the elementary grades comparef"tgrade (Language test score gap

between sixth grade monitored and non-monitoredestis is not even statistically different).
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The same is true for the total variances, whilegance within classes is always higher in
monitored classes.

[Table 28 here]
The estimates of the cheating social multiplier $rand 29 grade students do not show
significant differences in terms of strength ofritdfcation and statistical significance, but
they are always higher in magnitude (Table’28)his confirms that teachers’ monitoring is
looser in elementary schools as compared to juhigh schools. Restricting our main

analysis to 8 grade students, thus minimizes possible bias alteathers’ cheating behavior.
3.6.2. Stress induced by external monitoring

The presence of an external inspector in the dassrduring the test (under the external
monitoring regime) may exert psychological pressurénduce stress among student, which
might alter their performance and lower the avertagéscore in monitored classroom. In this
case, the observed gap in test scores betweenaremhiaind non-monitored classrooms might
incorporate a component that is due to psycholbgtass. We use the SNV ‘Student
Questionnaire’ (see Appendix B), which containgtaa$ motivational questions that students
have to answer immediately after taking the testascertain the emotional feelings and
psychological pressures that students experiende tafking the test or preparing fotit
[Figure 7 here]

We find no difference in the answers to the motoral questions between monitored and
non-monitored students (Figure 7), which leads auexclude that our estimates might be
biased (upward) due to the stress induced by eatamonitoring. Exploiting the same
variables for elementary schools (5th grade), Bertet al. (2012) discuss in detail the
possibility that young students under-perform a®rsequence of the distraction induced by
the presence of a stranger in the class and finevidence that being in a classroom with an

external inspector increases anxiety or nervousness

3.6.3. Achievement peer-effects and class-size

% Because of the differences in the test struc@ifegrade Language results are not directly comparatiess
grades. School and family background informatianret provided for ¥ graders as students do not have to fill
in the ‘Student Questionnaire’. The estimates olgihiwithout dropping classes with less than 10esitgd(not
included in the text) do not change the overaltgratof the results and confirm their robustness.

92 students are asked whether they totally agreetiafhp agree / partially disagree / totally disagrwith the
following statements: ‘I already was worried befdaking the tests’; ‘I was so nervous | could nioidfthe
answers’; ‘While taking the test | was calm’.
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Since randomization ensures that students’ qualidgoss monitored and non-monitored
classrooms is the same, social interactions canade from students’ cheating behavior. In
this section, we test this proposition and invegagvhether a more conventional ‘peer effects
in achievement’ may also influence the social rplikr we estimate. Peer effects may work
eithervia peers’ characteristics (contextual effects suchmsude to learn, readiness, ability
to focus), orvia alternative endogenous social interactions (suclinormation gathering,
endogenous preference formation, congestion eXiegess (Sacerdote, 2001). We replicate
the empirical strategy proposed by Graham (2008)chvrelies on classroom-size variation
as instrument, estimating our model separately on rhonitored and non-monitored
classrooms (Lazear, 2001; Graham, 2008; Carrel. 2089; Cooley, 2010a,}) The key
assumption, in this case, is absence of sortinguathserved heterogeneity across small and
large classrooms. Since, general rules for clags &rmation in junior high schools are
considerably influenced at the school-district lelrg the availably of tenured versus non-
tenured teachers and the allocation of resouraessischools in the same district, we include
in our baseline specification the usual classrodengl controls ¢£), as well as school-
district fixed effects (i.e. 110 dummies correspagdto Italian provinces, NUTS 5 level).
Specifically, we run the analysis separately fomitawed and non-monitored classrooms and
calculate an achievement (squared) social multiptiet we labe}.” to keep it distinguished
from the usual cheating social multipfiérWe expect the value of the social multiplier
estimated for the group of non-monitored classro¢f$Z.=0) to be larger than the social
multiplier estimated for the group of the monitor@dssroomsy(?|Z.=1), since the former is
likely to be inflated by cheating interactions vehihe latter is not.

