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The early identification of at-risk students and of factors influencing proficiency development are crucial in
education policy. This study investigates how students’ fluctuations in academic performance during primary
school impact the probability of being at-risk in Mathematics and Reading by the end of lower secondary school.
Leveraging longitudinal data from 278,765 students in Italy, this study employs a multilevel multinomial model

with Markov chain Monte Carlo (MCMC) techniques to explore personal, class, and school-related factors
steering shifts between proficiency and non-proficiency. Findings highlight the importance of these transitions in
predicting at-risk students at grade 8, emphasizing the role of peers’ academic achievements and the variation
across schools in shaping proficiency development.

1. Introduction

Longitudinal studies examining student progress have reported that
those who are initially struggling academically in maths or reading are
less likely to become highly proficient in subsequent years than their
counterparts, and thus report a higher probability of becoming at-risk
students [1]. Early detection of at-risk students—those who may face
academic challenges and risk educational poverty— is a matter of pri-
mary interest to education policy [2]. Educational poverty refers to a
lack of knowledge and/or skills that precludes participation in the la-
bour market and possibly affects other spheres of life, such as family life
and health, in ways not experienced by individuals with higher levels of
education [3]. Identifying recurring personal, class, or school charac-
teristics that can help them to increase their level of proficiency over
time is crucial. Indeed, early education interventions prove to be more
cost effective than remedial interventions proposed later in life [4].

The prompt identification of at-risk students has been proven effec-
tive in reducing student attrition rates [5]. Despite this, the bulk of
research on at-risk students had centred around status measures—those
describing the academic performance of a student at a single point in
time— and high school students [6,7], neglecting the performance
transitions or growth between primary and middle/lower secondary
school, in which student disengagement often occurs [8]. This
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constitutes a significant oversight, as status measures alone fail to ac-
count for student progress over time. A low-achieving student in an
effective school may actually be improving, while a high-achieving
student in an ineffective school may be declining. By focusing solely
on static performance snapshots, status measures risk misidentifying
schools’ effectiveness and students’ true academic trajectories [9].
Additionally, the earlier the interventions are provided to at-risk stu-
dents, the more effective they are likely to be [10], especially since
improved performance in specific abilities over time has a favourable
impact on their future academic success [11].

Proficiency development represents the progression required to
either meet or fall short of a standard level of proficiency [12]. Hence, a
certain degree of academic growth may culminate in either proficiency
or non-proficiency. In this study, non-proficient students are categorized
as at-risk students (and we will use these terms interchangeably).

Policymakers have increasingly acknowledged the importance of
assessing student growth rather than solely relying on single achieve-
ment scores, particularly in the design of accountability systems [12,
13]. In Italy, descriptive proficiency levels for the last year of lower
secondary school (grade 8) in mathematics and reading are provided by
INVALSI, the National Evaluation Committee that yearly test Italian
students at given grades. While students are tested also in grade 2 and 5
(see Section IlIfor further details), grade 8 is the first in which student’s

E-mail addresses: melisalucia.diaz@polimi.it (M.L. Diaz Lema), chiara.masci@unimi.it (C. Masci), mara.soncin@polimi.it (M. Soncin), tommaso.agasisti@polimi.

it (T. Agasisti).

https://doi.org/10.1016/j.seps.2025.102207

Received 9 February 2024; Received in revised form 18 February 2025; Accepted 18 March 2025

Available online 20 March 2025

0038-0121/© 2025 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


https://orcid.org/0000-0003-0062-1686
https://orcid.org/0000-0003-0062-1686
https://orcid.org/0000-0002-9208-3194
https://orcid.org/0000-0002-9208-3194
https://orcid.org/0000-0003-2509-3947
https://orcid.org/0000-0003-2509-3947
https://orcid.org/0000-0002-8146-3079
https://orcid.org/0000-0002-8146-3079
mailto:melisalucia.diaz@polimi.it
mailto:chiara.masci@unimi.it
mailto:mara.soncin@polimi.it
mailto:tommaso.agasisti@polimi.it
mailto:tommaso.agasisti@polimi.it
www.sciencedirect.com/science/journal/00380121
https://www.elsevier.com/locate/seps
https://doi.org/10.1016/j.seps.2025.102207
https://doi.org/10.1016/j.seps.2025.102207
http://creativecommons.org/licenses/by/4.0/

M.L. Diaz Lema et al.

proficiency in the test is measured by these levels (in addition to test
score), which are developed with reference to the method used in the
PISA survey [14,15]. The levels are described in terms of what students
at a certain level typically, and with a certain degree of probability,
know and can do in relation to the domain assessed in the test. This
approach allows for better identification of students who do not reach a
minimum level of proficiency in grade 8 (defined as reaching a level of 1
or 2 out of 5 possible levels). Analysing the longitudinal trajectories of
these students can reveal the risk and protective factors influencing their
future school performance.

