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Abstract

La tesi di dottorato si propone I'obiettivo di irgdae alcune determinanti dei risultati scolastieilan
scuola primaria italiana. Quali variabili di outcesnsono utilizzati i punteggi in ltaliano e Mateivat
conseguiti dagli alunni nellambito dei test somisirati dall'INVALSI (Istituto Nazionale per la
Valutazione del Sistema Educativo di Istruzione Eatmazione).

Il primo capitolo, intitolatoParents’ Background Effects on Students’ AchieventenEvidence from
Italian Primary School| analizza I'impatto del background familiare sulisultati scolastici in seconda e
guinta elementare, controllando per caratteristidio studente, della scuola e territoriali. Aldidi gestire
la presenza di dati mancanti nei sets di dati magt un modello di regressione lineare con imputazi
multiple. Le stime mostrano un forte impatto dethkground dei genitori sui test scores, impatto teimele a
persistere durante la scuola primaria. Ulteripadficazioni senza imputazioni e includendo eiffiegsi di
scuola, di classe e provinciali stimano effettilaledtatus socio-economico dei genitori sulla perance
scolastica coerenti con le stime di base. | rifuttansentono di capire quanta parte delle disdrag nei
livelli di apprendimento e generata dallo sfondmifeare, stimolando una riflessione sul ruolo delteiole e
delle autorita governative nel ridurre le dispasitiali che sorgono sin dai primi anni di istrugoe che si
ripercuoteranno sul conseguimento del titolo diliste, in tempi successivi, sul mercato del lavoro.

Il secondo capitolo, dal titoltGift of Time” and “Family Gift”: The Effect of Early School Entry on
Pupils Performance presenta un’analisi dell'impatto dell’ingressdieipato a scuola sui risultati scolastici
in seconda e quinta elementare. La procedura evagriisegnata per districare I'effetto dell’etandjresso
a scuola Gift of Timg da possibili fattori non osservabiFdmily Gif) che influenzano sia la decisione di
iscrizione anticipata sia i risultati accademicielld specifico, il problema della selezione sulleofi
osservabili” & affrontato implementando un Regasfliscontinuity Design comparando, in base altgliao
eta, la performance degli studenti “anticipatardncquelli aventi simile eta ma “regolari”. | risadt
suggeriscono che coloro che entrano in anticipeumla raggiungono migliori performance rispettoi agl
studenti regolari, ossia beneficiano demily Gift Tuttavia, dopo aver controllato per la decisiate
genitori di iscrivere i figli a scuola in anticipossia dopo aver neutralizzatd-amily Gift, le stime mostrano
che gli studenti anticipatari raggiungono minomfaggi ai test INVALSI. L'impatto non svanisce darala
scuola elementare.

Il terzo e ultimo capitoloStudents “in advance” and Peer Age Effecttima I'effetto della composizione
della classe in termini di eta sui rendimenti degglidenti frequentanti la scuola elementare iraltdla
strategia identificativa utilizza i cambiamenti Mieatisi negli ultimi anni nella normativa di iseione al
primo anno scolastico evidenziando che, in assdns&stematica assegnhazione degli alunni alle clzes
etd anticipata di ingresso a scuola, & possibileas¢ un effetto non distorto del condividere lassle con
studenti “in anticipo”. | risultati indicano che fgoporzione di studenti anticipatari piu giovaeila classe
ha un impatto positivo sui test scores individualeffetto differisce per gruppo di eta, con inade
maggiore per gli altri studenti anticipatari picgbli e decrescente all’aumentare dell’eta.

La tesi é redatta in lingua inglese.
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Introduction

The thesis aims to analyze some determinants désts’ outcomes in Italian primary school by using
data from the National Institute for the Educatidgealuation of Instruction and Training (INVALSI).

First, | focus on the impact of parents’ backgrown students’ achievements. Then, | address to
understand how the “individual” and “peer” age @tes on school performance.

The choice of giving attention to primary scho@mss from the following reasons.

Education is a key to social and economic successis the basis of intergenerational mobility in
educational qualifications and income. Hence, prynsghool is the stage from which social inequeditare
projected to the next academic stages. It folldvesimportance to act in primary schools to mitigsteial
inequalities among students and to promote equaflibpportunity.

Socioeconomic status of students’ family is relévMagcause the individual has not chosen his or her
family background and thus cannot be held accolmtab any impact of parents’ background on hiser
status during adulthood. Therefore, more imporiaifamily background for educational achievemeless
is equality of opportunity.

In a child development perspective, researchenssfon how human capital accumulation is affected by
early childhood resources. Specifically, studieshwthis aim try to understand what types of patdenta
resources or inputs are important for children’gei@oment, why and when they are important, argtiiad
parental resources such as educational qualificaiml occupational status, or book at home, aexaat in
early childhood and therefore in primary schoolndoand family context are crucial for skill acqties at
this stage, while in the teenage years (secondzigot), a spontaneous tendency to stratify the acho
system occurs, as students self-select in the elodischool type.

Beside family background, another important fadteat determines school success is the children’s
“readiness” for school. This opens several questmoncerning the optimal age to start school. Iddéea
child is not be mature enough to school learningertroll him/her before he/she is ready may turmless
productivity. This implies lower performance, lowgobabilities to gain a higher educational quedifion
and as a consequence lower earnings. If, insteal|daalbeit younger is ready for education, he/should
start formal learning as soon as possible to bagoumulating skills sooner and enter the labor etark
earlier. Moreover, better skills implies higher edtion level and this latter mean higher wages.

It is easy to understand that verifying the effetcindividual age at school entrys a crucial issue for
parents, educators and governments. Similarly tiigery the effect ofclassroom peer age compositids
an important issue occurring from the first yeasdfooling.

Classroom are formed by children with different.a@echild’s ability to accumulate human capital is
affected by his/her characteristics — including agend by characteristics of his/her peers — inoege.
The way through which the classmates’ age can tggeris differentiated. First, a positive spillover
concerning the presence of youngest pupils canuketa teaching methods, which redirect more attanti
towards pupils. Second, peer age effect can bdalaelearning spillover between classmates as y&sing

children could be more able than other pupils i@ #ame classroom. Third, the presence of a certain
1



proportion of youngest pupils in the classroom douleate a more disciplined school environment
generating a positive effect on the entire classrdéinally, youngest pupils could experience me@mning
difficulties with a negative effect on their peeeslucational outcomes.

Starting from these motivations, in the thesis Llgdike to analyze Italian primary education ragsihe
following main research questions:

» Has parents’ socioeconomic and cultural backgraustong impact on students’ achievements? Do

this effect persist during primary school?

» Is the age at school entry an important factordopils’ performance? In particular, do younger

entrants achieve better or lower test scores cadparolder entrants?

» Does the age of a child’s peer affect the childgritive achievement? And specifically, does the

proportion of youngest students in the classrodiecaindividual performance?

Employing data from INVALSI, which include the ueise of pupils (about 500.000 per grade) attending
primary school in Italy, this research take plat¢hie scientific panorama in important ways. Fipsgvious
studies exploit the relationship between socioenvasstatus and students’ achievements using data fr
international surveys — PISA, PIRLS or TIMSS — whaover between 4.000 and 8.000 pupils per grade. |
employ instead data which are more representativalldtalian pupils allowing a higher precision in
estimates. Second, with reference to the firstaresequestion, this is the first attempt in thetegnof Italy
to understand if the impact of parents’ backgroandeducational outcomes persists during primarpaich
by exploiting the same cohort of students over temeated cross-section. Third, in analyzing thectfof
individual age at school entry, | present an oagempirical procedure designed to disentangldrdsment
effect (entering at school “in advance”) from pbssiunobserved confounding factors affecting both
enrollment decisions and educational outcomes.llgina the interest to explore how social intefaos at
class level affect academic achievements, | focuger age effects, adding a novel contributioa fopic —
peer age — for which litte literature exists.

The thesis consists of three chapters. Chaptealyzes the impact of parents’ background on stident
achievements. Charter 2 examines the effect ofy eagk at school entry on pupils performance while
Chapter 3 focuses on peer age effects on educhtiottames.

The analysis of parents’ background effects onesitgl performance is conducted by using the cabiort
pupils attending the 2nd grade in 2008/2009, wigosabstantially the same students attending thgraite
in 2011/2012. As a selection problem related toumntdry participation in INVALSI assessment in
2008/2009 could bias parents’ socio-economic effent scores at the 2nd grade, | provide robustness
checks by replicating results on data of pupilerating the 2nd grade in 2011/2012 when tests are
administered in all Italian schools. | estimate @tiple linear regression in which student achiegata are
measured by Rasch test scores in Reading and Matiesnwhile parents’ background is measured by
country of birth, educational attainment and octiopal status proxies. | control for other studiaits and

for school and territorial characteristics which &kely to affect educational performance.



To deal with missing values issue, a multiple inagioh model is estimated. Findings show that patent
background is strongly positively related to studerducational achievements. Additional specifarsd
without imputations and exploiting within-betweeoheol and provincial variation lead to very similar
results. This additional evidence, which is comsisin sign and magnitude to basic estimates, lstrdsg
support to the causal impact of parents’ backgroomdndividual achievements both in Reading and in
Mathematics.

Chapter 2 provides a comprehensive analysis oéffleet of early school entry on educational outceme
by employing an empirical procedure designed terdengle the effect of regular ent@ift of Timg from
possible unobserved confounding factdrartily Gift) affecting both enrollment decision and schooling
outcome. | face the selection issue on unobsersdiyl@ising a Regression Discontinuity Design. Ia iy
exogenous age thresholds are used to compareerhikdth similar age but different educational clesic

The analysis is carried out on pupils attendindhlibe 2nd and the 5th grade of primary school & th
scholastic year 2011/2012. Educational outcomessunea are represented by Normalized test scores in
Reading and Mathematics. Results suggest thatspupbib enroll in advance are peculiar as they perfor
better than regular ones with almost identical agter neutralizing this “schooling ability” effect find
that pupils in advance perform worse than reguterso Hence, a severe distortion in the evaluatiche
true effect of early entry arises when neglectinghserved characteristics driving the early schieaision.
Since pupils in advance tend to be selected aguptditheir schooling ability, the real impact aflg entry
on schooling performance is underestimated. Aftdtirgg rid of selection bias, results show thatijsuim
advance present educational penalties. This affees on for the entire path of primary education.

The last Chapter of thesis focuses in estimatirey pge effects on schooling outcomes of Italianilpup
by exploiting changes in Italian enrollment rulegothe last few year. | employ INVALSI data ondgats
attending both the 2nd and the 5th grade of prirsahpol in 2012/2013. As robustness check | use ot
8th grade too, i.e. on the last year of middle stho

| tackle the main barrier overcoming in estimatjpeer effects on student achievement: shkection
problem Students could be sorted by parents or by schotdspeer group with other students with similar
characteristics. Thus, the selection problem refledl unobserved characteristics that may confopeer
effect estimate. | use an empirical procedure afigwto understand if there is selection in classroo
formation, arguing that in the absence of pupilsisg by early age at school entry, it is posstol@estimate
the “true” peer age effect. Results suggest thatptoportion of youngest students “in advance”ha t
classroom has a positive impact on child’s achiems measured by Normalized and Rasch test scores.
Additional empirical evidence shows that the effeant individual scores of sharing the classroom with

youngest pupils “in advance” differs by studentg group.



CHAPTER 1

Parents’ Background Effects on Students’ Achievent&n

Evidence from Italian Primary School

Abstract: This chapter examines the impact of parents’ baekyl on students’ performance by
employing INVALSI data on pupils attending both thed and the 5th grade in Italian primary schools.
Findings from a multiple linear regression modedwithat parents’ background is strongly positivediated
to students’ educational achievements. More intieiggsthis impact does not fade away but seem®tsigt
during primary school. To deal with missing valuesue, a multiple imputation model is estimated.
Additional specifications without imputations anxpkoiting within-between school and provincial \atibn
lead to very similar results. This additional evide, which is consistent in sign and magnitude asid
estimates, lends strong support to the causal imgdgrarents’ background on individual achievemdyuth
in Reading and in Mathematics. Results allow toeusthnd how much of the inequality in educational
achievements is due to socio-economic status afests’ family. This has policy implications bothrfo
schools and for governments. These authoritiefgadf) should fight the huge social disparitieseénms of

education opportunities and improve social mohility

Keywords educational achievements, parents’ backgroundngmyi schools, equality of educational

opportunity.

JEL Codes 120, 124.



1.1 Background and Motivations

People’s educational achievement is positively elated with their parents’ education or with other
indicators of their parents’ socioeconomic sta&iE$). This pattern has fascinated many scholatls,early
seminal contributions in sociology by James Coler(it®66) in the so-calle€oleman Reportand in
economics by Gary Becker (1964). Since this twoisahcontributions, the nature of the relationship
between socioeconomic status and student achievehzn been debated for decades, with the most
influential arguments appearing iBquality of Educational OpportunityColeman et al., 1968) and
Inequality (Jencks et al., 1973) in the United States of Acaerand a number of commissioned inquiries in
Australia (Commission of Inquiry into Poverty, 19Karmel, 1973).

The topic has also arisen frequently in policy desaall are agree that, in a democratic society,
socioeconomic inequalities in educational outcostesuld be minimal, and most democratic societie® ha
adopted policies aimed at reducing the impact wilfabackground on educational achievements.

Today the topic is central in social science, dredtd is no doubt that research in this area hassiited
during recent decades and even during the pasty&ass. In fact, it is well known in the specialized
literature that student background has a big ptiedipower of school results: higher is the SEStatlent’s
family, higher is his academic achievement. Sosth&al, economic, and cultural background of Eupitd
their families exerts a very important influence lorowledge and skills that pupils acquire in trsghool
career, even in primary school.

Students from low-SES homes are disadvantaged hinot& because they lack an academic home
environment, which influences their academic sus@sschool. Then, as schooling affects an indalidu
life chances, children from disadvantaged famibften become adults with lower income and lower job
status. These adults’ economic and educationaflgigdages in turn affect their children’s schoaqliagd so
on throughout later generations (Chiu and Xihu®320

So, the analysis of differences in students skdlrucial because current differences will setdfage for
future differences both in terms of competence haf a&dult class and in terms of income and thus of
inequality.

For these reasons, in today’s society, socioecandmegualities in education are an important iseue
both researchers and policy-makers. From a pdlitieespective, socioeconomic inequalities in edocat
outcomes should be minimal to ensure to all indiald equality of opportunity in income and wealth.

From a researchers prespective, these are intgrestthis topic because has been demonstrated in
countless studies that family socioeconomic stestise most powerful predictor of students’ perfarnoe,
and seems to hold no matter what measure of sgtused (parents’ occupation, parents’ educatiomjly
income, or some combination of these) (Boocock2)197

Researchers are therefore agree that educatiolkayg to social and economic success and serves as a
major mechanism for intergenerational transmissibsocioeconomic status (see, for example, Haveman
and Wolfe, 1995; Kane, 2004; Mare, 1992; Neckerarah Torche, 2007).



The relationship between social background andadhmal outcomes is well-established. Typicallye th
relationship is strong and positive, wherein higb@tioeconomic status is associated with bettecagohunal
outcomes, where educational outcomes can be repeesky intermediate results such as test scordsy o
educational attainment, or by income. In other wpeiudents from privileged social backgrounds have
average higher test scores (Organisation for Ecan@uo-operation and Development [OECD], 2007; Perie
et al.,, 2005), are more likely to complete secopdatucation (Renzulli and Park, 2000; Polidanolgt a
2013), are more likely to complete college (Buchmand Di Preite, 2006) and are more likely to atten
university (Blossfeld and Shavit, 1993; Connor ddelwson, 2001; Lee, 1999; Terenzini et al., 2001)
compared to their less-privileged peers.

Several empirical studies, moreover, have idewtifeamily background as one of the strongest predict
of students’ educational attainment. For examplad& (1998) explores the importance of parental
schooling for children’s educational attainmentMexico; Broaded and Liu (1996) study the relatiopsh
between family background and educational attairime@€ina; Lauer (2003) analyzes the impact of fgmi
background, cohort and gender on educational atenhin France and Germany; Mcintos and Munk (2007)
examine the role of scholastic ability and famickground variables in the determination of edocaii
attainment in Denmark.

The effect of family background on educational iatteent has been also studied by Datcher (1982),
Teachman (1987), Pong and Post (1991), Gorman aifiitt P1993), Wojtkiewicz and Donato (1995),
Peraita and Sanchez (1998), Ermish and France§20l), Brunello and Checchi (2005), De Haan and
Plug (2006), Holmlund et al (2008), Nam and Hu&@)Q), Sen and Clemente (2010), Huang (2013).

Abundant is also evidence of earnings returns tangjiative measures of education, like years of
schooling (see, for instance, Corcoran, 1976; CE989; Ashenfelter et al., 1999). More specificaplon
(1999) studies the relationship in earnings betwgeents and their children; Currie and Thomas 1200
examine interactions between socio-economic stathddren’s test scores, and future wages and
employment, Liu et al. (2001) analyze the effedtfamily background on worker’'s wage in Taiwan; &g
et al. (2004) investigate the role of race, farbidckground and education in earnings inequalitgtifi@rand
Rose (2012) analyze the impact of university quafamily background and mismatch on wages of young
Italian graduates.

Therefore, a large economic literature on intergaimnal transmission has emphasized the importance
of family background for children’s educational cuines measured by educational attainment or income.
However, intermediate outcomes such as gradeseshddores are often studied because they ard tsefu
plan educational interventions.

In this study, | focus on intermediate results meed by the test scores achieved by students wiapyi
school for three main reasons.

The first is related tequality of opportunity Equality of opportunity for all citizens is a roajconcern in
all open societies (Roemer, 1998). An importantnfiation for the future civil, social, and economic

opportunities of citizens is laid in the educatgystem. Here, family background is relevant becdhee



individual has not chosen his or her family backgb and thus cannot be held accountable for angdimp
of family background on his or her status duringltwbod. Therefore, more important is family backgrd
for educational achievements, less is equalityppiootunity.

As the importance of educational performance fauriincome and productivity of individuals and
societies has been documented by a large literéBisbop, 1992; Card, 1999), | support the thesighe
basis of which it is necessary to act in primarkiosds to mitigate inequalities and promote equatity
opportunity. Moreover, because in secondary sctiemke is a spontaneous tendency to stratify theatch
system as students self-select in the choice addChecchi, 2003), the impact of the family backad
on students’ performance can be study better imgm school. This kind of reasoning raises several
research questions, the basic questiorsifamily background- in the broad sense that incorporates factors
not chosen by individuals a determinant of educational achievements in primschool?If so, is this
impact attenuated during school car@er

The second reasons for this research isctiiel developmenperspective. Here, the focus is on how
human-capital accumulation is affected by earldtidod resources. Studies with this focus address t
guestionswhat types of parental resources or inputs are irtgrtd for children’s development, why are they
important and when are they importanit? this chapter | argue that for children develepmthe main
parental resources are parents’ educational at&itjnparents’ occupational status and parents’i@tin
These factors are primarily important in early dhdod and therefore in primary school becauseissthge
the home and family context are crucial for skdgaisition, while in the teenage years (secondanpal),
as already said, there is a spontaneous tenderstyatdy the school system due to the studentsicehof
the type of secondary school. In adulthood, instéaaily is still essential but the work contextcbenes
more relevant together with community and socildtienships that start playing a significant roBrgga
and Checchi, 2008).

Finally, the third motivation for this researchredated to the choice to study the Italian caseeRe
international surveys (PISA, PIRLS, TIMSS) havetdadsthelevel of student preparation from various
countries, with a significant delay of the ItaliansThe surveys also agree in describing a reality
differentiated within Italy, in which southern stmds show a lower preparation in all subjects under
investigation (ability to understand a text, Matlaics, science, problem solving) (Montanaro, 2008).

Several studies on geographical differences in gepfnacademic achievement have demonstrated that
Italian school system has a great territorial caxity, which translates into an enlargement ofettéhces
and education inequalities among regions and ma@as. In accordance with this, we would presurat th
primary education is the stage from which socialjimalities are projected to the next academic stagd
then that primary school has the responsibilitydduce social inequalities among students to geéfiie
from education.

In light of this premise, this research aimsattalyze the impact of parents’ background on stutken
performanceandto investigate the effect of territorial inequalis on educational achievements in Italian

primary school.Specifically, | address to verify:



1) if parents’ socioeconomic and cultural backgrourad la strong impact on students’ achievements;
2) if this impact goes on between the 2th and they&tte of primary school,
3) if the preparation of pupils reveals wide territakidifferences within the country.

| use data from INVALSI (National Insititute foreéhEducational Evaluation of Instruction and Trag)in
and estimate a multiple linear regression in wisitldent achievements are measured by Rasch tess $go
Reading and Mathematics while parents’ backgrosndeasured by country of birth, educational attaimm
and occupational status proxies. | control for p#tadent traits and for school and territorial releéeristics
which are likely to affect educational performance.

The chapter is organized as follows. Section 2 iges/an overview of the Italian educational system.
Section 3 reviews the literature on the impactashify background on student performance, with igpe
focus on previous researcheas employed in the xtoofeltaly. Section 4 describes data and variables
Section 5 presents the estimation model and diesusgethodological issues while section 6 provides
empirical results. Robustness checks are provid&kction 7. The chapter ends with concluding ré&siar

Section 8.

1.2 Overview of the Education System in Italy

The ltalian Constitution requires the state to éeublic school system to all citizens and pesritie
co-existence of state and non-state scfio@serall responsibility for education lies withettMinistry of
Education, Universities and Research (MIUR), whaglkerates centrally and is responsible for orgagitie
various education levels, public schools, and cula. At the local level, regional school officeslebate
responsibilities to provincial and municipal autties. In 1999, the School Autonomy Reform introedi@a
degree of decentralization that delegated a numibienportant administrative and management funetimn
schools. Schools have autonomy with regard to dicacorganization, research, experimentation, and
developmerit

The most recent school reform, starting from 20@&, reorganized the education system, which cilyrent
is structured into preprimary education followedtyp education cyclés

- Preprimary education this stage enrolls for children ages 3-6 andat aompulsory. It can be

divided in Daycare Centres (for children 0-3 yezldy and Nursery School (for children 3-6 years)old

! Costituzione della Repubblica ltaliana (1947), Akt[8onstitution of the Italian Republic]. Legge deF8bbraio 2006, n. 27,
“Conversione in legge, con modificazioni, del dectegme 5 dicembre 2005, n.250, recante misure urgemateria di universita,
beni culturali ed in favore di soggetti affetti daavi patologie, nonché in tema di rinegoziaziomemditui” Art. 1-bis. Norme in
materia di scuole non statali [Rules on non-stateais).

2 Decreto del Presidente della Repubblica del 8 M&849, n. 275,Regolamento recante norme in materia di autonods#e
istituzioni scolasticheTRegulation on the school autonomy].

3 Legge del 30 Ottobre 2008, n. 16Misposizioni urgenti in materia di istruzione e weisitd” [Urgent measures about
instruction and university]; Decreto del Presidemtella Repubblica del 20 Marzo 2009, n. 8Revisione dell'assetto
ordinamentale, organizzativo e didattico della daugell'infanzia e del primo ciclo di istruziongReform of the organization of the
pre-primary school and of the first cycle of edimal; Decreto del Presidente della Repubblica deM&szo 2010, n. 87 e 88,
“Regolamenti di riordino dei licei, degli istitute¢nici e degli istituti professionali[Regulation about the reform of lyceums,
technical institutes and vocational training ing8s].
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- First cycle of educationthis cycle lasts eight years, it is compulsory endivided into two levels:
primary education (lasting five years) for studeages 6-11; and lower secondary education (lastiregp
years) for students ages 11-14.

- Second cycle of educatiorthis cycle lasts five years, the first two of whialke compulsory, and
includes two possible types: upper secondary aitidliwocational training. Upper secondary eduaati®
governed by State (is under the jurisdiction of Mi&JR), lasts five years, and is for students atyés19.
These schools include lyceums, technical instifidad vocational training institutes. There aredifferent
types of lyceum, eleven different types of techhiostitutes, and six types of vocational trainingtitutes.
Initial vocational training, governed by regionalttaorities in regional and private vocational trag
centers, lasts three years and is for young pe@ges 14-16) who have completed the first cycle of
education.

Students move from primary to lower secondary stbndhe basis of a positive evaluation at the @hd
their final year of primary education (Grade 5grihis no state examination at this level.

At the end of lower secondary school (Grade 8)staltlents take a state examination. If they olaain
overall grade higher than six out of ten, they btiae certificate needed to enter upper seconeldugation.

Passing the upper secondary school state examinatioequired for access to higher education in
universities and higher education courses (for gteyAFAM — Higher Education in Art and Music).

At both primary and secondary education levelsiop@ assessments of student learning are cartied o
by teachers, and students receive numerical grami@sten-point scale based on these assesémantie
primary level, student grades are accompanied ldyewranalytical assessments. At the end of ealshatc
year, the teachers of each class meet in a claseit@nd assign final grades to each student.adl@of six
out of ten (equivalent to “satisfactory”) is themmum passing grade.

Students also receive periodic and annual evahsitad their conduct, which also is expressed as a
numerical grade on a ten-point scale. If the ctamsecil gives a conduct grade lower than six, tiuelent
can not advance to the next grade; if such a geageen in Grade 8, the student cannot take ted fower
secondary school examination.

Students with learning difficulties identified bedothe fourth grade have personalized study plads a
engage in remedial activities in class during ndri@sson times. For students younger than eighdlaegr
who have learning difficulties, MIUR establishegqmnalized study plans and afternoon remedial esurs
that the student would take with their own clasger.

The language of instructionis Italian, which is the official language of jalThe state recognizes and

safeguards twelve linguistic minorities found inta@ regions of the counttybut only four of these are

4 Decreto-Legge del 1 Settembre 2008, n. 2@isposizioni urgenti in materia di istruzione eniversita;” Art. 2 e 3:
Valutazione del comportamento degli studenti; \igne del rendimento scolastico degli studgBtident assessment].

5 Albanian, Catalan, German, Greek, Slovenian, Croafieench, Provencal, Occitan, Friulan, Ladin, Saddinian. To ensure
the learning of these minority languages, Italisho®ls have the autonomy to determine their owrragahes to teaching the
language and cultural traditions of local commusitithough this also depends on requests fromrggigemrents.
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legally recognizeti French (in the region of Valle d’Aosta), Slovemiéin Friuli-Venezia Giulia); German

(in the province of Bolzano), and Ladin (in TrewtAlto Adige and the autonomous province of Trento)
The Statute of Trentino-Alto Adige, for examplequéees that instruction in schools in the provirafe
Bolzano be conducted in German for students whe lizerman as their mother tongue, by teachers whose
mother tongue also is German. In statefunded sshindhe region of Valle d’Aosta, the Statute of Walle
d’Aosta provides that the number of hours per wdellicated to French instruction be equal to those
dedicated to teaching Italian, and that certairiosiubjects also may be taught in French.

Teachersof all school levels currently receive their ialttraining at universities. Primary school teasher
are generalists, even if they acquire respongitfitit a certain disciplinary field. Secondary schiachers
are specialists and, starting from the lower seapndevel (Grade 6), it is mandatory to have a degr
related to the subject taught. In order to teachth®laatics or science, teachers must have either a
Mathematics or science degree (e.g., biology, $iéence, or geology), respectively. New education
programs introduced with Decree 249/2010 inclu@eatquisition of English language skills to intediage
proficiency (the B2 examination level) and of digitechnology skills.

Primary and lower secondary schools are genergllypped withinstructional materials and toolgo
support teaching the various school subjects; mehets, the textbook is still the main instructiotwel
used. Beginning in the 2011-12 school year, schaitlde required to adopt textbooks usable exolelsi
in a downloadable or mixed media format.

Primaryschool textbooksre free of charge for families, and MIUR estdtdis a limit for expenditures
for lower secondary school student textbooks. Skshace encouraged to set up laboratories and other
specially equipped spaces such as libraries, gyinmas and science and music labs; and schools are
responsible for purchasing instructional materiaisiruments, and equipment, according to eachadsho
budget.

In recent years, significant investments have beede in the Italian school system to promote and
developtechnology usén education. There have been various informasiod communication technology
(ICT) interventions at the national level that ainpromote and disseminate “best practices” fongisi
technology. These interventions have included stisdéut mostly have involved teachers (e.g., I€acher
training organized nationally). Many Italian scr®bhlve a computer room, often with an Internet eotion

and sometimes a portable or installed Interactiviimedia Whiteboard (IMW)

8 Legge del 15 Dicembre 1999, n. 48%prme in materia di tutela delle minoranze lingtiihe storiche”[Norms with regard to
the safeguard of historical linguistic minorities].

"The IMW is a white panel the size of a normal kkemard that is connected to a video projector acdraputer. Any writing or
drawing on the whiteboard can be saved on a compori@ted, placed on the school website, or sgne4mail to colleagues or
students unable to attend class. The IMW is pdeity useful for students with specific learningatders and for the integration of
non-EU students, hospitalized students, and stadettt restricted freedom of movement.

10



1.3 Literature review

Since the Coleman Report (Coleman et al., 1966nemnaus studies have shown that student socio-
economic background is strongly associated witlilewwdc achievements. Existing literature is veryensmh
the overview presented in this Section is not estiae. Anyway, a brief review of the cross-country
analysis and country case studies is provided. geigpfocus is then given to the previous studieshz
impact of family background on Italian studenthi@vements, as Italy is the focus of the presesgarch.

Regardingcross-country analysisinteresting is the recent contributg Perry and McConney (2013)
who study school socioeconomic status and studattomes in Reading and Mathematics through a
comparison of Australia and Canada; they find thatrelationship is substantially stronger in Aalitrthan
in Canada.

Another comparation between two countries is predicoy Wang (2004). He compares family
background factors and Mathematics success of Hamg and US students, finding that Hong Kong
students outperformed their US counterparts in Bfatitics scores and that Hong Kong has advantages in
half and US about one-fifth of the family backgrduactors.

Then, Chiu and Xihua (2008) analyze family and maiton effects on students’ Mathematics
achievement 41 countries. Marks (2006) providedenwe from 30 countries on the between- and within-
school differences in student performance due twoseconomic background. Marks et al. (2006) explai
socioeconomic inequalities in student achieveme@0i countries, pointing out the role of home acttbs|
factors.

Baker et al. (2002) show a cross-national analgsighe relationship between socio-economic status,
school quality and national economic developmedti@veloped and developing nations are involvetién
study.

Fuchs and WélZmann (2008) examine in 31 countrigeden Reading literacy to prove that internationa
differences in student performance are due to dmeily background too. In the same year, Nonoyama-
Tarumi (2008) provides a cross-national estimatésthe effects of family background on student
achievements, 40 countries are included in theyaizal

Wo6Rmann contributes in the literature with thraglis. In the first one, he focuses on 39 countoes
provide international evidence on the relationdbepwveen schooling resources, educational institatand
student performance (WoRmann, 2003). The second mides evidence on the impact of family
Background and Student Achievement in United Statesin 17 Western European Countries (W6mann,
2004), while in the third he studies the impactfarily background and schooling policies on student
performance in 5 East Asia economies (W6Rmann,)2005

With reference to the individuabuntry case studiesmany studies on the impact of family background
on student achievement are conducted in the coofd3hited States of Americ&or instance, Perl (1973)
studies the relationship between family backgrowetondary school expenditure, and student ability;
Datcher-Loury (1989) focuses on family backgroumd achool achievement among low income blacks;

Tate (1997) provides evidence on some determinantdathematics achievement: race-ethnicity, socio-
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economic status, gender, and language proficieflogn, Rumberger and Palardy (2005) demonstrate the
impact of student socio-economics background odexo& achievement in high school; Davis-Kean (2005)
demonstrates the influence of parents’ aducatiod family income on US’s student achievement,
demonstrating the existence of an indirect rolpasental expectations and the home environment.

Significant contributions are also related to thes#alian context. See, for example, Rothman (2003)
more recently, the contributions by McConney andyP&hich provide evidence that school socioecomomi
status (SES) is consistently associated with sobatancreases in science and Mathematics perfocaan
Australia (McConney and Perry, 2010a, 2010b; Pang McConney 2010a, 2010b).

Other empirical evidences are then provided foglBeh (Opdenakker and Van Damme, 2001), Scotland
(Willms, 1986), Sri Lanka (Aturupane et al., 201Bhilippines (Bernardo, 2009), Sweden (Bjorklundlet
2003), Louisiana (Caldas and Bankston, 1997), Héogg (Ming Chiu and Sui Chu Ho, 2006), Canada
(Chow, 2004), Uganda (Currie, 1977), Germany (§e2003), Chile (Gubbins et al., 2006), Czech Répub
(Mateakeji and Strakova, 2005), Great Britain (Currie and €um 2001).

Finally, some studies are related to the conteiiabf. Next Section provides a detailed review.

1.3.1 A new contribute among previous studieshe tontext of Italy

Since the 2000s, several studies have analyzeningrect of socioeconomic and family background on
students’ achievement in Italy. Some of these stutlave point out territorial divide across maaesa in
terms of students’ performance.

The first contribute dates 2004, when Checchi aeaythe distribution of competences in Italy in 200
using data of the OECD Programme for Internati@tadent Assessment (PISA). With particular emphasis
on the skills of the 15-year-olds students, he shihat they differ significantly by type of secongdachool
attended and by geographical area of residencks ské higher in lyceums and in the North of Itaijhe
author also estimates the determinants that ueddré process of skills training. At the individuavel
these appear largely attributable to the familyscdbed not only through the parents’ education, diso
through books in the home, the presence of culagt@ities, participation in family discussionsdasupport
received from relatives for homework. Checchi (20#refore shows that the distribution of skiksjaired
reflects for the most part behind the family enmir@nt, which is also responsible for the choicdifférent
secondary schools for their children.

Checchi and Peragine (2005) provide a methodologyéasure opportunity inequality, comparing two
Italian macro-regions, South and Centre-North, @sidg two applications. The first one studies tffiece of
the family background on individual earnings, asdlirectly connected to the human capital approteh
second one analyzes the effect of family backgroandthe distribution of cognitive abilities among
students, and therefore refers to inequalitiestiagidefore the access to the labor market. Théysisas

based on data from PISA 2000, a survey conductaddess Reading ability of 15-year-olds students.
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According to the results, parents’ education playeat role in the level of individual achievemerasd
this effect is stronger in the South than in thethlaSo, the main findings are that the less depedaegions
in the South are characterized by greater disparét the global level and by greater incidenceexjuality
of opportunity.

Bratti et al. (2006), using data from PISA 2003imate the impact that a set of variables prodocethe
level of Mathematical skills of 15-year-olds stutseem Italy. The variables are grouped into thréscls:
individual variables, related to the student, hehdvior and the family of origin; variables at thehool
level; territorial variables.

From the analysis of the first group of variabligss clear that students with high skills levele dghe
children of parents who hold occupations prestigidiave books and computers in the home, as well as
being provided with other durable goods.

With reference to the variables at school levelsibbserved that the teaching style that infortres t
relationship between teachers and students of @isttian character seems to characterize bettelestu
performance, and that an indirect measure of theurees available at the school level, given byntimaber
of Internet-connected computers in the schoolpgtiwely correlated with students’ performance.

Finally, at the level of territorial variables, tbaly significant effect of resources on studesiglls seem
to be associated to equipment and buildings, widlereflected spending on staff. The authors atemd
significant effects relating to the situation okthlabor market: the probability of employment igHhiy
correlated with students’ performance. Furthermtinere are negative effects related to housingthad
presence of foreign nationals. Contrary to what wapgected, the large urban centers seem to exert a
negative impact.

Bratti et al. (2007) investigate the existence drasize of territorial differences in 15-year-oléaian
students’ Mathematical competencies. Their analysesa data set that merges the 2003 wave of tiekbOE
PISA with territorial data collected from severaaitistical sources and with administrative schoatad
collected by the Italian Ministry of Education. Awts consider three different groups of educatiamauts:
individual characteristics (mainly family backgral)nschool types and available resources, anddgati
features related to labor market, cultural resauered aspirations.

In addition to the standard gradient representegdrental education and occupation, they find that
student sorting across school types also playsyaifisiant role. Among the local factors measured at
province level, they find a significant impact ofiildings maintenance and employment probabilities.
Finally, they find that most of the North-South idi&r (75%) is accounted for by differences in endewnts,
while the remaining share of variance is relatediff@rent school processes across regions.

Montanaro (2008) collects results from the mainiomal (INVALSI 2005-2006) and international
surveys (PIRLS 2001, PIRLS and TIMSS 2003) to itlate the differentiated territorial nature of faian
education system. After confirming the North-Sodivide in terms of educational effectiveness, ththar
highlights the factors that may explain these difpa: a significant portion of the differencestween

North and South is attributable to students froeadvantaged families.
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Braga and Checchi (2010) evaluate the effectiveokessgional training systems through the studyhef
evolution of Italian regional disparities skills transition from primary to secondary educationey luse
PIRLS 2001 and PISA 2006 data, focusing on the comanea of the two detection: Reading skills.

The main finding are three. First, is confirmed thality of the Italian school system with the $warh
regions that record a worse performance. Secombrial disparities do not seem to recede during the
school career. Finally, in regions with a positivelue addetithere is a mitigation of impacts of the
characteristics of context and background on skilging.