[Table 29 here]
The instrument we use is a dummy for ‘small clage’ghat takes value 1 if class size is
below the median class size. Table 29 containglifferent estimates for the (squared) social
multiplier. The standard rank condition is satidfieas the coefficient of the excluded
instrument — not reported in the Table - is alwpgsitive and significantly different from
zero at 1 per cent confidence level, and the §tage F-statistics show that the effect is
always strongly identified. The positive sign iretfirst stage regressions confirms that small
class size tends to increase individual-level loggeneity. Interestingly, estimates of the
(squared) social multiplier are found to be notistigally different from 1 in the subgroup of

monitored classes - where only interactions in @attinent may have taken place -, while the

% Group-size is a good instrument for the E-V apphobecause, provided that group-level heterogeiiitye
same across the two subpopulations (small vs. ldegses), the dispersion of individual heteroggrgpically

is not the same.

® We run the analysis on the whole population a$ ageéxcluding classes with less than 10 stud&esults do
not change.
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estimates show up statistically different from anging between 2.08 and 3.21 (close to
Graham'’s estimations), in the subgroup of non-nweit classes. In other words, since we
cannot reject the null of ‘no-achievement socidkiactions’ in the monitored classrooms
(both for Language and Math), while we find sizasbeial interactions in the non-monitored
classes, it seems reasonable to expect any efféatlievement social interactions’ to be
negligible as compared to the effect of ‘cheatiagial interactions’.

[Table 30 here]
A final concern with respect to class-size migligewvith respect to classrooms with less than
10 students which were dropped from the main aisatgsmeet the only ex-ante selectivity
criteria implemented by Invalsi in the random setet of the monitored classrooms. To
assess whether this threshold introduced sometiséhean the sample of treated versus
control classrooms, we repeated the analysis atdading all the classrooms with less of 10
students (723 classes for grade 6 correspondind. % of the total numbef) Results

reported in Table 30 show no significant differenegth respect to the baseline estimates.

3.7.DISCcUSSION AND CONLUSION

There is abundant evidence showing that studehtsating has worsened over the last few
decades, becoming a widespread practice in schoolege and high-ranked universities
(Dee and Jacob, 2012). Experts say that cheatiaggt@vn hand in hand with high-stakes
testing systems, such as the No-Child-Left-Behird-&001) in the U.S. (Jacob, 2005), and
it has become easier and more widely toleratedhatls schools and parents fail to give
students clear messages about what is allowed &adl i& prohibited The New York Times

September 7, 2012). In this paper we provide ewdam the social interactions which are
generated when students’ cheat - either exchangfiogmation and cooperating with other

students, or using any prohibited materials - wlhdlking an exam. We develop a simple
theoretical model describing the mechanisms thatedsocial interactions in cheating

behavior, and show that students optimally decitetier or not to cheat taking into account
other students’ best response. We estimate thealsauiltiplier generated by cheating

behaviors using data from a randomized experimené inational evaluation tests. Our
findings suggest a strong amplifying role played dheating social interactions in the

classroom, which increases in the strength of $dies. The value of the social multiplier

% Graham (2008) finds a (squared) social multiphie2.33 for Math and 2.11 for the Reading test ssan the
complete specification. However, while we explaihipr high school students, Graham (2008) focuses o
kindergarten students.

% Due to students absence on the day of the testjoafind classrooms with less than 10 students ialshe
treated group. This, of course, was not known dr;aand absent students re-sit in September.
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implied by students’ cheating behaviors is estimate be between 2 and 3 in all the
specifications, suggesting that cooperative belayiowhen a strict external monitoring is
missing, may generate a change in the equilibrifistwwdents’ achievements that is twice as
big as the class average achievement. In termsndividual test score, the marginal
contribution of cheating interactions increasesiviigdial test score by almost half of the
standard deviation (i.e. between 7 and 10 poirt&terogeneous effects show that the
strength of social ties in the classroom is a cemgntary input to cheating behaviors such
that the effect is larger the more the classrooroimogeneous. Several sensitivity checks
confirm the overall robustness of our results.