In the broader literature, risk and protective factors in relation to
future school performance can be found in various aspects of a child’s
life, including individual character, family situation and school and
social environment [16,17]. While some studies had focused on the
impact of students’ personal traits on their academic growth [18], less is
understood about the influence of school and class-related factors on
overall student performance in general and proficiency development in
particular [19].To address these gaps in the literature, this study ex-
amines two research questions: (i) to what extent can proficiency
development during primary school help to identify at-risk students in
the final year of lower secondary school? (ii) What are the factors
associated to positive and negative transitions in student performance
during primary school? Focusing on the early stages of education is
particularly important for policy purposes, as it can enable timely ac-
tions to be implemented to support at-risk students.

The paper makes two primary contributions to the field: first, it adds
to the conceptual debate surrounding the prompt identification of at-risk
students, who may face future academic difficulties; second, the study
models proficiency development and identifies personal, class, and
school-related factors that contribute to significant improvements or
declines in student performance during primary school, adding a time-
variant dimension to a discussion which is usually conducted in a
static manner.

The paper is structured as follows: section 2 provides a comprehen-
sive literature review on at-risk students and factors affecting academic
growth; section 3 describes the data and outlines the methods used in
this study; section 4 presents the primary findings; and in Section 5, we
present our conclusions and discuss policy implications.

2. Literature review

The academic literature defines at-risk students as those that are “are
poorly equipped to perform up to academic standards” [20]. Being a
student at-risk may results in a number of negative outcomes, including
not only the absence of required skills, but also the failure to obtain
formal qualifications. These consequences manifest at different time
spans: in the short term, examples include grade repetition [21]; in the
medium term school drop-out [22]; and in the long term, individuals
may experience lower levels of income, health and well-being [23].

There is a considerable body of literature addressing the underlying
causes or determinants of low educational performance (J.-W. [24]),
sometimes highlighting relevant predictors for the prompt identification
of non-proficient or at-risk students [7]. Emphasis is often placed on
students’ individual and family characteristics [25], especially in rela-
tion to socio-economically disadvantaged background [26]. Additional
indicators such as absenteeism and unsatisfactory behaviours at school
have been found to be highly predictive of at-risk students [27].
Nevertheless, the inclusion of these detailed variables in empirical
studies is often restricted due to poor data availability [21] or
cross-sectional predictors, where data for the predictor comes from a
single academic year. That which is also often neglected is the role of
school as a protective factor to prevent at-risk outcome [28]. Few studies
reveal the relevant role of a positive relationship with teachers among
these protective factors [29,30]. On the contrary, peer composition
(intended as a larger proportion of peers coming from low
socio-economic families) increases the likelihood of being
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non-proficient on standardized tests [31].

Research has shown that a high percentage of at-risk students send
distress signals early in their educational career [32], hence early
identification and intervention can be highly beneficial for reducing
later negative outcomes. Indeed, student failure during upper secondary
school is often the result of a long-term process in which, rather than a
single event happening in time, multiple stressors accumulate over time
and eventually reach a threshold in which the student no longer attends
school [7]. Capturing this time-changing process is important for accu-
rately predicting early which students may be at-risk of not achieving
the minimal competences and may dropout. Hence, utilizing longitudi-
nal data that track students’ changes over time, and exploring what
produces such changes, can facilitate the identification of both risk and
protective factors that can be targeted through interventions to improve
outcomes for at-risk students. This research approach in still not very
frequent though.

