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Abstract

This work aims to catch the differences in educational attainments between
students and across classes and schools they are grouped by, in the context of
Italian educational system. The purpose is to identify a relationship between
pupils’ maths and reading test scores and the characteristics of students them-
selves, stratifying for classes, schools and geographical area. The dataset of
interest contains detailed information about more than 500,000 students at the
first year of junior secondary school in the year 2012/2013, provided by the
Italian Institute for the Evaluation of Educational System (INVALSI). The in-
novation of this work is in the use of multivariate multilevel linear mixed models,
in which the outcome variable is bivariate: reading and maths achievements. By
means of these models, it is possible to estimate statistically significant “school
and class effects” after adjusting for pupil’s characteristics, i.e. the positive/neg-
ative impact of attending a specific school or class on student’s test score, and
to identify which are the characteristics of the students that more influence
their performances, both in mathematics and reading. The results show that
big discrepancies elapse between the three geographial macro-areas (Northern,
Central and Southern Italy), where school/class effects and relevant student’s
features are very heterogeneous.

KEYWORDS: Pupils’ achievement; Multilevel models; Bivariate models; School
and class effect; Value-added.

Sommario

L’obiettivo di questo lavoro € di cogliere le differenze tra i rendimenti sco-
lastici degli studenti e tra le scuole e le classi in cui essi sono raggruppati, nel
contesto del sistema educativo Italiano. Lo scopo ¢ di identificare una relazione
tra i risultati dei test di italiano e matematica degli studenti e le caratteristiche di
questi ultimi, raggruppati per classi, scuole e aree geografiche. Il dataset in ques-
tione contiene informazioni dettagliate su piu di 500,000 bambini al primo anno
di scuola media, nell’anno scolastico 2012/2013, fornite dall’Istituto Nazionale
per la Valutazione del Sistema Educativo di Istruzione e di Formazione (IN-
VALSI). L’innovazione di questo lavoro risiede nell’uso di modelli lineari multi-
variati a effetti misti, nei quali la variabile risposta ¢ bivariata: risultati dei test
di matematica e italiano. Per mezzo di questi modelli, & possibile stimare “effetti
scuola e classe” statisticamente significativi dopo aver aggiustato rispetto alle
covariate bambino, come per esempio I'impatto positivo/negativo di frequentare
una data scuola o classe sul rendimento dello studente, e identificare quali sono le
caratteristiche degli alunni che piu influenzano la loro performance, in matem-
atica e in italiano. I risultati mostrano che ci sono grandi discrepanze tra le
tre macro-aree geografiche (Nord, Centro e Sud Italia), che sono caratterizzate
da effetti scuola/classe e caratteristiche rilevanti degli studenti molto eterogenei.



Introduzione

L’analisi delle differenze dei rendimenti scolastici tra gruppi di studenti e tra
scuole sta diventando, negli ultimi anni, sempre piu interessante. A tal propos-
ito vengono fatti numerosi studi per testare e migliorare il sistema educativo e
per capire quali variabili lo definiscono (vedi [7],[12],[30],[27]). Negli stati piu
industrializzati, esistono istituzioni che, sottoponendo gli studenti a questionari
comuni e raccogliendo informazioni sulle scuole e sulle classi, cercano di testare
i rendimenti degli studenti e di capire quali sono gli aspetti che piu influenzano
la loro prestazione. Il Programma per la Valutazione Internazionale dell’Allievo
(PISA) & stato promosso nel 2000 dall’Organizzazione per la Cooperazione e lo
Sviluppo Economico (OCSE) per analizzare il livello di istruzione dei ragazzi
negli stati piu industrializzati. Lo scopo & quello di confrontare i risultati dei
test, per identificare quali sono gli stati con i migliori rendimenti e quali sono le
variabili, le caratteristiche e gli aspetti delle istituzioni scolastiche che permet-
tono loro di avere tali risultati. Tipicamente, i test coinvolgono tra i 4,500 e i
10,000 studenti in ogni stato.

In Italia, D'Istituto Nazionale per la Valutazione del Sistema educativo e
dell'Istruzione (INVALSI), fondato nel 2007, valuta gli studenti nelle loro presta-
zioni in matematica e in italiano in diversi stadi: alla fine del secondo e del
quinto anno di scuola elementare (circa a 7 e 10 anni rispettivamente), alla fine
del primo e del terzo anno di scuola media (11 e 13 anni) e alla fine del secondo
anno di scuola superiore (15 anni).