Our findings have a number of relevant policy irogtions. First, we show that tolerating
cheating behavior, as it is often done in schasls, very dangerous practice, since the social
multiplier magnifies the negative effects on botihdents’ performance and on the signaling
role of education in the labor market. McCabe (90icuments that a large share of college
students considers cheating and other forms oftiibllaboration with classmates as a minor
offence or no offence at all. He also finds thatsmbigh school teachers and college
professors fail to report and pursue most of theations that are detected. Moreover,
commitment to academic integrity and sanctions tolations are still not adequately
considered: few schools place any meaningful emglas academic integrity, and colleges
are even more indifferent than high schdol©ur estimates also show that tolerating such
behaviors is particularly relevant as cheatingikely to feedback onto social norms thus
raising collective indulgence with respect to vasdorms of dishonest practices. In other
words, ethical or honor codes of behavior in sch@blould be strictly enforced and students’
cheating behavior reported and sanctioned. Seagwen that increasing competition in the
job market and high-stakes testing systems ardylike exert considerable pressure on
students to perform well in exams, it should begeized that where (and when) the pressure
is higher, more resources should be devoted totoramj activities in order to avoid cheating
interactions to become widespread. In this semgesdocial multiplier mechanism would also
magnify the effects of policies directed to stricteonitoring and sanctioning of cheaters.
From the policymaker perspective a commitmentgonous monitoring and sanctioning - by
changing the individual’s private incentives to ahevould deliver significantly larger social
effects (Durlauf and Cohen-Cole, 2004). Our resaié® show that strong social links among
classmates are likely to facilitate social intei@ts and cheating behaviors. In this context, a
rather inexpensive way to reduce students’ illisghaviors would consist in a random

reshuffling of students and teachers across classpwithin any given school, so to reduce

" Michael Josephson, president of the InstituteMtademic IntegrityThe New York TimeSeptember 7, 2012.
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students’ tendency to conform to other studential®r. Finally, the presence of spill-over
effects of monitoring in non-monitored classroomsampled schools, suggests that another
rather inexpensive intervention to contrast chegatwuld be to spread the inspectors on more
schools as non-monitored classrooms in sampled#ckbow a significantly lower degree of

cheating interactions.
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APPENDIX A. DERIVATION OF THE ACHIEVEMENT BEST RESPONSE

Under the assumption that achievement is monottypisecreasing in cooperative cheating
effort behavior (henceforth simply referred toedfort), we can solve from the APF (eq. [1])
for the unobservable effort. Thus, for individu@ndj - wherej represents aniys classmate

peer - we have:

=Y~ XL~ XL~ QLU [A1]

& =Y~ XN~ I [A.2]

Plugging the expression ferfrom equation [A.2] into [A.1] and solving fer, we obtain:

g =(1_—1ﬁe][ Y= Y7 - X~ 77— (78, - mr) + u(7t,~D)| [A3]
Similarly, for individualj:

9 :(1_—1@][ Y = Y7 - % (7~ 7L7) ~ (7, 7 71) + p(7,~1) [A.4]

Substituting equation [A.4] into the effort besspense of individual from equation [4]

yields:

%(ij[y Y7 = X, — A7)~ X7, ~ 1) + (=) | [A.5]

mm

Finally, substituting the LHS of equation [A.3] withe equation of the best response effort
function from equation [A.5] and rearranging we abtthe expression of the achievement

best response function (Cooley, 2010b):

ﬁ ,ée 1 - T, — - 7T,JT.) — (e ( T & =
ﬁz+ﬁ—e[l_—ﬁ_e][yj Yi7le Xj(n-x Tute) = X (M x= 1T T+ (7T ¢ 1)}_ [A.6]
:(11 ][y. =X = ) = X (= T+ p (7 1) |
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APPENDIX B. INVALSI SNV DATA DESCRIPTION