Checchi and Radaelli (2010) analyze the factorsittiluence the choice of secondary school durivg t
three editions of the PISA survey (2000, 2003, 2086d then study the relationship between family
environment and acquisition of skills in 15-yeagi®ltalian students. The authors also provide exidef
the skills gap for macro-geographic area and tyfpeeoondary school, demonstrating major skillsha t
lyceums of Nord-East area.

With reference to the choice of the type of secondahool, it appears the increase in the number of
students enrolled in lyceums between 2000 and ZD0&apture the impact of the family environment in
which the choice of the type of school has matutieel authors consider the level of academic qualifhn
and occupational prestige associated with the pdreore educated”, and an index that captures the
presence of educational resources at home. Inhaflet years considered, the family background is
statistically significant at 1%. It is also provie: hypothesis of the relationship between familyirmnment
and students’ performance in the years 2000, 2662806.

Since in PISA data there is the problem of the atseof information about income, Checchi and
Radaelli (2010) impute to the families of PISA 20€érvey, a family income from another data set —
EUSILC 2004. Then, they repeat the regression aigfpr 2006 by introducing the variables “dispdeab
household income” and “liquidity constraints”, demstrating that the latter influence the choice of
secondary school and student performance.

Benadusi et al. (2010) address the issue of saupaty in Italy, using PISA 2006 data and presentin
two types of analysis. In the first, they provideaverall view of the performance of 15-year-oltsdents
of upper secondary school, showing that the higbestes were obtained by students who attend lyseum
the North of Italy. The second analysis focusetherdeterminants of performance in science: it apgpthat
the influence of family background — as measure®&8¢ZS — on the results is greater in the Centragrdn
the North, with the South and the Islands in thddia position.

Berchialla et al. (2011) employ the data on 11 dBd/ears old Italian students sampled in the 2@9/1
edition of the international survey Health Behavior School-aged Children (HBSC) to investigate the
determinants of the probability to be held baclks@mool. They find that both at the first and at thied
grade of Italian lower secondary school, the tylpicafile of those who show a delay in the courkstady

is that of a boy, born to parents with low edugadicattainment and income and, in most of the casitis

8 Value Added is measured by the difference in cdaemes between the secondary school and primaopkch
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an immigrant origii Delays are also associated with risk behavioch s1$ drinking alcohol and smoking.
They find mixed evidence across grades as regassnipact of physical wellbeing and that of possibl
conflicts with parents, while the class climateofped by the quality of relationship with peer statk)
shows no effect on the probability of being heldkbaVatching at the class level the HBSC data i
INVALSI test scores in Italian language and Matkeydhialla et al. (2011) show that delays in thersewf
study and low achievement share the same socioraliteterminants.

Ferrer-Estaban (2011) analyzes the effect of teait inequalities on educational opportunitiestie
Italian lower secondary school. Through hierardhre@ression models, which allow both observing the
heterogeneity between provinces, and accountingtfoctural and economic differences between macro-
areas, Ferrer-Estaban (2011) sets out some agegegators influencing academic performance: beybad
traditional North-South differences, cross-provirfeetors such as social heterogeneity between edass
within schools, social segregation of schools, #ma rate of teachers in precarious employment, are
observed to adversely affect the Reading scorstudents.

De Simone (2013) provides new evidence on the ilegrdivides in the final grade of Italian lower-
secondary school. He investigates the determinahtsognitive achievement in Math and science as
measured by test scores at grade 8 of the 200ibredif the Trends in International Mathematics and
Science Study (TIMSS). In order to circumvent cuativk effects of education, De Simone (2013) engploy
a pseudo-panel approach to link achievements o€dhert of 8th-graders in 2007 with those of thmaa
cohort of students in the 2003 edition of TIMSS ewlthey were enrolled in the grade 4. This allowed
distinguish the responsibilities of primary and &vsecondary education in generating the learnays g
observed just before the selection into upper-sgagnschool tracks.

Results reveal that the gender gap in Math obseavéiie grade 8 should actually be ascribed togrym
education, while responsibilities on the gap iresce are shared by the two school levels. On tier diand,
in both subject, the largest part of the learniingdd due to family background originates at thevéo
secondary school. We also find that, although @prairigin students are more prone than their ngieers
to be held back, they show a spectacular recovietiiealower-secondary school, once the entry level
competence is taken into account.

From 2004, therefore, several contributions exighe literature panorama, until the recent payebé
Simone, dated 2013. From the analysis of literatwee can see that researchers used different instrs
and data collection to demonstrate that family aolknd affects students’ performance in Italy.

In Table 1 | report a detailed overview of previetisdies in the context of Italy, with the aim it out
the most used data and school levels involvedalnler 2 | outline the most family background andletus’

performance measures used.

% Forschool delaymeans the phenomenon that concerns studentseshinltlasses lower than their chronological agedéhts
who lag behind in school are not only those whoewsst admitted to the next class or to the nexdigi@he so-called 'rejected’).
Within this category includes those who, for vasaeasons, were enrolled in classes in which tleeage age of students is less
than their other: generally it comes to first-getien immigrants and young people with cognitivéagieor special psico and
physical disorders.
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Following empirical findings of previous studiesy this study | estimate the relationship between
parents’ background and students achievementsalrart primary schools, adding a new contribute to
literature in two important ways. First, | employraich broader national sample: the majority of jmes
researches uses data from international surveySA, FPIRLS or TIMSS — which include between 4.000
and 8.000 students every year per each grade, instead, INVALSI data as | consider them idedhada
because the sample size is very large for eachrcglaup, allowing a higher precision in estimates.

Second, this is the first attempt to exploit infatron on educational achievements collected foistrae
cohort of students in primary school over two repeaross-sections. Basic idea is to consider ¢hert of
pupils attending the 2nd grade in 2008/2009, wieosabstantially tha same pupils attending the Eddeyin
2011/2012. But, in comparing the two cohorts oldstis, a sample size issue emerges. In fact, while
2008/2009 INVALSI tests were not mandatory for @ghools, starting from the next scholastic year the
assessment became compulsory for all educatiosttutions so for 2011/2012 | can employ the entire
universe of pupils attending the 5th grade. Thisumsethat schools voluntarily participated in assesd of
the 2nd grade in 2008/2009 are selected and, asseguence, the effect of parents’ background oresc
that | find could be affected by this kind of seien bias. As robustness checks I replicate finglibhg using
pupils attending the 2nd grade in 2011/2012. Reded#d to very similar effects of parents’ socioremmic
status on students’ performance, suggesting ngttbat the approach of considering two cohortstudents
over two repeated cross-sections can be a susabkitute for system-level analysis when longitatidata
are unavailable, but in particular providing eviderthat the impact of family background on scosestriong

independently from sample size and schools invoirdNVALSI assessment.

1.4 Data and related issues

1.4.1 Data source and sample

| collected data from the National Institute foetBducational Evaluation of Instruction and Tragnin
(INVALSI — Istituto nazionale per la valutazionel dgstema educativo di istruzione e di formaziorse),
Italian Institute having the task to carry out reguand systematic assessments on the knowledgekaltsd
of students with the aim to improve the qualityttd education systefh

Since 2008/2009 school year, the INVALSI, throuigé National Service for the Evaluation of Education
and Training (SNV — Servizio Nazionale di Valutam), has carried out a systematic survey on stadent

performance every academic year. For 2008/2009Iastim year, the national assessment involved pupil

10 Decreto-Legge del 19 Novembre 2004, n. 28§jtuzione del Servizio nazionale di valutaziodel sistema educativo di
istruzione e di formazione, nonché riordino dellmmmo istituto, a norma degli articoli 1 e 3 dellegge 28 Marzo 2003, n. 53"
[Establishment of the national evaluation of thei@dion and training, as well as nhamesake schaoyagization, in accordance
with articles 1 and 3 of Law 28 March 2003, n. 53]

16



attending the 2nd and the 5th year of primary shoavhich was added the 1st and the 3rd yeapwkl
secondary school in 2009/2010 school year, an@rideyear of upper secondary school in 2010/2011

The evaluation survey focuses on Reading and Mathesncompetences, and tests are elaborated
according to curricular objectives of each gradewell as taking into account several frameworksnfr
international evaluation surveys (PIRLS and PISAReading, and TIMSS, PISA and NCTM for Maths).
Reading competences in ltalian are structured tintee main sections: 1) Reading comprehension of a
narrative text, 2) Reading comprehension of expogsitext, and 3) grammatical knowledge and skillse
contents of the Mathematics test are divided instato four areas: 1) Numbers, 2) Space and figuses
Data and forecasts, 4) Relations and functions.|@$tearea is not subject of evaluation at the @rdle of
primary school, where the test is limited to thstfthree.

The present research focuses its attention bofReaing and Mathematics competences.

The choice to use INVALSI data rather PISA or TIM8&a come from the sample size: INVALSI
datasets contain more observations than otherrtegoniational surveys. In INVALSI assessment, in,face
involved all schools and all classes — with exaaptf the academic year 2008/2009 for which paoditton
in survey was voluntary — while in PISA and TIMSSassments are involved random samples (between
4.000 and 8.000 students every year per each grade)NVALSI data are considered ideal data bezaus
the sample sizes are very large for each cohotpgralowing a higher precision in estimates.

The INVALSI databases are single cross-sectiorsbeérvations from different grades and school years
This does not allow to estimate panel data motekspnly cross-section estimations per each grade.

As one purpose of this research is to verify if thgpact of family background on educational
performance perists or is attenuated during th@dcbareer, cross-section regressions are estinztdd
compared. Specifically, in the basic idea to "felfothe same students during primary schools, theyst
sample consists of the cohort of students attentheg2nd grade in 2008/2009, who are substantibfy
same students attending the 5th grade in 2011/28d22.while in 2008/2009 participation in survey swa
voluntary and each school decided whether to joinod, for the school year 2011/2012 the Nationavey
involved all schools and all classes. Conseque2@98/2009 and 2011/2012 assessments do not intlwve
same number of students. Tha sample of the 2nded2@D8/2009) covers in fact about 150.000 pupils
while data of 5th grade (year 2011/2012) cover @aao490.000 pupils. Hence, a selection problem daise
the 2nd grade and it’s evident that this issuedbids the effect in which I'm interested in.

To tackle this problem | provide, as robustnesghér empirical evidence by employing data on pupil
attending the 2nd grade in 2011/2012 (about 480db3@rvations). In this way | can better “compawed
educational grades having more homogeneous sizpleantHowever, if | find the same magnitude of the
impact of parents’ background on educational outesinh can assert the effect actually exists aruirisg
independently from sample size and schools invoinessessment.

Going back to the numerosity of samples, | wouke fio underline, moreover, that in primary school,

given the age of pupils involved, tests are taketwio separate days to avoid the fatigue effecthbeth at

1 For the third class of the lower secondary schisdahken into account the evaluation of learningethby students on the
occasion of the State examination at the end ofitstecycle.
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the 2nd and 5th grade, the number of observatioriReiading achievements dataset differs from that in
Mathematics achievements dataset. This is certdumyto the absence of students in two days inwieists
are performed.

INVALSI data contains useful information on pupiarticipating in assessment, for example students’
gender, students’ country of birth, regularity e tstudies, parents’ country of birth, educatiattinment
and occupational status. Datasets also includeoseimal territorial variables. At geographical levier each
student observed, macro-area and region informattenprovided. At school level, | have data on stho
weekly hours angample schoolThe presence of a wide number of variables atlowtudy the effect of
family background on pupil’ achievements contrglifor students, school and geographic charactsisti
which are likely to influence educational outcomes.

For each year and gradeample schoolfiave been identified. In these schools, tests m@idtration is
conducted in the presence of an external obsernverder to ensure the correctness of administradimh
their execution. In this way, INVALSI try to contropportunistic behaviors that allow pupils to pide
correct answers not by virtue of their skills, betause copied from other students or from boodsoémer
sourcesgtudent cheatingor, even, more or less explicitly suggested ghers teacher cheating

The proper conduct during the test, i.e. complianite the protocol of administration, is so essanid
ensure that answers given by students can be evadids truly reliable and, therefore, indicativeheir

effective skills.

1.4.2 Educational Outcomes Variables and Covargate

As dependent variables | useudent achievements both in Reading and Mathemstimeasured by
Raschtest scoresRasch test scores are useful measures becayseotimder both the skills of the student
and the difficulty of the item. Indeed, tiRasch modelis a psychometric model for analyzing categorical
data, such as answers to questions on an assesEngergistionnaire responses, as a function ofrétue foff
between a) the respondent’s abilities, attitudgsessonality traits and b) the item difficulty (Ras1960).

The possibility of ordering both the difficulty @ems and the ability of students is very importaom
an interpretation point of view because it allowsihderstand which and how many are students wiwa sh
learning levels above or below the difficulty ofaven question or a set of questions, and conseiguen
understand what these students know or are able.to

With regard to explanatory variables, 4 groupsaMaciates are identified. The first one referstiadents
characteristics and includes the following dimensiorgender, country of birth, regularity in the studies
The second group of variables is representeddiypol characteristicssample school and school weekly
hours are the dimensions. The third group referpaoents’ background and includesountry of birth,
educational qualification and occupational statustbe father and the motheConcerning explanatory
factors related to the fourth grougerritorial characteristics the empirical model consider theacro-

geographical arealimension.
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For each dimensions, | generated one or more biraigbles and included them in the regression mode

Therefore, all explanatory variables are dichotospouhile only the dependent variable — Rasch test
score — is a continuous measure. For details daeaory dummy variables, see Table 3.

The descriptive statistics of educational outcoraeiables are presented in Table 4. Frequencies of
covariates by grade and subject of assessmemnisiead reported in Table 5.

On average, test score achieved in 2008/2009 lmests attending the 2nd grade is 0.033 in Reading,
and 0.346 in Mathematics. Test score in Readinggasnfrom -5.390 to 3.622 while test score in
Mathematics ranges from -4.654 to 4.038.

Rasch test score in Reading in 2011/2012 at 5tteegsa0.101 points on average with a range fro824.
to 4.112. The average test score in Mathematistgaul, is -0.333 points with a range from -4.722.875.

Students’ gender is substantially balanced. liyedirs involved in the analysis, males are appraéina
just 1% more than females. Almost all students lskan (between 82% and 90% in each year of the
sample, per each grade). A very small percentagev@en approximately 1% and 2%) are born in an
European Union country, or in another European tgumr elsewhere. Moreover, students are mostly in
regularity with their studies: the percentage giutar students is in fact between 83% and 95%.

Regarding to school characteristics, school webklyrs is up to 30 hours for more than half of s¢hoo
The school is asample schoolpproximately in 70% of case in 2008/2009, whitke 2011/2012 the
percentage reaches 94%.

The majority of pupils assessed have parents boitaly. Father's educational qualification is lawe
secondary certificate for 21-25% of students, whiiper secondary school diploma is the qualificatd
27-30% of students’ fathers. The situation of mmthe opposite: a higher percentage (between 25-28%
pupils have a mother having an upper secondaryosdtiploma, followed by lower secondary school
diploma (the percentage is between 24-25%). Fewnparhave a university degree or a postgraduate
gualification, a vocational secondary school dipoand, very small percentages, have a primary $choo
certificate or another qualification higher thapldma such as Fine Arts Academy and Conservatory.

Looking at parents’ occupational status, in eachryeonsidered, 22-23% of fathers are laborers or
members of cooperatives, 15-16% are teachers, gemglor militaries in career, 14-16% are self-erpptb
workers and 7-10% are professional employee odaneers. Less than 10% of the pupils’ fathers have
another occupational status. About 30% of mothees rmmemakers, between 17-19% are laborers or
members of cooperatives. All others occupatioratlistdetect few percentages for mothers.

Finally, concerning the macro-geographical are2008/2009, about 47% of students assessed livein
South and Islands, followed by 36% who live in Merth and by 17% in the Centre.

In 2011/2012, instead, 43% of students live in Noftllowed by 39% who live in South and Islandsl an
by 18% in the Centre.

An important issue emerging from Table 4 and hésgresence dflissing Values

In fact, all explanatory variables contain missuajues, with the only exception of variables realate

dimensionsSample schoolnd Macro-geographical areaThe percentage of missing data ranges from
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4.35% to 33.09%the only negligible percentages of missing valletvween 0.05% and 0.22%) are those
relating toGenderandRegularity in the studieis dataset of the year 2011/2012 (see Table 5).

With regard to dependent variables — Rasch tesesndreading and Mathematics — INVALSI datasets
do not include missing values in 2008/2009 while@11/2012 the percentage is 5.06% in Reading elatas

and 6.10% in Mathematics dataset (see Table 4).

1.5 Estimation model and Conceptual Framework

To analyze the relationship between students’ a&ehients and their parents’ background, | estimate a
multiple linear regression model, controlling fdudents, schools and territorial characteristicsctvtare

likely to affect students’ performance. The regi@s$unction has the following form:
Yics = ﬁo + ﬁls-ﬁcs + ,BZSGCS + ﬁBBics + ﬁ4Tics + Sics (1)

whereY is the Rasch test score either in Reading or irhbtagtics of studeiitin the class in the schoos,
ST, SC, Tare groups of student, school and territorial ottaréstics variables respectivelB;is a group of
parents’ background proxies, angs an error term.

Po is the intercept anéh /5, 3,04 are the parameter vectors to be estimated in tgression.

I run four separate regressions, as | consider Betiding and Mathematics Rasch test scores and two
educational grades — 2nd grade in the scholassic3@08/2009 and 5th grade in 2011/2012.

Figure 1 provide a conceptual framework of the esgion model. | expect a relationship between each
group of variables included in the model and sttglexchievements, better identified as follows.

With reference tdtudent Characteristicd first expect that differences menderreflect differences in
Reading and Mathematics scores. According to sameiqus studies, | wait for a higher score in Regdi
for females while for a higher score in Mathematios males. Then, | attend that non-native speaker
students experience an educational disadvantagbgifollowing termsi) ltalian students perform better
than non-native speaker studeris students born in the European Union or in anoEh@opean country
non EU perform less well than other students borariother continent. | expect to find interestimglings
aboutregularity in the studieswhich allow to understand if pupils “in advanagt a higher o lower score
than those who are regular.

As proxies ofSchool Characteristi¢sl control for school sizeexpecting a negative relationship with
student performance, and fechool weekly hourdut in this case the direction in which the efffgoes
could be twofold. On the one hand, | would expéett ta higher weekly hours corresponds to a greater
performance of students but, on the other handntany hours could reduce attention and pupils legrn
level. To taking into account theheatingphenomenon, | control for the varial8ample schopindicating
the schools in which the test is taken in the preseof an external observer. In this way | confoolthe
opportunistic behaviors of students and teachergkhwvbould invalidate scores and then the effective

individual skills.
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Finally, | am interested in checking the sign amel significance of territorial dummy variables. Aibis
well know the territorial divide between the Cenrlferth and the South of Italy in terms for instarafe
GDP, employment rate, and so on, | would like tofyef it also reflects students skills.

The group of variables of main interest remdasents’ Background. would like to prove that students
with a higher socio-economic background perforntdsehan those having a low socio-economic stass.
proxies for socio-economics status, | use countrigith, educational qualification and occupatiostdtus
of parents which could strongly affect their chédreducational achievements. First, parents ofestsd
from some ethnic backgrounds may have more ditfjctd assist their children’s schooling than other
parents. | assume thaj:if parents are Italian, students perform betii¢rif parents are born in UE or in
another European country, their children get higbeores than those having parents born in another
continent. Second, more educated parents get mgrtabre educated children. In other words, edooatli
level achieved by students’ parents is stronglyitpedy related to students’ educational perform&nc
students with parents having at least a lower strgnschool certificate get better scores thanethwish
parents having a primary school certificate. Anthlfiy, parents with a highedccupational statugnay
provide their offspring a better learning envirommnboth in terms of educational resources suchoagd
and computer at home or other home possessionsinatims of the possibility to attend extra-school

cultural activities.

1.5.1 Handling missing data

As seen in Tables 4 and 5, variables of INVALSIladats include a substantial amount of missing data.
Missing values are an important issue that hattated carefully in order to reduce estimatiors bichere
are many different methods to handling missing .d8tame of the most popular methods involve ad-hoc
deletion or replacement of missing data. These odsthypically edit missing data to produce a cormeple
data set and are attractive because they are easyptement. However, these methods have serious
drawbacks (Little and Schenker, 1995; Graham anfgéf12000; Graham et al., 1997; Schafer and Graham,
2002). For example, handling missing data by elating cases with missing dathstwise deletionor
complete case analy3iwvill bias results if the remaining cases are mqresentative of the entire sample.
This method is the default in most statistical \wafe.

In the case of the present research, droppingadieats with a missing value on at least one vhgiab
would delete the information available on the otbeplanatory variables for these students, andoitlev
introduce bias.

Another very simple approach is to replace missialges with the sample mean. While poputagan
imputation produces distributions that have far too many £asehe mean: because the same value is being
substituted for each missing case, this methoficitly reduces the variance of the variable iresfion.
More importantly, mean imputation can often prodéstimates that are more biased than those from

complete case analysis (Little and Rubin, 2002).
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Another possibility is to perform @onditional mean imputationthat is, rather than imputing the sample
mean, use the mean from cases that are simildnetacase with the missing values in important ways.
Replacing missing values with predicted values feonegression analysis of the complete data ism &
conditional mean imputation. What these methodspitation have in common is that the imputed value
are completely determined by a model applied tooterved data, in other words, they contain norerr
This tends to reduce variance, and can distortioakships among variables.

An alternative approach is to incorporate someremntm the imputed values. The values imputed in
imputation are draws from a distribution, in othards, they inherently contain some variation. rAifation
of single imputationis that it treats imputed values as though theyevadserved, which is not the case,
imputations are only estimates. As a result, stahdaalyses of a single imputation will tend to rsvate our
confidence in the parameter estimates, that isstdredard errors are too small.

Multiple imputation addresses this problem by introducing an additifomen of error based on variation
in the parameter estimates across the imputationsalled, between imputation error.

In multiple imputation, missing values for any \ele are predicted using existing values from other
variables. The predicted values, called “imputes® substituted for the missing values, resultma ifull
data set called an “imputed data set.” This protegerformed multiple times, producing multipleputed
data sets (hence the termultiple imputatiof. Standard statistical analysis is carried outanh imputed
data set, producing multiple analysis results. €retalysis results are then combined to producevarll
analysis.

In order to handle missing data in the presentarese multiple imputation method is used because it
represents a good balance between quality of segntt easy of use.

Moreover, literature consider this approach the.l§&saham et al. (2003), for instance, refer tditranal
methods (listwise deletion, mean imputation, caoddl mean imputation and single imputation) as
“unacceptable methods”.

The performance of multiple imputation in a variefymissing data situations has been well-studredl a
it has been shown to perform favorably (Grahamletl®97; Graham and Schafer, 1999; Schafer and
Graham, 2002). Multiple imputation has been shosvprbduce unbiased parameter estimates which reflec
the uncertainty associated with estimating misda¢p (for detail, see Rubin, 1987, 1996).Taking int
account for missing-data uncertainty, the methagsdwt underestimate the variance of estimatesiiigle
imputation methods. Further, multiple imputatiors lmeeen shown to be robust to departures from naymal
assumptions and provides adequate results in dseipce of low sample size or high rates of misdatg.

Regarding to the number of imputed datasets todnergted, the recommendation is for 3 to 5 but the
choice depends on the specific case (see Graharthpwdki and Gilreath, 2007, for a detailed disaussi

To estimate the model of the present researchndrgéed 5 imputations.
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1.6 Empirical Results

Basic Results

Multiple imputation estimation results are reported Table 6. | find a strong impact of parents’
background on students’ achievements both in Rgaatid in Mathematics.

First, | provide evidence that students with padmirn in Italy or in a country of the European dumi
perform better than students with parents bornniotleer continent. Then, more important, all regoass
coefficients ofparents’ educational qualificatiomariables are positive and statistically significat level of
1%. If parents’ qualification is higher than thénpairy school certificate, students gain an advaniagest
scores both in Reading and in Mathematics. Moreaafficients are higher in higher qualificatiofiis
confirm that the educational level achieved by perds strongly positively related to their childre
educational achievements. Results are statistisadjgificant both for father and for mother educadl
gualification, with coefficients slightly higheriféather proxies.

The effect of theparents’ occupational status also strong. If parents work, their childrerningan
educational advantage than in the case of unemgplpgieents. Regression parameters are higher faehig
occupational status (e.g. manager, university tectwfficer, professional employee or freelanteacher,
employee, military in career). Just one coeffici@mstead, goes in the “wrong” direction: studdrasing the
mother employed as entrepreneur or landowner parfower in Mathematics at the 5th grade than stisden
having an unemployed mother.

The joint significant tests for parents’ backgroutishensions — country of birth, educational queadifion
and occupational status — provide evidence thatetl® a statistically significant relationship betm
parents’ background and students’ educational aehients measured by Rasch test scores in Readihg an
Mathematics. In fact, the probabilities of fRetatisticfor all parents’ background variables are <0.01.

The impact of socio-economic status seems to petsitng primary school. Coefficients of all pargnt
background variables are statistically significanthe level of 1% both at the 2nd and at the B#deg, and

the size of parameters is generally slightly insireguover the two school level considered.

Other results

Results show that students’ family characteristiage a strong effect on educational performanceé. Bu
also students’ personal, school and territoriatatigristics are related to achievements.

With regard togender gapboys lag behind girls in Reading test scores ladtthe 2nd and 5th grade,
while in Mathematics boys perform better at bothdgs. Holding the effects of all other explanatory
variables constant, on average, males perform 0@&#s lower than females in Reading test scorhet
2nd grade, and 0.178 points lower at the 5th gredMathematics test, instead, males perform omaaes
0.064 points higher than females at the 2nd grade02095 points higher at the 5th grade. All cagffits
are statistically significant at level of 1%. Wenaaote the both in Reading and in Mathematics girader
gap increase over the years. At the level of sicgniice of 1%students born in Italyr in the European

Union get a higher score than students born inhematontinent, both at the 2nd and 5th grade. Gas r
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over the grades. Regression coefficients assodatstlidents born in the EU are not statisticatiyisicant
in the Reading and Mathematics test at 2nd grade.

| obtain interesting results with regardRegularity in the studiesNot only students in delay seem to get
worse at school, but also students “in advanceis means that youngest students in the classrooiorpe
lower than regular students. Coefficients are ®tadlly significant at the level of 1%. For exampbn
average, students in advance attending the 2nde gra@008/2009, get 0.139 points lower than regular
students in Reading and 0.065 points less in Madtiesn The difference reaches 0.156 points in Repdi
test for students in advance attending the 5thegim@011/2012 while for Mathematics | find no stiatally
significant coefficient at the 5th grade.

As proxies for school characteristics, three exgiary variables are included in the regression mode
First, | control for school size, finding a poséiyparameter for both grades and test subjects sébend
control is the variabl&ample schoplwhich shows a negative statistically significaaefficient at the level
of 1% in all regressions. This means that in sch@olhich the tests are carried out in the preserian
external observer, students get lower scores boeading and in Mathematics, and both at the Bddbth
grade.

If school weekly hours from 31 to 39 hours or equal to 40 hours, sttel@erform worse than those
attending school up to 30 hours. This is true fothbgrades but in Reading test scores only. Regguidi
achievements in Mathematics, instead, studentacitig an extended or full time schooling get higher
scores than students attending regular school wesidirs. Only exception is represented by students
attending the 5th grade in 2011/2012, for whichffo@ent of dummy variable “from 31 to 39 hours” is
negative.

Results seems do not confirm the traditional an@rsgerritorial divide in favor of North and Centre of
Italy in the educational system. Students livinghie North and attending the 5th grade seems torper
better than those living in the South and Islanoth ln Reading and in Mathematics. At the 2nd gralis
advantage for northern Italy results in Reading sesres only. In Mathematics, instead, studemtsdiin
the North seems to perform lower than southernestisd holding the effects of all other explanatory
variables constant, on average, pupils living ie North get 0.377 points less than southern stadent
Mathematics.

Students living in the Centre of Italy perform leetthan southern students only in Reading andeabtth
grade. Regression results for Mathematics, 5thegratd for both subject, 2nd grade, show instead a
disvantage for students living in the Centre respecouthern pupils. In the Centre of Italy, studeget
0.016 points less in Reading than in the Southlslatids. The magnitude is higher in Mathematicgilpu
from the Centre get 0.351 points less at the 2adegand 0.319 points less at the 5th grade thae thang
in the southern Italy. Almost a reversal, then,tloé territorial divide when considering the studént

Mathematics performance as a measure of divide.
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1.7 Robustness Checks

1.7.1 Afirst robustness: listwise deletion esti@mand differences among Italian schools

To support the reliability of estimates on the @hugnpact of parents’ background on students’
achievements, | present some robustness checlesitodnalysis.

First, | replicate results without handling missidgta, i.e. employing the listwise deletion. Secdnd
include School Fixed Effects to control for unolsel students characteristics that differ betwedmoaic

and influence student outcomes. In this way, ttech@aodel (1) becomes as follows:
Yics = fo + P1STics + f2SGes + f3Bics + PaTics + FEs + &ics i,c,s=1,....n (2)

Eq. (2) differ from the basic regression modeltfar inclusion of a set of School Fixed Effedt&d).

Considering pupils attending the 2nd grade in 20089 | don't have information on classroom code and
provices so in estimates presented in this Setiimciude School Fixed Effect only. A futher robosss will
be provided afterwards by using data on studeteading the 2nd grade in 2011/2012.

If parents’ background variables are correlatechwihobserved determinants of achievement that are
constant within schools and differ between schedsich as school environment, school reputati@ghier
ability — then the inclusion of fixed effects withprove bias in estimates @§. So, controlling for FEI can
check if previous estimates are biased or if, idd#&®ey are reliable.

| replicate results with School Fixed Effects fathblistwise deletion and multiple imputation maslel

Table 7 shows findings on the impact of parentkigpound on Reading test scores while Table 8
provides results for Mathematics test scores. Gates for student, school and territorial charasties are
included in the regressions and go in the expeditedtion so are not reported for simplicity.

Both Tables present results from four specificatipar grade. Column (1) and (2) report listwisetieh
estimates, without and with School FE respectivelgtumn (3) and (4) provide multiple imputation
estimates, without and with School FE respectively.

Additional specifications (1) (2) and (4), presehss robustness checks, confirm that basic estimsti
reported in column (3) are reliable. Alternativgnessions, in fact, lead to very similar resultse Bign, the
significance and also the magnitude of parentskdpamind variables are consistent to those of previo
estimates so | avoid to present comments for epehifgcation. | would like to assert, instead, thlaits
additional evidence lends strong support to thesalaimpact of parents’ background on individual

achievements both in Reading and in Mathematics. intpact seems to persist during primary school.

1.7.2 Is the impact of parents’ background on sesraffected by selection at the 2nd Grade?

Basic idea of analysis presented in this chapteto i®valuate whether parents’ background affects

educational outcomes and whether this impact gersigring primary education. If so, the role of tbot
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governments and schools in reducing social digpariat first stage of education becomes relevast, a
educational achievement differences translateingome gap over life.

| use data on pupils attending the 2nd grade IB20M9, who represent the same cohort of pupils
attending the 5th grade few years after, in 201122@ut, as already discussed in previous Sections,
2008/2009 the participation in INVALSI tests wadurgary so sample cover a smaller number of schools
than in 2011/2012, when assessment became mandataalf schools and classrooms. Hence, a selection
problem arise for the 2nd grade and parents’ backgt effect on students’ scores that | find coultfes
from selection bias.

To tackle this issue, in this Section | presentitaaithl empirical evidence to check and to confitmat
family socio-economic background actually affectslividual performance. | employ data on pupils
attending the 2nd grade in 2011/2012. First, | khthe sign and the significance of parents’ backgd
proxies. Then, | compare coefficients with thoseragressions runned for the 5th grade of schoot yea
2011/2012. In this way | can better “compare” twaueational grades having more homogeneous size
samples and argue whether parents’ backgroundefiecscores reduce or persist during primary dchoo

There is more. Considering data of 2011/2012, Iehaformation on both classrooms codes and
provinces so | can include in regressions, in é&dito School Fixed Effect, also Classroom and Pwal
Fixed Effects. Through these additional specifaragi| can also check if both differences withinaah —

i.e. between classrooms — and between provincasmiatdetermining the impact of students’ famibcm-
economic status on their educational performance.

| report results in Tables from 9 to 12. SpecificalTables 9 and 10 present estimates on Rasch test
scores in Reading at the 2nd and 5th grade resphgtvhereas Tables 11 and 12 show findings fascRa
test score in Mathematics. Each Tables presemhastins without and with multiple imputations. Feach |
present results with no fixed effects (column lithvechool FE (column 2), with classroom FE (colug)n
and finally with provincial FE (column 4).

| find the same magnitude of the impact of parestkground on educational outcomes both not
considering differences between schools, classramsprovinces, and taking into account Schools€la
and Province FE. Hence, | can assert thathe effect actually existsi) it is strong independently from
sample size and schools involved in assessmigntt is relevant independently from differences begw
and within schools and across provinces. Pareatkdround effect does not fade away but persigiaglu

primary education.

1.7.3 Estimating family socio-economic background pupils’ scores in a subsample of
schools controlled for “cheating”
In this Section | report some robustness checkski® into account the so-called “cheating” phenamnen

In all previous estimates | control for Sample Sybkorepresenting educational institutions in which

INVALSI tests took place in the presence of an exkobserver. If on the one hand pupils could thya
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consulting books or others educational source anduiggesting answers among themselves, on the other
hand teachers could suggest the correct answergpits and/or allow them to collaborate during test.

The presence of cheating affects the quality afltesisking improperly to “bloat” test scores bdbse who
behave incorrectly.

The precence of an external observer could guarahie correctness of the test and hence a reliable
representation of students learning levels. Butdetools only are selected to control for cheatignce, a
way to check if results are biased by incorrectavedrs during the test could be replicate estimates
Sample schoolsnly. These schools do not reveal incorrect beirtavisee INVALSI Report, 2012). For
schools no sample, instead, INVALSI found anomailetated to cheating phenomenon, especially in some
regions of the South of Italy (Molise, Campaniala@da e Sicilia) and also in the Centre (Laziode(s
INVALSI Report, 2012). However, cheating is redudedhe last few years, also thanks to an inforamati
campaign carried out in these regions, in partmgnsith Ministry of Education, Universities and Resch
(MIUR).

To check the reliability of estimates, | replicaesults for the subsample of schools controlled for
cheating. In Table 13 | report findings for basatimation model, i.e. for basic idea to “follow’etlsame
cohort of students across primary schools. Spedlificl present results of parents’ background atffeon
Rasch test score in Reading for pupils attendieg2iid grade in 2008/2009 and the 5th grade in 2012
showing that the impact of parents’ background est scores is also strong $ample schoolésee Table
13). Findings for Mathematics and for sample ofilsugttending the 2nd Grade in 2011/2012 lead 1y ve
similar coefficients and statistical significanétence, | can assert that previous results arenvatidated by
cheating phenomenon and | can confirm that parects'o-economic status is an important determioént
educational achievements of Italian pupils, withigher impact of father proxies.

Finally, to check findings concerning the terrigdridivide in scores, | report coefficients of macro
geographical area variables estimated in the sytisamh schools controlled for cheating, in whiclearrect
behaviors seem do not occur. Results for studétgsding the 2nd grade in 2008/2009 and the 5ttegna
2011/2012 are reported in Table 14 and are consigtigh those commented in Section 6 and preseinted
Table 6. In Reading, students living in the NorfHtaly achieve higher test scores both at the &nd 5th
grade whereas in Mathematics pupils living in tleit8 and Islands perform better than northern stisdat
the 2nd grade but not at the end of primary schéals students living in the Centre, test scoreshégher in
Reading but lower in Mathematics with respect tatlsern pupils (see Table 14).

When | replicate regressions focusing on pupilsnating both the 2nd and the 5th grade in 2011/2012,
obtain an advantage for northen students both adiRg and in Mathematics at the 5th grade. At the 2
school level, instead, pupils living in the Northltaly perform better than southern in Reading baot in
Mathematics, consistently with previous findingds@for pupils living in the Centre, Rasch testrecim
Mathematics are lower with respect to those liiimtghe South and Islands (see Table 15).

To conclude, | can argue that at first years afnpry school (2nd grade), southern pupils perforttebe

in Mathematics than those living in the North @flyt They achieve higher Mathematics scores abthe
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grade too with respect to pupils living in the GenfThe advantage in Reading scores is, insteadpfthen

students in both grades.

1.8 Concluding remarks and policy implications

In recent years, great attention has been devard (nany resources have been invested) in the
measurement of educational outcomes based on stiswethtests with the aim to evaluate the effeciass
and efficiency of the different educational systeinsmost of classifications drawn up based on Itesf
international surveys on students’ skills (PISAMBS, PIRLS) Italy is always in rather low positions

We might be tempted to attribute the poor perforceanf students to the presence of a lacking cultura
environment: if these students living in househetith poor education, they do not receive enougipstt
and family pressures to achieve good results atcgdcivioreover, parents with a high occupationatusta
have more resources to provide a better environfoemiieir children to do well in school.