From a methodological perspective, multiple approaches exist for
defining growth models. One such approach is the use of gain scores,
which measure the differences between two or more test scores at
different points in time aligned to a common scale. However, gain scores
can be problematic, potentially resulting in distortions such as ceiling
effects that restrict the gains of initially high-scoring students and
spurious relationships between gains and initial status [12]. Student
growth percentiles offer another approach by normatively situating
achievement change, bypassing questions associated with the magni-
tude of change in favor of the relative amount of change [9]. However,
this approach shows the same potential threats of gain scores.

A final alternative approach to creating standards for growth in-
volves quantifying the level of growth necessary to reach prescribed
levels of achievement and using those results to inform a standard
setting procedure [9]. In this sense, target-based standard setting clas-
sifies students or groups as making adequate growth by determining if
they are “on track” to meet a future target standard, such as reaching the
proficiency cut point in a particular grade level [33]. This method en-
sures that growth adequacy criteria are student-specific, recognizing
that students well below proficiency must demonstrate higher growth
percentiles to reach proficiency compared to students near the
threshold. Such nuanced approaches to growth models can provide a
clearer picture of student development informing more effective in-
terventions, and it is indeed the approach we are adopting along the
study.

Among the studies adopting an early and longitudinal approach,
Hamre & Pianta [34] followed 179 students from kindergarten to grade
eight, showing the relevance of the impact of having a positive rela-
tionship with teachers to prevent negative academic and behavioural
outcomes of students. However, their approach is more related to a
long-term perspective than to time-varying observation of students’
characteristics. Indeed, most of the studies addressing differences in
academic achievement focused on the predictors of children’s
inter-individual differences [21,35], but little focus was placed on the
determinants of children’s intra-individual change specifically, on what
predicts children’s individual growth rates or proficiency development
[11]. Goldstein [36] stressed the relevance of measuring change prop-
erly in longitudinal analyses. On a modelling perspective, growth
models are typically adopted to account for multiple observations of
students over time [37]. Shanley [38] built growth models for mathe-
matics achievement between kindergarten and grade 8, finding a
non-linear relation over time and a larger growth in the first years of
schooling compared to the later stages.

The current paper contributes to the modelling of proficiency
development on achievement, with a two-fold focus: (i) identifying the
determinants of students’ proficiency developments during primary
school and (ii) investigating how these developments do influence the
probability of being a student at-risk at secondary school. At both stages,
we account for the across schools’ variability, by measuring the school
effect on the students’ performance. To this end, varying from the
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growth models statistical literature, we rely on multilevel models [39]
for multinomial and binomial responses. While multilevel models for
binary responses are broadly studied and applied in the statistical
literature, the ones for unordered multinomial responses are still less
investigated [40,41].

3. Data and methods

This paper’s empirical analysis is based on data provided by the
Italian National Evaluation Committee for Education (INVALSI), which
administers standardized tests to all Italian students (census tests) in
reading and mathematics to Italian students at specific grade levels each
year, namely grade 2, 5 (primary school), 8 (lower secondary school), 10
and 13 (upper secondary school). Our focus is the test results for grade 8,
the last year of lower secondary school, in the 2018/19 SY. These stu-
dents took the INVALSI test in grade 5 (2015/16 SY) and 2 (2012/13
SY), making it possible to follow their proficiency development over
time. In total, our sample comprises 278,765 students across 5446
schools. This sample comprises about 70 % of the students’ cohort and
the loss is mainly attributable to technical issues in tracking the student
identifier over time. Specifically, cohort loss from grade 2 to grade 5 is
nearly double (68,000 students missing) compared to the loss from
grade 5 to grade 8 (32,000 missing values), indicating improvements in
data collection and storage capabilities over time. A reduction due to
student retention would be more threatening but it is less likely given
this phenomenon is very reduced in lower secondary school — less than 2
% of students are retained [42] and it does not apply to primary school
students.’ Furthermore, a representativeness analysis confirmed that the
characteristics of our sample are comparable to those of the entire
population, as shown in Appendix B.