School system in Italy starts with five years ofmpary school (grades 1 to 5, corresponding
to ISCED level 1) and three years of junior highasa (grades 6 to 8, ISCED level 2). These
two form the ‘first cycle’ of the educational systevhich is compulsory and identical for all
students, while secondary education lasts threfevéoyears depending on the path chosen
(vocational, technical, academic). Children enrothe first grade of the primary school the
year they turn six, and start the junior high sd¢lwloen they turn eleven. Primary and junior
high schools are quite different in terms of orgatibpn and types of teaching activities. In
primary schools pupils spend almost all school timith two teachers, one teaches Language,
History, Geography and the other teaches Math amnen€e. The two ‘reference teachers’
usually follow the pupils from the first to thethf grade establishing a strong personal link.
Junior high school is more similar to high sch@&iludents experience a kind of more rigorous
teaching, with several professors, one for eaclesyjtand acquire a wide range of core skills
necessary to succeed in high schools.

Invalsi SNV data contain test scores results adivzidual level information. Individual level
information are gathered in the dataset from thddferent sources: (i) students’ general
information from school administrative records calegb directly from school administrative
staff on each student’s answer sheet; (ii) famaghkground information collected through a
‘Family Questionnaire’ sent to each family some ddyefore the test; (iii) additional
individual information on family, school and enviroental characteristics collected through
a ‘Student Questionnaire’ taken by eadhahd 6" grade students the same day of one of the
test (after finishing the exam). They are collechgdthe school administrative staff on the
same answer sheets of the students’ test and leer feom the administrative register data
which are given by the families at the moment & ¢hild’s enrolment (at the beginning of

each school year in September). Other parentalgoackd information are available and
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cover mother's and father's place of birth (ItaiJ, European but non-EU, other non-
European country), occupation and education level.

Some variables (e.g. kindergarten and pre-kindeggaattendance; parental occupation and
education) which are not administrative data resdept by the school but rather provided by
the families filling in the ‘Family Questionnairsuffer from a relevant problem of missing
information (from 9% to 30% depending on the gradd variable). This problem may be
considerably mitigated for"sand 6" grade students exploiting additional informatidroat
school characteristics and family background cowtdithe ‘Student Questionnaire’ which is
filled by each student in the class the first dayhe test and does not entail problems of
missing data. Second grade students did not hav#l ®uch additional information. The
‘Student Questionnaire’ is different for 6 and @adgrs, but the more relevant variables are
common to both. From these sources we obtain agahat are commonly used as proxy for
socio-economic background and family informationinternational programs of students’
attainments testing (e.g. PISA, TIMSS) and appliegsearch. For instance, students have to
answer questions such as “How many books have ybtwrae?”, “Which language do you
usually speak at home?”; “Do you currently spealatit at home?”.

In the heterogeneous effects analysis (Sectiod)Bvte exploit some variables taken from the
‘Student Questionnaire’. The ‘number of books amkbis a categorical variable with 5
levels (0-10 books; 11-25; 26-100; 101-200; morantl200). The ‘sport’ variable asks
students how many times per week he/she practpmes activities outside school (never, 1 or
2, 3 or 4, more than 4). Similarly, the ‘outsidén@al activities’ variable asks students how
many times per week he/she takes part to leisuirétaes outside the school time (e.g. music,
arts, theatre or foreign language courses)(nevar, 2, 3 or 4, more than 4). Finally, the
variable indicating the time spent each day playwith friends outside school takes the

following values: never, 1 hour or less, 1 or 2 tspmore than 2 hours.