This chapter provide an analysis of Italian stusleathievements in Reading and Mathematics tests.
Results are in line with the existing evidence lenitmpact of family background on students’ perfance.

The main findings are as follows. Regarding to g@erghap in test scores, Italian boys lag behindg gitl
all grades in Reading while they perform betteMathematics. Students regular in their studiesbgéter
than those in delay. An increment of school wedkdyrs results in a lower individual performance.

With reference to territorial characteristics, Ne8outh territorial divide in educational perforroann
favor of the North of Italy seems do not fully tgikace. While in Reading pupils living in the Noghrform
better in both grades of primary school than sautkeudents, in Mathematics pupils living in theu®oand
Islands get higher scores with respect to northbepils at the 2nd grade, and higher scores thasetling
in the Centre at the 5th grade.

The educational level of parents is the most furetaal factor in explaining the child’'s successchio®l.

In fact, the educational attainment achieved byestts’ parents is strongly positively related todsints’
educational performance. The effect of the paremtstpational status is also strong.

The study, moreover, proves that the impact of giardackground on students’ achievements does not
reduce during the primary school, and in particbktiveen the 2nd and the 5th grade, but persist.

Results are robust as confirmed by using both ediwnd full sample of pupils attending primary
education in Italy. The impact of parents’ backgmbwon individual test scores is relavent indepetigen
from sample sizes and from differences between wsithin schools and across provinces. Moreover,
findings seems not to be biased by cheating phename

This analysis focuses on learning divides acrossiasgroups in primary school showing that
intergenerational educational persistence and lsowmaobility originates in the early stages of g@hooling
process. Students with an advantaged family backglgerform better in Reading and Mathematics at
grade 2 and 5. This certainly translates into $anequalities along upper secondary school and the

labor market.
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There is no doubt that, in recent years, the arsabfsintergenerational mobility and the role ofniity
background in forming human capital accumulationthie next generations has become a very active
research field in economics. Given the central miiestudents’ educational performance for the #itur
economic prospects of societies, the evidence ptege¢hrough this research may reveal interestapgets
for educational and social policies in Italy. Thare, indeed, clear policy implications if sociaaomic and
educational family resources prove to be largedpoasible for socioeconomic inequalities in edweati

A causal relationship between better educated tmeerd children indicates schooling externalitees]
may have distributional consequences as well.Hétited abilities drive the academic success dtidm in
school, then inequality in opportunity would merély a reflection of the existing gene pool, leasegnt
room for pro-education policies. If, on the othe@nt, parents’ education is primarily responsible the
child’s success in school, then improving the etlanal achievement would not only increase eduoadiod
reduce the inequality in educational opportunity foture generations, but also affect their leval a
distribution of income. Thus, the causal intergatienal effect of schooling is informative aboutllspver
effects and indicates a broad range of returngdt@ational investments, and the implications fobligu
policy are therefore enormous (Holmlund et al.,&00

So, schools should fight the huge social disparitieterms of education opportunities and impraveiad
mobility. But also governments have to take actiéor example, they could increase funding to sttglen
with a low socio-economic status providing finah@apport in the form of scholarships, allowances f
textbooks and other educational materials, and taiglideductions for educational expenses.

To conclude, designing better strategies to prortiigte- long learning is an important policy isssiace
it may enhance social inclusion and, at the same,tit can reduce marginalisation of segments ef th

population and increase socio-economic cohesioag@and Checchi, 2008).
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Appendix of Tables and Figures

Table 1 — Overview of Previous Studies in Italy

Author Year Type of contribute Language Research Rufile Studied Data School level
Paper Scientific Italian English Territorial Impact of Impact of PISA PIRLS TIMSS Other Primary Lower Upper
publication differences in family family school Secondary  Secondary
students’ background on backgr. on (Grade 4) school school
competences students’ the choice of (Grade 8) (15-year-
performance secondary olds
school students)
Checchi 2004 [ [ [ [ [ [ [
(2000)
Checchi and 2005 [ [ [ [ [ [
Peragine (2000)
Bratti et al. 2006 n n [ n [ n
(2003)
Bratti et al. 2007 [ [ [ [ [ [
(2003)
Montanaro 2008 [ [ [ [ [ [ [ [ [ [ [
(2003) (2001) (2003) Invalsi (Grade 6 (1™ and 3
2005/06 too) Secondary|
School)
Braga and 2010 [ [ [ [ [ [ [ [
Checchi (2006) (2001)
Checchi and 2010 [ [ [ [ [ [ [ [
Radaelli (part of a (2000 Eusilc
book) 2003 2004
2006)
Benadusietal. 2010 [ [ [ [ [ [
(2006)
Berchiallaetal. 2011 [ (] [ (] [ [
Hbsc e (Grade 6
Invalsi too)
2009/10
Ferrer-Estaban 2011 [ L] [ L] [ [
Invalsi (Grade 6
2009/10 only)
De Simone 2013 [ [ [ [ [ [
(2003
2007)
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Table 2 — Family Background and Students’ Performane Measures

Author | Year . Students’ performance
Family Background Measures
Measures
Parents’ Parents’ Number Computers  Books Family Presence Participation Family Disposable  Liquidity (ESCSY Test Test Test
education  occupation of parents at home at wealth'/ of in family supportin  household  constraints’ scores scores scores in
at home home Home cultural discussion/  homework income in in Maths science
possessions activities Dialogue Reading
with parents
Checchi 2004 [ [ [ [ [ [ [ [
Checchi 2005
and
Peragine
Bratti et al. | 2006 n [ [ [ [ [
Brattietal. | 2007 [ [ [ [ [ [
Montanaro | 2008 | | ] ]
Braga and | 2010 L] [ n’ n’ [ [
Checchi
Checchi 2010 [ [ n’ n’ ™ ™ [
and
Radaelli
Benadusi | 2010 [ (]
et al.
Berchialla | 2011 (] [ n [ (]
et al.
Ferrer- 2011 | |
Estaban
De Simone| 2013 ™ ™ L] L]

L1t is a variable reconstructed from the informatpyovided in relation to the presence in the fgrofla room dedicated to the children, a dishwashérining software, a connection to internetwall as the number of
mobile phones, televisions, computers, cars arttr@@mns at home.
2 Liquidity constraints refers to the inability toalevith unexpected expenses or a week of holidaysyiear.
3Escs (Index of Economic, Social and Cultural statsi a synthetic index calculated by the OECDhmnliasis of occupational prestige of the pareh&sgetiucation of parents, cultural resources whasglyf has and
material resources owned.

4 The authors use the terreducational resourcesnaterial resourcescultural resourcesbut they are substantially related to books andputers at home.
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Table 3 — Description of Variables used in the Angkis

Dependent Variables:

RASCH TEST SCORES IN READING AND MATHS

Independent Variables:

Group Dimensions Dummy Variables
Student characteristics Gender Male
Female
Country of birth Italy

European Union
European Country no EU
Other

Regularity in the studies

Regular
In advance
In delay

School characteristics

Sample school

Sample school
School no sample

School weekly hours

Up to 30 hours
From 31 to 39 hours
40 hours

Parents’ background

Father's/Mother’s country of birth

Italy

European Union
European Country no EU
Other

Father's/Mother’s educational qualification Primary school certificate

Lower secondary school certificate

Vocational secondary school diploma (3 years adygtu
Upper secondary school diploma

Another qualification higher than diploma (Fine #\rt
Academy, Conservatory, etc.)

University degree or Postgraduate qualification

Father's/Mother’'s employment status

Unemployed
Homemaker
Manager, university lecturer, officer
Entrepreneur, landowner
Professional employee or freelancer (doctor, lawyer
psychologist, researcher, etc.)
Self-employed worker (trader, farmer, craftsman,
mechanic, etc.)
Teacher, employee, military in career
Laborer, services personnel, member of cooperatives
Retired worker

Territorial characteristics

Macro-geographical area

North
Centre
South and Islands

Table 4 — Descriptive Statistics of Dependent Varides

Variable

School year Grade

Obs Mean Std.Dev. Min lelx

Rasch test score in Reading  2008/2009
Rasch test score in Maths 2008/2009
Rasch test score in Reading  2011/2012
Rasch test score in Maths 2011/2012

2nd

2nd
5th
5th

489,581101 1.040 -5.824 4.11
489,279%333 1.274 -4.722 4.87

153,050330 1.204 -5.390 3.62
153,092 460.3 1.216 -4.654 4.03

OoT N OIS

* The number of observations includes observatfonsvhich there arenissing values
The percentage of missing values in the Readingéis5.06% while in the Maths dataset is 6.10%.
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Table 5 — Frequencies of Explanatory Variables

2008/2009 — Grade 2 2011/2012 — Grade 5
Reading Mathematics Reading Mathematics
Frequency % Frequency % Frequency % Frequency %
Gender
Male 66,458 43.42% 66,469 43.42% 246,024 50.25% 246,326 50.34%
Female 65,093 42.53% 65,105 42.53% 242,546 49.54% 242,661 49.60%
Missing Values 21,501 14.05% 21,518 14.06% 1,011 0.21% 292 0.05%
Country of birth
Italy 126,024 82.34% 126,037 82.33% 439,101 89.69% 438,705 89.66%
European Union 1,951 1.27% 1,954 1.28% 10,220 2.09% 10,224 2.09%
European Country no EU 1,122 0.73% 1,123 0.73% 6,512 1.33% 6,526 1.33%
Other 1,414 0.92% 1,416 0.92% 11,089 2.26% 11,183 2.29%
Missing Values 22,541 14.73% 22,562 14.74% 22,659 4.63% 22,641 4.63%
Regularity in the studies
Regular 127,505 83.31% 127,521 83.30% 463,574 94.69% 463,828 94.80%
In advance 1,941 1.27% 1,943 1.27% 8,453 1.73% 8,486 1.73%
In delay 2,048 1.34% 2,052 1.34% 16,487 3.37% 16,653 3.40%
Missing Values 21,558 14.09% 21,576 14.09% 1,067 0.22% 312 0.06%
Sample school
Sample school 109,753 71.71% 109,759 71.69% 458,704 93.69% 458,410 93.69%
School no sample 43,299 28.29% 43,333 28.31% 30,877 6.31% 30,869 6.31%
Missing Values - - - - - - - -
School weekly hours
Up to 30 hours 85,626 55.95% 85,603 55.92% 317,897 64.93% 317,261 64.84%
From 31 to 39 hours 15,900 10.39% 15,910 10.39% 26,054 5.32% 25,912 5.30%
40 hours 26,005 16.99% 26,034 17.01% 124,339 25.40% 124,815 25.51%
Missing Values 25,521 16.67% 25,545 16.69% 21,291 4.35% 21,291 4.35%
Father’s country of birth
Italy 116,427 76.07% 116,439 76.06% 393,659 80.41% 393,283 80.38%
European Union 2,757 1.80% 2,761 1.80% 14,313 2.92% 14,305 2.92%
European Country no EU 3,147 2.06% 3,150 2.06% 12,773 2.61% 12,782 2.61%
Other 4,913 3.21% 4,916 3.21% 22,958 4.69% 23,136 4.73%
Missing Values 25,808 16.86% 25,826 16.87% 45,878 9.37% 45,773 9.36%
Mother’s country of birth
Italy 114,175 74.60% 114,174 74.58% 389,646 79.59% 389,212 79.55%
European Union 4,160 2.72% 4,163 2.72% 18,365 3.75% 18,390 3.76%
European Country no EU 3,913 2.56% 3,924 2.56% 14,943 3.05% 14,935 3.05%
Other 5,321 3.48% 5,329 3.48% 26,638 5.44% 26,867 5.49%
Missing Values 25,483 16.65% 25,502 16.66% 39,989 8.17% 39,875 8.15%
Father’s educational gqualification
Primary school certificate 5,122 3.35% 5,120 3.34% 15,695 3.21% 15,617 3.19%
Lower secondary school certificate 42,004 27.44% 42,031 27.45% 144,466 29.51% 144,334 29.50%
Vocational secondary school diploma 8,905 5.82% 8,907 5.82% 36,819 7.52% 36,830 7.53%
Upper secondary school diploma 33,175 21.68% 33,185 21.68% 121,332 24.78% 121,010 24.73%
Another qualification higher than diploma 1,363 0.89% 1,366 0.89% 6,224 1.27% 6,218 1.27%
University degree or Postgraduate qualification 11,837 7.73% 11,839 7.73% 45,285 9.25% 45,159 9.23%
Missing Values 50,646 33.09% 50,644 33.08% 119,760 24.46% 120,111 24.55%
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2008/2009 — Grade 2

2011/2012 — Grade 5

Reading Mathematics Reading Mathematics

Frequency % Frequency % Frequency % Frequency %
Mother’s educational qualification
Primary school certificate 4,748 3.10% 4,746 3.10% 14,370 2.94% 14,303 2.92%
Lower secondary school certificate 36,289 23.71% 36,306 23.72% 123,604 25.25% 123,459 25.23%
Vocational secondary school diploma 8,556 5.59% 8,555 5.59% 36,944 7.55% 36,970 7.56%
Upper secondary school diploma 39,091 25.54% 39,110 25.55% 140,944 28.79% 140,738 28.76%
Another qualification higher than diploma 2,194 1.43% 2,193 1.43% 10,001 2.04% 9,938 2.03%
University degree or Postgraduate qualification 13,163 8.60% 13,165 8.60% 51,049 10.43% 50,861 10.40%
Missing Values 49,011 32.02% 49,017 32.02% 112,669 23.01% 113,010 23.10%
Father's employment status
Unemployed 4,336 2.83% 4,339 2.83% 21,440 4.38% 21,428 4.38%
Homemaker 143 0.09% 143 0.09% 4,446 0.91% 4,429 0.91%
Manager, university lecturer, officer 4,104 2.68% 4,110 2.68% 12,840 2.62% 12,763 2.61%
Entrepreneur, landowner 6,143 4.01% 6,144 4.01% 20,099 4.11% 20,017 4.09%
Professional employee or freelancer 10,809 7.06% 10,807 7.06% 48,965 10.00% 48,790 9.97%
Self-employed worker 21,314 13.93% 21,327 13.93% 80,553 16.45% 80,365 16.43%
Teacher, employee, military in career 24,371 15.92% 24,376 15.92% 72,881 14.89% 72,889 14.90%
Laborer, services personnel, member of cooperatives 34,109 22.29% 34,130 22.30% 112,483 22.98% 112,476 22.99%
Retired worker - - - - 3,685 0.75% 3,680 0.75%
Missing Values 47,723 31.17% 47,716 31.17% 112,189 22.92% 112,442 22.98%
Mother's employment status
Unemployed 3,734 2.44% 3,740 2.44% 17,245 3.52% 17,265 3.53%
Homemaker 46,093 30.12% 46,096 30.11% 53,437 31.34% 153,282 31.33%
Manager, university lecturer, officer 1,380 0.90% 1,381 0.90% 4,885 1.00% 4,884 1.00%
Entrepreneur, landowner 1,799 1.18% 1,802 1.18% 8,365 1.71% 8,294 1.70%
Professional employee or freelancer 6,992 4.57% 6,990 4.57% 29,255 5.98% 29,156 5.96%
Self-employed worker 7,603 4.97% 7,605 4.97% 30,287 6.19% 30,230 6.18%
Teacher, employee, military in career 26,546 17.34% 26,560 17.35% 94,310 19.26% 94,110 19.23%
Laborer, services personnel, member of cooperatives 13,326 8.71% 13,340 8.72% 52,241 10.67% 52,248 10.68%
Retired worker - - - - 762 0.16% 759 0.16%
Missing Values 45,579 29.78% 45,578 29.77% 98,794 20.18% 99,051 20.24%
Macro-geographical area
North 54,451 35.58% 54,475 35.58% 212,479 43.40% 212,097 43.35%
Centre 26,187 17.11% 26,171 17.09% 88,246 18.02% 88,386 18.06%
South and Islands 72,414 47.31% 72,446 47.33% 188,856 38.58% 188,796 38.59%

Missing Values
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Table 6 — Multiple Imputation Estimation Results

RASCH TEST SCORES

Reading Mathematics
] 2008/2009 2011/2012 | 2008/2009 2011/2012
Explanatory Variables Grade 2 Grade 5 | Grade 2 Grade 5
STUDENT CHARACTERISTICS
Gender
Male -0.052*** -0.178*** 0.064*** 0.095***
(Omitted VariableFemale)
Country of birth
Italy 0.211%* 0.248** 0.108** 0.177**
European Union -0.041 0.099*** -0.002 0.24 3%+
European Country no European Union -0.100* -0.003 -0.055 0.082***
(Omitted VariableOther)
F test for Country of Birth 51.06*** 270.46¢ 10.47%* 63.12+
Regularity in the studies
In advance -0.139%** -0.156*** -0.065** 0.065***
In delay -0.050* -0.390%*** 0.012 -0.207***
(Omitted VariableRegular)
F test for Regularity in the studigs 13.78*** 964+ T+ 3.20* 186.37**
F TEST for STUDENT CHARACTERISTICS 40.93*** 1315.18***| 22.00** 228.76***
SCHOOL CHARACTERISTICS
School size 0.002*** 0.001** 0.002*** 0.006***
Sample School
Sample school -0.139%** -0.150*** -0.448*** -0.217%*
(Omitted Variable: School no sample)
School weekly Hours
From 31 to 39 hours -0.021** -0.029*+* 0.034*** 2049***
40 hours -0.073*** -0.063*** 0.016* 0.007*
(Omitted Variable: Up to 30 hours)
F test for School weekly Houts 39.76*** 15499 5.14%* 23.04**
F TEST for SCHOOL CHARACTERISTICS 92.00*** 287.48** | 781.59** 4302.99***
PARENTS’ BACKGROUND
Father’s country of birth
Italy 0.263** 0.250** 0.212%** 0.125%*
European Union 0.183** 0.176*** 0.121%** -0.018
European Country no European Union 0.010 0.084*** 0.104*** -0.038*
(Omitted VariableOther)
F test for Father’s country of birth 63.15%** 20618+ 30.88*** 90.13**
Mother’s country of birth
Italy 0.175%* 0.155** 0.107** 0.097***
European Union 0.182%** 0.097*** 0.112%** -0.008
European Country no European Union 0.066* 0.010 0.032 -0.050**
(Omitted VariableOther)
F test for Mother’s country of birth 22.63*** 1268~ 8.11%** 59.60**
F test for Parents’ country of birth 109.00*** 480.72* 45.85%** 176.50**
Father’'s educational qualification
Lower secondary school certificate 0.195%** 0.208* | 0.127*** 0.120%**
Vocational secondary school diploma 0.294*** 0.285* | 0.196*** 0.136***
Upper secondary school diploma 0.372%** 0.382**% 2a8*+* 0.266***
Another qualification higher than diploma 0.360***  (0.349*** 0.260%*** 0.209%**
University degree or Postgraduate qualification 0.453*** 0.486*** 0.300*** 0.423***
(Omitted Variable: Primary school certificate)
F test for Father's education 90.47*** 515.88 45.70%** 285.29**
Mother’s educational qualification
Lower secondary school certificate 0.196*** 0.225* | 0.081*** 0.037***
Vocational secondary school diploma 0.300*** 0.8334 0.121 %+ 0.092***
Upper secondary school diploma 0.435*** 0.468** 206*** 0.224%**
Another qualification higher than diploma 0.456***  0.475*** 0.196%*** 0.235%**
University degree or Postgraduate qualification 0.580*** 0.613*** 0.307*** 0.383***
(Omitted Variable: Primary school certificate)
F test for Mother’s educatio 181.75%* 102418 58.84*** 362.0F**
F test for Parents’ educatiorpu 234.22** 120922 87.45** 526.84**
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RASCH TEST SCORES
Reading Mathematics
] 2008/2009 2011/2012 | 2008/2009 2011/2012
Explanatory Variables Grade 2 Grade 5 | Grade 2 Grade 5
Father's employment status
Homemaker -0.056 0.119%** 0.024 -0.173**
Manager, university lecturer, officer 0.260*** @ar** 0.152*** 0.195%**
Entrepreneur, landowner 0.121*** 0.157*** 0.096*** 0.082***
Professional employee or freelancer 0.173*** 0.187* 0.067** 0.147***
Teacher, employee, military in career 0.176*** ()24 0.083*** 0.144%**
Self-employed worker 0.139%** 0.161*** 0.077*** 0.@9***
Laborer, services personnel, member of cooperatiyes0.096*** 0.115%** 0.033 0.061***
Retired worker - 0.126*** - 0.057**
(Omitted VariableUnemployed
F test for Father’s occupation 15.94*** 86.838 7.50%** 52.85**
Mother's employment status
Homemaker 0.023 0.038*** 0.080*** 0.059***
Manager, university lecturer, officer 0.136*** (X gl 0.104*** 0.039*
Entrepreneur, landowner 0.103*** 0.040** 0.086** .OB8***
Professional employee or freelancer 0.104*** 0.087* | 0.073** 0.103***
Teacher, employee, military in career 0.130%*** o 0.113%** 0.137***
Self-employed worker 0.098*** 0.076*** 0.091*** 0Q3***
Laborer, services personnel, member of cooperatives 0.024 0.039*** 0.035* 0.0004
Retired worker - -0.035 - 0.007
(Omitted VariableUnemployed
F test for Mother’s occupation 18.72%** 62.42 7.27%** 63.26**
F test for Parents’ occupation 19.74*** 88.%F 8.68*** 69.93**
F TEST for PARENTS' BACKGROUND| 252.32** 1157.35%** 86.62** 532.82***
TERRITORIAL CHARACTERISTICS
North 0.043*** 0.039*** -0.377** 0.062%**
Centre -0.016* 0.035*** -0.351*** -0.319***
(Omitted VariableSouth and Islands)

F TEST for TERRITORIAL CHARACTERISTICS | 26.14** 60.99%** 1290.79***  2837.82%**
Constant -1.382*** -1.335*** -0.326*** -1.729***
Imputations 5 5 5 5
Number of Obs 153.052 489.581 153.092 489.279

Note: * p<0.1; ** p<0.05; *** p<0.01
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Table 7 — Estimation Results on Rasch Test ScoresReading

2008/2009 — Grade 2

2011/2012 — Grade 5

NO Imputations YES Imputations

NO Imputations YES Imputations

1) @ 3 4) ) @ ®3) 4)
Explanatory Variables NO FE School FE  NO FE School FE NO FE School FE NO FE School FE
PARENTS’ BACKGROUND
Father's country of birth
Italy 0.229*+* 0.207*+* 0.263*** 0.235%+* 0.222%+* 0.224*** 0.250*** 0.245%+*
European Union 0.187*** 0.158**  (0.183*** 0.155*** | 0.175*** 0.169*+* 0.176*** 0.173%+*
European Country no European Union 0.020 -0.005 0.010 -0.016 0.086*** 0.084*** 0.084**  0.082***
(Omitted Variable Other)
F test for Father’s country of birt| 30.50%** 29.95 63.15*+* 63.02*+* 113.90**  116.60***  206.57** 187.38**
Mother’s country of birth
Italy 0.139*+* 0.165%+* 0.175%+* 0.187*+* 0.147*+* 0.143*** 0.155**+* 0.150%**
European Union 0.148*** 0.181**  0.182*** 0.199** | 0.095*** 0.089**+* 0.097*+* 0.095**+*
European Country no European Union 0.068* 0.103*** 0.066* 0.093*** 0.017 0.010 0.010 0.010
(Omitted Variable Other)
F test for Mother’s country of birt 9.26*** 13.48%  22.63*** 28.79%** 73.18*+* 72.12%  122.86** 112.79**
F test for Parents’ country of birth 44.60*** 41.79**  109.00***  97.12** 250.17**  216.44**  480.72** 342.60**
Father's educational qualification
Lower secondary school certificate 0.183*** 0.174** 0.195** 0.184*** 0.197*** 0.185*** 0.203**+* 0.18 9%
Vocational secondary school diploma 0.282%+* 0.280* 0.294*** 0.280*** 0.278*** 0.266*** 0.285*** 0.2 69*+*
Upper secondary school diploma 0.355*+* 0.369***  3@2*+* 0.363*+* 0.370*** 0.365*** 0.382**+* 0.368*+*
Another qualification higher than diploma 0.344*+*  (0.335*+* 0.360*** 0.341%+* 0.344x+* 0.341%+* 0.349*** 0.341 %+
University degree or Postgraduate qualificationy 0.443*** 0.473%+* 0.453*+* 0.446*+* 0.476*** 0.482*** 0.486*** 0.475%+*
(Omitted Variable: Primary school certificate)
F test for Father’s educatior 90.15%** 115.88** 10 Al 100.40+** 479.81%*  484.96**  515.66™* 455.06**
Mother’s educational qualification
Lower secondary school certificate 0.193*+* 0.192* 0.196*** 0.183*** 0.228*** 0.204*+* 0.225**+* 0.198***
Vocational secondary school diploma 0.307*** 0.804 0.300*** 0.285*+* 0.334x+* 0.306*** 0.334x+* 0. 302***
Upper secondary school diploma 0.434x+* 0.441**  4@5*+* 0.416*** 0.464** 0.442%+* 0.468*+* 0.437*+*
Another qualification higher than diploma 0.459***  0.470*** 0.456*** 0.442%+* 0.475%+* 0.446*** 0.475*** 0.439%+*
University degree or Postgraduate qualification 0.594*** 0.608*** 0.580*** 0.555%** 0.610*** 0.589*** 0.613*** 0.578***
(Omitted Variable: Primary school certificate)
F test for Mother's education ~ 179.30***  209.71** 8L.75**  171.75** 852.00***  823.57** 1024.18**  896.8F**
F test for Parents’ educatio 222.01%**  235.69*** 33.22***  209.72** 1063.40*** 954.70**  1209.22**  890.65**
Father's employment status
Homemaker -0.030 0.020 -0.056 -0.030 0.084*** 0.065*** 0.179*  0.100***
Manager, university lecturer, officer 0.264*** @2+** 0.260*** 0.220*** 0.210*** 0.194*** 0.220*** 0.200***
Entrepreneur, landowner 0.134%* 0.110**  0.121** 0.091*** 0.152%* 0.140%** 0.157** 0.143***
Professional employee or freelancer 0.184*** 0.785* 0.173*** 0.139%** 0.187*** 0.169*** 0.187*** 0.1 66***
Teacher, employee, military in career 0.186***  BhI** 0.176*** 0.147%** 0.200*** 0.183*** 0.202*** 0.184***
Self-employed worker 0.144%* 0.110%*** 0.139%** 0Qa3*** 0.160%** 0.143*** 0.161*** 0.142%*
Laborer, services pers., member of cooperatives  958*0 0.064*** 0.096*** 0.063*** 0.117%** 0.094*** 0.115*** 0.097***
Retired worker - - - - 0.119%** 0.110*** 0.126*** 0.116***
(Omitted VariableUnemployed
F test for Father’s occupatio 18.56*** 17.01%** 194*** 13.18%* 71.74%* 61.74%+* 86.38* 68.98**
Mother's employment status
Homemaker 0.012 0.012 0.023 0.024 0.027%** 0.034#** 0.038***  0.042%**
Manager, university lecturer, officer 0.107*** GQax*+* 0.136*** 0.152%** 0.055*** 0.076*** 0.067*** 0.088***
Entrepreneur, landowner 0.081** 0.065* 0.103**+* 84 0.026* 0.033** 0.040** 0.051*+*
Professional employee or freelancer 0.099*+* 0.7F5* 0.104*** 0.110%*** 0.069*** 0.077** 0.087*** 0.0 91*+*
Teacher, employee, military in career 0.114%* D1 0.130*** 0.130*** 0.119%+* 0.123*+* 0.136*** 0.136***
Self-employed worker 0.087*+* 0.086**  0.098*** 0.90**+* 0.057*** 0.061*+* 0.076*** 0.075*+*
Laborer, services pers., member of cooperatives 130.0 0.020 0.024 0.028 0.025** 0.025** 0.039*** 0.040
Retired worker - - - - -0.024 -0.041 -0.035 -0.035
(Omitted VariableUnemployed
F test for Mother’s occupatior 15.59%* 19.77%* 1B2%** 20.45%* 52.08*** 53.78*** 62.42+* 65.58**
F test for Parents’ occupatio 19.42%* 20.08*** Ipgrr* 18.46%** 72.61%+* 66.85%+* 88.17* 77.59*
F TEST for PARENTS’ BACKGROUND| 217.57**  177.76** 252.32** 181.89*** | 921.05**  650.47** 1157.35%* £18.84***
Number of Obs 95.969 95.969 153.052 153.052 319.283 319.288 839.5 489.581
Number of groups - 3.758 - 5.042 - 6.057 - 7.555

Notes:1) * p<0.1; ** p<0.05; *** p<0.01. 2) Multiple imptation estimations include 5 imputations. 3) Regi@s presented in columns (2) and (4) includedstal
errors adjusted for clusters in School Code faeNumber of groups” as reported in the TableA#l)specifications include student, school anditerial

characteristics as defined in Table 3.
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Table 8 — Estimation Results on Rasch Test ScoresMathematics

2008/2009 — Grade 2 2011/2012 — Grade 5
NO Imputations YES Imputations NO Imputations YES Imputations
1 @ 3 4 1 @) (3 4
Explanatory Variables NO FE School FE| NO FE School FE NO FE School FE NO FE School FE
PARENTS’ BACKGROUND
Father's country of birth
Italy 0.201*** 0.162** | 0.212%* 0.167*+* 0.117%** 0.092*** 0.125*** 0.100***
European Union 0.123*+* 0.094** 0.121%+* 0.092*+* m12 0.064*** -0.018 0.045***
European Country no European Union 0.078* 0.048 0.104*** 0.055* -0.025 0.028 -0.038* .0Q0
(Omitted Variable Other)
F test for Father’s country of birth 20.23*** 18.6% 30.88*** 30.32%* 42.36*+* 2411+ 90.13w* 48.96*
Mother’s country of birth
Italy 0.047 0.063** | 0.107** 0.095*** 0.101*** 0.085*** 0.097*+* 0.079*+*
European Union 0.057 0.086*** | 0.112%* 0.104*+* 0.029 0.086*** -0008 0.062*+*
European Country no European Union 0.010 0.075** 0.032 0.073** -0.024 0.030* -0.050*  0.014
(Omitted Variable Other)
F test for Mother’s country of birth 151 2.82* iES il 8.11%** 36.50*+* 21.04*+* 59.60** 24.05**
F test for Parents’ country of birt 21.91%* 19.35%* | 45 85*** 41.84** 99.01*** 45.50%** 176.50** 73.83**
Father's educational qualification
Lower secondary school certificate 0.127*** 0.136**| 0.127*** 0.118*** 0.119%+* 0.125*+* 0.120*** 0.106***
Vocational secondary school diploma 0.189*+* 0.193* | 0.196*** 0.177%+* 0.136*** 0.182*+* 0.136*** 0.1 51***
Upper secondary school diploma 0.246*+* 0.267*  2@8*+* 0.232%* 0.269*+* 0.249%+* 0.266*** 0.220***
Another qualification higher than diploma 0.248**  0.229*** 0.260*** 0.218*** 0.231*+* 0.216*** 0.209*** 0.181*+*
University degree or Postgraduate qualification 0.301*** 0.331%** 0.300*** 0.284*** 0.431%* 0.361*** 0.423*** 0.323***
(Omitted Variable: Primary school certificate)
F test for Father’s educatio 41.84%* 66.00*** 4B0*** 52.29%** 276.00%**  265.97** | 285.29** 224 31
Mother’s educational qualification
Lower secondary school certificate 0.078*** 0.090**| 0.081*** 0.080*** 0.041*+* 0.105*** 0.037*** 0.07 7***
Vocational secondary school diploma 0.121*+* 0.139 | 0.121** 0.122*+* 0.095*+* 0.147*+* 0.092+*+* 0. 119%+*
Upper secondary school diploma 0.202*** 0.225*  206*** 0.201*** 0.226*** 0.259%+* 0.224** 0.221%+*
Another qualification higher than diploma 0.202*+*  0.226*** 0.196*** 0.195*** 0.248*+* 0.264*+* 0.235*** 0.219%+*
University degree or Postgraduate qualification 0.306*** 0.335*** 0.307*** 0.293*** 0.388*** 0.378*** 0.383*** 0.333***
(Omitted Variable: Primary school certificate)
F test for Mother's educatio 50.90%** 82.16*** 584*** 68.11%** 330.25%*  323.13** | 362.0F* 343.48**
F test for Parents’ educatiol 76.35%+* 108.58** G +* 91.21%** 503.15%**  350.42*** | 526.84** 341.24*
Father's employment status
Homemaker -0.012 0.021 0.024 0.072 -0.240%** 0.142** -0.173*  0.057**
Manager, university lecturer, officer 0.146*** ®a*** 0.152%** 0.150*** 0.184*** 0.173*** 0.195*** 0.163***
Entrepreneur, landowner 0.093*** 0.079**¥ 0.096***  0.079*** 0.073*** 0.112%** 0.082%* 0.096***
Professional employee or freelancer 0.067** 0.073*F 0.067** 0.068*** 0.142%** 0.117*** 0.147*** 0.113***
Teacher, employee, military in career 0.078*** E* 0.083*** 0.076*** 0.141%** 0.135%** 0.144*** 0.127***
Self-employed worker 0.071%** 0.061*** 0.077** 0.66*+* 0.098*** 0.107#*** 0.099%** 0.097***
Laborer, services pers., member of cooperatives 300.0 0.022 0.033 0.027 0.052*** 0.061*** 0.061*** 053 ***
Retired worker - - - - 0.044* 0.065*** 0.057** 0.070***
(Omitted VariableUnemployed
F test for Father’s occupatio 6.71%** 9.45%* 7.50* 9.83*** 72.12%** 44.61%** 52.85** 37.60**
Mother's employment status
Homemaker 0.076*** 0.056*** | 0.080*** 0.055*** 0.066*** 0.024*** 0.059*** 0.029***
Manager, university lecturer, officer 0.093** 05p5* 0.104*** 0.124*** 0.045** 0.061*** 0.039* 0.059***
Entrepreneur, landowner 0.064* 0.049 0.086** 0.057*| -0.091*** 0.031** -0.088*** 0.016
Professional employee or freelancer 0.077** 0.099*| 0.073** 0.077** 0.104*** 0.042%** 0.103*** 0.0 56***
Teacher, employee, military in career 0.108*** U | 0.113%* 0.110*+* 0.145%+* 0.099*+* 0.137*+* 0.103***
Self-employed worker 0.085*** 0.099*** 0.091*+* 0.85**+* 0.105*** 0.066*** 0.103*** 0.070***
Laborer, services pers., member of cooperatives 360.0 0.042** 0.035* 0.035** -0.003 -0.001 0.0004 0500
Retired worker - - - - 0.056 0.012 0.007 0.007
(Omitted VariableUnemployed
F test for Mother’s occupatio 5.88%* 13.17%* 772 11.57%* 67.13** 43.35%** 63.26* 42.64*
F test for Parents’ occupatio 7.41%* 12.98*** 833** 12.56%** 86.49*** 49.63*** 69.93* 46.00**
F TEST for PARENTS’ BACKGROUND 71.33%+* 83.52*+* | 86.62** 84.97*+* 490.17**  186.27** | 532.82**  190.33***
Number of Obs 96.002 96.002 153.092 153.092 315.256 315.266 489.2 489.279
Number of groups - 3.759 - 5.042 - 6.041 - 7.570

Notes:1) * p<0.1; ** p<0.05; *** p<0.01. 2) Multiple imptation estimations include 5 imputations. 3) Regi@s presented in columns (2) and (4) includedstal
errors adjusted for clusters in School Code faeNumber of groups” as reported in the TableA#l)specifications include student, school anditerial
characteristics as defined in Table 3.
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Table 9 — Estimation results on Rasch Test Scoras Reading at the 2nd Grade (2011/2012 INVALSI Data)