Analyzing student proficiency at grade 8 is particularly interesting
given that, from the test took at this grade onwards, INVALSI not only
provides the student’s score in the standardized test, but also defines the
level of competence, in a range from 1 to 5, that the student reached in
each subject of the test [43]. A competence level equal to 1 or 2 indicates
that the student can identify basic information in text and solve easy
mathematical problems but does not reach the minimum level of
competence for that grade (level 3). These proficiency levels are deter-
mined through a psychometric analysis that assesses students’ abilities,
weighting each item according to the skills required to answer it. Level 3
corresponds to the minimum threshold of knowledge and skills that a
student should have in a particular grade [44]. Building on this frame-
work, this study adopts INVALSI’s definition of an at-risk student,
referring to those students who fail to meet INVALSI’'s minimum
competence level for each subject [45]. Specifically, students with a
competence level of 2 or lower (out of 5 possible levels) are considered
at-risk. In our cohort, 34 % of students are at-risk in mathematics, while
29 % are at-risk in reading [Table 11.° We categorized covariates from
the administrative dataset into four distinct groups for analysis. These
are: (i) personal characteristics [25,26] and (ii) instruction and previous
performance indicators [46], which are common factors aligning with
findings from other empirical studies on at-risk students. There is also a
growing perspective that frames the students’ performances as a sys-
temic failure (V. E. [47]). This conceptualization encompasses risk fac-
tors related to school characteristics and student transfers.
Consequently, the remaining two categories of data in our study are
derived from: (iii) primary school class characteristics and peers’

! Student retention is more prevalent in upper secondary school, where
approximately 7 % of students are required to repeat the academic year
(https://www.istat.it/produzione-editoriale/annuario-statistico-italiano-2024).

2 To ensure a predictive setting, the available data was divided into a training
set (70 %) and a test set (30 %). The models were developed using the training
data, and their performance in identifying students at risk was evaluated
exclusively on the test set.
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performances and (iv) further environmental characteristics. Table 1
reports the variables used in our analysis. The sample students are
balanced in terms of gender, 92 % are native Italians and the majority
(91 %) attended the kindergarten. Most of the students are regular, we
observe a very low percentage of late and early enrolled students (1 %
and 1 %, respectively) and 14 % of students change primary school
between grade 2 and 5. In terms of class composition, the average
number of students per class is 20 at grade 5 and the average socio-
economic status (SES) is 0.07.

The empirical analysis is informed by an approach based on two
steps as described below.

3.1. Step 1: Predicting at-risk students at lower secondary school

The first phase of this study aims to explore the effect that profi-
ciency transitions, or academic performance transitions during primary
school, as measured by standardized tests from grade 2 to grade 5, have
on students’ future performance (at grade 8). Having access to infor-
mation on INVALSI test scores and teacher-assigned marks for the same
cohort of students when they were in grade 5 (SY 2015/2016) and grade
2 (SY 2012/2013), allowed us to identify and classify students based on
their primary school transitions. The anonymous dataset was provided
by INVALSI statistical office. We defined three categories of students
based on their performance trajectory between grades 2 and 5:
upgrading students (moving from the bottom 40 % at grade 2 to the top
40 % at grade 5 of the performance distribution), downgrading students
(moving from the top 40 % at grade 2 to the bottom 40 % at grade 5),
and unvarying students (showing no significant changes in performance
during this period). The unvarying category collects all students who
were neither upgrading nor downgrading, and thus showed non-
significant performance variation over time. This group includes stu-
dents whose performance remained in the same range of percentile of
the distribution or moved from top/bottom to the middle or viceversa.
The 40 % threshold has been chosen as the level of improvement or
decline in primary school students’ performance that best predicts stu-
dents’ level of risk in the final year of lower secondary school (grade 8).
Appendix A reports the details of this analysis. About 15 % of students
underwent a significant transition on academic performance during
primary school, with 20,841 (7.5 %) upgrading students and 21,823
(7.8 %) downgrading students in reading, as well as 18,391 (6.6 %)
upgrading and 19,262 (6.9 %) downgrading in mathematics [Table 2].
The identification of these categories is crucial for the purpose of the
study, as it allows to observe developments between bottom/top per-
formance distribution and to properly compare those students whose
performance changed consistently over time, with those who did not
(that can either be always top, middle or bottom performers). This
categorization has the main implication to spotlight the student transi-
tion, in line with the rationale of the study.

The availability of a diverse range of individual and environmental
characteristics spanning across multiple years offers us two distinct
advantages. On one hand, we can compare the performance of logit
models identifying at-risk students over time,® using covariates up to
grade 5 and then using covariates up to grade 8. On the other hand, we
can isolate the effects of other determinants of academic performance
and focus specifically on how the interaction between the performance
on grade 5 and the changes during primary school (whether upgrading,
downgrading, or remaining consistent) impacts future outcomes in
mathematics and reading at the end of lower secondary school. By
considering these interactions, we account for both the performance at
grade 5 and the changes leading up to it.