Agli studenti viene chiesto di rispondere a domande, uguali per tutti, sia
aperte che a risposta multipla, che testano le loro conoscenze in matematica e
italiano. Questo ¢ un modo di valutare conoscenze e metodi di ragionamento che
i ragazzi avrebbero dovuto imparare nel loro percorso scolastico. Inoltre, viene
chiesto di rispondere a domande circa loro stessi, la loro famiglia, il livello di
istruzione dei genitori e la loro situazione socio-economica (vedi [4],[6],[17],[1]).
Abbiamo a disposizione due dataset separati, il primo contenente i risultati di
matematica e il secondo quelli di italiano, seguiti dalle informazioni sugli stu-
denti, sulle classi e sulle scuole. Questi due dataset sono stati forniti in due
momenti diversi: prima abbiamo ricevuto quello di matematica (gia preceden-
temente studiato) e poi quello di italiano.

Gli obiettivi sono (i) esaminare la relazione tra le caratteristiche degli stu-
denti, come profilo, situazione socio-culturale, risorse culturali, e i loro rendi-
menti scolastici, (ii) chiarire se ci sono differenze educative tra le scuole e tra le
tre macro-aree geografiche dell’Ttalia (Nord, Cento e Sud) e (iii) scoprire come
Peffetto della scuola ¢ piti/meno accentuato per certi profili di studenti. Gli stru-
menti statistici utili per svolgere questi tipi di studi sono specialmente modelli
lineari a effetti misti, univariati e bivariati.

Il primo passo € creare un dataset congiunto in cui per ogni studente abbiamo
i risultati in entrambe le materie. In questo modo, possiamo fare considerazioni
e confronti, implementando modelli sullo stesso insieme di studenti.

Sono gia stati fatti studi sui rendimenti di matematica, applicando mod-
elli lineari a effetti misti univariati, per analizzare come la variabile risposta



(risultati di matematica) dipende dalle covariate e quali sono gli effetti della
classe e della scuola sui rendimenti degli studenti (vedi [2]). Sono emerse grandi
differenze tra Nord, Centro e Sud Italia, suggerendo il bisogno di implementare
tre modelli separati per descrivere questi fenomeni completamente differenti.
Quindi, la prima parte del lavoro sara dedicata allo studio dei risultati di ital-
iano, cosi da poter poi confrontare i risultati delle due materie. Visto che,
comunque, c’e una forte correlazione tra le due variabili risposta, il fulcro del la-
voro sara studiare modelli lineari a effetti misti multivariati, nei quali la risposta
¢ bivariata: risultati di matematica e italiano. Indagheremo poi se questo nuovo
approccio apporta del valore-aggiunto ai modelli e spiega la relazione che inter-
corre tra gli effetti scuola/classe delle due materie.

Il lavoro e organizzato come segue: la Sezione 2 presenta il dataset; nelle
Sezioni 3 e 4 si fanno studi sui risultati di italiano rispettivamente in Italia e
nelle tre macro-aree con modelli lineari a due e tre livelli; nella Sezione 5 si
introducono i modelli lineari a effetti misti bivariati per i risultati di italiano e
matematica e nella Sezione 7 si implementano modelli univariati e bivariati a
due livelli in cui gli studenti sono raggruppati solo per classi. Tutte le analisi
sono state fatte usando il software statistico R (vedi [22]), tranne i modelli
lineari a effetti misti bivariati, che sono stati implementati usando il software
AsReml (vedi [11]).



1 Introduction

Nowadays, the analysis of the differences in educational attainments between
groups of students and across schools is becoming increasingly interesting. Stud-
ies on this subject are made in order to test and improve the educational sys-
tem and to understand which variables determine it (see [7],[12],[30],[27]). In
the most industrialized countries, exist institutions that, referring students to
common questionnaires and collecting information about schools and classes,
aim to test pupils’ achievement and to understand which are the aspects that
more influence the performances. The Programme for International Student
Assessment (PISA) is a project promoted by the Organization for Economic
Co-operation and Development (OECD) that was created in 2000 in order to
analyze the educational level of the teenagers in the main industrialized coun-
tries. The purpose is to compare the results of the tests, in order to detect
which are the countries with best and worst performances and which are the
variables, the characteristics and the aspects of their scholastic institutions that
permit them to have such results. Tipically, the tests involve between 4,500 and
10,000 students in each country.