Estimations without Multiple Imputations

Estimation s with Multiple Imputations

_ @ &) 3 4 @ 2 3 4
Explanatory Variables NOFE | School FE| ClassFE | ProvFE | NOFE | School FE| Class FE | Prov FE
PARENTS’ BACKGROUND
Father’s country of birth
Italy 0.247*+* 0.246*+* 0.240*** 0.248*+* 0.262*+* 0.258**+* 0.250%** 0.263***
European Union 0.147%** 0.160*** 0.171%+* 0.146*** | 0.167*** 0.178*+* 0.181*+* 0.169*+*
European Country no European Union 0.069*** 0.075*+* 0.086*** 0.068*** 0.065*** 0.072*** 0.074*+* 0.064**
(Omitted Variable Other)
F test for Father’s country of birth ~ 153.70*  1474** | 145.79** | 158.04*** | 251.98** | 221.43** | 234.63** | 257.96***
Mother’s country of birth
Italy 0.214*+* 0.193*+* 0.184*** 0.213*+* 0.215%+* 0.196*** 0.189*** 0.214*+*
European Union 0.127*+* 0.107*** 0.096*** 0.126*** 0.113*+* 0.099**+* 0.092+*+* 0.114*+*
European Country no European Union 0.057*+* 0.052*+* 0.042** 0.059*+* 0.047*+* 0.044*+* 0.039**+* 0.049*+*
(Omitted Variable Other)
F test for Mother’s country of birth ~ 134.38*  11H*** | 120.43** | 133.62*** | 176.23** | 149.00*** | 158.52*** | 175.33***
F test for Parents’ country of birth 431.11** | 307.98*** | 350.11** | 430.27*** | 665.63*** | 427.57*** | 529.90*** | 663.58***
Father's educational qualification
Lower secondary school certificate 0.172*  0.167** | 0.156*** 0.170*** 0.176*+* 0.169*+* 0.155%+* 0.175%+*
Vocational secondary school diploma 0.241%%* 0.281* | 0.221% 0.240** 0.248*+* 0.236*** 0.219%* 0.2 48*+*
Upper secondary school diploma 0.333*** 0.332%+  3@3*** 0.335** 0.338*** 0.329*+* 0.3171*+* 0.339%+*
Another qualification higher than diploma 0.308**T 0.305*** 0.295*+* 0.310*** 0.310*** 0.304*+* 0.288*** 0.312%*
University degree or Postgraduate qualification 0.429*** 0.433*** 0.424** 0.434*** 0.434*** 0.425*** 0.404** 0.436***
(Omitted Variable: Primary school certificate)
F test for Father’s educatio 332.93**1  361.96**F 8B5.90*** | 346.64*** | 308.35*** | 314.21** | 300.84*** | 325.67***
Mother’s educational qualification
Lower secondary school certificate 0.163**f 0.161** 0.168*** 0.155*+* 0.163*** 0.153*** 0.151*+* 0.156**
Vocational secondary school diploma 0.236*4* 0.238 | 0.242** 0.229%+* 0.243*+* 0.233*** 0.227*+* 0. 237+
Upper secondary school diploma 0.372% 0.377*  309*** 0.369*+* 0.382%+* 0.372%+* 0.360*** 0.377%+*
Another qualification higher than diploma 0.391*F 0.390*** 0.392+*+* 0.386*** 0.396*** 0.380*** 0.369*** 0.391***
University degree or Postgraduate qualification 0.529*** 0.538*** 0.535*** 0.527*** 0.538*** 0.525*** 0.506*** 0.534***
(Omitted Variable: Primary school certificate)
F test for Mother's educatio 592.37*1  631.09**F 68.24*** | 606.24*** | 690.82*** | 679.48*** | 667.58*** | 701.25***
F test for Parents’ educatiol 741.58*F  683.34*f 82.53** | 758.74** | 787.33*** | 672.60*** | 699.52** | 708.21***
Father's employment status
Homemaker 0.013 0.054** 0.059**+* 0.044** 0.040** 0.061*** 0.66*** 0.065***
Manager, university lecturer, officer 0.154** aax* 0.167*** 0.154%** 0.164*** 0.168*** 0.156*** 0.163***
Entrepreneur, landowner 0.105**4 0.110%**¥ 0.107**% 0.101*** 0.109*** 0.103*** 0.096*** 0.105%**
Professional employee or freelancer 0.129*7* 0.1:33*| 0.126*** 0.127%** 0.129*** 0.125*** 0.114%** 0.1 22%**
Self-employed worker 0.123*** 0.122%** 0.113%** 0.Q4+* 0.126%** 0.118*** 0.106*** 0.119%**
Teacher, employee, military in career 0.166*%* ®r7 0.169*** 0.159*** 0.163*** 0.165*** 0.154*** 0 .157***
Laborer, services personnel, member of cooperat{ve8.075*** 0.078*** 0.072*** 0.066*** 0.076*** 0.073*** 0.065*** 0.070***
Retired worker 0.090%*** 0.083*** 0.083*** 0.085*** 0.082%** 0.073*** 0.072%* 0.077**
(Omitted VariableUnemployed
F test for Father’s occupatio 46.57*** 52.93*+* B3 *+* 43.89*+* 48. 74 48.77*** 49.84*** 47.01%+*
Mother's employment status
Homemaker 0.006 0.008 0.005 0.005 0.001 0.001 0.001 0.001
Manager, university lecturer, officer 0.075** Q1*** 0.098*** 0.087*** 0.078*** 0.096*** 0.098*** 0.087***
Entrepreneur, landowner 0.011 0.043**f 0.043** 26 0.006 0.033** 0.040*** 0.018
Professional employee or freelancer 0.079** 0.085%| 0.079*+* 0.082*** 0.079*** 0.079*+* 0.077** 0.0 81*+*
Self-employed worker 0.050*** 0.058*** 0.052*+* @54** 0.049%+* 0.051*** 0.049*+* 0.051*+*
Teacher, employee, military in career 0.117%¢* ore 0.114%* 0.117*+* 0.110*** 0.117%** 0.109*** 0 .111%**
Laborer, services personnel, member of cooperatjves0.009 0.015 0.012 0.009 0.008 0.009 0.01 0.0077
Retired worker 0.099 0.096 0.069 0.095 0.032 0.044] 0.021 0.034
(Omitted VariableUnemployed
F test for Mother’s occupatio 55.80%*** 57.13%** 5B+ 56.12%** 60.59%** 61.92%** 61.54%+* 62.32%**
F test for Parents’ occupatio 61.42%* 65.37*** 6B *** 59.66*** 65.08*** 63.51%+* 64.55%+* 69.05%**
F TEST for PARENTS’ BACKGROUND| 755.72**| 523.82**| 648.33*** | 762.27*** 920.88 576.19*** | 687.73%*| 93%H0***
Number of Obs 326.231 326.231 326.231 326.231 480.541 480.541 5480 | 480.541
Number of groups - 6.027 22.380 103 - 7.169 27.919 103

Notes:1) * p<0.1; ** p<0.05; *** p<0.01. 2) Multiple imptation estimations include 5 imputations. 3) Resgji@ns presented in columns (2), (3) and (4) irelud
standard errors adjusted for clusters in SchookC6tassroom Code and Provincial Code respectively. for “Number of groups” reported in the Table
4) All specifications include student, school aeditorial characteristics as defined in Table 3.
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Table 10 — Estimation results on Rasch Test ScorasReading at the 5th Grade (2011/2012 INVALSI Data

Estimations without Multiple Imputations Estimation s with Multiple Imputations
_ ) @ ©) 4) 1) @ ©) 4)
Explanatory Variables NO FE | School FE| ClassFE | ProvFE | NOFE | School FE| Class FE | Prov FE
PARENTS’ BACKGROUND
Father’s country of birth
Italy 0.222%+* 0.224+* 0.218*** 0.224* 0.250%** 0.245*** 0.237%** 0.251%*
European Union 0.175%** 0.169*** 0.166*** 0.173%** 0.176%** 0.173*** 0.172%* 0.177%*
European Country no European Union 0.086*** 0.083*** 0.078*** 0.085*** 0.084*** 0.082*** 0.074%* 0.084**
(Omitted Variable Other)
F test for Father's country of birth ~ 113.98*  11@** | 120.23*** | 116.62*** | 206.46*** | 187.07** | 187.10*** | 215.65***
Mother’s country of birth
Italy 0.147%** 0.143** 0.145%** 0.149%* 0.155%** 0.150%** 0.150%** 0.157**
European Union 0.095*** 0.089*** 0.102%** 0.095*** 0.097*** 0.094*** 0.103*** 0.098***
European Country no European Union 0.017 0.010 0.024 0.008 0.010 0.010 0.02% 0.00]
(Omitted Variable Other)
F test for Mother's country of birth ~ 73.00%** 71.8% 69.55%** 80.47*+  [122.48** |111.99** |110.07*** | 131.11%**
F test for Parents’ country of birth 249.99*** | 216.10** | 231.53** | 259.54*** | 479.90** | 340.96*** | 376.76*** | 485.07***
Father's educational qualification
Lower secondary school certificate 0.196*** 0.185*** 0.172%* 0.191%* 0.203*** 0.190*** 0.177%* 0.199%**
Vocational secondary school diploma 0.277%** 0.265*+* 0.252%* 0.274%* 0.285%** 0.270*** 0.254%* 0.282%*
Upper secondary school diploma 0.370*** 0.364*+* 0.351*+* 0.368*** 0.382*+* 0.368*** 0.350*** 0.379**
Another qualification higher than diploma 0.343** 0.340*+* 0.329%+* 0.343%+* 0.349%+* 0.341*** 0.325*+* 0.348**
University degree or Postgraduate qualification 0.475*** 0.481*** 0.469*** 0.475*** 0.486*** 0.475%** 0.454x+* 0.484***
(Omitted Variable: Primary school certificate)
F test for Father’s educatio 476.19**7  481.91*t 25.88** | 486.55*** | 516.42*** | 458.00*** | 492.64*** | 527.06***
Mother’s educational qualification
Lower secondary school certificate 0.228*** 0.203*** 0.197%** 0.221%* 0.225%** 0.199*** 0.188*** 0.218***
Vocational secondary school diploma 0.334+* 0.305*** 0.287%*** 0.327** 0.334+* 0.302*** 0.283*** 0.327***
Upper secondary school diploma 0.464*+* 0.4471 % 0.421%** 0.459%* 0.468*** 0.437*** 0.415%* 0.462%*
Another qualification higher than diploma 0.474%+* 0.445%+* 0.425%** 0.467** 0.475%** 0.440%** 0.417%* 0.468***
University degree or Postgraduate qualification 0.610*** 0.587*** 0.563*** 0.605*** 0.613*** 0.579*** 0.548*+* 0.606***
(Omitted Variable: Primary school certificate)
F test for Mother's educatio 848.58*T  820.26**F 18.22** | 854.58** | 910.58*** | 900.19*** | 924.02*** | 917.56***
F test for Parents’ educatiol 954.53**t 949.05*** | 902.28*** | 960.04*** | 924.92** | 895.44** | 905.56** | 931.02***
Father's employment status
Homemaker 0.084*+* 0.064*+* 0.079*+* 0.089*+* 0.119%+* 0.101*** 0.107*** 0.129%+*
Manager, university lecturer, officer 0.209*** 0.193*** 0.188*** 0.199*** 0.220*** 0.201*** 0.194x+* 0.213***
Entrepreneur, landowner 0.151** 0.140*+* 0.134** 0.139%*+* 0.157*** 0.143*** 0.139%** 0.149**
Professional employee or freelancer 0.186*** 0.168*** 0.160*** 0.173*** 0.187*** 0.166*** 0.161*+* 0.178**
Self-employed worker 0.160*** 0.142%+* 0.136*** 0.147** 0.161*** 0.142%** 0.136*** 0.152%*
Teacher, employee, military in career 0.199%** 0.183*** 0.176%** 0.189%** 0.202%** 0.184*** 0.177%* 0.195%**
Laborer, services personnel, member of cooperatjve®.111*** 0.094*** 0.090*** 0.098*** 0.115%* 0.097*** 0.094*** 0.106***
Retired worker 0.118*** 0.110%** 0.118*** 0.105%** 0.126*** 0.116*** 0.118%*** 0.116%**
(Omitted VariablelUnemployed
F test for Father’s occupatio 71.21%+* 61.19%** 6U3*** 66.41%* 86.41%* 69.43%** 72.57%* 75.68%*
Mother's employment status
Homemaker 0.027*** 0.034*+* 0.034** 0.031%** 0.038*** 0.042%** 0.041%** 0.040%***
Manager, university lecturer, officer 0.055*** 0.076*** 0.081*** 0.064** 0.066*** 0.088*** 0.090%*** 0.074**
Entrepreneur, landowner 0.026* 0.033** 0.036** 0.033** 0.040** 0.050%** 0.64*+* 0.047*
Professional employee or freelancer 0.069*** 0.077** 0.078*** 0.070**=* 0.088*** 0.091*** 0.089*** 0.088***
Self-employed worker 0.057*** 0.060*** 0.059%** 0.057** 0.075%** 0.074*** 0.073*** 0.075%**
Teacher, employee, military in career 0.118*** 0.122%+* 0.122%* 0.121%* 0.136*** 0.136*** 0.132%* 0.138***
Laborer, services personnel, member of cooperatjve®.025** 0.025*** 0.025*** 0.022** 0.039*** 0.039%+* 0.039*** 0.038***
Retired worker -0.024 -0.041 -0.008 -0.020 -0.035 -0.033 -0.01y .030
(Omitted VariableUnemployed
F test for Mother’s occupatio 51.61%+* 53.37*+* 536++* 52.85%** 62.54*+* 65.86*** 66.75*+* 63.78***
F test for Parents’ occupatio 71.99%* 66.31*** [l 70.18*** 88.26%** 78.04+* 81.60*** 88.05***
F TEST for PARENTS' BACKGROUND| 901.84***| 646.42**| 731.77** | 899.51** | 957.33** | £21.64*** | 801.82*** | 9%5.98***
Number of Obs 319.288 319.288 319.288 319.288 489.581 489.581 .5889| 489.581
Number of groups - 6.057 22.623 103 - 7.555 29.184 103

Notes:1) * p<0.1; ** p<0.05; *** p<0.01. 2) Multiple imptation estimations include 5 imputations. 3) Resgji@ns presented in columns (2), (3) and (4) irelud
standard errors adjusted for clusters in SchookC6tassroom Code and Provincial Code respectively. for “Number of groups” reported in the Table
4) All specifications include student, school aeditorial characteristics as defined in Table 3.
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Table 11 — Estimation results on Rasch Test ScorasMathematics at the 2nd Grade (2011/2012 INVALSData)

Estimations without Multiple Imputations Estimation s with Multiple Imputations
_ @ &) 3 4 @ 2 3 4
Explanatory Variables NOFE | School FE| ClassFE | ProvFE | NOFE | School FE| Class FE | Prov FE
PARENTS’ BACKGROUND
Father’s country of birth
Italy 0.170%*** 0.160*** 0.150%** 0.166*** 0.180%*** 0.176*** 0.165%** 0.176***
European Union 0.114%+* 0.133*** 0.136*** 0.110%** 0.120%*** 0.143*** 0.144%* 0.124*
European Country no European Union 0.044** 0.045** 0.041** 0.041* 0.045** 0.056*** 0.g7** 0.042**
(Omitted Variable Other)
F test for Father’s country of birth ~ 66.90*** 60.7F 63.84%* 65.10*** [105.24*** | 95.59***  1101.90*** 103.21%**
Mother’s country of birth
Italy 0.146*** 0.118*** 0.115%** 0.140%*** 0.146%** 0.125*** 0.124* 0.140%***
European Union 0.103*** 0.078*** 0.068*** 0.102%** 0.097*** 0.084*** 0.077%* 0.097***
European Country no European Union 0.035* 0.036** 0.039** 0.037* 0.013 0.015 0.024* 0a3
(Omitted Variable Other)
F test for Mother’s country of birth 56.55*** 40.88*** 44.49%* 50.46%** 79.97%* 67.07*** 71.76%** 75.06%**
F test for Parents’ country of birth 198.81*** | 123.33*** | 151.77** | 183.57** | 300.24*** | 198.76*** | 259.50*** | 271.66***
Father's educational qualification
Lower secondary school certificate 0.151%** 0.149*+* 0.149%+* 0.153*+* 0.147*+* 0.141*** 0.136*** 0.148*+*
Vocational secondary school diploma 0.209*** 0.206*** 0.206*** 0.213*+* 0.206*** 0.198*** 0.190*** 0.208***
Upper secondary school diploma 0.294* 0.294** 0.295*+* 0.297*+* 0.293*+* 0.284*** 0.272%* 0.293*+*
Another qualification higher than diploma 0.264*+* 0.256*** 0.257%** 0.266*** 0.275%** 0.263*** 0.253*** 0.274%*
University degree or Postgraduate qualification 0.387*** 0.397** 0.395*** 0.393*** 0.389*** 0.384*** 0.364*** 0.392%**
(Omitted Variable: Primary school certificate)
F test for Father’s educatio 247.82*1  205.25%F B5B.98*** | 257.29%* | 270.33** | 291.18** | 203.19*** | 281.65***
Mother’s educational qualification
Lower secondary school certificate 0.131%** 0.153** 0.166*** 0.138*** 0.126*** 0.134*** 0.137*** 0.128***
Vocational secondary school diploma 0.184** 0.217%* 0.226%** 0.196%*** 0.191%** 0.203*** 0.200%** 0.195%**
Upper secondary school diploma 0.313*** 0.347%+* 0.358*** 0.325%** 0.314#** 0.323*** 0.318*** 0.317%*
Another qualification higher than diploma 0.317%** 0.352%* 0.360%** 0.329%** 0.305%** 0.318*** 0.310%** 0.309%**
University degree or Postgraduate qualification 0.441%** 0.481*** 0.486*** 0.457*** 0.442*** 0.452%** 0.438*** 0.448%***
(Omitted Variable: Primary school certificate)
F test for Mother’s education 400.13*** | 513.63*** | 601.74*** | 427.49** | 477.77** | 578.73** | 601.06*** | 490.05***
F test for Parents’ education 519.23*** | 556.44** | 703.59*** | 543.64*** | 583.19*** | 577.08*** | 641.77** | 602.98***
Father's employment status
Homemaker -0.001 0.078*+* 0.072%** 0.034* 0.022 0.067*** 0.0 0.048**
Manager, university lecturer, officer 0.128*** 0.166*** 0.150%** 0.145%* 0.129%** 0.146%** 0.136*** 0.140%***
Entrepreneur, landowner 0.108*** 0.135%+* 0.130%*** 0.117%* 0.1171%** 0.117*** 0.113%** 0.117%*
Professional employee or freelancer 0.113** 0.140** 0.127** 0.120%** 0.105** 0.115*%** 0.107*** 0.106***
Self-employed worker 0.113*** 0.134+* 0.119%** 0.118*** 0.1171%** 0.116*** 0.108*** 0.112%*
Teacher, employee, military in career 0.142%** 0.175%* 0.164*** 0.151%* 0.134+* 0.149*** 0.142%* 0.137***
Laborer, services personnel, member of cooperatjved.065*** 0.086*** 0.073** 0.068*** 0.062** 0.070*** 0.063*** 0.062***
Retired worker 0.064** 0.092*+* 0.097*+* 0.085*** 0.045 0.067** 0071*+* 0.056*
(Omitted VariablelUnemployed
F test for Father’s occupatio 33.71%+* 50.20%*** 543++* 36.28** 34.01%+* 41.96*** 45 54%** 40.66**
Mother's employment status
Homemaker 0.015 0.005 0.002 0.005 0.014* 0.007 0.008 0.00
Manager, university lecturer, officer 0.075%** 0.106*** 0.110%** 0.084** 0.074%** 0.096*** 0.102%** 0.081**
Entrepreneur, landowner -0.009 0.029* 0.027* 0.006 -0.013 0.020 0.030*f @o
Professional employee or freelancer 0.058*** 0.069*** 0.067*** 0.064*** 0.059*** 0.064*** 0.065*+* 0.063***
Self-employed worker 0.051** 0.061*+* 0.054*+* 0.055*+* 0.054*+* 0.056*** 0.053*** 0.057*+*
Teacher, employee, military in career 0.110%** 0.115*+* 0.114%+* 0.112%+* 0.108*** 0.117*** 0.110*** 0.110%***
Laborer, services personnel, member of cooperatjves0.004 0.010 0.008 0.006 0.007 0.010 0.014* 0.00
Retired worker 0.004 -0.000 -0.053 0.013 -0.029 -0.014 -0.034 23.0
(Omitted VariableUnemployed
F test for Mother's occupation 44.47*** 56.32%** 67.77%+* 49.02%* 43.18%** 53.81%+* 62.03*** 48.34%*
F test for Parents’ occupation 47.34*** 60.80*** 69.48*+* 50.65%** 46.58*** 54.65%** 62.49*** 51.63***
F TEST for PARENTS’ BACKGROUND| 493.66*** | 382.17** | 545.07** | 514.21** | 594.48** | 414.94** | 55].44** | 568.08***
Number of Obs 323.918 323.918 323.918 323.918 482.018 482.018 .0482 | 482.018
Number of groups - 5.998 22.308 103 - 7.178 28.061 103

Notes:1) * p<0.1; ** p<0.05; *** p<0.01. 2) Multiple imptation estimations include 5 imputations. 3) Regi@ns presented in columns (2), (3) and (4) irelud
standard errors adjusted for clusters in SchookeC6tassroom Code and Provincial Code respectively. for “Number of groups” reported in the Table
4) All specifications include student, school aeditorial characteristics as defined in Table 3.
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Table 12 — Estimation results on Rasch Test ScorasMathematics at the 5th Grade (2011/2012 INVALSData)

Estimations without Multiple Imputations Estimation s with Multiple Imputations
_ ) @ ©) 4) 1) @ ©) 4)
Explanatory Variables NO FE | School FE| ClassFE | ProvFE | NOFE | School FE| Class FE | Prov FE
PARENTS’ BACKGROUND
Father’s country of birth
Italy 0.1171%** 0.092%** 0.088*** 0.096*** 0.126%** 0.099*** 0.099%*** 0.112%*
European Union 0.012 0.064** 0.068*** 0.027 -0.019 0.045%** 0.05#* -0.006
European Country no European Union -0.025 0.027 0.032* 0.024 -0.036* 0.011 0.012 0.004
(Omitted Variable Other)
F test for Father’s country of birth ~ 42.35%** 24.1% 23.27%* 23.96*** 91.17%** 47 .64 54 .81%** 51 .63***
Mother’s country of birth
Italy 0.100%*** 0.085*** 0.078*** 0.086*** 0.099*** 0.078*** 0.069*** 0.091%**
European Union 0.030 0.086*** 0.082%** 0.040** -0.007 0.060*** 0.86*** 0.011
European Country no European Union -0.024 0.030* 0.029* 0.023 -0.046** 0.012 0.013 @0
(Omitted Variable Other)
F test for Mother’s country of birth ~ 35.91%** 20.99 20.09%** 19.10%** 60.13*** 23.24%* 22.27%* 17 .28***
F test for Parents’ country of birth 98.12*** 45.46*** 52.60*** 55.93*+* | 178.28%* | 71.41%** 89.20*** | 101.75%**
Father's educational qualification
Lower secondary school certificate 0.117%** 0.125%** 0.112%* 0.118*** 0.120%*** 0.107*** 0.099%** 0.117%*
Vocational secondary school diploma 0.134+* 0.181*** 0.167*** 0.177** 0.137%** 0.152*** 0.140%** 0.162**
Upper secondary school diploma 0.264*** 0.249%+* 0.233*** 0.273%+* 0.266*** 0.221*** 0.205*** 0.264***
Another qualification higher than diploma 0.225%* 0.216*+* 0.197*** 0.251%+* 0.209*** 0.183*** 0.163*** 0.221*%**
University degree or Postgraduate qualification 0.422*** 0.360*** 0.343*** 0.427*** 0.422*** 0.324*** 0.302%+* 0.414%**
(Omitted Variable: Primary school certificate)
F test for Father’s educatio 264.46*7  264.61**7 15.96** | 306.91** | 283.64*** | 226.23*** | 252.09*** | 243.06***
Mother’s educational qualification
Lower secondary school certificate 0.040*** 0.105*** 0.099%** 0.083*** 0.038*** 0.077*** 0.073*** 0.065***
Vocational secondary school diploma 0.093*** 0.146%** 0.147%* 0.125%** 0.093*** 0.119*** 0.114%* 0.113***
Upper secondary school diploma 0.222%+* 0.259%+* 0.250%** 0.257** 0.224** 0.222%** 0.209%** 0.242%*
Another qualification higher than diploma 0.245%** 0.263*** 0.265%* 0.273%* 0.235%** 0.219*** 0.216%** 0.249%*
University degree or Postgraduate qualification 0.382*** 0.377*** 0.366*** 0.419*** 0.382*** 0.335** 0.314x+* 0.399***
(Omitted Variable: Primary school certificate)
F test for Mother's educatio 322.01%F  323.59* 32.77** | 370.41** | 359.84** | 347.25** | 402.10** | 380.06***
F test for Parents’ educatiol 485.25%F  351.71%F 25.90*** | 556.44*** | 523.99*** | 344.86** | 473.87*** | 534.99***
Father's employment status
Homemaker -0.243** | 0.141% 0.128*** 0.145** | -0.173*** | 0.059*** 0.057*** 0.081*+*
Manager, university lecturer, officer 0.178*** 0.173*** 0.165*** 0.201*** 0.196*** 0.164*** 0.153** 0.210***
Entrepreneur, landowner 0.069*** 0.112%+* 0.103*** 0.141%+* 0.083*** 0.096*** 0.089*** 0.133**
Professional employee or freelancer 0.137*** 0.116*** 0.108*** 0.150*** 0.146*** 0.124*** 0.105*+* 0.155***
Self-employed worker 0.096*** 0.106*** 0.099%** 0.117%* 0.099%** 0.097*** 0.091%** 0.117%*
Teacher, employee, military in career 0.138*** 0.135%+* 0.130%*** 0.148** 0.143*** 0.128*** 0.121%** 0.153***
Laborer, services personnel, member of cooperatjve®.051*** 0.061** 0.056*** 0.057*=* 0.061** 0.058*** 0.055*** 0.065**
Retired worker 0.043* 0.065*** 0.066*** 0.058*** 0.056** 0.072%* 0.067*** 0.074*
(Omitted VariablelUnemployed
F test for Father’s occupatio 70.09%** 44.38*** 5Q4r* 48.63*** 52.65%** 38.16%** 44,95%** 41.35%*
Mother's employment status
Homemaker 0.066*** 0.024** 0.023*** 0.022** 0.059%** 0.028*** 0.031*** 0.032%**
Manager, university lecturer, officer 0.042* 0.061*** 0.062*** 0.084*+* 0.040* 0.058*** 0064*** 0.083***
Entrepreneur, landowner -0.091%** 0.031** 0.028** 0.039** -0.086*** 0.014 0020* 0.017
Professional employee or freelancer 0.102** 0.042%* 0.045*** 0.074**=* 0.102** 0.056*** 0.059** 0.087**
Self-employed worker 0.105%** 0.066*** 0.065*** 0.093*** 0.103*** 0.069*** 0.069*** 0.099***
Teacher, employee, military in career 0.142%** 0.099*** 0.095%** 0.123*** 0.136*** 0.103*** 0.099%** 0.130%***
Laborer, services personnel, member of cooperatjves-0.002 -0.001 -0.001 -0.001 0.000 0.004 0.008 0.00
Retired worker 0.060 0.012 0.038 0.039 0.003 0.011 0.037 -0.014
(Omitted VariableUnemployed
F test for Mother’s occupatio 65.16*** 43.15%** 486**+* 49.31*+* 62.43*+* 42.89*** 46.94*** 48.71x+*
F test for Parents’ occupatio 84.11%* 49 59%+* SB3*** 58.26%** 69.20%** 46.45%** 54.33*+* 57.68***
F TEST for PARENTS' BACKGROUND| 465.09***| 188.83** | 84.97** | 491.10** | 530.41*** | 190.73*** | 342.49** | 560.85***
Number of Obs 315.256 315.256 315.256 315.256 489.2719 489.279  .2489| 489.279
Number of groups - 6.041 22.489 103 - 7.570 29.340 103

Notes:1) * p<0.1; ** p<0.05; *** p<0.01. 2) Multiple imptation estimations include 5 imputations. 3) Resgji@ns presented in columns (2), (3) and (4) irelud
standard errors adjusted for clusters in SchookC6tassroom Code and Provincial Code respectively. for “Number of groups” reported in the Table
4) All specifications include student, school aeditorial characteristics as defined in Table 3.
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Table 13 — Estimation Results on Rasch Test ScoresReading: SAMPLE SCHOOLS

2008/2009 — Grade 2

2011/2012 — Grade 5

NO Imputations

YES Imputations

NO Imputations

YES Imputations

@) &) (3 4 1) 2 (3 4)
Explanatory Variables NO FE School FE  NO FE School FE NO FE School FE NO FE School FE
PARENTS’ BACKGROUND
Father’s country of birth
Italy 0.327*+* 0.312%+* 0.323*+* 0.310** 0.240*** 0.228*** 0.264*+* 0.251%+*
European Union 0.275%* 0.268*** 0.253*+* 0.242%+* 0.211%+* 0.192*** 0.230*** 0.192+*+*
European Country no European Union 0.114 0.085 0.011 -0.001 0.118* 0.135* 0.071 0.09
(Omitted Variable Other)
F test for Father’s country of birth 16.64*** 14.71%* 30.74%** 27.39%* 8.84%** 7.05%** 19.52%* 15.83***
Mother’s country of birth
Italy 0.126** 0.156**  0.149%** 0.184%** -0.011 0.010 0.82 0.081**
European Union 0.212%** 0.240%*** 0.201*** 0.236*** -0.120** -0.096 0.007 0.004
European Country no European Union 0.043 0.073 0.056 0.091 -0.119* -0.114* -0.066 48.0
(Omitted Variable Other)
F test for Mother’s country of birth ~ 4.43*** 5.62%** 6.03*** 9.00*** 4.13%** 4.23%* 3.5 1* 5.87***
F test for Parents’ country of birth 22.68*** 23.86***  43.49*** 43.18*** 10.89*+* 41.43*** 27.59%** 22.27%+*
Father’s educational qualification
Lower secondary school certificate 0.178** 0.177** 0.195*** 0.191%+* 0.201*+* 0.198*** 0.202*+* 0.186***
Vocational secondary school diploma 0.261*** 0.268*** 0.281*+* 0.279%+* 0.284*+* 0.277*** 0.285*** 0.263*+*
Upper secondary school diploma 0.386*** 0.400*** 0.399*+* 0.399*+* 0.394*+* 0.390*** 0.388*** 0.371%+*
Another qualification higher than diploma 0.366*** 0.363** 0.382*+* 0.376*** 0.407*+* 0.385*** 0.388*** 0.361**
University degree or Postgraduate qualification 0.520*** 0.540*** 0.513*** 0.513*** 0.502*** 0.487*** 0.494x+* 0.456***
(Omitted Variable: Primary school certificate)
F test for Father's education 35.67*** 39.27*** 36.31%+* 38.71%+* 43.15%** 54.85*** 54.78** 49.17%**
Mother’s educational qualification
Lower secondary school certificate 0.201*** 0.198*** 0.236*** 0.224* 0.212%** 0.163*** 0.207*** 0.165**
Vocational secondary school diploma 0.281%** 0.275%* 0.331%** 0.313*** 0.352%+* 0.299*** 0.333*** 0.283**
Upper secondary school diploma 0.471%+* 0.468*** 0.504*** 0.485%* 0.439%** 0.381*** 0.433*** 0.380***
Another qualification higher than diploma 0.471%* 0.461** 0.515%** 0.491%+* 0.433*+* 0.388*** 0.420*** 0.378***
University degree or Postgraduate qualification 0.635*** 0.642*** 0.665*** 0.647*** 0.612*** 0.560*** 0.596*** 0.544***
(Omitted Variable: Primary school certificate)
F test for Mother’s educatio 59.95*** 70.30%** 63.98*** 63.35%** 63.64*** 71.68*** 78.15%** 65.50%**
F test for Parents’ education 77.92%** 77.4%** 82.92%* 75.05%** 87.28*** 8.14%** 110.86***  87.30***
Father's employment status
Homemaker 0.243 0.280 0.136 0.159 0.041 0.103 0.052 0.11
Manager, university lecturer, officer 0.386*** 0.340%*** 0.322%** 0.292%** 0.256*** 0.242%** 0.241%** 0.210%***
Entrepreneur, landowner 0.237*** 0.190*** 0.181*** 0.145%** (omitted) (omitted) 0.151 0.136
Professional employee or freelancer 0.283** 0.246** 0.222%** 0.199*** 0.217** 0.213*** 0.197** 0.180***
Teacher, employee, military in career 0.281%** 0.263*** 0.227%** 0.215%* 0.2171%** 0.206*** 0.192%* 0.169%**
Self-employed worker 0.232%** 0.192%** 0.185%** 0.162** 0.203*** 0.178*** 0.178*** 0.146***
Laborer, services pers., member of cooperatives0.162*** 0.137*=* 0.124%** 0.110%*=* 0.146** 0.128*** 0.131%* 0.104***
Retired worker - - - - 0.174%* 0.188*** 0.152** 0.149*+*
(Omitted VariableUnemployed
F test for Father's occupation 9.25*** 7.17%* 7.57%** 6.12%** 8.38*** 7.00 5.93** * 4.,13%**
Mother's employment status
Homemaker -0.010 -0.021 0.002 0.001 0.026 0.029 0.039 0.04:
Manager, university lecturer, officer 0.153** 0.172** 0.161** 0.165** 0.089 0.131* 0.078 0.125*
Entrepreneur, landowner 0.063 0.088 0.082 0.098 (omitted) (omitted) 0.102 110
Professional employee or freelancer 0.139** 0.147%* 0.129* 0.136** 0.122%* 0.107*** 0.130*** 0.114%*
Teacher, employee, military in career 0.134+* 0.119%* 0.139%** 0.130%*** 0.147%** 0.141%** 0.157%*** 0.152**
Self-employed worker 0.092* 0.085* 0.103* 0.098* 0.078** 0.068* 0.090***  0.087***
Laborer, services pers., member of cooperatives 0.038 0.023 0.042 0.038 0.022 0.023 0.041 0.04
Retired worker - - - - -0.004 0.068 0.077 0.143
(Omitted VariableUnemployed
F test for Mother's occupation 8.24*** 7.73%* 8.66*** 7.38%** 7.91%** 7.28%*x 6.4 0*** 5.91%**
F test for Parents’ occupation 9.88*** 8.64*** 9.16%** 7.65%** 9.37%** 7.99%** 7.0 9% 5.54%**
F TEST for PARENTS' BACKGROUND| 84.66*** 72.22%** 97.49%+* 76.33%+* 83.80*** 57.91*** 88.14** 59.27***
Number of Obs 26.560 26.560 43.299 43.299 20.964 20.964 30.877 30.87
Number of groups - 801 - 1.057 - 1.192 - 1.365

Notes:1) * p<0.1; ** p<0.05; *** p<0.01. 2) Multiple imptation estimations include 5 imputations. 3) Regi@s presented in columns (2) and (4) includedstal
errors adjusted for clusters in School Code faeNumber of groups” as reported in the TableA#l)specifications include student, school anditerial
characteristics as defined in Table 3.
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Table 14 — Comparison of Territorial Divide in Scoes between Full Sample and Schools Sampled to Cawitr
for “Cheating”: Basic Estimation Model

READING
2008/2009 — Grade 2 2011/2012 — Grade 5
NO Imputations YES Imputations NO Imputations YES Imputations
Full Sample Full Sample Full Sample Full Sample
Sample Schools Sample Schools Sample Schools Sample Schools
TERRITORIAL CHARACTERISTICS
North 0.058*** 0.186*** 0.043*** 0.172%** 0.040*** 0.100*** 0.039%** 0.091***
Centre -0.002 0.126*** -0.016* 0.116%** 0.033*** 0.085*** | 0.035*** 0.067***
(Omitted VariableSouth and Islands)
Number of Obs 95.969 26.560 153.052 43.299 319.288 20.964 489.581 30.877
MATHEMATICS
2008/2009 — Grade 2 2011/2012 — Grade 5
NO Imputations YES Imputations NO Imputations YES Imputations
Full Sample Full Sample Full Sample Full Sample
Sample Schools Sample Schools Sample Schools Sample Schools
TERRITORIAL CHARACTERISTICS
North -0.334** | -0.075** | -0.377** | -0.088** | 0.050*** 0.122%+* 0.062*+* 0.110***
Centre -0.331*%** | -0.093** | -0.351** | -0.101*** | -0.363*** | -0.208*** | -0.319*** | -0.214***
(Omitted VariableSouth and Islands)
Number of Obs 96.002 26.580 153.092 43.333 315.256 20.802 489.279 30.869

Notes:1) * p<0.1; ** p<0.05; *** p<0.01. 2) Multiple imptation estimations include 5 imputations. 3) Alesifications include student, school and
parents’ background characteristics as definechlnler3.