In particular, for each student i, i = 1, ...,N, our response variable y;
takes value 1 when the i-th student is at risk at grade 8 and 0 otherwise.

3 Students between percentile 40 and 60 at grade 2 are excluded from the
samples considered in the MCMC multi-response generalized model.
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Table 1
List and descriptive statistics of variables used in the empirical analysis.
Category Variable Type N Mean Std. Dev. Min Max
Outcome at-risk math Binary 278765 0.34 0.47 0.00 1.00
at-risk reading Binary 278765 0.29 0.45 0.00 1.00
Personal characteristics gender Binary 278765 0.50 0.50 0.00 1.00
Nationality Cat 278765 100 %
-Italian 258111 92 %
-1st gen. immigrant 4427 2%
-2nd gen. immigrant 16227 6 %
Socio-economic status (ESCS index) Num 278765 0.12 0.92 —-2.85 2.34
Instruction and previous academic performance kindergarten attendance Binary 278765 0.91 0.29 0.00 1.00
enrollment Cat 278765 100 %
-regular 272646 98 %
-early 3643 1%
-late 2476 1%
ta_marks_math_g8 Num 278765 6.93 1.39 1.00 10.00
ta_marks_red_g8 Num 278765 7.11 1.16 1.00 10.00
ta_marks_math_g5 Num 278765 8.01 1.06 1.00 10.00
ta_marks_red_g5 Num 278765 7.94 1.01 1.00 10.00
ta_marks_math_g2 Num 278765 8.19 1.00 1.00 10.00
ta_marks_red_g2 Num 278765 8.08 1.02 1.00 10.00
test_score_math_g5 Num 278765 0.41 1.20 —5.50 4.92
test_score_red_g5 Num 278765 0.27 1.01 -5.73 4.03
test_score_math_g2 Num 278765 0.51 1.26 —-4.73 4.71
test_score_red_g2 Num 278765 0.33 1.01 —4.47 3.80
Primary school class characteristics and peers’ performances ESCS_classe_g5 Num 278765 0.07 0.48 —2.30 1.83
peer_imml _g5 % 278765 0.01 0.03 0.00 0.67
peer_imm2_g5 % 278765 0.05 0.07 0.00 0.88
peer_fem_g5 % 278765 0.41 0.12 0.00 0.96
n_stud_prev_g5 Num 278765 20.50 4.34 2.00 33.00
delta_n_stud_prev Num 278765 0.01 0.20 -0.91 12.00
peer_score_g2_mat Num 278765 0.41 0.85 —4.73 4.71
peer_score_g5_mat Num 278765 0.34 0.82 —2.83 4.92
peer_score_g2 ita Num 278765 0.25 0.63 —4.47 3.80
peer_score_g5_ita Num 278765 0.19 0.58 —2.68 4.03
Environment reg. location Cat 278765 100 %
-center 44145 16 %
-islands 28607 10 %
-northeast 55666 20 %
-northwest 74594 27 %
-south 75753 27 %
change_reg_g2g5 Binary 278765 0.006 0.08 0.00 1.00
change_school_g2g5 Binary 278765 0.14 0.35 0.00 1.00
change_reg_g5g8 Binary 278765 0.008 0.09 0.00 1.00
change_school _g5g8 Binary 278765 0.39 0.49 0.00 1.00
Table 2 model evaluates all these covariates at grade 5, while the second model
able

Absolute and relative number of students for each transition category and each
subject.