In Ttaly, the Italian Institute for the Evaluation of Educational System (IN-
VALSI), founded in 2007, assesses students in their reading and mathematics
abilities at different stages: at the end of the second and fifth year of primary
school (about at age 7 and 10, respectively), at the end of the first and third
year of lower secondary school (age 11 and 13) and at the end of the second
year of upper secondary school (age 15).

Students are requested to answer questions, the same for everyone, with both
multiple choices and open-ended questions, that test their ability in reading
and mathematics. This is a way to test knowledge and reasoning that pupils
should have learned in their school career. Also, they are requested to compile
a questionnaire about themselves, their family, their parents’ educational level
and their socio-economic situation (see [4],[6],[17],[1]). Our resources are two
separate set of data, the former containing the mathematics achievements and
the latter the reading ones, followed by the information about students, classes
and schools in Italy. We obtained the two dataset in two different moments:
firstly, we received the mathematics one (that have already been explored) and
secondarily the reading one.

The aims are (i) to examine the relationship between pupils’ characteris-
tics, such as profile, socio-cultural background, household, cultural resources,
and pupil’s achievement, (ii) to detect if educational differences elapse be-
tween different schools and between the three geographical macro-areas of Italy
(Northern, Central and Southern) and (iii) to discover how the school effect
is stronger/weaker for specific types of students’ profile. The statistical tools
requested to make this kind of studies are especially multilevel linear mixed
models, both univariates and bivariates.

The first step is to create a joined dataset in which for each student we have
both his\her achievement in mathematics and reading. In this way, we can



make considerations and comparisons, fitting the models on the same sample of
students.

Studies have already been made on the mathematics achievements, applying
univariate multilevel linear mixed models, to analyze how the outcome variable
(mathematics achievement) depends on the covariates and which are the school
and the class impacts on student’s achievements (see [2]). Big differences elapsed
between North, Center and South of Italy, emphasizing the need to have three
different models to explain the completely different phenomena. Therefore, the
first part of the work will be dedicated to the study of the reading achievements,
so that, we can start comparing the results of the two subjects. However, since
a strong correlation exists between the two outcome variables, the cornerstone
of the work is the study of bivariate linear mixed models in which the outcome
consists in a bivariate answer: mathematics and reading scores. We will detect
if this new approach may bring some value-added to the models and explain the
relationship between the school/class-effects of the two subjects.

The work is organized as follows: Section 2 presents the dataset; in Section
3 and 4 we make studies on the reading achievement respectively in Italy and
across macro-areas, by means of twoand three-level linear mixed models; in Sec-
tion 5 we introduce the bivariate multilevel linear mixed models for mathamatis
and reading achievements; Section 6 is dedicated to the analysis of the school
effects and in Section 7 we focus the attention on models, both univariate and
bivariate, in which pupils are nested in classes.

All the analysis are made using the statistical software R (see [22]), except
the bivariate multilevel linear mixed models that are implemented using the
software AsReml (see [11]).
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2 Background and Motivations

We have two initial set of data containing information about more than 500,000
students attending the first year of junior secondary school in the year 2012/2013,
provided by INVALSI. The former is built from the mathematics test and the
latter from the reading one. For each student, we have his/her achievements
both in reading and mathematics tests. The information are nested in different
levels: pupils are nested within classes that are nested within schools. We have
information for each of these levels. Part of the variables are the same in the two
dataset and were yet studied for the mathematics achievements, but the “read-
ing dataset” contains new variables that bring other information. The “reading
dataset” contains information about 510,933 students and the “mathematics
one” about 509,371. As introduced before, we create a “complete dataset”, col-
lecting only the students that have both the test scores of mathematics and
reading, followed by all the variables presented in the two set of data. A merge
of the two dataset is possible thanks to the anonymous student ID that is known
for each pupil and that allows us to distinguish and individuate students. We
obtain a new dataset containing 507,229 students, for whom both the achieve-
ments in maths and reading are known, and 50 variables, loosing, fortunately,
very few individuals.