Table 15 — Comparison of Territorial Divide in Scoes between Full Sample and Schools Sampled to Cawitr
for “Cheating”: 2011/2012 Data

READING
Grade 2 Grade 5
NO Imputations YES Imputations NO Imputations YES Imputations
Full Sample Full Sample Full Sample Full Sample
Sample Schools Sample Schools Sample Schools Sample Schools
TERRITORIAL CHARACTERISTICS
North -0.060*** 0.099*** -0.077** 0.109*** 0.041*** 0.101%** 0.038*** 0.088***
Centre -0.039*** | 0.116** | -0.041*** | 0.130*** 0.033*** 0.085** | 0.035*** | 0.070***
(Omitted VariableSouth and Islands)
Number of Obs 326.231 21.634 480.541 31.526 319.288 20.964 439.58 30.877
MATHEMATICS
Grade 2 Grade 5
NO Imputations YES Imputations NO Imputations YES Imputations
Full Sample Full Sample Full Sample Full Sample
Sample Schools Sample Schools Sample Schools Sample Schools
TERRITORIAL CHARACTERISTICS
North -0.280*** -0.043** -0.310*** | -0.041*** 0.055*** 0.128*** 0.070*** 0.109***
Centre -0.176*** -0.010 -0.183*** -0.001 -0.362*** | -0.206% | -0.319** | -0.214***
(Omitted VariableSouth and Islands)
Number of Obs 323.918 21.558 482.018 31.758 315.256 20.802 489.27 30.869

Notes:1) * p<0.1; ** p<0.05; *** p<0.01. 2) Multiple imptation estimations include 5 imputations. 3) Alesifications include student, school and
parents’ background characteristics as definedalvlel'3.
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Figure 1 — Conceptual framework
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CHAPTER 2

“Gift of Time” and “Family Gift”™:

The Effect of Early School Entry on Pupils Perforamce

Abstract: This chapter provides a comprehensive analysighef effect of early school entry on
educational outcomes using Normalized test scarealaltalian pupils. The empirical procedure isigeed
to disentangle the effect of regular ent(yiff of Timeg from possible unobserved confounding factors
(Family Gift) affecting both enrollment decision and schoolingcome. | tackle the issue of selection on
unobservables by using a Regression Discontinuggidh so that exogenous age thresholds are used to
compare children with similar age but different eational choices. Estimates suggest that pupils evioll
in advance are peculiar in the sense that theyoperbetter than regular ones with almost identags.
After neutralizing this “schooling ability” effect find that anticipating pupils present severegiees in test
scores. Findings have policy implications for p#senvhich struggle with the question of whetherythe
should send their children to school as soon ag dine eligible, and for governments, which can gean

cutoff birth date for first enrollment into school.
Keywords Age at school entry, primary school, Normalized sesres.

JEL codes:I20, H52.
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2.1 Introduction

In the past, child development researchers hawm @tgued that children’s “readiness” for schodrns
important factor that determines school successvener, there is a considerable debate in the refsear
community regarding how school readiness can besuned. In the absence of any consensus, researchers
have traditionally used chronological age as theddrd to evaluate it. There are two dominant viats
surrounding the entrance age debate. On the ond basic human capital theory suggests that childre
should start formal learning as soon as possibkeetrlier children enroll at school, the soonelthegin
accumulating skills (Bedard and Duhey, 2012). Meegp some authors suggest that young children are
more receptive for learning than older ones antbelthat school provides the nurturing environnteat
helps to promote children’s learning and developmébatar, 2006). On the other hand, child
developmentalists have stressed that age and hoamtal could be complement so that young children
might not be mature enough to learn complex madteridhe school environment (Mayer and Knutson,
1999). In other words, children need G&t of Timeand general out-of-school experience to be able to
better perform in school. As a consequence, engpli pupil before he/she is ready for the rigofoofal
education may turn out to be less productive thaitimg until he/she is more mature. The schoolate
age also has an impact on lifetime earnings. lddiais who start school in advance enter the lalkzoket
earlier, and can collect the returns of their hurepital investments over a longer time horizoredfiksson
andOckert, 2006). Conversely, children entering thetabarket one year later could be more likely toeha
the necessary skills and maturity to succeed imacand therefore to learn more in each gradehis t
perspective, postponing school entrance impliegebskills, which may provide higher wages (Eldad a
Lubotsky, 2009).

The identification of the effect of age at schoalrg is not an easy task. The main reason is thegnal
decisions to delay or expedite their child’'s scheriry are almost certainly related to both houkEh@nd
pupils’ characteristics which can simultaneouslfeetf schooling outcomes through several channeéls. |
follows that the evaluation of the causal effeta(iy) of entry age on schooling outcomes, i.e,gresence
of aGift of Timeis particularly problematic because of the presasfopotentiaFamily Gift shaping pupils’
cognitive and schooling ability.

Having these caveats in mind, in this work | adsitee following research questions:

1) Do younger entrants achieve lower test scorespaced to older entrants, i.e., does exishith of
Time?

2) Is the evaluation of the achievement gap bidsedinobservable characteristics, i.e., does exist a
Family Gift?

3) Do these differences in achievement scoresgtelsiing primary school?

The identification of these points is achieved tiglwout a strategy designed to disentangle thentesdt
effect of early entry from possible unobserved oanfling factors affecting both enrollment and sdingo

outcomes.
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I deal with selection on unobservables bias by meaiha Regression Discontinuity Design so that
exogenous age-thresholds are used to compare pugiisalmost identical age but different educationa
choices. The empirical analysis is carried out ata@ontaining the universe of students who atpeimdary
school in Italy. Measures concerning pupils’ parfance are based on Normalized National Tests Sicore
Mathematics and Reading implemented by the Natidnatitute for the Educational Evaluation of
Instruction and Training (INVALSI). Results suggésat students who enroll in advance perform weinae
regular ones. | point out that a severe distoritiothe evaluation of the true effect of early erdrnses when
neglecting unobserved characteristics driving thyeschool decision. Since pupils in advance tente
selected according to their schooling ability, teal impact of early entry on schooling performamnse
underestimated. After | get rid of selection biand that anticipating pupils perform substarigialvorse
than regular ones. This effect proves to be pdaityuscarring since it lasts for the entire pathpdmary
education.

The chapter proceeds as follow. The next Sectioniges a review of the main recent studies. Se@&ion
describes how the research adds to the existimmgiitre and gives an intuition of my identificatistnategy.
Section 4 highlights data source and variables usettie analysis. Section 5 presents the derivatibn
empirical strategy while Section 6 discusses thanmesults as well as several robustness and ita8on

exercises. Some concluding remarks are addressssttion 7.

2.2 Literature Review

Since the ‘80s several studies have exploited #reation in school entry age to identify its effexnt
educational performance showing that there is add@ntage to early entry (Maddux, 1983; Uphoff and
Gilmore, 1985).

Typically, the outcome variable examined in therbture is children’s achievement test scores én th
primary grades. Most of studies focuses on withisdg comparisons of performance of older and yaunge
school entrants who differ in birth dates withire tyear (for a review see Stipek, 2003). The eviddmm
this literature suggests that youngest students lwaver test scores compared to oldest studernteisame
grade (Sweetland and De Simone, 1987; Jones andiévidle, 1990; Sharp, 1995; Strgm, 2004; Datar,
2006; Elder and Lubotsky, 2009; McEwan and Sha@fif)8; Crawford et al., 2010; Ponzo and Scoppa,
2014) and are more likely to repeat a grade (Edaher Lubotsky, 2009; McEwan and Shapiro, 2008). Only
few studies provide evidence that youngest studactigeve higher test scores than oldest ones (leeve
al., 2010; Robertson, 2011). Economists have disovis interest in the effects of age at school start
educational attainments and wages. This literapwovides mixed results. Some studies find that rolde
entrants attain slightly less education (Angrisd &nueger, 1991, 1992; Fertig and Kluve, 2005; Doldad

! Although the interest in this subject has growrtsithe ‘80s, a first contribution dates from taelye‘30s, when the SUMMIT
New Jersey school system was interested in detargnimhich students to admit into first grade. Tdphanswer to this question,
Bigelow (1934) studied the achievement of 127 fogrdders in the school system finding that childndr were older when they
began first grade were less likely to repeat ornthefirst three grades and also tended to scgteehion the achievement test.
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Ferreira, 2010) and lower labor market outcomegy(ish and Krueger, 1991). In contrast, Fredriksand
Ockert (2006) and Kawaguchi (2011) find evidenceupport of higher educational attainment and wages
for students who enter school at an older age. dd®tive association between these variables is als
provided by Bedarh and Duhey (2012).

Instead of discussing in details this impressivéeniterature, a schematic summary is providedahl&s
1 and 2. In these tables, | pose focus on theteffieage on the evaluated outcome variables. Maedv
emphasize methods of analysis and results. | rethatkmost of these studies use quarter of birttegal
entry age as instruments to deal with the endogerssiue. This approach has been recently criticizg
Barua and Lang (2009) who show that the quartdsirdfi and the legal entry age instrument give ldase
estimates of the policy-relevant local average ttmeat effect (LATE) because of the failure of the
monotonicity assumption. These authors proposenstnuiment that satisfies the monotonicity assumptio
and gives a consistent estimates of the policyegleLATE showing that the effect of school entgean
educational attainment appears to be very clogernm. As things stand, evidence of the entry afgcebn

schooling outcomes appear to be far from being defihed.

2.3 Insights and Identification Procedure

The research follows the recent attempts of Cradviral. (2010) and Dobkin and Ferreira (2010) to
provide estimates not derived by instrumental \de techniques. | present an original empiricatpdure
designed to disentangle the treatment effect (lgagimered the primary school in advance) from fobessi
unobserved confounding factors affecting enrollngatisions as well as schooling outcomes.

The Italian normative setting regulating accesprimary education allows to address this poiniidia
primary schools usually start in September. In\eemgjiyear (say yedj all pupils who are 6 years old and
those who will be 6 years old by December 3tigststart school in September. Then, the law gksanits
enrollment to pupils who will be aged 6 by ApriltBOn t+1. Crucially, this is only an opportunity (it is not
mandatory) and it is apparent that self-selectioio ischools may be related to potentially unobskrve
characteristics. At this stage, it is importantréoark that also part of the pupils who are agex t6are
affected by a selection problem. This is true Farse who became 6 years old between January 1#aid
30th in yeart since these are pupils whose parents decidedons¢rid them at school in advancet-ih
Therefore, among scholars in the same class, boketaged 6 between May 1st and December 31shin ye
do not suffer from self-selection into education.

This institutional setup implies that the effectsmiooling outcomes of anticipating the entry agena
year cannot be estimated by comparing scores afspwpo turned 6 in the first and in the fourth gea of
yeart, i.e. using quarter of birth and instrumental ables technique, since the former suffer from sielec
problems. In my case, the non-selected group amfaupils with only seven months of age differermed
this source of variation could be not sufficientassess the effect of entering school one yearegarl

especially in the case in which the age-relatedalties are particularly important between pupilghwi
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almost one year of age difference. In other womdsmy case an IV estimation of the entry age effect
obtained using quarter of birth as an instrumemt&ctual age on a seven-month period may be very
uninformative about the effect of entering schobilayear earlier.

To overcome this problem, my strategy proceedslésafs.

Consider pupils who started schooltiand will be aged 6 in April of yea#1. In order to compare their
schooling outcome with that of their classmates Wwboame 6 years old in May ban Average Treatment
on the Treated (ATT) estimation procedure may bglémented. The ATT estimator gives a paramgtes
which provides an estimate of the effect on scimgobutcomes of entering school 1 year and 1 month
earlier. However, while the group of older pupilsed not suffer from any enrollment selection, il
advance are selected according to their parentsiceh Therefore, the Conditional Independence
Assumption (CIA) required to obtain unbiased ATTimaates is likely to fail and, consequently, the

estimated parameter is potentially biased since:

ﬂ*ATT = ﬂ* + i D
— —
unbiasftect of early entry on scores  effect afhserved confunders on scores

Notwithstanding, from eq. (1) it appears that thebiased parameter of early entry on pupil's
performancef{) can still be evaluated. This requires that theatfof unobserved components on test scores
(5" is firstly estimated and then expunged frBmy+. | estimates” by relying on a Regression Discontinuity
Design (RDD) which evaluates difference in scorepupils aged 6 in December of ydawith respect to
those aged 6 in January of ydafl. As far as one month age difference on schooliedopmance is
negligible, differences in test scores betweenethes groups of pupils should only reflect unobserv
heterogeneity related to selection issues. Follgwitiis strategy | can firstly estimate the mearecffof
unobserved confounders on test score. Then, | caluae the effect of entering primary school oeary

earlier on test scores usifigrr andg”.

2.4 Data and Descriptive Statistics

Data used in this work have been collected by W\ALSI, which yearly assesses students’ knowledge
in Reading (ltalian Language) and Mathematics thhailne National Service for the Evaluation of Ediora
and Training (SNV) Tests are administered in the primary school ¢&ra and 5), in the lower secondary
school (Grade 6 and 8), and in the upper secorstdnyol (Grade 10).

2 Reading test is divided into three main sectiondRdading comprehension of a narrative text, 2) Repdomprehension of
expository text, and 3) Grammatical knowledge dkitlss Mathematics test is divided into four ared$:Numbers, 2) Space and
figures, 3) Data and forecasts, 4) Relations andtfoms. At the 2nd grade of primary school, thehsaest is limited to the first
three areas.

55



For the purpose of the present study, | employ dimimary education — both the 2nd and the Stugr
— of the school year 2011/20°12 use information on about 500,000 pupils.

Data set of the INVALSI contains NormaliZests scores in Reading and Mathematics. On tdpabf
useful data on personal, family and schooling bemkgd of students, gender, date and country of laft
pupils, country of birth, occupational status anduaational level of their parents and territorial
characteristics are provided. This rich data seegime the opportunity of controlling for many relat
observable characteristics which have not beenidems in recent studies on the field. Among others
Crawford et al. (2010) realize the limits imposeyg ibformation contained in their available data. set
Moreover, since INVALSI identifies each year a n@mbf schools where the test is done in the presefc
an external observer, it is possible to control thee phenomenon of cheating. All variables usedhin
analysis are described in Table 3.

Rather than focusing on descriptive statistics lbfvariables, | prefer to report mean and standard
deviation of the dependent variables used in thalyais — Normalized test scores in Reading and
Mathematics — by date of birth and by parental gemknd. In Table 4 (Column I), at the 2nd gradedtis
an advantage for pupils enrolled in advance congpaith regular students only in Mathematics testrss.
This gap does not fade away during school. Conegritanguage test scores, advanced pupils appear to
perform as good as regular ones. Interestinglysiifiit the group of regular pupils in order to amgle those
who could enroll in advance but have decided toleregularly (i.e. those aged 6 in the first fononths of
yeart), | detect some additional insights. In particularColumn 1l of Table 4 regulars appear to hawedr
Mathematics test scores than both the oldest angdhngest pupils. For Reading, regulars performsao
than older pupils only. This preliminary evidenegjich requires further investigations, shows thaew
dealing with Mathematics tests both the age andsébection effect could be present, while for Regdi
skills age proves to be more important than selacti

Turning to family background, in Table 5 and Tableve can observe that pupils with more educated
parents have a higher score than those with lowagdd parents: mean test score increases with teahada
qualifications of both father and mother. Mean scgap reaches approximately 10 points considering
students with parents who have a high level of atioic with respect to those who have parents witwa
level of education. Some difference also arisessscpupils from families that are heterogeneousrims of
income. Students in low-income families perform sethan students in medium- and high-income ones.
This is possibly due to a better cultural environméor children in non-disadvantaged environments

providing them ample opportunities to develop tlegnitive and language skills.

3 Norms regulating early school entry discusseddatiBn 3 have been introduced in 2006 by the ded&ioroni reform. As a
consequence, children in grades higher than thedthot be used for my analysis since they stantdary school before 2006.
For pupils who attend the 2nd grade in 2011/204&,law concerning their first school enrollmenthg Ministerial Circular n.
4/2010: School enrollment for school year 2010/2@dr pupils who attend the 5th grade in 2011/2@&,law concerning their
first school enroliment is the Ministerial Circular74/2006: School enrollment for school year 22008.

4 Normalized scores are computed by INVALSI starfirmgn raw scores gain by students taking the tegtcaalculating them on
a range from 0 to 100.
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2.5 The Empirical Framework

To examine the effect on schooling performancena gear difference in age at school entry, | digrt
estimating the Average Treatment effect on the tEe4ATT). In the presence of potential selection o
observablesthe ATT can be consistently estimated by runr@igs on a sample of pupils who started
school in yeart and become 6 years old in either May of year April of yeart+1 according to the
following framework which includes variables thaaynpotentially affect the outcome as well as trestim

participation:

Yics = a + fAQEes + yStudGes + 0SchoolGs +  (2)
+ yParentsGs + 6GeographicGes + &ics

In eq. (2)Y is performance measured by Normalized test sgoreither Reading or Mathematics of
studenti in the classc in the schools; StudG SchoolG ParentsC, Geographic@re vectors of student,
school, parent’'s socioeconomic background and ggbde characteristics respectively, as definedahl@
3, which for the sake of simplicity from now on bk indicated all together ase is the error termAgeis a
variable taking the value 1 for pupils aged 6 irriApf yeart+1 and 0 otherwise. The estimated paramgter

associated to this variable gives us the treateiéadt i.e.:
P arr = ElYidZos AQees = 1] — E[Yics|zs, Agees = 0] (3)
However, in the presence of selectionumobservablethe ATT estimators is given by:
E[Yics|Zcs, AQ&es = 1] — E[Yics|zs, Agess= 0] = f + (Selection Effedt  (4)

wheref’ indicates the unbiased estimatodah eq. (2). To obtain unbiased estimates of thatiment on

schooling outcomes, the selection effect shoulditberentiated out frorm?*ATT, i.e.:
f = farr — Selection Effegt (5)

Albeit the approach contained in eq. (5) groundsaariear-cut identification procedure, its applicat
requires a non trivial evaluation of the selectigfect. In my case | can consistently estimate the select
effect using a RDD approach. The idea is as folldwsart by evaluating scores along pupils’ moottiirth
and | investigate whether any discontinuity arige¢he threshold imposed by the Italian normatiettirsy
for mandatory school entrance. The cutoff poinpased between children who will be 6 years old in
December of yeat and those who will be aged 6 in January of yedr The main assumption is that
whether a child is born in December or in Januargampletely random. Then, the only differenceirgis
between these two groups is that those born inalgrhave been selected by their family to be eadodt
school. In this way, it is possible to assess ffextof selection on schooling outcomes and tleevialuate

the pure effect of early schooling through eq. (&), | can identifys".

® For a complete discussion, see Cameron and Tr{2665), p. 845.
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2.6 Findings
2.6.1 Main Results

In Table 7 | start by presenting preliminary OLSireates of eq. (2) using all pupils in each grade.
Coefficients associated to controlling variables significant, going in the expected direction &magoid to
present long comments on quite standard resultshigncase regressor of main interestSsudents in
Advance”which in this case is a dummy variable takingvhkie 1 for pupils who were 6 years old between
January 1st and April 30th in yetrl and O for all others who were 6 during yéamhe former get on
average, a score of 2.043 points less than regtldents in Reading and 1.862 points less in Madiemat
the 2nd grade. At the 5th grade, the gap reduc&s84? points less in Reading and -0.901 point iess
Mathematics. As amply discussed, | cannot giveaausal interpretation on these results. To makestape
further, | start by estimating the ATT using onlgample of pupils who were 6 years old in May cdnte
and those who were aged 6 in April of yéat. In this case, the interest is on the effect af gaar early
school entry on test scores. | use a PropensityeSktatching Method which allows to control for all
observed variables that are likely to affect treatment. The ATT is evaluated using the nearesgfioei
matching estimatofs| repeat this procedure for Reading and Mathersatist scores and for both the 2nd
and the 5th grade and the results are reportedcaliieT8. Interestingly, all coefficients confirm piaus
findings, that is, the presence of a significamady for pupils who entered primary school oneryeslier.
Results are robust and obtained using about 2mbB8érvations for each specification.

As | have discussed, the interpretation of ghgr parameter must be very cautious since, albeitisiee
of propensity score implies that selection on olegles is not present in my data, potential uncteskr
factors may drive pupils into the treatment. Thesebserved components can affect test scores sbdba
not have an identification of th@ift of Timeeffect. IndeedFamily Gift may affect cognitive schooling
ability as well as early enrollment decisions leadio a biased estimation of the early school egitigct. To
tackle the issue of selection on unobservablespthe RDD strategy.

Figure 1, 2, 3 and 4 contain a graphical illustratof the RDD estimates for Reading and Mathematics
test scores at the 2nd and at the 5th grade resggct

Estimates of the selection effeptpp) are provided in Table 9. As it appears in alufes, a significant
effect arises around the threshold highlightingoaitive selection effect. The results are confirmed fér al
grades and for both Mathematics and Reading tesescin addition, albeit | report results arisingm a
single bandwidth, | remark that the dimension of saynple size is such that different bandwidthdikety
to generate almost identical outcomes. This findinghich is robust at 1% significance level as regggbin
Table 9 — highlights that in Italy those childrelhavanticipate schooling enroliment are actuallyedént
with respect to the average of their regular paads in particular, they appear to be selectecherbasis of
characteristics which positively affect schoolingammes. In other words anticipating pupils berfedimn a

positiveFamily Gift

5 Estimates of the propensity score are availalmfthe author. | remark that different matchinggedures (Kernel - different
types - and Stratification) yield almost identipaint esimates for the ATT.
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| can now turn attention to the presence of@iie of Timeeffect. Table 10 contains differences between
S arr andf rop coefficients providing unbiased estimates of scingoberformance of pupils anticipating of
one year school entry.

| detect severe penalty for anticipating pupils eishivould be underestimated if the selection biasewe
not considered. Penalties are present in both Rgadid Mathematics and persist during the entiragry

education path.

2.6.2 Can the Gift of Time Redeem the Family Gift?

In this Section | present an empirical exercisefutther inspect the presence oGt of Time Consider
an RDD design where pupils aged 6 in January of i&h are compared with those born in November-
December of yeat. In this case, | am constructing a comparison gratich includes pupils older than
those used in my previous RDD since in this cadg trose born in December were considered. This
approach — based on the assumption that the métintlo is random — yields the possibility of ingtieg
whether pupils that are on average two month dlikem the “selected ones” are able to close theesgayp.
This procedure can be repeated by keeping fixedréated group (pupils in advance born in Jantaty
and comparing them with pupils aged 6 in the pe@atbber-December of ye#rin the period September-
December, and so on. In this way | can check@ifh of Timeactually exists since, in this case, | should
observe that the RDD parameters are decreasiig iavierage age of the control group.

Estimates are reported in Table 11 and a grapiiigsiration is also provided in Figures 5-8. Tlesults
go in the expected direction. When pupils get gltreey perform better in test scores compared piithils
in advance since the gap between selected andeotestlis decreasing in age. Interestingly, if |ssder
Reading test scores for pupils at the second dfédare 5) age proves to be particularly importinte the
selection effect disappears after 6 months andvatad-point” arises: the selection effect becomegative,
highlighting that at the 2nd grade reading skilte particularly sensitive to th&ift of Time The same
decreasing path arises for Mathematics at the slegmade (Figure 6). However, albeit decreasinghis
case the selection effect remains positive andsstatly significant highlighting that when mathetical
reasoning and logical-skills are required diffeenbetween selected pupils and the average papulati
cannot be completely redeemed by @ié& of Time The same is true for both Reading and Mathematics
scores at the 5th grade (Figure 7 and 8 respegliv@lerall, the results show thatGift of Timeactually
exists since selection becomes less important ageg In addition, thEamily Gift appear to be important

and long-lasting during primary school.
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2.6.3 Robustness Check and Falsification Exercises

In this Section | present a robustness and a ifa$idn exercise to check the reliability of RDD
estimation of the selection effect. The idea ipresent an alternative identification strategy Whi based
on entry-age provincial variation arising for pwpdt the 5th grade. In this case, | can providessimation
of the selection effect which relies on a veryeliéint construction of treated and control groupselsas an
alternative estimation procedure. Finally, a fadsifion test is also discussed.

An alternative identification procedure can be ¢armded since the lItalian legislation allows for
autonomous setting of school entry-age in the picad of Trento and Bolzano who are recognized by th
Italian Constitutional Law as two Special and Autoyous Provinces. The provincial legislation in Teen
and Bolzano can depart from the National Law byirsgtdifferent threshold for mandatory schooling. |
2006, the province of Trento has fixed mandatohosting for those children who become 6 years ¢ld b
August 31st of the year in which school startgyvaithg for optional enrollment of pupils who reach the age
of 6 in the period September 1st - December 31H.(k/2006). It is then possible to use this proigin
variation to build up an alternative identificatistrategy of the selection effect. In particulaah compare
selected pupils resident in the province of Tramith all other pupils in Italy who must start schdaged 6
between September and December 200fore precisely, | am interested in a sort of efiéince-in-
differences estimator whose intuition is graphicgtovided in Figure 9. In this figure | draw a atge
relation between test scores and month of birth ameégative gap between pupils from Trento andethos
from the rest of Italy. From this graph it is easygather that in order to estimate the selecti@eceon test
scores some steps are required. In particulagd e evaluate) the difference in test scores between pupils
born in the period January 1st - August 31st redide Trento and those born in the same period aigo
resident in the rest of Italy) the difference in test scores between pupils bothe period September 1st -
December 31st resident in Trento and those bothersame period who are resident in the rest bf, lig
the difference between these two differences.

Whether a selection effect is present | shouldadete improvement in test score performance foilpup
resident in Trento aged 6 from September 2007 reispect to the performance of the Trento pupilsl&e
before September 2007 when compared with theirspfem the rest of Italy. In this way | have an
alternative estimate of tkeamily Effect

In addition, this identification strategy can bepgarted by a placebo test implemented by using the
Autonomous Province of Bolzano. Indeed, in 2006 ghevincial law fixing entry-age did not depart rino
the national legislation (L.P. 40/2006) hence thesrope for a falsification exercise.

Table 12 contains the results. The OLS estimatop$ied to the 5th grade pupils resident in the FProey
of Trento for both Reading and Mathematics confiine presence of a positive selection effect. |a taise,

pupils in advance perform better in terms of tesras with respect to the performance of all chitdin the

" Pupils attending the 5th grade in 2011/2012 arelied at first grade in 2007/2008. For this selstt year, in Trento the law
in force regulating the access to primary schothésL.P. 5/2006.
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same province. Interestingly, if | replicate thepémcal exercise using pupils born between Septenikse

and December 31st in the province of Bolzano, hdbdetect any significant parameter.

2.6.4 A further Robustness: The Role of Cheating

In this last Section | address concerns that mese drecause of possible unfair behavior adoptem fro
both students and teachers when tests have beenitmab Indeed, while the INVALSI tests pupils
performance, a target of the analysis is teachmraluation. Consequently, it could be reasonablhitdk
they could help their students when doing tests almv them to suggest each other correct ansviers,
order to achieve a better evaluation for the erdisssroom. This cheating behavior could inducesseyv
distortions in results casting some doubts on¢liability of my study.

To tackle the issue, | replicate previous analysisg only a particular subsample of schools fratad
known assample schoolsThese are schools who have been selected byNket& undertake the entire
testing procedure in the presence of an exterr@rsisor. Estimates of th€rr and/ rop are reported in
Table 13.

It is important to remark that albeit | have dreally reduced the sample size, my previous finding
widely confirmed, showing a significant average gignfor anticipating school of one year of -4.@a8.0
points for Reading and Mathematics at the 2nd gaadieof -3.0 points for both Reading and Mathersaic
the 5th grade.

2.7 Concluding Remarks

In this chapter | examine the effect of age at stkatry on Italian Normalized test scores exphgjtthe
peculiar Italian normative setting. Unlike otheudits, | deal with selection on unobservable bineding
the potential selection bias comparing pupils vehould start school in year and pupils who have the
opportunityto start school in that year. Through this strategm able to estimate unbiased effect of starting
primary school one year earlier on test scoresoVige results which are consistent with most eféixisting
literature, i.e., the youngest children in a classn have scores lower than their older classmdtks.
unbiased effect of early schooling on test scasasepative both in Reading and in Mathematics amade
interestingly, it tends to persist during primaghsol. This evidence is not based on instrumerdahiles
techniques whose robustness has been heavily guedtin the literature. | point out that a sevastodtion
in the evaluation of early entry arises when ndgigahe effect of unobserved characteristics dgwchool
entry decisions. In particular, in the presenca pbsitiveFamily Giftleading best pupils to enter school in
advance, the penalty imposed by early school ésitsybstantially underestimated.

The question concerning at which age a child shetddt school is a controversial topic in education

policy. Governments could change cutoff birth datefirst enrollment into school, weighting penadiof
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being younger at school entry against the costpdoents in terms of child care and delayed engrémthe
labor market. My work contributes to this debateipg a word of warning on the magnitude of thel gjap
and on its persistence during the entire primanycation track. Further researches should be devoted

understand if this gap is actually bridged in tegl run.
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Appendix of Tables and Figures

Table 1 — Literature Review by Author, Outcome Varables, Method and Results

Author

Age variable

Outcome variable

Method

Results

Angrist and Krueger (1991)

Season of birth

Schaptind earnings

OoLS
2SLS: Quarter of birth as an instrument for edacati

Children born in the first quarter of the year hawaightly lower
average level of education than children born letéhne year; students
who are compelled to attend school longer by cosgyischooling laws
(the youngest) earn higher wages as a result ofékia schooling.

Angrist and Krueger (1992)

Age at school entry

Edional attainment

2SLS: Quarter of birth as atrimsent for entry age

Older entrants tend to aglghtly less education.

Spitzer et al. (1995)

Age at school entry

Sociakatance, self-perceptions
and competences

Correlational analyses
Chi square analyses
Analyses of variance (ANOVA)

Few differences related to school entrance ageh&za’ ratings and peey
nominations generally describe initial social peshs for the youngest
children which are overcome by first grade. No dgiin language and
math skills for younger children.

Stipek and Byler (2001)

Age at kindergarten entr

y hil@@en’s academic achievement,
social skills, academic engagemen
relationship with teachers, and sel
ratings of academic skill

Analyses of variance (ANOVA)
t,Analyses of covariance (ANCOVA)

Children who enter kindergarten relatively younigiatly perform less
well than their older peers, but this disadvantigappear within a few
years of elementary school. No evidence for agentiy effects on
teachers’ ratings of children’s social skills, ege@ent in academic
tasks, or their relationship with teachers.

Strgm (2004)

Enroliment age

Achievement testsadlirg

oLs

Students born late in the calendar year achievefisigntly lower test
scores in reading compared to their oldest classsn@he disadvantage
from being the youngest is highest for childrerhwilatively large
home and parental resources.

Fertig and Kluve (2005)

a) Age at school entry
b) Being deferred, i.e.
enrolling at age 7 versus
enrolling at age 6

Schooling degree and probability g
repeating a grade

f a) linear probability
b) matching models
c) 2SLS: Age at school entry according to the
regulation as an instrument for actual age at dchoo
entry

a) e b) an older age at school entry is associsithda higher probability|
to repeat a class, a lower probability to receihéga schooling degree in
West Germany, and a) a higher probability to at@ifow schooling
degree or less in the Eastern part of the couhjri}o difference for Eas
Germany; c) no effect of age at school entry orcational performance

Sandgren and Strgm (2005)

Age composition within
classroom

Tests in reading and math

OLS

Being in a class with older peers increases achienéin mathematics,
but not in reading. Peer age effect is higherlerlate born children than
for the early born. Moreover, this peer age effeand in mathematics
seems to be most prevalent among the studentdomitbducated
parents.

Datar (2006)

Age at school entry

Math and readasty $cores

2SLS, two instruments for entrance age:
(i) Number of days between a child’8 Birthday and
the school’s cutoff date, and (ii) State’s kindetga
entrance cutoff date

1-year delay in kindergarten entrance is associaittda significant
increase in math and reading test scores at kindergentry. This initial
advantage increases by half a point in math ant fogint in reading
during the first 2 years in school.

Fredriksson and Ockert (2006)

Age at school entry

dudation and labour market
outcomes

2SLS: Expected age at school entry as an instrume|
for actual school starting age

t Children who start school at an older age do bettechool and go on tg

have more education than their younger peers. digeun earnings
effects are positive but small. However, sincetistaischool later entails
the opportunity cost of entering the labour matégtr, the net earnings
effect over the entire life-cycle is negative.

Elder and Lubotsky (2008)

Age at school entry

Bestres; probability of repeatin
kindergarten, $or 2 grade

y OLS
2SLS: Predicted entrance age as an instrument for
actual entrance age

Being a year older at the beginning of kindergarastuces the
probability of repeating kindergarten, first, ocerd grade in primary
school. They also find differences in reading aradimtest scores, but ag
children progress through school, achievement bapseen older and
younger children tend to fade away. The entraneeeffgct is larger and
more persistent among children from higher socineouc status
families. Having older classmates tends to raiadirgy and math
achievement but also increases the probabilitieséating a grade.

McEwan and Shapiro (2008)

Delayed school enrollm

erifest scores, probability of repeatin
first grade

goLS
2SLS: Birth dates as instruments for first grade

enrollment age

One-year delay decreases the probability of repgditist grade, and
increases fourth and eighth grade test scores.
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Author

Age variable

Outcome variable

Method

Results

Barua and Lang (2009)

Age at school entry

Educatiattainment

2SLS: Effect of requiring a childetater school in the
year she turns six when she would otherwise have
entered a year earlier as an instrument for agetedol
entry

The effect of school entry age on educational ratteint is very close to
zero.

Bauer and Riphahn (2009)

Age at school entry

Piiibathat children attend high
level secondary schooling given
their parents’ educational
background

Multinomial logit models

Early school entry redu@sghicational mobility.

Martin (2009)

Age within cohort, grade
retention, and delayed
school entry

Motivation, engagement, and
performance

Structural equation models

Older-for-cohort studemd delayed-entry students experience som
academic disadvantage in motivation, engagemedtpariormance.
The effects of grade retention are consistenthatieg.

Suggate (2009)

Age at school entry

Reading achiexésn

Hierarchical linear regression models

No §icanit association.

Crawford et al. (2010)

Month of birth

Achievemeestt scores

Regression discontinuity approach

Yauwtgklren perform, on average, significantly wors@ational
achievement tests than the older peers.

Dobkin and Ferreira (2010)

Age at school entry

BEdiooal attainment and labour
market outcomes

Regression discontinuity approach

School entry imesease educational attainment of students whker en
school early, but also lower their academic pertorag while in school.
No evidence that the age at which children enteoalceffects job
market outcomes.

Leuven et al. (2010) Age at school entry Languagkraath scores oLS One additional month of time in school increasegleage and math
scores of disadvantaged pupils while for non-disataged pupils there
are no effects.

Kawaguchi (2011) Age at school entry Test scoréscational attainment,| OLS Older children in a school cohort obtain highet seores and more

and labour market outcomes education years than their younger peers. Thigrdifice in academic
outcomes seem to turn into higher annual earningsg males.

Robertson (2011) Age at school entry Reading artt teat scores, grade OLS Older students appear to do worse on standardizgsl $cores than thei

retention

2SLS: Quarter of birth as an instrument for age at
school entry

younger peers for the 3rd and 8th grades, wheheas &re no age
effects in the 5th grade (OLS).

The oldest students achieve higher results on araireading tests, as
well as have lower grade retention (2SLS).

Bedard and Duhey (2012)

Age at school entry

Adalges

OLS

One-month increase in the minimum school entryingeases wages.

Ponzo and Scoppa (2014)

Age at school entry

Tesesdn reading, math and
science

2SLS: the “expected age” as an instrument for the
student’s actual age.

The expected age is the age a student shoud hate
basis of his/her month of birth and of the estéieiis
cut-off date.