B.1 The sampling procedures: randomness and represgtion

Invalsi exploits a simple random computer routihattensures the representation of the
sampled group of students, classes and schooi, far each of the 20 Italian regions they
randomly choose a representative sample of prirsengols for grade 2 and 5, and a sample
of junior high schools for grade 6. Then, withirckeachool they randomly picked up one or
two classrooms for each grade. The sampling proeestarts at the regional level, so that the
final sampled group is representative of the wisiledent population at the national and

regional level. However, also the province dimens{®IUT5) was implicitly taken into
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account so that the final sample can be considelsml representative at the province level
(Invalsi, 2010). The number of units to be samplgtthin each region to ensure the sample
representation was calculated on the basis of it surveys using the Neyman procedure
which is able to generate a sample size in suchag tvat both the dimension and the
variability of the phenomenon under study are ailyemirrored in the sampled units
(Invalsi, 2010). Sampled schools could not refuseeteive the inspectors and were informed
just a couple of weeks before the test was taken.
To test the effective goodness of these subsampkesgpeat the same analysis as in Table 23
using two other subsamples which are defined agogrid whether a school is a monitored
school or not. Thus, the group of students in nawad schools contains the subgroup of the
treated, but is larger because it also containdesiis in non-monitored classrooms of a
sampled school.

[Table B.1 here]
Results are shown in Table B.1. Although now theugrof the students in monitored schools
is much larger (more than 20% of the populatior) thest for the comparison of the means
are statistically significant for almost all the selovable characteristics we observe in our
dataset. We take this piece of evidence as a fubefirmation about the goodness of
representation of the two subsamples given by ‘teo&d’ and ‘non-monitored’ classrooms.
We can conclude that the treatment randomly siilgsstudents population of each grade into
two equally representative subgroups. Finally, geotihat the same analysis performed on
elementary schools data used in the robustnes&sk@é and %' grade students) confirm the

same results.
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TABLES CHAPTER 3

Table 22. Descriptive statistics.

% Sampled Schools 22.48
% Monitored classes 7.78
% Monitored students (*) 8.01
% Non-monitored class in sampled school 13.07
% Absent students 0.71
Average school size 131.75
Average class size 20.58
Average cheating coefficient in non-monitored daems: Math 0.97
Average cheating coefficient in non-monitored alaems: Language 0.91
Total no. schools 5,824
Total no. classrooms 26,707
Total no. students 522,655

Notes. (*) the percentage of ‘monitored students’ is chdted over the total number of students excluding
absents. A student is considered ‘absent’ if hefibes not sit either Math or Language test, or .batkerage
class and school size refer to the average nunfgudents in the class or school; the total noclagsrooms
includes 25 classrooms with missing values ingestes results which are excluded from the empiaicalysis.
Source SNV Invalsi 2009-10, Bgrade.

Table 23. Mean comparison of observable individuatharacteristics.

Monitored ~ Non-monitored A Missing
students students (% over total)
Female 48.3 48.34 0.04 1.3
Retained 7.31 7.09 -0.22 1.47
Immigrant 10.26 9.94 -0.32** 1.68
First gen. immigrants 6.59 6.54 -0.05 3.47
Second gen. immigrants 4 3.68 -0.32** 6.32
Kindergarten attendance 96.83 96.82 -0.01 22.6
Speak dialect at home 16.93 17.08 0.15 5.13

N (% over total) 41,550 (8.01) 477,395 (91.99)

Notes. Absent students are excluded: a student is comsidabsent’ if he/she does not sit either Math or
Language test, or both indicates the difference between mean charadtexigt the two groups; asterisks
indicate whether the difference is statisticallgnsiicant at 0.01 (***), 0.05 (**), 0.1 (*) confidece levels.
Source SNV Invalsi 2009-10, Bgrade.

Table 24. Descriptive statistics: test scores meamedian and variance decomposition.

Language Math
All Pop. Monitored Non-monitored All Pop. Monitate Non-monitored
Mean 61.44 61.39 61.45 51.95 51.42 51.99
Median 63.79 63.80 63.79 50.00 50.00 50.00
Total Var. 232.21 235.75 231.91 329.03 329.78 DL8.
Var. Between Classrooms  48.79 42.88 49.30 76.80  4469. 77.41
Var. Within Classrooms  183.43 192.86 182.60 252.24260.34 251.53

Notes.The formula is corrected with appropriate weigbtsake into account the different size of the sobpgs
(i.e. classrooms) (Ammermiiller and Pischke, 200828) Source:SNV Invalsi 2009-10, Bgrade.
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Table 25. Baseline estimates of the social multigli.