2.1 The Dataset

Several information are provided at pupil, class and school level and they create
the set of covariates. When considering characteristic referred to the single stu-
dent, the following information is available: gender, immigrant status (Italian,
first generation, second generation immigrant), if the student is early-enrolled
(i.e. was enrolled for the first time when five years-old, the norm being to
start the school when six years-old), or if the student is late-enrolled (this is
the case when the student must repeat one grade, or if he/she is admitted at
school one year later if immigrant), variables on his/her school performances
(school score of reading and mathematics, written and oral). The dataset con-
tains also information about the family’s background: if the student lives or
not with both parents (i.e. the parents are died, or are separated/divorced),
and if the student has siblings or not. Lastly, INVALSI collects information
about the socioeconomic status of the student, by deriving an indicator (called
ESCS-Economic and Social Cultural Status), which is built in accordance to
the one proposed in the OECD (The Organisation for Economic Co-operation
and Development)-PISA framework, in other words by considering (i) parents’
occupation and educational titles, and (ii) the possession of certain goods at
home (for instance, the number of books). Once measured, this indicator has
been standardized to have mean zero and variance one. The minimum and
maximum observed values in the Invalsi dataset are —3.11 and 2.67. In general,
pupils with ESCS equal to or greater than 2 are very socially and culturally
advantaged (high family’s socioeconomic background). The dataset also allows
to explore several characteristics at class level, among which the class-level av-
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erage of several individuals’ characteristics (for example: class-average ESCS,
the proportion of immigrant students, etc.). Of particular importance, there is
a dummy for schools that use a particular schedule for lessons ("Tempo Pieno”
classes comprise educational activities in the afternoon, and no lessons on Sat-
urday, while traditional classes end at lunchtime, from Monday to Saturday).
Also the variables at school level measure some school-average characteristics
of students, such as the proportion of immigrants, early and late-enrolled stu-
dents, etc. Two dummies are included to distinguish (i) private schools from
public ones, and (ii) "Istituti Comprensivi” which are schools that include both
primary and lower-secondary schools in the same building/structure. This last
variable is relevant to understand if the ”continuity” of the same educational
environment affects (positively or negatively) students results. Some variables
about dimension (number of students per class, average size of classes, number
of students of the school) are also included to take size effects into account.
Lastly, regarding geographical location, we include two dummies for schools
located in Central and Southern Italy and the district in which the school is lo-
cated; some previous literature, indeed, pointed at demonstrating that students
attending the schools located in Northern Italy tend to have higher achievement
scores than their counterparts in other regions, all else equal. As we have the
anonymous student ID, we have also the encrypted school and class IDs that
allow us to identify and distinguish schools and classes. The outputs (MS and
RS, i.e., the score in the Mathematics and Reading standardized test adminis-
tered by Invalsi) are expressed as ”cheating-corrected” scores (CMS and CRS):
Invalsi estimates the propensity-to-cheating as a percentage, based on the vari-
ability of intra-class percentage of correct answers, modes of wrong answers,
etc.; the resulting estimates are used to ”deflate” the raw scores in the test.
Among data, there are also the scores in the Maths and Reading tests at grade
5 of the previous year, which are used as a control in the multilevel model to
specify a Value-Added estimate of the school’s fixed effect. It is well known
from the literature that education is a cumulative process, where achievement
in the period t exerts an effect on results of the period t + 1.

Unfortunately, there are lots of missing data in the score at grade 5, both
in mathematics and reading achievements. This kind of data can be lost in the
passage of information between primary and junior secondary schools. Since
having longitudinal data is very important for this study, we omit the individuals
with missing data at grade 5, loosing almost 300,000 students. The final and
reduced dataset collects 221,529 students, almost half of the initial dataset,
within 16,246 classes, within 3,920 schools.

Thare is also a different way to treat the missing data, instead of delete them.
It’s possible to impute missing data using different methods: the simplest case
is to substitute some statistically meaningful data available; more complex is
the method of Multiple Imputation; lastly, there are iterative methods (EM)
that allow to obtain estimates for the parameter of interest (see [5],[23],[24]).

Hereafter, all the analysis are made on this reduced dataset with 221,529
students. The variables and some related descriptive statistics are presented in
Table 1.

12



Level Type Variable Name Mean sd
Student - Student ID - -
Student  (Y/N) Female 49.8% -
Student  (Y/N) 18t generation immigrants 4.4% -
Student  (Y/N) 274 generation immigrants 4.9% -
Student num ESCS 0.24 1
Student  (Y/N) Early-enrolled student 1.6% -
Student  (Y/N) Late-enrolled student 2.8% -
Student  (Y/N) Not living with both parents 12.6% -
Student  (Y/N) Student with siblings 83.3% -
Student % Cheating 0.016 0.05
Student [0:12] Written reading score 9.41 2.74
Student [0:12] Oral reading score 6.80 1.13
Student [0:12] Written maths score 9.48 2.75
Student [0:12] Oral maths score 6.88 1.35