Younger children score substantially lower tharrtbiler peers at the
fourth, the eighth and the tenth grade.
nThe advantage of older students does not dissisatieey grow older.
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Table 2 — Literature Review by Author, Outcome Varables, Method and Results in Term of Best Performer

Author Outcome variable Method Best performers
Test scores Educational Labor market Other OoLS 2SLS Other Youngest Oldest
attainment outcomes

Angrist and Krueger (1991) ] u ] ] u

Angrist and Krueger (1992) ] ] u

Spitzer et al. (1995) [ ] [ ]

(Social acceptance, (Correlational analyses
self-perceptions and competences) Chi square analyses;
Analyses of variance)

Stipek and Byler (2001) [ ] [ ] [
(Children achievement, social (Analyses of variance; (Gap disappear
skills, academic engagement, Analyses of covariance within a few years
relationship with teachers, and of primary school)
self ratings of academic skill)

Stram (2004) u ] u

Sandgren and Strgm (2005) [ [ ] [

(Peer age effect)

Fertig and Kluve (2005) [ ] [ ] [ ] [ ] [

(Schooling degree) (Probability of repeating a grade (Linear probability;
Matching models)

Datar (2006) u [ u

Fredriksson and Ockert (2006 n n n n n

Elder and Lubotsky (2008) u [ ] [ ] [ ] u

(Probability of repeating a grade (Gap fade away
through school)

McEwan and Shapiro (2008) u u [ ] [ ] u

(Probability of repeating a grade
Barua and Lang (2009) ] ]
Bauer and Riphahn (2009) [ ] [
(Probability of (Multinomial
attending high level logit models)
secondary school)

Martin (2009) u u u
(Motivation and performance) (Structural eq. models)

Suggate (2009) [ [

(Hierarchical linear
regression models)
Crawford et al. (2010) [ [ [
(RDD)
Dobkin and Ferreira (2010) [ ] [ [ [
(RDD) (Educational
attainment)
Leuven et al. (2010) [ [ ] [
(For disadvantaged
pupils)
Kawaguchi (2011) u ] u ] u
Robertson (2011) u [ ] [ ] [ ] u u
(Grade retention) (OLS) (2SLS)
Bedard and Duhey (2012) u ] u
Ponzo and Scoppa (2014) u ] u
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Table 3 — Description of Variables

DEPENDENT VARIABLES:

Description

Normalized test scores in Reading and Mathematics

Continuous variable
(scale from 0 to 100)

REGRESSORS:
Group

Dimensions

Description

Dummy variables

Student characteristics

Date of birth (Year)

Dummy variable

Yea(Delayed students)
Year (Regular students)
Year., (Students “In advance”)

Date of birth (Four months)

Dummy variable

' Hour months (January-April) (Students not enrolled “In advance”)
2" Four months (May-August) (Regular students)
3 Four months (September-Decembe(iRegular students)
1°' Four months (January-Apkil) (Students “In advance”)

Gender Dummy variable Male
Female
Country of birth Dummy variable Italy

Foreign Country

Pre-school attendance

Dummy variable

Daycare (yes/no)
Kindergarten (yes/no)

School characteristics

School size

Discrete variable

Class size

Discrete variable

Index of Sample school

Dummy variable

Sample school
School no sample

School weekly hours

Dummy variable

Up to 30 hours
From 31 to 39 hours
40 hours

Parents’ background

Father's/Mother’s country of birth

Dummy variable

Italy
Foreign Country

Father's/Mother’s educational qualification

Dummy variable

‘Low’ if educational qualificatiorae: primary school certificate, lower secondatyosd certificate,
vocational secondary school diploma (3 years afygtu
‘Medium’ if educational qualifications are: uppeecendary school diploma, another gqualificati
higher than diploma (Fine Arts Academy, Conserwatetc.)
‘High’ if educational qualifications are: univergitlegree or postgraduate qualification

Father's/Mother's employment status

Dummy variable

Unemployed

Homemaker

‘Low’ if employment statuses are: Laborer, servipessonnel, member of cooperatives
‘Medium’ if employment statuses are: Self-employedrker (trader, farmer, craftsman, mechar
etc.); Teacher, employee, military in career; Retiworker
‘High’ if employment statuses are: Entrepreneundtawner; Manager, university lecturer, office
Professional employee or freelancer (doctor, layysychologist, researcher, etc.)

ic,

]

Territorial characteristics

Macro-geographical area

Dummy variable

North
Centre
South and Islands

Regions

Dummy variable

Abruzzo, Basilicata, Calabria, Canmpa Emilia-Romagna, Friuli-Venezia Giulia, Lazibiguria,
Lombardia, Marche, Molise, Piemonte, Puglia, Sandedsicilia, Toscana, Umbria, Valle d'Aost
Veneto, Autonomous Province of Bolzano, AutonomBrsvince of Trento

o

Interactions

Interaction “Trento*Septemhbebecembal

Dummy variable

Autonomous Province of Trento*Sgats born between September and December of the yea

Interaction “Bolzano*Septemhdbecembal

Dummy variable

Autonomous Province of Bolzanoti®nts born between September and December oétte y
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Table 4 — Mean and Std. Dev. of test scores by Daigbirth Variables

Year, Year, 18 Four months, 2™ Four months 3" Four months, 1% Four months.;

(REGULAR (STUDENTS (STUDENTS NOT (REGULAR (REGULAR (STUDENTS
STUDENTS) IN ADVANCE) ENROLLED IN ADVANCE) STUDENTS) STUDENTS) IN ADVANCE)

Reading — 2nd Grade 72.65 72.74 74.25 73.18 71.12 72.74
(17.36) (18.10) (16.63) (17.26) (17.78) (18.10)

Reading — 5th Grade 79.49 79.79 80.10 79.84 78.73 79.79
(13.24) (13.28) (13.05) (13.12) (13.45) (13.27)

Maths — 2th Grade 64.64 66.63 66.23 65.32 62.95 66.63
(20.87) (22.14) (20.10) (20.81) (21.29) (22.14)

Maths — 5th Grade 58.32 60.12 58.93 58.88 57.33 60.12
(21.10) (21.80) (20.80) (21.09) (21.28) (21.80)

Table 5 — Mean and Std. Dev. of test scores by Faits background

Educational Qualification Employment status

Low Medium High Unemployed Homemaker Low Medium High

Reading — 2nd Gradg 70.01 75.02 77.94 68.17 68.02 69.84 74.28 75.81
" (17.93) (16.16) (15.26) (19.85) (17.90) (17.86) (16.60) (16.00)

Reading — 5th Gradd 77.15 81.64 84.17 74.20 76.65 77.11 80.65 82.36
(14.01) (11.83) (10.77) (15.95) (14.09) (14.00) (12.53) (11.65)

Maths — 2th Grade 62.17 67.02 69.88 62.07 58.37 61.86 66.30 67.63
(21.37) (20.00) (19.19) (23.37) (20.21) (21.23) (20.34) (19.89)

Maths — 5th Grade 55.44 61.01 64.64 53.65 54.11 55.14 59.94 61.87
(21.41) (20.40) (19.64) (22.86) (20.77) (21.36) (20.78) (20.23)

Table 6 — Mean and Std. Dev. of test scores by Mattis background

Educational Qualification Employment status

Low Medium High Unemployed Homemaker Low Medium High

Reading — 2nd Gradg 69.04 74.58 78.00 70.25 70.78 69.51 75.45 75.92
" (18.30) (16.13) (15.15) (18.37) (18.41) (17.26) (15.84) (15.82)

Reading — 5th Gradd 76.44 81.46 84.17 76.68 77.57 77.08 82.02 82.32
(14.32) (11.78) (10.68) (14.95) (14.45) (13.50) (11.52) (11.36)

Maths — 2th Grade 61.38 66.51 69.74 62.69 63.91 60.47 67.07 67.16
(21.69) (19.99) (19.14) (21.73) (22.03) (20.45) (19.67) (19.58)

Maths — 5th Grade 54.63 60.66 64.62 54.92 56.92 53.94 61.40 61.25
(21.55) (20.36) (19.59) (21.82) (22.09) (20.51) (20.09) (19.96)
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Table 7 — OLS estimates of the Effect of Year of Bh on Normalized Reading and Math Test Scores

Reading Mathematics

2nd Grade 5th Grade 2nd Grade 5th Grade
STUDENT CHARACTERISTICS
Date of birth (Year)
Year., (Students “In Advance”) -2.043%* -0.842%* -1.862%** -0.901***
Yeak., (Delayed Students) -3.887** -5.587*** -2.832%* -4.879%*
(Omitted Variable: Year Regular students)
Gender
Male -1.204%* -2.323%* 1.017%+* 2.285%*
(Omitted Variable: Female)
Country of birth
Italy 2.674*+* 2.036" 1.912%* 1.690**
(Omitted Variable: Foreign country)
Pre-school attendance
Daycare -0.319%* -0.452%** -0.294%** -0.680***
(Omitted Variable: No)
Kindergarten 2.821%+* 2.667** 2.842%+* 2.795%+*
(Omitted Variable: No)
SCHOOL CHARACTERISTICS
School size -0.002%** 0.005*** -0.0002 0.008***
Class size -0.021%* 0.036*** -0.107*** -0.024***
Index of sample school
Sample school -4.404%* -2.070%** -6.728%* -5.588***
(Omitted Variable: School no sample)
School weekly hours
From 31 to 39 hours -1.131%* 0.084 -0.982** -0.150
40 hours -1.108*** -0.757** -1.079%** -0.691*+*
(Omitted Variable: Up to 30 hours)
FAMILY BACKGROUND
Father’s country of birth
Italy 3.317%+* 2.089%** 2.661%+* 2.202%+*
(Omitted Variable: Foreign country)
Mother’s country of birth
Italy 2.558%+* 1.566%** 2.104%+* 1.783%*
(Omitted Variable: Foreign country)
Father’s educational qualification
Medium 2.590*+* 2.294x+* 2.722%+* 3.030*+*
High 3.876%** 3.289%* 4.332%** 4.802%**
(Omitted Variable: Low)
Mother’s educational qualification
Medium 3.327%+* 3.061%+* 3.322%+* 3.887*+*
High 5.407*** 4.452%* 5.340%** 6.198***
(Omitted Variable: Low)
Father’'s employment status
Unemployed -1.646%* -2.326*** -1.495%** -1.977%*
Homemaker -0.283 -1.087** -0.794 0.310
Medium employment status 1.006*** 0.779*** 0.976*** 1.171%**
High employment status 0.821*** 0.853*** 0.772%** 1.080***
(Omitted Variable: Low employment status)
Mother’s employment status
Unemployed -0.297* -0.529%** 0.030 -0.393*
Homemaker -0.333%** -0.427%** 0.190 0.498%***
Medium employment status 1.193*** 0.833*+* 1.694*** 2.220%**
High employment status 0.691*** 0.285%+* 0.938*** 0.856***
(Omitted Variable: Low employment status)
TERRITORIAL CHARACTERISTICS
Macro- geographical area
North -2.867** -0.308*** -8.000*** -4.761%*
Centre -2.023%** -0.210%** -5.627%* -3.949%*
(Omitted Variable: South and Islands)
Number of Obs 282.468 276.307 282.742 275.851

Notes:1) * p<0.1, ** p<0.05, *** p<0.01. 2) Coefficientare estimated with robust standard errors.
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Table 8 — Treatment Effect of Early Schooling on Ppil's Performance.
ATT nearest neighbor estimates
Reading Mathematics
2nd Grade | 5th Grade | 2nd Grade| 5th Grade

Treatment Effect farr) | -4.344%* | -2.313** | -2.962*** | -1.751***

Notes:1) * p<0.1, ** p<0.05, *** p<0.01. 2) ATT Nearesdteighbor uses the nearest-neighbor matching method.
3) Coefficients are estimated with bootstrap stashéaror. 4) Propensity scores include covariatés dable 7.

Table 9 — RDD Estimates of Early Schooling on Pup#l Performance
Reading Mathematics
2nd Grade | 5th Grade | 2nd Grade| 5th Grade

Treatment Effect frpp) | 2.286*** 1.693*** 4.470%** 3.157%+*

Notes:1) * p<0.1, ** p<0.05, *** p<0.01. 2) Kernel usettiangle. 3) Cutoff date: January

Table 10 — Consistent and unbiased Estimates of HarSchooling on Pupil’s Performance
Reading Mathematics
2nd Grade | 5th Grade| 2nd Grade| 5th Grade

Treatment Effect farr) | -4.344** | -2.313%* | -2.962** | -1.751***

Treatment Effect frpp) | 2.286*** 1.693*** 4.470%** 3.157%**

Unbiased Effect §) -6.630%** | -4.006*** | -7.432*** | -4.908***

Note: Consistent and unbiased effect is calculated frqn{s.

Table 11 — Treatment Effect (RDD) of Pupils Groupedy Months of Birth

Reading Mathematics
Cutoff date 2nd Grade | 5th Grade| 2nd Grade| 5th Grade
Cutoff between Deand Jap; 2.286*** 1.693*** 4.,470%** 3.157*%**

Cutoff between Nov-De@and Jap; | 2.477** 1.278*** 4,371%*=* 2.899%**

Cutoff between Oct-Deand Jap; 1.375%** 0.968*** 3.129*** 2.395%**

Cutoff between Sept-Dgand Jap; | 1.126*** 1.293*** 4,155%** 2.810***
Cutoff between Aug-Deand Jap, | 0.876*** 0.737** 2.533%** 2.037*%**

Cutoff between Jul-Deand Jap; 0.619*** 0.597*** 2.228** 1.833%**

Cutoff between Jun-Deand Jap; 0.368*** 0.441%** 1.927*** 1.623***

Cutoff between May-De@and Jap, 0.114 0.272%** 1.635*** 1.391%**

Cutoff between Apr-Deand Jap, - 0.183* - 1.288***

Cutoff between Mar-Deand Jap; - 0.116 1.250%** 1.211%*

Cutoff between Feb-Deand Jap; -0.343** 0.223 1.164%* | 1.179***

Cutoff between Jan-Deand Jap; -0.451*** 0.069 1.111%** 1.190***

Note: * p<0.1, ** p<0.05, *** p<0.01.
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Table 12 — OLS estimates for Autonomous Province dfrento and Bolzano

Reading Mathematics
5th Grade | 5th Grade | 5th Grade | 5th Grade
Trento Bolzano Trento Bolzano
(Treatment) | (Placebo) | (Treatment) | (Placebo)
Autonomous Province of either Trento or Bolzano -2.050*** -3.421%** -8.101*** -5.905***
Students born between September-December of the yea -1.487%* -1.493*** -2.147** -2.156***
Interaction: Students born between September-Decewibgzar times | -1.693*** -0.211 -2.893** -0.941
Province of either Trento or Bolzano
Number of Obs 276.304 276.304 275.850 275.85

Notes:1) * p<0.1, ** p<0.05, *** p<0.01. 2) Coefficientare estimated with robust standard errors.
3) Estimates include covariates as in Table 7, ggatdc controls include regions rather than maceas

Table 13 — Consistent and Unbiased Estimates of Oivear Early School Entry
on Pupil’s Performance: SAMPLE SCHOOLS

Reading Mathematics
2nd Grade | 5th Grade | 2nd Grade| 5th Grade,
Barr -2.071% -2.129%* -6.080** -0.724**
Number of Obs 1,589 1,589 1,576 1,576
Brop 2.076** 1.104%* 2.522%%x 2.333**
Number of Obs 17,865 17,865 17,978 17,97
Unbiased Effect @) -4. 147 -3.233** -8.602** -3.057**

Note: Unbiased effect is calculated according to eq. (5)
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Standardized Test Scores - Reading 2nd Grade
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Figure 1 — RDD estimatesThe horizontal axis reports months of birth, itgas from January of the ydao April of
the yeatt+1; the cutoff is set at Januatryl. Difference across the margin is statisticallyngfigant at 1% level.
The vertical axis reports test scores in Readingligoupils at the 2nd Grade in Italian SchoolR2268 obs.).

Standardized Test Scores - Reading 5th Grade
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Figure 2 — RDD estimatesThe horizontal axis reports months of birth, itgas from January of the yean April of
the yeatt+1; the cutoff is set at Januatryl. Difference across the margin is statisticallynffigant at 1% level.
The vertical axis reports test scores in Readingipupils at the 5th Grade in Italian Schoolgg 807 obs.).
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Standardized Test Scores - Mathematics 2nd Grade
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Figure 3 — RDD estimatesThe horizontal axis reports months of birth, itgas from January of the yean April of
the yeatt+1; the cutoff is set at Januatryl. Difference across the margin is statisticallynfigant at 1% level.
The vertical axis reports test scores in Matheradtic all pupils at the 2nd Grade in Italian Sclso@82.742 obs.).

Standardized Test Scores - Mathematics 5th Grade

100
|

&0
|

40

20
|

-10 -5 0

Figure 4 — RDD estimatesThe horizontal axis reports months of birth, iigas from January of the yeao April of
the yeatt+1; the cutoff is set at Januatryl. Difference across the margin is statisticallynffigant at 1% level.
The vertical axis reports test scores in Mathemdtc all pupils at the 5th Grade in Italian Sclo@75.851 obs.).

74



Reading - Grade 2

—¢—Treatiment Effect

Figure 5 — Trend in the treatment effect of studers grouped by months of birth.
The horizontal axis reports date of birth of studdsy cutoff order as in Table 11.
The vertical axis reports treatment effect of stusgrouped by months of birth
in Reading at the 2nd Grade in Italian Schools (282 obs.).

Reading - Grade 5
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Figure 6 — Trend in the treatment effect of studerg grouped by months of birth.
The horizontal axis reports date of birth of studdyy cutoff order as in Table 11.
The vertical axis reports treatment effect of stuggrouped by months of birth
in Reading at the 5th Grade in Italian Schools (20% obs.).
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Mathematics - Grade 2
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Figure 7 — Trend in the treatment effect of studerg grouped by months of birth.
The horizontal axis reports date of birth of studdyy cutoff order as in Table 11.
The vertical axis reports treatment effect of stusgrouped by months of birth
in Mathematics at the 2nd Grade in Italian Sch{@82.742 obs.).
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Figure 8 — Trend in the treatment effect of studers grouped by months of birth.
The horizontal axis reports date of birth of studdsy cutoff order as in Table 11.
The vertical axis reports treatment effect of shidgyrouped by months of birth
in Mathematics at the 5th Grade in Italian Sch@¢2%5.851 obs.).
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Figure 9 — Robustness Checks: Identification of th&election Effect
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CHAPTER 3

Students “in advance” and Peer Age Effect

Abstract: This chapter estimates peer age effect on schpalirtcomes of Italian pupils by exploiting
changes in enrollment rules over the last few yeEne empirical procedure allows to understantiéfe is
selection in classroom formation, arguing thath@ &bsence of pupils sorting by early age at sobatoy, it
is possible to estimate the “true” peer age efflResults suggest that the proportion of youngestesits “in
advance” in the classroom has a positive impadhad’s achievements measured by Normalized andiRas
test scores. Additional empirical evidence shoves the effect on individual scores of sharing tleessroom

with youngest pupils “in advance” differs by stut#mge group.
Keywords Peer age effect, early enrollment, primary schiesk, scores, selection in classrooms formation.

JEL codes A20, 120, 124.
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3.1 Introduction

Human capital production inevitably takes placeciassrooms where pupils interact all together,
generating what pedagogues caker effects sociologistscontextual effectsand economistssocial
externalities(Vandenberghe, 2002).

The importance of peer effects occurs from thet fjigars of schooling. As argued by Ladd (1990),
children must foster positive peer groups earlgdtool in order to become well-adjusted adolescants
adults.

Futhemore, academic achievement and the oftenspmneing level of educational attainment tend to
predict the average earnings an individual may reeouer a lifetime. For this reason, isolating pekects
on academic achievement can make a significantibatibn to the public debate over education reform

Despite a growing literature on students’ gend#mieity, and socioeconomic background peer effects
little literature exists orpeer age effectHence, this research aims to give a novel cautioh to social
interactions at class level by focusing on the icbpd classmates’ age on individual achievememghe
awareness that classrooms are formed by childrémdifferent age and that a child’s ability to acuuate
human capital is affected by his/her charactegstiancluding age — and by characteristics ohleispeers —
including age. In addition, it may be influencedany kind of correlated group-level unobservables.

Specifically, | am interested in estimating the @opof classroom peer age composition on students
outcomes in the context of Italy, where rules astfenrollment at primary school permit to havessés
composed by pupils’ age from 65 to 80 months abalcéntry.

As youngest children in the classroom may be moréess “ready” to learning, understanding how
classroom age composition acts on a student’s osdoecomes an important issue.

The way through which the classmates’ age opecatede differentiated. First, the presence of yeshg
pupils, not mature enough for school, may exerositive spillover on individual performance because
teachers redirect more attention towards pupilsoS#, the presence of youngest students couldeceeat
more disciplined school environment generating sitpe spillover on the entire classroom. Then,ngest
children could be more able with respect to othedents in the class. In this case, the effectegf @ge is
due to a learning spillover between classmates.ddewit should be also considered that youngesiigoup
could experience more learning difficulties withegative effect on their peers’ educational outcme

Understanding the way social interactions affechdamic achievement is important for parents,
educators, and policymakers, but, in practicejregtng them is a difficult task. Empirical reseasghich
seeks to identify peer effects runs into two protseomitted variable bias due to selection intoaug and
common teacher effects that influence all membéra group (i.e., correlated effects), and the oditan
problem described by Manski (1993).

The main barrier that must be overcome when edtiggbeer effects on student achievement is,
however, theselection problemas this issue reflects all unobserved charatt=ithat may confound peer

effect estimate.
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Students could be sorted into peer group with osiedents with similar characteristics. First, pése
send their children into schools based on theirlgmlations or residential preferences — they livevork
near the school — or on the basis of peer in thenwanity as well as the quality of the school pe8econd,
classes within schools could be formed more o fasdomly with respect to family background or other
students characteristics. For example, in primachosls, pupils from the same neighborhood or
kindergarten could be put in the same classroonthénmiddle and upper secondary school, moreover,
students could be systematically assigned to dasgeabilities — that is by similar score achievedhe
previous grade — in order to minimize teachingiclifty.

Another type of selection could take place in tbemrfation of classes. Parents could influence the
particular class to which their child is assigneithim his/her school considering teachers’ quallfyfor
example, parents believe that a certain teachsesg they could get their children assigned téhbisclass,
creating a class in which parents care about tmnasual degree.

If classrooms are formed randomly, the assignméstuzlents to classes does not suffer from selectio
and, in the absence of teachers sorting too, thegitect can be easily estimated.

Starting from these considerations, | introducedamtification strategy generating estimates ofr @ege
effects on educational outcomes that are credibly 6f selection.

Exploiting changes in Italian enrollment rules otle last few years, | am able to extract the dausa
impact of peer age group and to understand if tleeteof classmates’ age is due to selection isgl@aoms
formation.

Thus, the question raised in this research is tidofo

1) Does the age of a child’'s peer affect the chilcbgnitive achievement? And specifically, does the
proportion of youngest students in the classrodetaindividual performance?

2) Is this peer age effect due to selection insttaam formation?

To answer these questions | use data from INVAIN&Itional Institute for the Educational Evaluatidn o
Instruction and Training), focusing on assessmémupils attending the 2nd and the 5th grade ahary
school.

The chapter is organized as follows. The next Seqgbrovides an overview of the previous studies on
peer effects in education. Section 3 explains mjghts and identification strategy. In section #adsource
and variables used in the analysis are describextiof 5 discusses the empirical framework andi@eé&
provides results of peer age effect on scoresrd fobustness check is presented in Section tioBe®
analyzes the impact of youngest pupils in the otesa on educational achievement by students’ agepgr

Section 9 provides further robustness checks v@elgtion 10 concludes.

3.2 Literature Review

The estimation of peer effects in the classroom a@ndchool has received intense attention in recent

years. However, very little literature exists ratjag peer age effean educational outcomes.
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Researchers have used various approaches to smweffects estimation issues.

One common strategy to deal witie problem of correlated effectd.e. the concern that measures of
peer achievement may be biased for omitted unolbkrcharacteristics that affect individual achreeat -
is to implement a fixed effect model. Most studi@soduce school fixed effects to address omittadable
bias due to self-selection into a school and stghke into account non-random assignment of stgdseTnss
schools (e.g., Ammermueller and Pischke, 2009; Beuet al., 2010; Duflo et al., 2008; McEwan, 2003;
Ponzo and Scoppa, 2014). Other researches expdodavailability of large panel administrative datasto
introduce student fixed (e.g., Carman and Zhand22®anushek et al., 2003; Lavy et al., 2009), grad
within school and cohort-by-grade effects (e.g.gAst and Lang, 2004; Hanushek et al., 2003). Kinal
some studies use teacher fixed effects to add@asnon teacher influences (e.g., Burke and Sass3;201
Carman and Zhang, 2012).

Thereflection problemarising when a researcher observing the distdbuif behaviour in a population
tries to infer whether the average behaviour in esagroup influences the behaviour of individualst tha
comprise the grodpis handled using two main strategies. Most papsesinstruments to obtain consistent
estimates of the endogenous peer effect (e.g.,igtraynd Lang, 2004; 2010; Duflo et al., 2008; FQ2806;
Hoxby, 2000; Kang, 2007; Ponzo and Scoppa, 2014edond strategy is to use lagged peer achieveament
a proxy for current achievement (e.g., Lavy et2009; Lefgren, 2004). Specifications based onddgueer
achievement eliminate the problem of simultaneogisaions. This approach requires panel data to be
implemented.

In short, various strategies have been proposettitivess the issues present in the estimation of pee
effects. Most of them rely on strong assumptioret @re difficult to motivate and to hold in praetic
Moreover, some of them requires panel data.

The majority of studies focusing on peer effectamixe the effect of peer ability on students’ outes.
Several researches provide evidence on race, gandesocioeonomic background peer effects too.

Few contributions on peer age effects currentlgteXior example, Elder and Lubotsky (2009) focus on
the relationship between kindergarten entrance ageé school achievements, arguing that school
achievement primarily reflects skill accumulationop to kindergarten, rather than a heighteneditsiltiv
learn in school among older children. Their ressizggest that having older classmates tends te rais
Reading and Math achievement but also increasgxtiiabilities of repeating a grade.

Both Leuven and Rgnning (2011) and Sandgren amirS(R005) find that students in Norway benefit
from sharing the classroom with older peers. Leused Rgnning (2011) conclude that students in multi
grade classrooms perform better than studentsniglesgrade classrooms and attribute this to stedent
benefiting from sharing the classroom with oldeenge Sandgren and Strgm (2005) examine whether
students with older peers achieve higher scorddemeMath and Reading at the 4th grade. They find

positive effect on achievement for male studentsbtifor females.

! Manski uses the term “reflection” as he considéms problem similar to that of interpreting the aBn simultaneous
movements of a person and his reflection in a milbmes the mirror imageausethe person’s movements m@flectthem? Or do
the person and imagaove togethein response to a common external stimulus? (Faildesee Manski, 1993).

81



Boucher et al. (2010), instead, find that peersrage age have a positive effect on individualgestes
by implementing an IV approach, but a negative atffey using the Conditional Maximum Likelihood
(CML) method.

More recently, Ponzo and Scoppa (2014) find noceffe Italian school context of a pupil’s relatiage
with respect to the classmates’ age. They employnsinumental variable approach instrumenting ayera
age of classmates with average of their expectedthgt is the age a student should have on the biathe
cut-off date according to the enroliment rule.

Table 1 provides a schematic review of the mairmestudies on peer effects in schools, highlightin
country object of analysis, research focus, daahaods and the main results. In Table 2, instesepdrt the
peer focus (gender, age, race, ability, socioecamdrackground) and the specifications used for peer

measures.

3.3 Insights and Identification Strategy

My research follows the approach of Zimmerman (20080 proposes a way to obtain unbiased peer
effects. Specifically, the author examines theti@iship between a student’s first year collegedgrpoint
average and certain observable academic charaicterisf his/her roommate. Thus, if the housing
assignment process is such that thesers are randomly assigned are randomly assigned conditional on
information that is known to the researcher, tHati@nship between the college outcomes of studants
the characteristics of their roommates representsisal impact of peers that is not invalidated toy hard
bias that may occur when students’ peers are enunggy determined

Since Zimmerman (2003), some studies run OLS imatt roommate peer effects on freshman student
outcomes, exploiting random assignment of studemtsousing and obtaining unbiased ability rommates
effects (see, for example, Winston and Zimmerm&032 Stinebrickner and Stinebrickner, 2006; Brumell
et al., 2010).

Differently from these authors, which focus on palgitity as a measure of peer quality, | investgsder
age effecbon individual achievements measured by Normalemed Rasch test scores both in Reading and
Mathematics. More important, | don't know beforetiaihat the assignment is random but | know that
classrooms formation should be random after obsgrvbalanced criteria”. So, exploiting changes in
enrollment rules and using some insights, | sirale selection effects in classrooms formation bg ag
school entry.

The ltalian enrollment rules set the age at ficsto®l entry. Beside to the national law, the Miryistf
Education yearly issues a circular that sets thi birth date for entry into first grade of pringaschool.

As | use data on pupils attending both the 2ndthadbth Grade in the year 2012/2013, | exploitedtéht
rules for the corresponding 1st Grade enrollmeait &llow to implement a novel identification stigite

My insight is the following (see Figure 1: Concegitérramework of Identification Strategy). Students

attending the 2nd Grade are enrolled in the yedr/2012. For this academic year, Italian regulation
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imposeenrollment at school to pupils who are 6 yearskydecember 31st of the year when the school
starts (from now on, yed), and alsgpermit enrollment to pupils who will be aged 6 by AprDt8 of the
yeart+12,

Students attending the 5th Grade are enrolled eny#tar 2008/2009. For this academic year, Italian
regulationamposeenroliment at school to pupils who are 6 yearshglchugust 31st of the yeérand also
permitenrollment to pupils who will be aged 6 by ApritB of yeart+1°,

We can note that students “in advance” are those Ibetween January and April of the yest for the
2nd Grade, while are those born both between Sé&eteand December of the ydaand between January
and April of the yeat+1 for the 5th Grade.

In this framework, | can firstly investigate if thproportion of students “in advance” in the classno
both at the 2nd and at the 5th Grade affects iddali performance. This is to say | am interestethan
coefficient of proportion of students born betwdanuary and April of the ye&t1, which are the youngest
students “in advance” in the class.

Secondly, as a selection problem may arise in asitign classroom peer age effects on scores, |&bok
the proportion of students attending the 5th Grade) between September and December of thetyedio
are pupils in advance for the 5th Grade only, atiogrthe enrollment rule. In the absence of angdin in
classroom formation by early age, the correspondeefficient will be not statistically significant.

Consequently, the peer effects of proportion ofletus born between January and April of the year

give us the true peer age effect of youngest stadanadvance”, as they do not suffer from selattias.

3.4 Data and Descriptive Statistics

| use data from the INVALSI (National Institute ftme Educational Evaluation and Training), which
yearly carries out a survey on students’ ReaditgMathematics competences through the Nationali&erv
for the Evaluation of Education and Training (SN¥ssessment is currently realized at the 2nd ahd 5t
Grades — primary school, 6th and 8th Grades — middhool, and Grade 10 — high school, and invdiee t
universe of pupils attending respective grades.

For the next years, a survey on students’ perfocmaat last grade of high school (Grade 13) is also
planned. A first version of the test has alreadgrbiested in a small sample of classes in the astiolyear
2012/2013. It is thought to involve in testing ora@e 13 a large number of schools and classeslidbuit
arrive at an administration on a universal basrnduhe school year 2013-14.

In the present study, | focus on primary educatind analyze data of both the 2nd and the 5th grde
the school year 2012/2013. | consider studentdl dfadian Provinces, except the Autonomous Progsof
Trento and Bolzano, which have special enrollmeries for first school year, not included in my

identification strategy.

2 See Circular of the Ministry of Education n.101/201
3 See Circular of the Ministry of Education n.110/200
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My sample is representative and quite large, asrisists of about 500,000 pupils for the secondach
level and 480,000 pupils for the fifth school levBloth grades cover about 7,000 schools and 29,000
classrooms.

Data sets of the INVALSI contain a considerable bemof variables that allow to control for student-
level, school-level, family-level and geographigdecharacteristics.

For the purpose of this study, | generated somenaggesures: as | know the month and the year df birt
of the student, | first computed the age at sclemdty (in months); then | generated peer age viesaht
classroom level: proportion of students born inhefmur months, from January-April of the yetato
January-April of the year+1. | also consider the proportion of students whe born in the yeat-n,
identifying them as delayed students.

As proxies of schooling outcomes, INVALSI providesth Normalized tests scores and Rasch test scores
in Reading and Mathematics. | use both test measiifee first one represents the scores achieved by
students taking the test. They are called “norredlizas computed in range 0 to 100 starting fronw"ra
scores. Rasch test scores are instead computed) takd account both the students’ skills and tieeni
difficulty, according the Rasch model (Rasch, 1966)this way, Rasch scores give the opportunity to
understand which and how many students show legateirels above or below the difficult of a certaam.

With reference to debate about the true reliabitifyresults achieved by students, it is important t
underline that INVALSI is working to strengthen, tme one hand, the action of training and infororati
already started in some areas to spread the cufuexaluation and, on the other hand, to enhahee t
methods and control measures.

Beside to the traditional presence of external sug@ in some sampled schools, it is added in
2012/2013 the presence of second-level controléenst in some schools randomly selected, indepéigden
from being already sample schools. The aim is tdytto ensure a greater control of the correctrodédssts
execution and to avoid bositudent cheating students copy from each other or from booksd-teacher
cheating— correct answer is suggested by the teacher.

In estimates | control for the “Sample Schoolsgt@arantee more reliable findings. Then, as robsstne
checks, | replicate results using as outcome vimsabcores revised for “cheating” by implementing a
“correct factor” computed by the INVALSI

All variables used in the analysis are describebable 3.

In Table 4 | report the descriptive statistics atamme variables: Normalized and Rasch test sdores
Reading and Mathematics.

Normalized test scores in Reading and Mathematioge from 0 to 100. We can note the mean in
Reading is around 64 scores at the 2nd Grade widlehes around 77 scores at the 5th Grade, with an
increase of 13 points. In Mathematics, insteadrageetest score is nearly constant between thestivool

levels: it decreases by almost one and a halfrat going from 60.7 to 59.2. However, mean Normaliizst

4 For details on computing procedure &smporto SNV PN 201&www.invalsi.it
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score is higher in Reading than in Mathematics bbthe 2nd and 5th Grade. In contrast, averagehRast

score is higher in Mathematics than in Reading.

3.5 The Empirical Framework

To exploit peer age effect on scholastic achievasyemse data of Italian students attending blo¢h2nd
and the 5th Grade in the academic year 2012/20dtartl by using a pooled sample of pupils attendioip
grades and regress potential observable factotsntag have an influence on educational outcomes by

considering the following equation:

Yies = o + pClassAgeCompositiga+ yStudGes + SchoolGes + Q)
+ nParentsGs + 6GeographicGs + ¢Gradesis + €ics

In eq. (1)Y denotes individual performance measured by Nomedliest score and Rasch test score in
either Reading or Mathematics of studeimt the classroone in the schook; StudC SchoolC ParentsCG
GeographicC are vectors of student, school, parents’ sociomtonm background and geographic
characteristics respectively, as defined in Table/fich affect the outcome variablg€Srade5is a dummy
variable indicating that student attends the 5Hostlevel, and; the individual error term.

ClassAgeCompositiois a matrix of variables related to the age abstkntry of pupils in the classroom,
better identified as follows) Proportion of students born in the yetus ii) Proportion of students born
between January-April of the yegriii) Proportion of students born between May-Augusthefyeatrt; iv)
Proportion of students born between September-Dieeerof the yeat; v) Proportion of students born
between January-April of the yeiatl.

The special focus is on tiroportion of students born between January andlAprthe year t+1 This
variable represents the proportion of studentsdtivance” in the classroom for both grades and, more
interestingthe proportion of youngest students “in advancethe classroom

But we know that, according to the Italian enrolimeule, students attending the 5th grade in 2132
are alsan advancewhether they are born between September and Deceshithe yeat. These, however,
are pupils in advance but not youngest studerttseiclassroom.

In this setting, | am also interested in estimating eq. (1) separately for grade 2 and 5 by cenisig
the proportion of students in advance in the respegrades.

Specifically, for the 2nd grade | refer studentsn advanceto those born between January and April of
the yeart while for the 5th grade | join the proportion dfidents born between September-December of the
yeart with that of pupils born between January-Apritioé yeat+1.

After estimating both pooled and separate crostsesecof pupils attending the 2nd and the 5th grefde
Italian primary school, | answer to the second aese question concerning the presence of sele@tion
classroom formation by employing the insights asehtification strategy described in Section 3.38s¢ a

pooled sample of students attending both gradesemmdss the following equation:
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Yies = o + fClassAgeCompositiga+ yStudGes + SchoolGs + (2)
+ yParentsG + fGeographicGs + pGradeqs +
+ A(Grade5*ClassAgeCompositig + Yes + Eics

where | add to the parameters of the equationh@)riteraction vectoGrade5*ClassAgeCompositign
and y.s which is the class level error term. The lattdlets correlated effects, which arise when the pee
group is subject to a common influence not modelieectly. Correlated effects give a biased paramette
ClassAgeCompositioif there areunobservabledeterminants of achievement that vary across rdass
within a school and that are correlated with peeug composition

In particular, if there is sorting in classroomgniation on the basis afinobserved variablesthe
estimated parametgrassociated to peer age effect is confounded belated effects and will be biased.

| could estimate unbiased peer age effect as fatlow

pr o= 5 - (Selection Effect)  (3)
_— A ,
biased peer age effect on scores effect of unobserved confounders on scores

wheref* indicates the unbiased estimatopaoh eq. (2). It could be calculated by removing Sedection
Effectfrom biased peer age effect on scofE} (

This issue is more easily solved in the presenceanfiom assignmendf students and teachers to
classrooms. Random assignment, in fact, breackinthbetween peer characteristics and extraneffasts
on the class.

Hence, in the absence of selectionuwmobservabled can estimate an unbiased effect of peer age by
running an OLS regression of eq. (2)&s £ in (3). In other words, in the absence of the silaeffect,
the bias from correlated effects is removed grdn be estimated consistently.

Thus, through the identification strategy bettesatlibed in Section 3.3, | am able to estimate thee"
effect on individual test score of sharing the staem with youngest students “in advance”. | cao arove
there is no systematic assignment of youngest stedian advance” to classrooms. The empirical pdoce
is as follows. | start by evaluating the effecsbfring classrooms with youngest pupils “in advanoeth in
the Grade 2 and 5. To do this, | check the sign tedsignificance of the parameter of the regressor
Proportion of students born between January-Apfiltlee year t+1 Then, | look at theProportion of
students attending the Grade 5 and born betweetne®der and December of the year texpect this
coefficient is not statistically significant. If sd is possible to argue there is no systematigasnent of
students to classes by early age at school entgsé&guently, | can confirm that the estimated eéfééc
sharing the classroom with youngest students “waade” on schooling outcomes is the “true” peer age

effect.

5 For example, in some schools, students could ledsinto classrooms by specific characteriticg.(eby ability). Moreover, a
classroom with a certain number of pupils in adeanould be assigned a not very able (or a very) dblcher but the ability
characteristics of the teacher are not observdlilese traits are unobserved to researchers, Huemte achievement. This raises
the possibility that researchers will confound thituences of unobserved student, teacher and @eeacteristics in high-ability
classrooms.
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3.6 Estimating Peer Age Effect on Scores

3.6.1 Preliminary Findings

With the purpose of estimating the impact of claser peer age on educational outcomes, | start by
considering a pooled sample of students attenditiy the 2nd and the 5th grade in Italian primatyost.

| control for all observed variables that are likébd affect the individual achievement. The estiuat
coefficients present the sign and the expectedfi&ignce so | don't report all estimated parameters
simplicity.