MATH
Y 5.135 5.136 5.889 5390 5926 5.401
(0.211) (0.211) (0.301) (0.244) (0.291) (0.240)
P-value (H: y°=1) 0.00 0.00 0.00 0.00 0.00 0.00
Model Parameters
y 2.266 2.266 2427 2322 2434 2324
(0.047) (0.047) (0.062) (0.053) (0.060) (0.052)
J 0.559 0.559 0.588 0.569 0.589 0.570
(0.009) (0.009) (0.011) (0.010) (0.010) (0.010)
First Stage F-Statistic 10772.4380772.02 3231.63 6161.20 3820.05 6838.82
LANGUAGE
e 4.189 4.182 4713 4370 4774 4.383
(0.169) (0.169) (0.241) (0.198) (0.234) (0.195)
P-value (H: y’=1) 0.00 0.00 0.00 0.00 0.00 0.00
Model Parameters
y 2.047 2.045 2171  2.090 2185 2.094
(0.041) (0.041) (0.056) (0.047) (0.053) (0.047)
J 0.511 0.511 0.539 0522 0.542 0.522
(0.010) (0.010) (0.012) (0.011) (0.011) (0.011)
First Stage F-Stat 8290.73 8290.42 28685M72.91 3315.70 5641.34
No. Classrooms 25959 25959 25959 25959 25959 25959
Additional controls ¥,)
Non-monitored class in sampled school yes yes yes
High immigrant share (>P75) yes yes
High immigrant share (>P90) yes yes

Notes. Classes with less than 10 students are dropped fnhe sample. Additional control®) include the
dummy for non-monitored classrooms in sampled sclom the dummy for high share of immigrants,
respectively, for immigrant class shares greatan #175 or P9Gource: SNV Invalsi 2009-10, Bgrade.
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Table 26. Heterogeneous effects in the cheating sdanultiplier.

MATH
PANEL A High Low High Low
heterogeneity  heterogeneity  heterogeneity  heterogeneity
Books at home Outside-school activities
v 49199 5.8522 4.7388 6.1082
(0.3203) (0.3781) (0.2932) (0.4092)
First Stage F-Statistic 2876.05 3635.15 3270.83 7318
P-value HOy% =74 0.06 0.01
No. Classrooms 12031 12107 12040 12098
Play with friends Sport practice
v 5.4594 5.2770 5.5002 5.0890
(0.4135) (0.3044) (0.3907) (0.3151)
First Stage F-Statistic 2633.23 3811.77 2517.54 645
P-value HOy y%,=7% 0.72 0.41
No. Classrooms 11897 12241 11903 12235
LANGUAGE
PANEL B High Low High Low
heterogeneity  heterogeneity = heterogeneity = heterogeneity
Books at home Outside-school activities
v 4.0339 4.7029 3.8383 4.9494
(0.2606) (0.2817) (0.2410) (0.3025)
First Stage F-Statistic 2679.83 2875.71 2881.15 2268
P-value HOy% =% 0.08 0.00
No. Classrooms 12031 12107 12040 12098
Play with friends Sport practice
v 4.4492 4.2456 3.8128 4.6742
(0.3320) (0.2303) (0.2577) (0.2737)
First Stage F-Statistic 2133.98 3435.55 224461 7354
P-value HOy% =72 0.61 0.02
No. Classrooms 11897 12241 11903 12235
Additional controls ¥.) yes yes yes yes