Class - Class ID - -

Class num Mean ESCS 0.18 0.48

Class % Female percentage 43.7 10.07

Class % 15t generation immigrant percent 5.4 6.47

Class % 274 generation immigrant percent 4.7 5.83

Class % Early-enrolled student percent 1.4 3.24

Class % Late-enrolled student percent 6.2 6.11

Class % Disable percentage 5.8 5.58

Class count Number of students 23 3.49

Class (Y/N) "Tempo pieno” 0.023% -
School - School ID - -
School num Mean ESCS 0.18 0.41
School % Female percentage 43.3 5.46
School % 1%t generation immigrant percent 5.4 4.65
School % 2nd generation immigrant percent 4.6 4.06
School % Early-enrolled student percent 1.5 2.23
School % Late-enrolled student percent 6.3 3.94
School count Number of students 143 76.52
School count Average number of students 22.6 2.94
School count Number of classes 6.2 3.05
School (Y/N) North 52% -
School (Y/N) Center 18% -
School (Y/N) South 30% -
School - District — -
School (Y/N) Private 3.1% -
School (Y/N) "Istituto comprensivo” 65.8% -
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Level

Variable Name

Mean

sd

Outcome
Outcome
Outcome
Outcome
Outcome
Outcome

MS-Math Score
CMS-Math Score corrected for Cheating
RS-Reading Score
CRS-Reading Score corrected for Cheating
CMS5-5" year Primary school math score
CRS5-5t" year Primary school reading score

48
474
67
65
70.5
74.5

17.45
17.67
14.58
14.65
16.30
13.50

Table 1: variables of the database



3 Reading Achievements in Italy

As introduced before, we start analyzing the correlation between the reading
achievements of students and the available information about pupils, classes
and schools. The variable of interest of our analysis is the Reading Score (cor-
rected for cheating, namely CRS) of students attending the first year of junior
secondary school. The purpose is to detect which student’s characteristics have
a positive and which have a negative influence on the achievements and to esti-
mate the school impacts on students’ achievement, so that, how much attending
a particulary school has a positive or a negative effect. The way to model this
correlation is given by the multilevel linear mixed models (see [20],[9],[8]), that
allow us, among others, to decompose the total variability in parts that vary
between schools, classes and pupils. Univariate multilevel linear mixed models
are implemented using the package nime in R (see [21]).

3.1 Two-level Linear Mixed Model

The first model proposed is a two-level school effectiveness model in which we
consider the variables at student level (level 1) with a random effect on schools
(level 2). We detect how the answer variable, the students’ reading achievement,
is correlated with the characteristics of students and which is the value-added
that the school gives to that achievement. Therefore, we use a two-level linear
mixed model in which pupil i, i = 1,..., ny;; n = Zl,j ny; (first level) is nested
within school j (second level), j = 1,..., J:

K

yij = Bo+ > Breakij +bj + € (1)
k=1

bj NN(O,O'bQ),Eij NN(O,O'EQ) (2)

where
Yi; is the reading test achievement of student i within school j;

Zri; is the corresponding value of the k-th predictor variable at student’s
level;

B8 = (Bo, .-, BK) is the (K+1) dimensional vector parameters to be estimated;

b; is the random effect of the j-th school and it’s assumed to be Gaussian
distributed and independent to any predictor variables that are included in the
model;

€;; is the zero mean Gaussian error.

The histogram of the answer variable, the reading test achievement corrected
for cheating (CRS), is reported in Figure 1.

15



Reading Score

D | __
o
a 4
> &
o _
@
8_ _
['ih) L]
C 8 4
=
a J
[ I I I I ]
0 20 40 60 80 100
Scaores

Figure 1: Histogram of Corrected Reading Score of pupils in the Invalsi
database. The red line refers to the mean, the green one to the median.

Before analyzing the results of the model, it’s interesting to see if there are
some evident differences between groups of students. In Figure 2 are reported
boxplots of CRS, stratified by some student level variables.
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Figure 2: Boxplots of CRS stratified by gender, being late enrolled and being
first or second generation immigrant student. The last stratification is also
adopted for ESCS.

From the first boxplot, we can deduce a slight prevalence of the outcome of
females over those of males, that means that females have better results than
males, contrarily to what is obtained in mathematics. Since we can not test the
normality of the data because the dimensions are too high, we use the Wilcoxon
test for the difference between the medians, that is the non-parametric equiva-
lent of the t-test, obtaining a p-value less that 2.2e — 16. From the second one,
we see that late-enrolled students, i.e. student that must repeat one grade, or
students admitted at school one year later if immigrants, have worst results than
“in time” students (p-value of Wilcoxon test less than 2.2e — 16). Regar