First of all I comment on individual age coefficisnResults from Table 5 show that student’s age at
school entry has a positive effect on both Readimg) Mathematics scores: an older pupil performgebet
than the younger one. All coefficients are in fagsitive and statistically significant at the lewl1%. The
impact is higher in Reading than in MathematicseSehfindings are consistent with those | find iragter
2: students in advance the youngest in the classroom — present sevamalfes both in Reading and in
Mathematics test scores.

Pooled estimates of classroom peer age effecteghat not only the individual age affects educatio
achievements, but also peer age. Specificallyheninterest of checking the sign and the signitteaof the
Proportion students born between January and Aptile yeat+1, | can assert thaharing classroom with
youngest students “in advance” may arise a posisipiloveron individual pupil performance

The impact seems to be lower in Mathematics thakeiading. For example, an increase of the proportio
of youngest students “in advance” in the classroetermines, at 1% significance level, a higheniiaial
Normalized test score, on average, of 1.139 painReading and 0.845 points in Mathematics, anidjlaehn
Rasch scores of 0.105 points in Reading and 0.688in Mathematics (see Table 5).

Respect to the 2nd grade, in which students inraabvare the youngest pupils in the classroom eabtin
grade students in advance are not only those bdireiyeat+1 but also those born between September and
December of the yedr Hence, we can evaluate the effect of the proporf students in advance separately
for grade 2 and 5 looking at Table 6. Findings shbat the proportion of students in advance in the
classroom positively affects individual performaratethe 2nd grade. The presence of one more younges
student in the classroom generates an increase average 3.199 points more in Reading Normaliestl t
scores and 4.706 points more in Mathematics Nomedltest scores. Similarly, a pupil achieves omae
0.233 points more in Reading Rasch scores and Qpd4#&s more in Mathematics Rasch scores. All
coefficients are statistically significant at tleerél of 1% (see Table 6).

| find, instead, that the proportion of studentsamivance at the 5th grade has a negative impact on
individual scores both in Reading and in Mathensatgee Table 6). | think this could be due to tut that
students in advance at the 5th grade include pwgitsa higher peer average age, and/or to thetfiattthe
impact of youngest students in the classroom temdsduce during the school career — primary edca

this case.
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3.6.2 Inspecting the decrease/disappearence irs€laom Peer Age Effect at the 5th Grade

To investigate if the impact of sharing the classnowith youngest pupils on individual scores tetals
decrease or even disappear at the end of primhopkd provide additional estimates in Table 7.

The approach consists of considering, for the St not the proportion of students “in advance” —
those born between September of the yemnd April of the yeat+1, but focusing on the proportion of
youngest students “in advance” in the classroohoséd born in the ye#&r1.

In a first specification, | estimate the proportminyoungest students “in advance” in both the @nd the
5th Grade, i.e. the proportion of pupils born betwdanuary and April of the yetarl with the aim to check
and compare the magnitude of the effect in respefiades.

Results provide evidence that sharing the classmitimyoungest students “in advance” at the 2nddéra
generates a positive spillover on individual perfance. This effect reduces and becomes negatilie &th
grade or even disappears. Specifically, at the gmadle the presence of one more youngest student “in
advance” in the classroom results in an increasmafverage 3.199 points more in Reading Normaliesd
scores and 4.706 points more in Mathematics Nomealiest scores. The effect becomes not statigtical
significant at the 5th grade in Reading and dee®#&s -1.965 in Mathematics. Also in Rasch testescd
find a disappearance of the impact of the proportib students born between January and Aptl in
Reading, and a reduction in Mathematics.

In the Specification 2, | repeat the procedure bgomposing the proportion of pupils born between
January and April of the ye&t1 into two groupsi) students born between January and Februdryii)
students born between March and Ap¥il. In this way | can confirm the reduction/disappeae at the 5th
Grade of the effect in which | am interested angartant too, | can check if is the proportion otipgest
students “in advance” in the classroom that agtusdfiects individual scores.

Looking at Table 7, we can note a decreasing etiethe proportion of students born between January
and February+1 at the 5th grade with respect to the 2nd grade,aareduction or disappearance of the
impact of the proportion students born between Mared Aprilt+1 on test scores.

More interesting, estimates provide evidence thatgroportion of youngest pupils “in advance” ie th
classroom really influences individual performanCeefficients associated with the proportion ofdstuts
born between March-Aprit+1 are higher than coefficients of the proportionpoipils born in January-
Februaryt+1. For example, considering the 2nd grade in whloh ¢ffect is wider, an increase of the
proportion of students born between January andugejt+1 determines, at 1% significance level, a higher
individual Normalized test score, on average, @71.points in Reading and 1.763 points in Mathersati
The proportion of pupils born in the last monthdimit birth date for optional enroliment — MarchdApril
t+1 — generates a higher spillover on individual ssofiehe impact is, on average, of 6.373 point more i
Reading Normalized test scores and 11.281 pointe indViathematics. A broader effect for the projoort

of pupils born in the last two months results irs&atest scores too.
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3.6.3 ldentification of Selection Effect and Unlsad Peer Age Effect

In this Section | try to identify the Selection &dt, i.e. to verify if there is sorting in classnedormation
by exploiting changes in Italian enrollment rulege the last few year, as described in Section 3.3.
Estimates are provided in Table 8. We can firsentiat results on the individual age coefficients a
consistent with both those | found in Chapter 2 #vabe | found in this Chapter in pooled estimated
estimates by grade. Pupils enrolled one year hatee better score both in Reading and in Mathesatic

With reference to th€lassroom Peer Age Compositiome can observe that the proportion of delaying
students negatively affects individual scores. phesence of one more delayed student in the classro
generates a decrease of on average 7.896 poistinl&eading Normalized test scores and 10.776tgoin
less in Mathematics Normalized test scores. Sityjlar pupil achieves on average 0.334 points lass i
Reading Rasch scores and 0.571 points less in ktaties Rasch scores. All coefficients are statifific
significant at the level of 1% (see Table 8). Thegative impact also results of the previous eséméfable
5 and 6).

More interesting, looking at Table 8, coefficiemtssociated to the proportion of youngest students “
advance” in the classroom, born between JanuaryAanitl of the yeart+1, seem to provide evidence of a
benefit for those in the same classroom. An in@edghe proportion of youngest students “in adednc
the classroom determines a higher individual Noizedltest score, on average, of 7.584 points irdiRga
and 8.999 points in Mathematics. These positiveot$f which are robust at 1% significance leved, aso
found in regressions on Rasch test scores.

Coefficients associated to pupils in advance attenthe 5th Grade, who are not the youngest pupils
the classroom — i.e. students born between Septearime December of the yea&r have the expected
significance. They are not statistically signifitdor both Reading and Mathematics tests, and @h b
Normalized and Rasch scores. This means that sgsteassignment of students and teachers to classro
does not seem to take place and to be relevamtanmdining performance of Italian primary schoobitsi

Results are obtained employing the whole univefspupils attending the Grades 2 and 5 of primary
schools in Ital§. Data cover all schools and all classrooms. TFiodjngs provide evidence that in Italy
sharing the classroom with youngest children “inaate” may arise a positive spillover on individtest

Scores.

3.7 Does the proportion of youngest students “idvance” in the classroom

really affect scores? A Robustness Check

To check the reliability of my findings, | make @ampirical excercise by simulating changes in the
threshold of limit birth date for first enrollmeat school. Specifically, | hypothesize a changéha cutoff

for the 2nd grade only, keeping fixed the thresHotdhe 5th grade (August of the yegarin this way, | can

® Only students attending primary schools in AutonamProvinces of Trento and Bolzano are excludem the sample.
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confirm previous results, that i§:the proportion of youngest students “in advancethie classroom really
affects individual scorei) there is no selection in classroom formation.

First, | move the cutoff of the 2nd grade from Dmber of the year to February of the year1. In this
simulation, pupils in advance at the 2nd gradetlanse born either in March or in April of the ydad.
Students in advance for the 5th grade are instezsttborn between September of the yead April of the
yeart+1. Hence, pupils in advance for both grades are moMarch or Aprilt+1. If there is not sorting in
classroom formation, the proportion of studentgrating the 5th grade born between Septembend
Februaryt+1 give a not statistically significant parametere(§égure 2: Simulation 1).

Then, | consider that the cutoff for the 2nd greeden October of the yearPupils in advance at the 2nd
grade are born between November of the yeard April of the yeat+1 while pupils anticipating school
entry for the 5th grade remain those born betwesptednbert and Aprilt+1. Thus, pupils in advance for
both grades are born between Noventleerd Aprilt+1. Information about Selection Effect can be exwdct
by coefficient of regress@tudent born between September and October ofetlret ywhich | expect is not
statistically significant (see Figure 3: Simulati@®n

| also expect the parameter of students in advan&mulation 1 is higher than that of basic esta#sa
and the coefficient in Simulation 2 is lower. Inhet words, if pupils “in advance” are those actuall
youngest (born in March-April of the yetrl), the effect of sharing classroom with these sitsles higher.
Peer age effect reduces joining more months oh ot students classified as advance This because
“pupils in advance” include students with a higheerage age.

Through these simulations, | would like to proveieme robustness checks to my basic estimatespand t
confirm that is the proportion of youngest studémtsadvance” in the classroom that has a posgiifect on
individual performance, i.e. among pupils “in ade@h those having a higher impact on scores are the
youngest.

Results from simulations on Normalized test scares Rasch test scores are reported in Table 9@nd 1
respectively. We can note that the effect of th@pprtion of students “in advance” on individual sEDis
decreasing with an increasing average age of plipiladvance”. For example, if | consider as studen
advance those born either in March or in April bé tyeart+1 (Simulation 1), the impact on Reading
normalized scores is on average of 13.137 poirftéchweduces to 7.584 points considering as stsdant
advance those born between January and April ofe¢het+1 (Basic Estimates). The effect decreases again
if I simulate a wider range of months that quapfypils asin advanceln fact, assuming that early students
are those born between November of the yeamd April of the yeat+1 (Simulation 2), the coefficient
reduces to 2.287. | also find a progressive redoabf parameters in Mathematics Normalized testesco
The proportion of students in advance has a pamnwét18.061 considering Simulation 1. It reduces t
8.999 in Basic Estimates and to 1.976 in SimulaBon

| find same results estimating Simulations on Rdsshscores, both in Reading and in Mathematits. A

coefficients associated to the proportion of stisléim advance” are positive and statistically digant at
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level of 1% (See Table 9 and 10). The impact orrescoeduces with a higher average age of pupils
identified as “in advance”.

Through the simulation exercise, | first validadtattthe proportion of youngest pupils “in advanitethe
classroom really affects individual score. Thengcohfirm previous findings concening the absence of
selection in classroom formation. Coefficients tediato Selection Effecare also not statistically significant
changing the threshold of limit birth date for fienrollment at school, both in Simulation 1 ands2e

Figures 2 and 3 for Simulation strategy, and T&ued 10 for estimates).

3.8 Does Peer Age Effect differ by Students’ Age@?

If previous estimates provide a robust evidence giositive spillover on individual performance in
sharing the classroom with youngest students “waade”, an interesting question remains open.

The effect of the proportion of youngest pupils ddvance” in the classroom on scores could differ b
age group. For example, the impact could be hiftrethe same youngest students than the oldestasne,
vice versa. Moreover, only youngest pupils coulddfi from sharing the classrooms with other yowstge
students “in advance”, while the effect could bexistent for older classmates.

In this Section | explore the impact of the promrtof students born between January and Aprihef t
yeart+1, who are youngest pupils “in advance” in the alass), on test scores by students’ age group. In
particular, focusing on pupils born in either year t+1, | run separate regressions by considering foar ag
groups:i) students born between January and April of the telg i.e. youngest students “in advance” in the
classroom (age from 65 to 68 months at school grntily students born between September and December
(age from 69 to 72 monthsji) students born between May and Auguéige from 73 to 76 monthsgy)
students born between January and April of the ty&age from 77 to 80 months).

Table 11 presents findings of peer age effect omMdbtized test scores and Table 12 reports resuits f
Rasch test scores. The impact of the proportigoupfls born between January and April of the yedron
scores is higher for other students born in samerfonths of+1, both in Reading and in Mathematics. We
can note a decreasing coefficient with increasiggy dhis suggests that the benefit of sharing ldgsmoom
with youngest peers “in advance” is higher for ygest pupils. The advantage decreases when stuglent i
older.

Figures 4 and 5 show the effect of the proportibistadents born between January and Apiil on
scores by students’ age group, indicating a decrgadfect with increasing age of sharing the dlass

with youngest students “in advance”.
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3.9 Robustness Checks

3.9.1 Is Selection Effect invalidated by parenpgrception of wrong cutoff date?

In this chapter | focus on analyzing the impactshfring the classroom with youngest students “in
advance” on individual educational outcomes by gisiata on pupils attending both the 2nd and the 5th
Grade in the year 2012/2013 and by implementingelnidentification strategy. Specifically, | exflo
different rules of the corresponding 1st Grade kmemt for both grades to extract the effect orresmf the
proportion of students born in yel (youngest pupils “in advance” in the classroony.tis effect could
be bias by systematic assignment of students ss&taby age at school entry, | follow the approaich
Zimmerman (2003) according to whitii peers are randomly assigned, the causal impafcpeers is not
invalidated by the hard bias that may occur whenlents’ peers are endogenously determin&W, | verify
there is not any selection bias by looking at tbefiicient of students “in advance” for the 5th dgeonly,

i.e. by checking the significance of the proportairstudents born between September and Decemlibe of
yeart attending the 5th grade. In the absence of argcseh in classroom formation, the correspondent
coefficient will be not statistically significarif.so, peer effect estimated is the “true” peeeetf

Results from Table 8 show that selection in clamsréormation seems do not take place and do no¢ to
relevant in identifying pupils’ performance in i@ primary schools. Hence, the impact of youngest
students “in advance” in the classroom on individiegdres is a causal impact of peers that doesuftdr
from selection bias.

A right question that may arise concerns what fedlo Consider the enrollment rule at 1st grade for
pupils attending the 5th grade in 2012/2013miposeenrollment to children who will be aged 6 by Augus
31st of the yeat; allowing for optional enroliment to pupils born from Sepbart until April t+1.

As school start in September of the ygagparents’ decision to enroll their children at @zhcould,de
facto, does not take into account the differences inf€ulate betweemandatoryandoptional enroliment.
This is to say that parents’, independently fromesucould sent their offsprings to school if ttaeg born in
Septembet, Octobetrt or, however, by the end of the yéaconsidering astudents “in advancednly those
born in the yeat+1. Indeed, having 72 months (corresponding to 6sye&t) or 71, 70, 69 months at the
beginning of the school may translate in very loiedences in “readiness for school” so parentsidou
decide to enroll children at school although they@nsidered as students “in advance” by law.

A sort of misperception of cutoff date for mandgtschool could therefore take place. As a consemgjen
if | identify the absence of Selection Effect fragmpils born between September and December ofdhg y
attending the 5th grade, the estimated “true” e effect could be invalidated as Selection Eftect
pupils could actually exists.

Looking at descriptive statistics of months andryefabirth of students attending the 2nd and thHe 5t
grade of primary schools (Table 13), we can noteethis a substantial numerosity of pupils born lkeetw
September and December of the year both grades, although for the 2nd grade stwdbotn in these

months are “regular” while for the 5th grade pugilern in the last four months of the ydaare “in
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advance”. This seems to mean that parents feeff ddte for mandatory enroliment as “wrong” andahr
their children as if they were regular although the defines them in advance. Frequencies of staden
enrolled at school in the yeareduce when pupils are born in the yest. This seems to confirm that
parents have the perception that their childrenraaglvance if born in yea#1 only.

Starting from these relevant considerations, is 8ection | provide further empirical evidence eofam
there is no systematic assignment of studentsagsdom by age at school entry — and, hence,ltbgider
age effect | find is an unbiased effect — by emipigyan alternative identification strategy (seeurég6).

| focus on pupils attending the 8th grade — i.et {gear of lower secondary education — in 2012/2013
merging data with those of pupils attending the @rade in the same scholastic year and | explaieon
again the different enrollment rules for 1st grade.

As already said in Section 3.3, cutoff date for detory schooling for students attending the 2ndgtia
December 31st of the yetr_imit birth date for optional enroliment is Ap80th of the year+1. For pupils
attending the 8th grade, instead, cutoff date xedfion August 31st while limit birth date for optéd
enrollment is March 31st of the yearl’. It is easy to understand that students attenitie@th grade born
between September and December of the tyase students “in advance” for the 8th grade only sould
extract the Selection Effect from these pupils., Butdoubt of a misperception of cutoff date byeguds, |
could find a “wrong” selection effect and estimabespeer age effect could be bias.

Indeed, also in Grade 8 students born between @bpteand December of the ydare sizeable even if
enrollment rule defines these months of birth agible for “optional” enrollment (see Table 13).

So, | move attention on students born in the yearas only these pupils could be considered the trigh
students “in advance” and, hence, the systemasigrasent of children to classroom could be takegla
with reference to youngest students “in advance'hlio the yeart+1. | can obtain information about
Selection Effect checking the statistical significa of pupils attending the 8th grade and born éetw
January and Marct¥1, i.e. looking at the coefficient of interactionriable Grade8*Proportion of students
born between Januagy-March.;. In the absence of systematic assignment of pupildasses by early
entry at school, | expect this parameter is ndissteally significant.

| estimate peer age effect on Normalized and Reestiscore according equation (2) using data otlegra
8 instead on grade 5. Beside to the interest irfirooing the absence of Selection Effect, througbsth
estimates | can also corroborate a positive sgiloon individual score of the proportion of youriges
students “in advance” in the classroom.

Results from Table 14 confirm that systematic assignt of pupils to classes by age seems do not take
place in Italian first cycle of educatibrCoefficients of interaction dumn@rade8*Proportion of students

born between January-March.; are not statistically significant both in Readiagd in Mathematics.

" See Circular of the Ministry of Education n.90/2004

8 Italian Education System is structured into preary education following by two education cydleFirst cycle divided in
primary education and lower secondary educatipr8econd cycleincluding upper secondary school and vocatiorahing. As
previous findings provide evidence there is noteabdn in primary school (2nd and 5th grade) ansults of alternative
identification strategy implemented in this sectovide evidence of the absence of selection leyim¢gpwer secondary school too,
| can affirm that, overall, systematic assignmdrupils to classes seems do not take place ifirstecycle of education.
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Findings also confirm there is a positive impactindividual performance of sharing the classroorthwi
youngest pupils “in advance”. All parameters of gneportion of students born between January amil Ap
of the yeatt+1 are positive and statistically significant at 184dl. The effect is higher in Mathematics than
in Reading. For example, one more youngest stutierstdvance” in the classroom generates a risenof o
average 5.960 points more in Reading Normalizetl $esres and 8.096 points more in Mathematics
Normalized test scores. Considering as educatiamalbome Rasch test scores, a pupil achieves oagwer
0.317 points more in Reading and 0.666 points moidathematics with an increase of one more younges
student “in advance” in the classroom.

| also present some graphs to confirm there isystematic assignment of youngest pupils “in adganc
to classrooms. Specifically, | focus on the projportof students born between January and Apfil (for
grade 2 and 5) and born between January and Mafclifor grade 8), representing distributional graphs
with the aim to show how many observations in gspective samples have a certain proportion of gesin
students “in advance” in the classroom. Figuresnfro to 12 indicate that between 30% and 40% of
classrooms have not students born in the year Between 10% and 15% have around 5% of youngest
pupils “in advance” in the classrooms and betwed#nahid 10% of classroom get to have 10% of students
born int+1. Only around 2%-3% of classes get to have 20%oofhgest pupils “in advance”. Very low
percentage of classes (near to zero) have a pageenf youngest students “in advance” ranging 8%

and 40%. Percentages higher than 50% represeigrsutl

3.9.2 Does “cheating” bias results?

INVALSI data often suffer from prejudices aboutitheliability, although the effort that Institutictakes
every year to control the presence of anomaliegAINSI, in fact, has always tried to ensure the eotnmess
of tests by “sending” external supervisors in s@apled schools. In these schools do not emergeraat
behaviours (see INVALSI Report, 2013). Moreover,tie last few years, INVALSI has realized, in
partnership with MIUR (Ministry of Education, Unisgities and Research), an intensive
formation/information campain in some regions ofitBoltaly — Campania, Puglia, Calabria and Sicilia
where the cheating phenomenon is more prevalesb A$ a result of this campain, cheating behavgior
considerably reduced over the last 2/3 years (S¥ALSI| Report, 2013).

Finally, in the year 2012/2013, INVALSI adopted ther strategies to intensify methods and control
measures. First, tests both in Reading and in Madkies have been prepared in five different veisidor
each gquestion, the response options were arramgaddifferent order and, as regards Mathematids,tes
were also rotate questions concering the diffecententd Second, the monitoring of the execution of tests
has also been strengthened with the introductioseobnd-level controllers that, on a random basigjed

out checks on the processes taking place at difféiraes of implementation and evaluation of tests.

% | remember that the content of Mathematics tessists of the following four areas (first three foe 2nd Grade): 1) Numbers,
2) Space and Figures; 3) Data and forecast; 4) iBetadnd functions.
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Both measures have exerted a preventive and detexcdon of possible misconduct. On the basis of
results of the sample classes such deterrent asiems to have been effective. In general, thalisbn of
the results is much more “regular” than it usuals (see INVALSI Report, 2013).

Given the changes made to the structure of theeguthe persistence of anomalies seems to be more
connoted aseacher cheatingn the sense of at least to having allowed to Isupicheat because of a lack of
supervision by teachers.

In light of these relevant considerations, in tBextion | would like to check if my previous finds are
biased bycheatingphenomenoninstead of replicating results for the subsangbl8ample School® which
results seems do not be invalidated by uncorreeaveurs, | provide additional evidence by usingres
revised for “cheating”. INVALSI datasets, in fadpntain for the year 2012/2013 a “correction factor
allowing to compute “scores correct for the preseoiccheating”. In this way, | don’t reduce my saeno
observations of Sample Schools but | can obtaiabiel estimates by entire universe of pupils, tgkimto
account the precence of possible anomalies in score

| present results of classroom peer age effectastiRtest scores in Tables 15, 16 and 17.

Specifically, in Table 15 | replicate results byingsdata on pupils attending both the 2nd and the 5
grade of primary school in Italy. Findings confithe positive impact of the proportion of youngdatsnts
“in advance” on individual educational outcomese ®tffect of sharing the classroom with a more yeshg
student “in advance” is higher in Mathematics thanReading. Selection Effect results not statically
significant, consistently with basic estimates.

When | consider the alternative identification &gy, using data of students attending the 2ndthad
8th grade and replicating regressions on “revigedt scores, | obtain similar results of previostneates.
Also in this case coefficients on the proportion yafungest students “in advance” are positive and
statistically significant at 1% level. Moreoveretbffect is wider in Mathematics than in Readireg($able
16).

Finally, in Table 17 are reported estimates of @egr effect on Rasch test scores by students’ @ypg
focusing on the proportion of youngest pupils “dvance” in the classroom. Taking into account updrn
in either yeait+1 ort, i.e. with an age at school entry ranging fromt@380 months, a higher effect with
decreasing age is confirmed. The impact on indalidaerformance of being placed in classrooms with

youngest students “in advance” is greater in Matitars with respect to Reading scores.

3.10 Concluding remarks

In his influential study, Coleman et al. (1966)asshat peer quality is one of the only factorat ttould

influence student outcomes besides family backgto8mce then, a quite large empirical evidencebleas

9 For details on computing procedure &sgpporto SNV PN 201&www.invalsi.it
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put forward to demonstrate that the quality of shits schoolmates is an important determinant aflamic
performance and, by extension, of other life outeem

If students are affected by characteristics ofrteehoolmates, that is if peer effect exists incadion,
then the school system that encourages an effiaksttibution of peers will make human capital
investiments more efficient and will, thus, increaaconomic growth. So, understanding the nature and
importance of peer group effects in education bexoonucial for education policy.

Identifying and estimating peer effects raises sohalenges. The main issue is that peer effect b
isolated from confounding factors. Especially, $pus correlation between students’ outcome mayearis
from selection into groups and from common unobsgrghocks. Spurious correlated effects may be
important if the allocation of teachers and stusliéatclasses is not random (class-level selecieseb).

In this study | face selection bias by exploitifganges in Italian enroliment rule occurred in theent
past. Results do not appear to be influenced ecteh issues so that systematic assignment oéstacnd
teachers to classrooms does not seem to take @ladeto be relevant in determining students’
performance of Italian primary school pupils. Thghuan identification strategy never used in presiou
studies, | show that peer age impact on academiorpgance may arise from a “true” spillover.

Specifically, results suggest that the proportibgaungest students “in advance” in the classrobasa
positive effect on Normalized and Rasch test scho#is in Reading and in Mathematics.

Analyzing peer age effect on scores by studentg @pup, it appears that youngest children “in
advance” have a higher benefit from being placed tlass with other youngest peers “in advance& Th
positive effect on individual educational outconoésharing the classroom with youngest pupils desze
when student is older.

All findings seem to be not invalidated by “chegtiphenomena.

The way through which the impact of the classmaagg interacts with individual performance remains
an open issue. Other researches can be devoteddarstand if the presence of youngest students “in
advance” in the classrooms affects individual penBnce because of a better learning environment or
through learning spillover. Spillover effect of ymest pupils “in advance” could be due to the teesshwho
alter curriculum choices and redirect more attentmwvards students. Alternatively, the positive aoipof
youngest pupils “in advance” on cognitive achievateecould be due to the ability of these childnehp
are ready for school despite their young age, onose disciplinated school environment in which the

process of teaching-learning can more easily tékeep
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Appendix of Tables and Figures

Table 1 — Peer Effects on Students’ Performance latature Review

ssue

pe

Author Country Object of Analysis Data source SchobLevel Research focus Method Main results
Ammermueller and Pischke | 6 European Countries: Germany, PIRLS (Progress in Primary school | - Variation across - WLS - Peer effect is modestly large
(2009) France, Iceland, the Netherlands, International Reading (grade 4) classes within schools,| - OLS - Measurement error is important in survey
Norway and Sweden. Literacy Study) which are formed S\ data
roughly randomly - Selection plays little role in biasing peer
- Peer effects on effects estimates once measurement error i
students test scores is taken into account
within schools
Angrist and Lang (2004) Boston (Massachusetts, JUSA | - Data about Metco Primary school | Racial school -OLS Peer effects from Metco (Metropolitan
program (grade 4) integration S\ Council for Educational Opportunity)
- Massachusetts MCAS data program, i.e. effects on minority students in
Comprehensive Primary school the host districtare modest and short-lived.
Assessment System (grades 3 and 5)
(MCAS) testing program ITBS data
- Brookline Data: Test of .
Basic Skills (ITBS) Middle school
(grade 7)
ITBS data
Arcidiacono et al. (2012) Maryland (USA) Adminidixee data Higher education| Spillover in education Monte Carlo Small but significant peer effects are found,
from University of iterativealgorithm with evidence of heterogeneity by course ty,
Maryland
Boucher et al. (2010) Quebec (Canada) Quebec Gmesrn Secondary school Peer effects in students - OLS - While a rise in own age is associated with
MERS (Ministry of (grade 4 and 5) | achievements - Conditional decline in own test score, peers’ average ag
Education, Recreation Maximum have a positive effect on own test scores in

and Sports)

Likelihood (CML)
Y,

estimates but a negative effect in CML
estimates

\Y

- Monte Carlo - Peers’ socioeconomic background has little
simulation effect on own schooling performance
- Average test score of his peers increases a
student’s test score
Brunello et al. (2010) South Italy - Administratidata Higher education| - Rommate peer effe¢tOLS - Roommate peer effects for freshmen enrolled
covering students who for freshman enrolled are positive and significant for hard science$
live on campus at the - Effort at college students, and close to zero or negative in the
University of Calabria humanities and social sciences
- PISA (Programme for - A theoretical model suggests that the
International Student uncovered differences between fields in the
Assessment) intensity of the peer effect could be generated
by between-field variation in labor market
returns, which affect optimal student effort
Burke and Sass (2013) Florida (USA) Florida Compnsiive Elementary, Peer effects on - ValueAdded - Peer effects only at the classroom level and
Assessment Tedtorm middle and high | individual student Model of Student not at the general grade level
Referenced Test schools performance Achievement - Low-ability students appear to benefit

(FCAT-NRT)

(grades 3-10)

-OLS
- Quantile regression

significantly from having tomuality peers
while highestability students benefit from

mixing with students of middling ability
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Author Country Object of Analysis Data source SchobLevel Research focus Method Main results

Calw-Armengol et al. (2009) USA National Longitudinal | Secondary school Peer effects and Social - Network fixed Pupil school performance is affected by pee|
Survey of Adolescent (grades 7-12) | Networks in Education| effects OLS model | effects
Health (Add Health) - Network fixed

effects Maximum
Likelihood model

=

D

=

S

=)

Carman and Zhang (2012) China Data from a middle Middle schools | Peer effects on students- OLS - Peers have a positive and significant effec
school in the capital city| (grades 7 to 9) | achievements - Quantile regressior] on math test scores, but no significant effec
of a North China on Chinese and English test scores
province - Students at the middle quintile of the ability

distribution tend to benefit from better peers|
whereas students at both ends of the ability
distribution do not

Duflo et al. (2008) Kenya Data from Extra-Teacher Primary school Peer effects, tracking| - OLS - Students in tracking schools performed
Program (ETP), a and teacher incentives| - IV higher than those in non-tracking schools
primary school class-size - RDD - Students in non-tracking schools scored
reduction experiment higher if they were randomly assigned to pegrs

with higher initial scores

- Peers affect students both directly and
indirectly by influencing teacher behavior, in
particular teacher effort and choice of target
teaching level

Eisenkopf (2010) Switzerland Data from a experiment  High school Motivation and peer -OLS Some of the “better” students improve the
conducted in some (age 15-18) effects - Poisson regression| performance of their partner but
Cantones of Switzerland - Negative binomial | they induce lower motivation

regressions

Elder and Lubotsky (2009) USA - Early Childhood Kindergarten Kindergarten entrance| - OLS - Being a year older at the beginning of
Longitudinal Study- Middle school | age and school S\ kindergarten reduces the probability of
Kindergarten cohort (grade 8) achievement repeating kindergarten, first, or second grad
(ECLS-K) of primary school
- National Educational - Oldest children perform better than younge
Longitudinal Study in reading and maths scores, but gap tend t
(NELS) fade away as children progress through schpol

- The entrance age effect is larger and more
persistent among children from higher
socioeconomic status families

- Having older classmates tends to raise
reading and math achievement but also
increases the probabilities of repeating a grade

Epple and Romano (1998) USA Data from various Not specified - Peer group effects | Cobb-Douglas - Achievement depends on own and peers’
sources - Voucher system in specification ability

education - Because in private schools, high-ability low
- Competition between income students receive tuition discounts,
private and public while low ability high-income students pay
school tuition premia, tuition vouchers increase the
relative size of private sector and the premiym
on ability, benefiting high-ability students
- Students remaining in the public sector are
those with relatively low income and low
ability, and those students experience losses
100 (Table 1 - continued on the next page)



Author Country Object of Analysis Data source SchobLevel Research focus Method Main results

Foster (2006) Maryland (USA) Administrative data for | Higher education| Peer effects in -0OLS Overall, no meaningful or statistically
undergraduates residing education S\ significant peer effects are found
in University of
Maryland housing

Hanushek et al. (2003) Texas (USA) Dataset constmiuzy Primary school | Peer effects on students- OLS - Peer achievement has a positive effect on
the UTD Texas Schools| (grades 3to5) | achievements - Value-added individual achievement growth
Project, which used specification - Students throughout the school test score

Texas Assessment of
Academic Skills (TAAS)
data

(achievement gain
between current and
previous grade)

distribution appear to benefit from higher
achieving schoolmates

[7)

Hoxby (2000) Texas (USA) - Texas Schools Primary school | Classroom peer effect§ - WLS - Students are affected by peer achievements
Microdata Panel (grades 3 to 6) S\ - Peer effect are stronger intra-race
- Texas Assessment of - Females’ math performance is about the
Academic Skills (TAAS) same as that of males, but both males and
data females perform better in math in classroom

that are more female

Kang (2007) South Korea TIMSS (Third Middle schools | Classroom peer effects - OLS - Mean classroom achievement is positively

International (grades 7 and 9) S\ correlated with a student’s performance

Mathematics and
Science Study)

- Quantile regression

- Weak students interact more closely with
other weak students than with strong students;
hence their learning can be delayed by the
presence of worst-performing peers. In

contrast, strong students are found to interact
more closely with other strong students; hence
their learning can be improved by the presence
of best-performing peers

~

<

7%

o

Kirk (2000) USA National Assessment of Primary, middle | Peer effects in Jackknifed ordinary | - Peer effects have a strong influence on
Educational Progress and high schools| education least squares model| academic achievement, particularly in 4th
(NAEP) (grades 4, 8 grade; the significance of peer effect wanes|by
and 12) 8th grade
- Peer effect is independent of other factors
such as race, ethnicity, gender, income, ang
other background variables
Lavy et al. (2009) England - Standard National Secondary school Peer ability effects - OLS - ‘Bad’ peers at schaasl jdentified by
Tests (SATS) (grade 9) students in the bottom 5% of the ability
- Pupil Level Annual distribution, negatively and significantly affec
School Census (PLASC the cognitive performance of schoolmates
- Little evidence that the average peer qualit
and the share of ‘very good’ peers, as
identified by students in the top 5% of the
ability distribution, affect the educational
outcomes of other pupils
- Girls significantly benefit from the presenc
of very academically bright peers, while boy
marginally losing out
Lefgren (2004) Chicago (USA) - Chicago Public Primary school | Classroom peer ability| - OLS Peer effects are quite small, though generally
Schools (ChiPS) (grades 3 and 6) | effects in tracked and | - IV positive and statistically significant

- lowa Test of Basic

Skills (ITBS)

untracked schools
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Author Country Object of Analysis Data source SchobLevel Research focus Method Main results

Leuven and Rgnning (2011) Norway - Administrative Junior High Classroom grade -OLS - Pupils in mixed grade classrooms outperfg
enrollment data provided School (which equals to age) | - IV pupils in single grade classrooms
by Statistics Norway (mixed grade composition and pupil - Pupils benefit from sharing the classroom
- School database GSI classrooms) achievement with more mature peers from higher grades
(Grunnskolens
Informasjonssystem)

Levin (2001) The Netherlands PRIMA Primary schodl Class size and peer S\ Individuals in the lower proportion of the

(grades 4, 6, 8) | effects - IV Quantile achievement distribution benefit more from

regression: 2SLAD
(two stage least
absolute deviation

being placed in classes with individuals of
similar ability

estimator)

McEwan (2003) Chile Sistema de Medicion de Primary school | Classroom peer effects OLS The classroom mean of mothers’ education
la Calidad de Educacion (grade 8) has the strongest link to individual
(SIMCE) achievement, though subject to diminishing

marginal returns

Ponzo and Scoppa (2014) Italy - PIRLS (Progress in Primary school | Absolute and relative | - IV - Younger children score substantially lower
International Reading (grade 4, 8) age effects on students’ - Discontinuity than older peers
Literacy Study) Secondary school performance Sample Strategy - The advantage of older students does not
- TIMSS (Third (Grade 10) dissipate as they grow
International - There is not any significant effect of the
Mathematics and relative age of a child with respect to the
Science Study) classmates’ age
- PISA (Programme for
International Student
Assessment)

Sandgren and Strgm (2005) Norway Administrative daid Primary school | Classmates age effects OLS - Being in a class with older peers increases
individual scores on (grade 4) on individual student achievement in maths, but not in reading
national test in achievement - Peer age effect is higher for the late born
mathematics and reading children than for the early born
in all public schools and - Peer age effect found in mathematics seems
a fraction of private to be most prevalent among the students with
schools low educated parents

Stinebrickner and Kentucky (USA) - Administrative data Higher education| Roommate peer effe¢tOLS - No evidence of a relationship between

Stinebrickner (2006) from Berea College on freshmen student college grades and roommate ACT score fof
- Data from the Berea outcome females
Panel Study - Evidence in the relationship between college

grades and both roommate high school grade
point average and peer roommate family
income for females
- No peer effects on males performance
Vandenberghe (2002) 17 OECD Countries: TIMSS (Third Secondary school Peer effects across oLs - The higher the mean SES of the classmates,
Australia, Austria, Belgium International (grade 7 or 8) | OECD countries the higher the achievement level of the student

(Flemish and French Speaking
Community), Canada, France,
Germany, Greece, South Korea
the Netherlands, New Zealand,
Norway, Singapore, Switzerland

Spain, Scotland and the USA.