Notes.Classes with less than 10 students and with ngssafues in the relevant variables are dropped fitoam
sample. Additional controlsi() include the dummy for non-monitored classroomsampled school and the
dummy for high share of immigrants (immigrant clakare greater than P9@purce: SNV Invalsi 2009-10, 8
grade.
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Table 27. Robustness checks. Descriptive statistieementary school students.
LANGUAGE MATH
All Pop. Monitored Non monitored All Pop. Monitored Non monitored

5th grade
Mean 70.23 67.54 70.44 64.76 61.89 65.38
Median 73.91 71.01 73.91 65.91 61.36 65.91
Var. Tot. 144.27 146.62 143.81 65.39 62.5 65.44
Var. Between Classes 45.90 35.03 46.46 27.05 19.7 27.45
Var. Within Classes  98.38 111.59 97.35 38.34 42.8 8 3
N (students) 475,343 34,554 440,789 475,343 34,554 440,789
2nd grade
Mean 65.94 62.05 66.24 62.52 57.17 62.94
Median 69.23 65.38 69.23 60.71 57.14 64.28
Var. Tot. 34.85 35.5 34.71 30.81 27.2 30.89
Var. Between Classes 10.39 7.51 10.52 14.52 8.37 14.8
Var. Within Classes  24.46 27.99 24.18 16.29 18.83 6.09
N (students) 466,536 34,201 432,335 466,536 34,201 432,335

Source: SNV Invalsi 2009-10, Band 2° grade.
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Table 28. Robustness checks. Social multiplier estates for elementary school students.
Panel A: 5th grade

MATH
v 7482 7471 7.812 7562 8.027 7.590
(0.365) (0.364) (0.513) (0.408) (0.484) (0.399)
P-value H: y*=1 0.00 0.00 0.00 0.00 0.00 0.00
First Stage F-Statistic 7113.29112.93 2508.88 4840.38 3158.73 5393.57
LANGUAGE
v 5.245 5227 5402 5267 5524 5.280
(0.323) (0.326) (0.457) (0.368) (0.438) (0.361)
P-value H: y*=1 0.00 0.00 0.00 0.00 0.00 0.00
First Stage F-Statistic 6504.86504.56 2429.27 4440.85 3004.18 4911.43
No. Classrooms 26942 26942 26942 26942 26942 26942
Panel B: 2nd grade
MATH
v 7419 7.364 6.816 7.228 7.112 7.297
(0.379) (0.375) (0.502) (0.418) (0.478) (0.411)
P-value H: y*=1 0.00 0.00 0.00 0.00 0.00 0.00
First Stage F-Statistic 7867.09866.80 2987.77 5115.35 3557.85 5648.61
LANGUAGE
v 4437 4385 4246 4273 4.348 4.296
(0.201) (0.198) (0.269) (0.219) (0.257) (0.215)
P-value H: y*=1 0.00 0.00 0.00 0.00 0.00 0.00
First Stage F-Statistic 8809.98809.61 3236.33 5608.41 3865.24 6218.09
No. Classrooms 26850 26850 26850 26850 26850 26850
Additional controls ¥.)
Non-monitored class in sampled school yes yes yes
High immigrant share (>P75) yes yes
High immigrant share (>P90) yes yes

Notes.Classes with less than 10 students are droppedtfre sample. Additional control¥) include the
dummy for non-monitored classrooms in sampled scéied the dummy for high share of immigrants,
respectively, for immigrant class shares greaten 75 or P9Gource: SNV Invalsi 2009-10, Band 2°

grade.
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Table 29. Robustness checks. Achievement peer effegsing an alternative instrument (class size).