Mathematics and
Science Study)

- Low-SES pupils are more sensitive to pee
effects than their more privileged mates

- A student’s achievement level is lower, the
greater the underlying heterogeneity
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Author Country Object of Analysis Data source SchobLevel Research focus Method Main results
Winston and Zimmerman USA College and Beyond Higher education| Effect of roommates’| OLS - Students in the middle of the SAT
(2003) Database academic distribution may do somewhat worse in term|s
characteristics on an of GPA if they share a room with a student
individual’'s GPA who is in the bottom 15 percent of the SAT
(Grade Point Average) distribution
- Students in the top of the SAT distribution
are typically not affected by the SAT scores|of
their roommates
Zimmerman (2003) Massachusetts (USA) Data fronilliams Higher education| Effect of roommates’| OLS - Peer effects are almost always linked mor
College academic strongly with verbal SAT scores than with
characteristics on an math SAT scores
individual’'s GPA - Students in the middle of the SAT
(Grade Point Average) distribution may have somewhat worse
grades if they share a room with a student who
is in the bottom 15% of the verbal SAT
distribution
Zimmer and Toma (2000) 5 countries: Belgium, France | International Secondary school Peer effects in private | OLS - Peer effects are a significant determinant of

Canada (Ontario), New Zealand
and the USA.

, Association for the
Evaluation of
Educational
Achievement (IEA)

(grade 8)

and public schools

educational achievement
- Peers play a larger role in the achievement
levels of low-ability students than they do in
high-ability student achievement: raising the
average peer level increases individual student
achievement levels in schools across countfies
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Table 2 — Peer Measures used in Previous Studies

Author

Peer Measures

Specification of Peer Measures and fée

Student’s
Gender

Student’s
Age

Student’s
Race

Peer ability
(performance)

Socioeconomic
background

Ammermueller and Pischke
(2009)

v

v

v

Socioeconomic background:

- Index of n. of books at home

- Foreign parent

- Foreign language spoken at home

Class average of socioeconomic background variastiedent’s gender and age have been used fo
decomposition of variance in class level means.

For regressions, the only measure uséddex of the number of books at hom& follows:

- Class average n. of books at home

- Class average n. of books at home*individual llekenmy variable for >100 books at home

- Class average n. of books at home/IndividuaF bhooks at home

r the

Angrist and Lang (2004)

- Fraction Metco on non-Metco students (OLS esgions)
- Average number of Metco students per classrodmggressions)

Metco is a desegregation program that sends studtemt Boston schools to more affluent suburbs
i.e. sends black students to schools that werequgly all white and vice versa.

Arcidiacono et al. (2012)

- Scholastic Aptitude Test (SAT) scores
- High school Grade Point Average (GPA)

Boucher et al. (2010)

Socioeconomic background:

- Foreign students=0 (whose language of instruégddghe same as the mother tongue and the langliage

spoken at home)
- Index of SES

Peer group of a student contains all other studeritee same school.

Brunello et al. (2010)

Academic ability is extracted by two componentarks at graduation from secondary school and
standardized average test scores in each typglofschool.

Burke and Sass (2013)

- Average ability of the classroom or grade-lewelt including students himself
- Standard deviation of peer ability

- Ability quantile* average ability of the classmo

- Lowest/medium/highest quantile*Fraction of peetdwest/highest quantile

Calw-Armengol et al. (2009)

Peer group characteristics also include othewiddal socio-demographic measures, residential

neighborhood variables, and protective factors siscparents at home or relationship with teachers.

Peer effects are identified as average valued obatrol variables over the students’ direct fden
A unique coefficient that includes peer effectesimated.

Carman and Zhang (2012)

- Average score of other students in the class

Duflo et al. (2008)

ANAN

- Average score of other students in the class

Eisenkopf (2010)

- Score of the partner
- Partner's marks in math

Peer group variables also include the interest@fiartner in logical puzzles.

Elder and Lubotsky (2009)

- School average entrance age, except agdldfich

Epple and Romano (1998)

- Mean ability of the student body in the schai¢nded

Foster (2006)

- Student’s peer group’s mean/median SAT score
- Student’s peer group’s mean/median high scho& GP

Hanushek et al. (2003)

- Average math score and standard deviation agesdo grade G-2
- Proportion eligible for reduced price lunch

Peer measures include all other students in theoseimd grade.
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Peer Measeures

Specification of Peer Measures andtds

Author

Student’s
Gender

Student’s
Age

Student’s
Race

Peer ability
(performance)

Socioeconomic
background

Hoxby (2000)

v

v

v

- Average achievements of males and femalegiade in a school in a cohort
- Average achievements of students according theial groups in a grade in a school in a cohort

Kang (2007)

v

v

Gender:
- Proportion of males

Peer performance:

- Average value of math scores of classroom peealsi@ing own score
- Its square term

- Its standard deviation

- Proportion of weak peers (excluding oneself) inith classroom who are below the 25th percentilg of
the math score distribution

- Proportion of strong peers (excluding oneselfpwahe above the 75th percentile

Socioeconomic background:

- Books over 200

- Computer at home

- Father’s and Mother’s education

Kirk (2000)

“Make Fun of Those Who Try to Do Well in School”

Lavy et al. (2009)

- Average ability of peers at school, measuretebyscores achieved by students at age 11 anhthe
of primary school (grade 6)

- Fraction of very high-ability peers in one stutieohort (those who are above thd'gfrcentile)

- Fraction of very low-ability peers in one studgmohort (those who are below the 5th percentile)

Lefgren (2004)

- Average classmates ability, measured by thar pdar’s test scores

Leuven and Rgnning (2011)

- Average classroom grade composition (whiahaégjto the average classroom age composition)

Regressions also include Relative age, which equfils the youngest pupil (born December 31st)
and 1 for the relatively oldest one (born Januaty 1

Levin (2001)

- Number of classmates with similar IQ

McEwan (2003)

- Classroom mean of mother/father education

- Classroom mean of family income

- Classroom mean of student ethnicity (indigenous)
- Squared terms of each peer variable

Ponzo and Scoppa (2014)

- Average age of students in the clasis(ekcluding individual)

Sandgren and Strgm (2005)

- Average age (in months) of students’ clasesat school

Stinebrickner and Stinebrickne
(2006)

=

- Roommate ACT (American College Test) score
- Roommate HSGPA (High School Grade Point Averages)
- Roommate family income/10,000

Vandenberghe (2002)

- Average SES of the pupil’'s classmates

- Squared term of average SES of the pupil’s clagssn

- SES of the student*average SES of the pupil'ssttates

- Average SES of the pupil’s classmatahdard deviatioof the SES of the pupil’s classmates

Winston and Zimmerman
(2003)

- Students’ freshman roommate Scholastic Aptiflielst (SAT) scores
- Students’ freshman roommate SAT score range

Zimmerman (2003)

- Students’ first year roommate verbal SAT scores

- Students’ first year roommate math SAT scores

- Students’ first year roommate SAT total scoresial + math)
- Students’ first year roommate verbal/math SATrsgange
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Peer Measeures

Specification of Peer Measures anadtids

Author Student’s | Student’'s | Student’s Peer ability Socioeconomic
Gender Age Race (performance) | background
4 4 - Mean beginning-of-year test score of students élassroom and its squared term

Zimmer and Toma (2000)

- Mean beginning-of-year test score of students éfassroom*student score at the beginning-of-ye
- Mean beginning-of-year test score of students élassroom*student score at the beginning-of-ye
by country variables and by school type variablésgte school)

- Standard deviation of the mean classroom scores

- Mean beginning-of-year test score of students éfassroom*standard deviation of the mean
classroom scores

- Proportion of high/low ability students in thessroom*student score at the beginning-of-year

- Proportion of the classmates’ fathers whose oatiop is professional or skilled

- Proportion of the classmates’ mothers who wortside the home (full or part-time)

- Proportion of the classmates’ fathers/motherssghtghest level of school is secondary or greate
- Proportion of the classmates’ fathers whose oatiop is professional or skilled*student scorehat t
beginning-of-year

- Proportion of the classmates’ mothers who wortside the home (full or part-time)*student score
the beginning-of-year

- Proportion of the classmates’ fathers/motherssghtghest level of school is secondary or
greater*student score at the beginning-of-year

- Private school*each of the four socioeconomiaati@ristics (father's/mother’s occupation,

father’'s/mother’s education)
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Table 3 — Description of Variables

OUTCOME VARIABLES:

Description

Normalized Test Scores in Reading and Mathematics
Rasch Test Scores in Reading and Mathematics

Continuous variable
Continuous variable

COVARIATES:
Group

Dimensions

Description

Dummy variables

Student-level variables
(Individual characteristicg

Age at school entry (in months)

Discrete variable
(range 65 to 116)

Gender Dummy variable Male
Female
Country of birth Dummy variable Italy

Foreign Country

Pre-school attendance

Dummy variable

Daycare (ggs/n
Kindergarten (yes/no)

Student-level variables

(Parents’ backgroundl

Father's/Mother’s country of birth

Dummy variable

taly
Foreign Country

Father’'s/Mother’s educational qualification

Dummy variable

‘Low’ if educational qualificatiorere: primary school certificate, lower secondaryosd
certificate, vocational secondary school diploma€ars of study)
‘Medium’ if educational qualifications are: uppeecendary school diploma, anoth
qualification higher than diploma (Fine Arts Acader@onservatory, etc.)
‘High’ if educational qualifications are: univergitlegree or postgraduate qualification

Father's/Mother’'s employment status

Dummy variable

Unemployed

Homemaker

‘Low’ if employment statuses are: Laborer, servipessonnel, member of cooperatives
‘Medium’ if employment statuses are: Self-employwdrker (trader, farmer, craftsma
mechanic, etc.); Teacher, employee, military ireearRetired worker

‘High’ if employment statuses are: Entrepreneundtmvner; Manager, university lecture
officer; Professional employee or freelancer (dodawyer, psychologist, researcher, etc.

=

School-level variables

School size (N. of classrooms in the school)

Discvariable

Index of Sample school

Dummy variable

Sample sthoo
School no sample

School weekly hours

Dummy variable

Normal Time ¢dB0 hours in the 2nd Grade — Up to 39 hoursenbtih Grade)
Full Time (40 hours)

Classroom-level variables
(Peer age composition)

Proportion of delayed students (born in years t-n)Continuous variable

Proportion of students born between,Jgor,

Continuous variable

Proportion of students born between MAwg:

Continuous variable

Proportion of students born between $&q

Continuous variable

Proportion of students born between,JaApr;.,

Continuous variable

Geographic-level variables

Province

Dummy variable

101 Dummy variables for Italian Rnmes

(Autonomous Provinces of Trento and Bolzano arduebetl)
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Table 4 — Descriptive Statistics of Outcome Varialels

GRADE 2 GRADE 5
Obs Mean Std. Min Max Obs Mean  Std. Dev. Min Max
Otcome Variables Dev.
Normalized test score in reading 489,631 64,402 83, 0 100 | 475,444 76.661 15.555 0 100
Rasch test score in reading 489,631 0,238 1,056 4714, 3.801| 475,444 0.176 1.119 -5.427 4.120
Normalized test score in mathg 491,702 60,685 a1,57 0 100 476,810 59.205 19.259 0 100
Rasch test score in maths 491,702 0,400 1.293 84.724.713| 476,810 0.242 1.067 -5.231 4.778

Table 5 — Pooled estimates of Classroom Peer Agdésft on Educational Achievements

Y=Normalized test scores Y=Rasch test scores
Reading Mathematics Reading Mathematics
INDIVIDUAL AGE
Student’s Age at school entry (in months) 0.240%** 0.345%** 0.016*** 0.020***
CLASSROOM PEER AGE COMPOSITION
Proportion of delayed students -7.856*** -9.224%** -0.497*** -0.475%**
Proportion of students born between,Jaor, 0.263 0.931*** 0.006 0.050***
Proportion of students born between $&mg -0.906*** -1.665*** -0.059*** -0.097***
Proportion of students born between Japi-Apr .1 1.139*** 0.845** 0.105*** 0.083***
Number of Obs 582.813 583.615 582.813 583.615

Notesl) * p<0.1; ** p<0.05; *** p<0.01. 2) Coefficientare estimated with robust standard errors. 3yriadés include student-level
(individual characteristics and parents’ backgrguedhool-level and territorial-level covariatesgsTable 3 for details.

Table 6 — OLS estimates of the Classroom Peer Agéféct on Educational Achievements by Grade

GRADE 2

Y=Normalized test scores Y=Rasch test scores

Reading Mathematics Reading Mathematics
INDIVIDUAL AGE
Student’s Age at school entry (in months) 0.360*** 0.496*** 0.021*** 0.028***
CLASSROOM PEER AGE COMPOSITION
Proportion of delayed students -8.829*** -11.214%** -0.447*** -0.590***
Proportion of students born betweenJsor, 0.496 0.729* 0.004 0.038
Proportion of students born between $&mg -0.357 -1.413*** -0.016 -0.078***
Proportion of students “in advance” 3.199%** 4.706%** 0.233*** 0.342*%**
Number of Obs 294.207 294.550 294.207 294.550

GRADE 5

Y= Normalized test scores Y=Rasch test scores

Reading Mathematics Reading Mathematics
INDIVIDUAL AGE
Student’s Age at school entry (in months) 0.130*** 0.202*%** 0.013*** 0.011***
CLASSROOM PEER AGE COMPOSITION
Proportion of delayed students -8.722%** -9.974%** -0.583*** -0.557***
Proportion of students born betweenJsor, 0.188 1.354%* 0.017 0.078***
Proportion of students “in advance” -0.998*** -1.712%** -0.066*** -0.098***
Number of Obs 288.606 289.065 288.606 289.065

Notes:1) Students “in advance” are those born betweenalg and April of the year1 for Grade 2 while are student born between
September of the yedand April of the yeat+1 for Grade 5. 2) * p<0.1; ** p<0.05; *** p<0.01.
3) Coefficients are estimated with robust standamre 4) Estimates include student-level (indiebcharacteristics and

parents’ background), school-level and territolisdel covariates; see Table 3 for details.
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Table 7 — Comparison of Classroom Peer Age Effecebiveen the 2nd and the 5th Grade

Specification 1
Y=Normalized test scores Y=Rasch test scores
Reading Mathematics Reading Mathematics
CLASSROOM PEER AGE COMPOSITION
Proportion of students born between Jap;-Apr: (2nd Grade) 3.199%** 4.706%** 0.233*** 0.342*%**
Proportion of students born between Jap;-Apr.; (5th Grade) -0.274 -1.965*** 0.006 -0.100***
Specification 2
Y= Normalized test scores Y=Rasch test scores
Reading Mathematics Reading Mathematics
CLASSROOM PEER AGE COMPOSITION
Proportion of students born between Jap;-Feh.; (2nd Grade) 1.771%* 1.763** 0.154*** 0.137***
Proportion of students born between Jap;-Feh.; (5th Grade) -0.979** -2.426%** -0.059* -0.129%**
Proportion of students born between May,-Apr, (2nd Grade) 6.373*** 11.281*** 0.410%** 0.801***
Proportion of students born between May.-Apr.1 (5th Grade) 1.272* -0.951 0.148*** -0.038

Notes:1) * p<0.1; ** p<0.05; *** p<0.01. 2) Coefficientare estimated with robust standard errors. 3) Eséiminclude student-level
(individual characteristics and parents’ backgrguedhool-level, territorial-level and other classm peer age composition covariates; see
Table 3 for details.

Table 8 — Classroom Peer Age Effect and Identificain of Selection Effect: 2nd and 5th Grade

Y=Normalized test scores Y=Rasch test scores

Reading Mathematics Reading Mathematics
INDIVIDUAL AGE
Student’s Age at school entry (in months) 0.240%** 0.345%** 0.016*** 0.020***
CLASSROOM PEER AGE COMPOSITION
Proportion of delayed students -7.896*** -10.776%** -0.334*** -0.571%*
Proportion of students born between,Jsor, -1.130*** -0.723* -0.082*** -0.086***
Proportion of students born between $&pg -0.925*** -2.053*** -0.040** -0.116
Proportion of students born between Jap;-Apr .1 7.584*** 8.999*** 0.443** 0.700***
Grade 5*Proportion of delayed students 1.126 5.583 -0.113 0.398**
Grade 5*Proportion of students born between-3an, 4.849** 7.554** 0.380* 0.605***
Grade 5*Proportion of students born between Mayg; 1.864 4.023 0.193 0.316*
Grade 5*Proportion of students born between SeptDeg 2.058 4.096 0.164 0.367
Grade 5*Proportion of students born between, J#pr.; -10.127%** -11.114%** -0.438** -0.828***
Number of Obs 582.813 583.615 582.813 583.615

Notesl) * p<0.1; ** p<0.05; *** p<0.01. 2) Coefficientare estimated with robust standard errors. 3yr&sés include student-level
(individual characteristics and parents’ backgrguedhool-level and territorial-level covariatesesTable 3 for details.
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Table 9 — Classroom Peer Age Effect: Simulations ddormalized Test Scores

Reading Mathematics
Simulation Basic Simulation | Simulation Basic Simulation
1 Estimates 2 1 Estimates 2

INDIVIDUAL AGE
Student’s Age at school entry (in months) 0.240%** 0.240%** 0.238*** 0.346%** 0.345*** 0.343***
CLASSROOM PEER AGE COMPOSITION
Proportion of students “in advance” 13.137%** 7.584*** 2.287** 18.061*** 8.999%** 1.976***
Selection Effect 0.382 2.058 1.064 2.950 4.096 4.017
Number of Obs 582.813 582.813 582.811 583.615 883.6| 583.615

Notes:1) Proportion of students “in advance” refers tosth “in advance” for both the 2nd and the 5th Gradeto students born in March
or April t+1 in Simulation 1, pupils born between Januarl and Aprilt+1 (Basic Estimates) and students born between Novetnainel
April t+1 in Simulation 2. For a clearer interpretatiorPobportion of students “in advanceindSelection Effegbarameters see Figures 1,
2 and 3. 2) * p<0.1; ** p<0.05; *** p<0.01. 3) Cdients are estimated with robust standard erdr&stimates include student-level
(individual characteristics and parents’ backgrguedhool-level, territorial-level and other classm peer age composition covariates; see
Table 3 for details.

Table 10 — Classroom Peer Age Effect: SimulationsidRasch Test Scores

Reading Mathematics
Simulation Basic Simulation | Simulation Basic Simulation
1 Estimates 2 1 Estimates 2

INDIVIDUAL AGE
Student’s Age at school entry (in months) 0.016*** 0.016*** 0.016*** 0.020*** 0.020*** 0.019%***
CLASSROOM PEER AGE COMPOSITION
Proportion of students “in advance” 0.739%** 0.443*** 0.126*** 1.361*** 0.700%*** 0.181***
Selection Effect 0.072 0.164 0.088 0.219 0.367 0.295
Number of Obs 582.813 582.813 582.817 583.615 383.6| 583.615

Notes:1) Proportion of students “in advance” refers tos “in advance” for both the 2nd and the 5th Gradeto students born in March
or April t+1 in Simulation 1, pupils born between January and Aprilt+1 (Basic Estimates) and students born between Nowvenainel
April t+1 in Simulation 2. For a clearer interpretatiorPobportion of students “in advanceindSelection Effegbarameters see Figures 1,
2 and 3. 2) * p<0.1; ** p<0.05; *** p<0.01. 3) Cdaents are estimated with robust standard erdr&stimates include student-level
(individual characteristics and parents’ backgrguedhool-level, territorial-level and other classm peer age composition covariates; see
Table 3 for details.
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Table 11 — Classroom Peer Age Effect on Normalizelest Scores by Students’ Age Group

Reading
65< Age< 68 69< Age< 72 73<Age<76 77< Age<80
(Students born | (Students born | (Students born | (Students born
between between between between
Jan.1-Apr 1) Sept-Deq) May-Aug) Jan-Apr)
CLASSROOM PEER AGE COMPOSITION
Proportion of students born between Jap;-Apr .1 10.018*** 10.090*** 7.437%** 5.179***
Number of Obs 47.078 191.035 195.848 138.286
Mathematics
65< Age< 68 69<Age<72 73< Age<76 77<Age<80
(Students born | (Students born | (Students born | (Students born
between between between between
Jany1-Apr 1) Sept-Deg) May-Aug;) Jan-Apr)
CLASSROOM PEER AGE COMPOSITION
Proportion of students born between Jap;-Apr .1 14.731*** 10.999*** 6.979*** 4.938***
Number of Obs 47.027 191.318 196.001 138.586

Notes:1) * p<0.1; ** p<0.05; *** p<0.01. 2) Coefficientare estimated with robust standard errors. 3) Eséiminclude student-level
(individual characteristics and parents’ backgrguedhool-level, territorial-level and other classm peer age composition covariates; see

Table 3 for details.

Table 12 — Classroom Peer Age Effect on Rasch Te&xtores by Students’ Age Group

Reading
65< Age<68 69<Age<72 73< Age<76 77<Age<80
(Students born | (Students born | (Students born | (Students born
between between between between
Jan.1-Apr 1) Sept-Deq) May-Aug:) Jan-Apr )
CLASSROOM PEER AGE COMPOSITION
Proportion of students born between Jap;-Apr .1 0.628*** 0.529*** 0.415*** 0.363***
Number of Obs 47.078 191.035 195.848 138.286
Mathematics
65< Age< 68 69< Age< 72 73<Age<76 77<Age<80
(Students born | (Students born | (Students born | (Students born
between between between between
Janu1-Apr 1) Sept-Deg) May-Aug;) Jan-Apr,)
CLASSROOM PEER AGE COMPOSITION
Proportion of students born between Jap;-Apr .1 1.060*** 0.814*** 0.587*** 0.439***
Number of Obs 47.027 191.318 196.001 138.586

Notes:1) * p<0.1; ** p<0.05; *** p<0.01. 2) Coefficientare estimated with robust standard errors. 3) Eséiminclude student-level

(individual characteristics and parents’ backgrguedhool-level, territorial-level and other classm peer age composition covariates; see

Table 3 for detalils.
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Table 13 — Frequencies of students by month and yeaf birth

Grade 2 Grade 5 Grade 8
Month and year of birth Reading | Mathematics | Reading| Mathematics| Reading Maematics
January 21,637 21,764 20,438 20,553 20,052 20,053
February 26,137 26,253 23,291 23,355 22,908 22,909
March 34,125 34,327 30,663 30,711 34,194 34,194
April, 35,006 35,214 33,325 33,549 33,260 33,263
May, 42,778 42,890 39,900 39,881 36,993 36,993
Jung 39,889 39,987 38,342 38,433 37,794 37,794
July; 42,377 42,471 41,195 41,333 42,236 42,237
August 40,983 41,152 39,930 40,039 39,843 39,842
Septembey 42,621 42,791 42,104 42,125 40,866 40,867
October; 41,980 42,192 41,397 41,546 37,875 37,878
Novembey, 38,167 38,362 36,190 36,303 34,443 34,446
Decembey 39,440 39,594 36,506 36,623 35,322 35,325
January;; 19,374 19,370 18,921 18,966 19,830 19,830
February., 9,291 9,304 11,622 11,598 12,05p 12,049
March., 6,499 6,466 7,240 7,220 8,718 8,718
Aprilg 4,295 4,325 4,631 4,604 - -

Notes 1) Cutoff date for first enrollment is August 3&$ the yeat for students attending both the 5th and 8th Grade

in 2012/2013 while is December 31st of the ytefar those attending the 2nd Grade in the same 2&&imit birth
date for optional enrollment is April 30th of theayt+1 for pupils attending both the 2nd and the 5th @natlile is
March 31sbf the yeat+1 for those attending the 8th Grade in 2012/2013.

Table 14 — Classroom Peer Age Effect on Normalizelest Scores
and ldentification of Selection Effect: 2nd and 8thGrade

Reading Mathematics
CLASSROOM PEER AGE COMPOSITION
Proportion of delayed students -5.518*** -7.857***
Proportion of students born between,Jspr, -0.017 -0.176
Proportion of students born between $&gg -1.833*** -3.488***
Proportion of students born between Jap;-Apr 1 5.960*** 8.096***
Grade 8*Proportion of delayed students 3.294 8.533*
Grade 8*Proportion of students born between-4an, 10.052*** 15.336***
Grade 8*Proportion of students born between Mayg; 8.488*** 11.344%**
Grade 8*Proportion of students born between dept; 8.666*** 14.052***
Grade 8*Proportion of students born between Jap;-Mar 1,1 -1.826 -2.702
Number of Obs 557.734 558.058

Notes:1) * p<0.1; ** p<0.05; ** p<0.01. 2) Coefficientare estimated with robust standard errors. 3) Estim
include student-level (individual characteristioglgarents’ background), school-level and ter@eevel covariates;

see Table 3 for details.
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Table 15 — Classroom Peer Age Effect on Rasch Te&atores Revised for “Cheating”
and ldentification of Selection Effect: 2nd and 5thGrade

Reading Mathematics
CLASSROOM PEER AGE COMPOSITION
Proportion of delayed students -0.385*** -0.562%**
Proportion of students born between,Japr, -0.055*** -0.039*
Proportion of students born between $&gg -0.046*** -0.123***
Proportion of students born between Jap;-Apr 1 0.291*** 0.373***
Grade 5*Proportion of delayed students -0.119 0.319*
Grade 5*Proportion of students born between-4an, 0.210 0.405**
Grade 5*Proportion of students born between Mayg; 0.049 0.199
Grade 5*Proportion of students born between SeptDeg 0.041 0.277
Grade 5*Proportion of students born between, J#pr.1 -0.426** -0.572%**
Number of Obs 582.813 583.615

Notegd) * p<0.1; ** p<0.05; *** p<0.01. 2) Coefficientare estimated with robust standard errors. 3)riadts
include student-level (individual characteristioglgarents’ background), school-level and teri@eevel covariates;
see Table 3 for details.

Table 16 — Classroom Peer Age Effect on Rasch Té&xtores Revised for “Cheating”
and Identification of Selection Effect: 2nd and 8thGrade

Reading Mathematics
CLASSROOM PEER AGE COMPOSITION
Proportion of delayed students -0.220*** -0.413***
Proportion of students born between,Jspr, 0.048*** 0.017
Proportion of students born between $8gg -0.107*** -0.200***
Proportion of students born between Jap;-Apr .1 0.108*** 0.255**
Grade 8*Proportion of delayed students -0.118 0.355*
Grade 8*Proportion of students born between-4an, 0.381* 0.661***
Grade 8*Proportion of students born between Mayg; 0.409** 0.480***
Grade 8*Proportion of students born between g2t 0.387* 0.644***
Grade 8*Proportion of students born between Jap;-Mar 1,1 0.168 -0.079
Number of Obs 557.734 558.058

Notes:1) * p<0.1; ** p<0.05; *** p<0.01. 2) Coefficientare estimated with robust standard errors. 3) Estim
include student-level (individual characteristioslgarents’ background), school-level and teri@elevel covariates;
see Table 3 for details.
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Table 17 — Classroom Peer Age Effect on Rasch Te&atores Revised for “Cheating” by Students’ Age Grop

Reading
65< Age< 68 69< Age< 72 73<Age<76 77<Age<80
(Students born | (Students born | (Students born | (Students born
between between between between
Jan.-Apr 1) Sept-Deq) May,-Aug:) Jan-Apr)
CLASSROOM PEER AGE COMPOSITION
Proportion of students born between Jap;-Apr .1 0.396*** 0.389*** 0.315*** 0.231***
Number of Obs 47.078 191.035 195.848 138.286
Mathematics
65< Age< 68 69< Age< 72 73<Age<76 77< Age<80
(Students born | (Students born | (Students born | (Students born
between between between between
Jan1-Apr 1) Sept-Deg) May-Aug,) Jan-Apr,)
CLASSROOM PEER AGE COMPOSITION
Proportion of students born between Jap;-Apr .1 0.522%** 0.482*** 0.321%** 0.221***
Number of Obs 47.027 191.318 196.001 138.586

Notes:1) * p<0.1; ** p<0.05; *** p<0.01. 2) Coefficientare estimated with robust standard errors. 3) Eséiminclude student-level
(individual characteristics and parents’ backgrguedhool-level, territorial-level and other classm peer age composition covariates;
see Table 3 for details.

Figure 1 — Conceptual Framework of Identification S$rategy
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Figure 2 — Simulation 1
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Figure 3 — Simulation 2
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Figure 4 — Effect of the Proportion of students bon between Januaryt+1 and April t+1
on Normalized test scores by Students’ Age Group
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65= Age =68 69= Age=72 73=Age=76 77= Age=80

e=p=Reading ==l=Nlathematics

The horizontal axis reports four students’ age gsohe first one identifies pupils born betweemudayt+1
and Aprilt+1, who are youngest pupils in the classroom (aga 86 to 68 months at school entry).
Others groups include students born in the ottmrsronths of the yedridentifying an increasing age.
The vertical axis reports the effects of the Préporof students born between Januiy and Aprilt+1,
i.e. of youngest students “in advance” on Normalitest scores in Reading and Mathematics.

Figure 5 — Effect of the Proportion of students bon between Januaryt+1 and April t+1
on Rasch test scores by Students’ Age Group
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65= Age =68 69< Age=72 73<Age=76 77< Age =80

e=p=Reading ==l==Nlathematics

The horizontal axis reports four students’ age gso he first one identifies pupils born betweemuaayt+1
and Aprilt+1, who are youngest pupils in the classroom (aga 86 to 68 months at school entry).
Others groups include students born in the ottmrsronths of the yedridentifying an increasing age.
The vertical axis reports the effects of the Préporof students born between Januiy and Aprilt+1,
i.e. of youngest students “in advance” on Raschstames in Reading and Mathematics.
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Figure 6 — Alternative Identification Strategy
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Figure 7 — Share of youngest students “in advancei the classroom

Grade 2 - Reading
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Proportion of students born between January t+1 and April t+1

The horizontal axis reports the proportion of yoestgoupils “in advance” in the classroom, i.e.taflents born
between January and April of the yéat. The vertical axis reports the percentage of elags the sample
with the correspondent proportion of students.
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Figure 8 — Share of youngest students “in advance#i the classroom

Grade 5 - Reading
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Proportion of students born between January t+1 and April t+1

The horizontal axis reports the proportion of yoestgoupils “in advance” in the classroom, i.e.taflents born
between January and April of the y¢at. The vertical axis reports the percentage of elmgsthe sample
with the correspondent proportion of students.

Figure 9 — Share of youngest students “in advancef the classroom

Grade 8 - Reading
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Proportion of students born between January t+1 and March t+1
The horizontal axis reports the proportion of yoestgoupils “in advance” in the classroom, i.e.taflents born

between January and March of the ydr. The vertical axis reports the percentage of elags the sample
with the correspondent proportion of students.
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Figure 10 — Share of youngest students “in advancéfi the classroom

Grade 2 - Mathematics
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Proportion of students born between January t+1 and April t+1

The horizontal axis reports the proportion of yoestgoupils “in advance” in the classroom, i.e.taflents born
between January and April of the y¢at. The vertical axis reports the percentage of elmgsthe sample
with the correspondent proportion of students.

Figure 11 — Share of youngest students “in advancefi the classroom

Grade 5 - Mathematics
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Proportion of students born between January t+1 and April t+1

The horizontal axis reports the proportion of yoestgpupils “in advance” in the classroom, i.e.taflents born
between January and April of the yéat. The vertical axis reports the percentage of elagsthe sample
with the correspondent proportion of students.
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Figure 12 — Share of youngest students “in advancéfi the classroom

Grade 8 - Mathematics
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Proportion of students born between January t+1 and March t+1

The horizontal axis reports the proportion of yoestgoupils “in advance” in the classroom, i.e.taflents born
between January and March of the yigdr. The vertical axis reports the percentage of em#sthe sample
with the correspondent proportion of students.
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Concluding remarks

In the last years, international surveys (PISA,IEBRTIMSS) have tested the level of students’ skitirough
standardized tests across several countries, éthim to evaluate the effectiveness and efficieridie different
educational systems. In most of the classificatanasvn up based on results of these assessmeaysisitn rather
low positions.

At national level, the INVALSI (National Instituter the Educational Evaluation of Instruction angiming)
yearly assesses ltalian pupils’ competences in iRgaahd Mathematics through the National Service the
Evaluation of Education and Training (SNV). Restutdest scores show a significant delay of Itadiavhether
compared with other countries.

In this framework, understanding the possible daeitesints of educational outcomes becomes interesting

First of all, we might attribute the poor performanof students to the presence of a lacking cultura
environment at home. If pupils have parents witbrpeducation, they do not receive enough suppattfamily
pressures to achieve good results at school. Mereparents with a high occupational status haveemesources
to provide a better environment for their childterdo well in school.

Another channel through which parents can openatedoicational performance of their children isdBeision
to delay or expedite their offsprings’ school enffjne choice, indeed, is certainly related to biathilies’ and
pupils’ characteristics which influence educatiomaticomes.

Finally, effects on pupils achievements can betaretlassrooms where pupils interact all togetlgenerating
the so-called peer effect.

The importance of family background as well asitiavidual and peer age effects occurs from th&t frear of
schooling. Better or lower school performance ti@es into social inequalities along upper secondahool and
then in labor market. Hence, | support the impar¢aof acting in the early stages of schooling pgede mitigate
inequalities and improve equality of opportunitydasocial mobility. For these reasons, in the thédecus on
primary school analyzing some possible determinahéshievements of Italian students through tloresgpter.

The first one aims at investigating if parents semonomic background has a strong impact on pupils
outcomes in Italian primary school. The sample =te0f pupils attending both the 2nd and the S#dg of
primary education. To handle missing data | geeenailtiple imputations preferring this method redpe others
according to literature which considers it the l{est, for example, Graham et al., 2003). Additiepacifications
without imputations and including school, classroand provincial fixed effects lead to very simitasults. The
additional evidence, which is consistent in sigd aragnitude to basic estimates, lends strong stigptite causal
impact of parents’ background on individual achieeats both in Reading and in Mathematics. Reshtigvghat
parents’ educational qualification is the most famental factor in explaining the child’'s successéhool. The
effect of the parents’ occupational status is asmng. The impact of parents’ background on sttglen
achievements does not fade away but persists dprinry education.

In Chapter 2 | examine the effect of early schadheon Italian Normalized test scores achievedobpils
attending primary school in 2011/2012. Unlike otkerdies, | deal with selection on unobservabletymating
the potential selection bias comparing pupils wihoudd start school in yearand pupils who have the opportunity
to start school in that year. | point out that @ese distortion in the evaluation of early entrisas when neglecting
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the effect of unobserved characteristics drivingost entry decisions. In particular, in the pregen€ a positive
Family Gift leading best pupils to enter school in advance, penalty imposed by early school entry is
substantially underestimated. After neutralizinig tischooling ability” effect, | find that pupilsiiadvance perform
worse than regular ones. This gap does not fadg dwring primary school.

Chapter 3 examines peer age effects on educatartabmes (both Normatized and Rasch test scores) in
academic year 2012/2013. Findings suggest thairtortion of youngest students “in advance” in¢lessrooms
has a positive effect on test scores both in Regaalil in Mathematics. This impact differ by studeage group.

| face the selection bias by exploiting changekahan enrollment rule occurred in the recent p&asults do
not appear to be influenced by selection issuesystematic assignment of students and teacheratereoms
does not seem to take place and to be relevantterrdining performance of Italian primary schoobpisi
Through an identification strategy never used iavimus studies, | show that peer age impact on esoed
performance may arise from a “true” spillover.

Given the central role of students’ educationafqgrenance for the future economic prospects of siedethe
evidence presented in this thesis may reveal istiegeaspects for educational and social poligiekaly. Results
from the first chapter allow to understand how muafhinequality in educational achievements is doe t
socioeconomic status of students’ family. The asialghows that intergenerational educational gersis and
social immobility originates in the early stagesth& schooling process. Pupils with an advantageadily
background perform better in primary school. Thisspsts during school career and it obviously fieas into
social inequalities along upper secondary schodlthen in labor market. This has policy implicasdomoth for
schools and for governments. These authoritiegadty, should reduce social disparities in termsedéication
opportunities and improve social mobility.

Important policy implications also arise from tlsue concerning the age at which a child shoult sthool.
On the one hand, parents struggle with the quesfievhether they should send their children to stlas soon as
they are eligible. Then, governments could changeficbirth date for first enrollment into schoaleighting
penalties of being younger at school entry agdhesicosts for parents in terms of child care ardyael entrance
in the labor market. The research presented irthkss contributes to this debate providing evigeor a skill gap
and its persistence during primary school. Furthsearches, however, should be devoted to unddrstéms gap
is actually bridged in the long run.

Finally, understanding the nature and importancep@ér group effects in education becomes crucial fo
education policy. Focusing on peer age effectsd that youngest students “in advance” in thestlaem has a
positive impact on individual achievements. The wapugh which the impact of the classmates’ ageratts
with individual performance remains an open isdDéer researches should be devoted to understatiw if
presence of youngest students “in advance” in thgesmoms affects individual performance throudgkaaning
spillover between classmates — i.e. youngest papdseady for formal education and particularyedbl perform
better in school despite their young age, or bexafisa better learning environmeijt:teachers alter curriculum
choices and redirect more attention towards stggi&ntn a more disciplinated school environment, thecpss of

teaching-learning can more easily take place wititive effects on the entire classroom.
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