PANEL A Non-monitored classrooms
MATH LANGUAGE
Vo 5.9350 3.2160 5.0901 2.0785
(0.1059) (0.4398) (0.0976) (0.3375)
P-value H;: y.=1 0.00 0.00 0.00 0.00
First Stage F-Statistic 49602.35 3333.62 48037.98 91435
No. Classrooms 23901 23901 23901 23901
PANEL B Monitored classrooms
MATH LANGUAGE
Ve 5.3363 1.7149  4.2599 1.5793
(0.2956) (1.2544) (0.2333) (0.6559)
P-value H: v.=1 0.01 0.57 0.00 0.38
First Stage F-Statistic 5457.98 257.31 4767.00 &09.
No. Classrooms 2058 2058 2058 2058
Additional controls
Class level variablesi() yes yes yes yes
School-district fixed effects yes yes

Notes. Class level variablest() include the dummy for non-monitored classroomsampled school and the
dummy for high share of immigrants (immigrant clasgre greater than P90). School-districts fixefdct$
correspond to 110 dummies. Classes with less tlBastddents are dropped from the samfleurce: SNV

Invalsi 2009-10, 8 grade.
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Table 30. Robustness checks. Baseline results intiing classrooms with less than 10 students.

MATH
e 5.172  5.173 5.965 5447 5994 5.454
(0.210) (0.210) (0.305) (0.245) (0.293) (0.241)
P-value (H: y°=1) 0.00 0.00 0.00 0.00 0.00 0.00
Model Parameters
y 2274  2.274 2.442 2334 2448 2.335
(0.046) (0.046) (0.062) (0.053) (0.060) (0.052)
J 0.560  0.560 0.591 0.572 0592 0.572
(0.009) (0.009) (0.010) (0.010) (0.010) (0.009)
First Stage F-Statistic 8267.18266.80 2538.80 4739.772960.45 5200.40
LANGUAGE
Y 4272  4.265 4.819 4456 4.879 4.468
(0.175) (0.176) (0.255) (0.208) (0.247) (0.205)
P-value (H: y°=1) 0.00 0.00 0.00 0.00 0.00 0.00
Model Parameters
y 2.067 2.065 2.195 2111 22209 2114
(0.042) (0.043) (0.058) (0.049) (0.056) (0.049)
J 0.516 0.516 0.544 0.526 0.547 0.527
(0.010) (0.010) (0.012) (0.011) (0.011) (0.011)
First Stage F-Stat 7353.47353.20 2519.57 4558.582901.45 4956.61
No. Classrooms 26682 26682 26682 26628 26628 26628
Additional controls ¥.)
Non-monitored class in sampled school yes yes yes
High immigrant share (>P75) yes yes
High immigrant share (>P90) yes yes

Notes. Additional controls ¥.) include the dummy for non-monitored classroomsampled school and the
dummy for high share of immigrants, respectivety, immigrant class shares greater than P75 or 880xce:
SNV Invalsi 2009-10, Bgrade.
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Table B.1. Mean comparison between students in samggol and non-sampled schools.

Students in sampled schools Students in non-sansplgools A

Female 48.35 48.34 -0.01
Retained 7.27 7.07 -0.2**
Immigrant 10.36 9.85 -0.51%**
First gen. immigrants 6.89 6.46 -0.43%**
Second gen immigrants 3.83 3.67 -0.16***
Kindergarten attendance 96.61 96.87 0.26***
Speak dialect at home 16.06 17.35 1.29%**
N (% over total) 111,497 (21.48) 407,448 (78.52)

Notes. Absent students are excluded: a student is comsidebsent’ if he/she does not sit either Math or
Language test, or both indicates the difference between mean charadtexigt the two groups; asterisks
indicate whether the difference is statisticallgnsiicant at 0.01 (***), 0.05 (**), 0.1 (*) confidece levels.
Source SNV Invalsi 2009-10, Bgrade.
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FIGURES CHAPTER 3

Figure 7. Students stress while taking the tes€Comparison between monitored and non-monitoredesttst
answers to motivational questions (1=totally disgg@=partially disagree; 3=partially agree; 44tptagree).
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Notes. Students are asked whether they totally agreédigragree/partially disagree/totally disagreehnihe
following statements: ‘I already was worried beftaking the tests’ (top histogram); ‘1 was so nersd could
not find the answers’ (central histogram); ‘Whikihg the test | was calm’ (bottom histogram).
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