Subject Always Upgrading  Middle  Downgrading  Always
bottom top

Mathematics 85,524 18,391 59,930 19,262 95,658
30.7 % 6.6 % 21.5% 6.9 % 34.3 %

Reading 93,674 20,841 47,594 21,823 94,833
33.6 % 7.5 % 171% 7.8% 34.0 %

For each subject (mathematics and reading), the logistic regression takes
the following form:

P
logit (yi) = Y _ A% @
p=0
where P is the total number of predictors (the P+1 terms include the
intercept). For each subject, we run two models that include the
following covariates: student INVALSI test score at grade 5 and longi-
tudinal changes (unvarying, downgrading, upgrading); students’ per-
sonal characteristics (gender, SES, nationality); previous education and
academic performance (kindergarten attendance, early/late enrolment,
teacher-assigned marks - TA marks - at grade 5, change in TA marks
between grade2 and 5); and environmental factors (class average SES,
geographical area and a dummy for changing school or region). The first

evaluates them at grade 8 to test how much the predictive model gains
when we consider variables that refer to the same time as the output
(grade 8) [as shown in Table 3]. Regarding INVALSI test score at grade 5
and longitudinal changes, we consider their interaction as a combined
predictor that estimates the impact of the performance at grade 5
depending on the type of longitudinal change. The choice of including
this interaction among the covariates leads to a not trivial interpretation
of results. Still, this choice stems from a specific interest in examining
whether the impact of a given INVALSI score varies based on the stu-
dent’s performance history. For instance, we aim to explore whether a
high/low INVALSI score has the same effect on a student who has
consistently performed well/poorly in previous years compared to one
who has shown significant improvement/worsening.

In this study, we adhere to the classical methodology of incorpo-
rating previous achievements (grades 2-5) to forecast future perfor-
mance (grade 8) [48]. We recognize that this involves including an
autoregressive term, thereby creating a dynamic model. Various
methods for estimating such dynamic models have been proposed in the
literature, offering strategies for obtaining consistent parameter esti-
mates [49]. Given the categorical nature of our proficiency development
measure (grades 2-5), an alternative approach could involve using the
predicted probabilities of students’ belonging to different profiles (e.g.,
upgrading, downgrading) rather than the profiles themselves. Being our
primary interest to provide accurate predictions of grade 8 performance
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Table 3

Covariates used in Step 1 logit models to predict at-risk students at grade 8,
based on information available three years earlier (grade 5) and updated in-
formation at grade 8.

Model - covariates
grade 8

Model - covariates
grade 5

ScoreG5: Longitudinal change
(85-82)

ScoreG5: Unvarying

ScoreG5: Downgrading

ScoreG5: Upgrading

Gender

Student SES - ESCS

Nationality

TA marks - g5 TA marks - g8

Delta TA marks (g2 - Delta TA marks (g5 -
g5) g8)

Kindergarten attendance
Enrollment

Class SES - g5

Geo. macro-area
Changing school G2-

G5 same region G8 same region
Changing region G2- Changing region G5-
G5 G8

Personal characteristics

Instruction and previous
academic performance

Environment Class SES - g8
Geo. macro-area

Changing school G5-

Notes: Covariates listed in the middle of the table are included in both models (e.
g., gender, student SES, and nationality). Covariates appearing only on the left
are specific to grade 5, while those on the right are updated for grade 8 (e.g.,
teacher-assigned (TA) marks at grade 5 on the left and TA marks at grade 8 on
the right).

and to examine the impact of primary school proficiency development
on later outcomes, this represents an alternative approach that could be
further explored.

3.2. Step 2: Characterizing students with proficiency transitions at
primary school

The second part of the study identifies the students’ characteristics as
well as the class and school factors that affect students’ proficiency
development during primary school, pointing out the factors that
differentiated the students who made progress towards proficiency from
those who did not. In this second step, the definition of upgraded and
downgraded student remains the same, while the unvarying classifica-
tion needs further development. Given the vast heterogeneity of per-
formance among the unvarying students [Fig. 1], we further
disaggregate this category into multiple groups to make it a proper
reference group. Thus, we differentiate within the unvarying group
students who were always at the top of the distribution, students who
were always at the bottom and students who always adhered to the
middle of the distribution. As Table 2 shows, in Mathematics, 30.7 % of
students consistently remained in the lower performance bracket, while
6.6 % (18,391 students) exhibited significant improvements in their
performance. Conversely, 34.3 % consistently maintained their top-tier
performance, with 6.9 % of students experiencing a decline.

3.3. MCMC multilevel multinomial model

To compare the effects of different covariates on upgrading the
consistently bottom-performing students and downgrading the consis-
tently top-performing students, this study uses a multilevel multinomial
regression model that implements Markov Chain Monte Carlo (MCMC)
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routines for fitting multi-response generalized linear mixed models [40].

In the perspective of characterizing the varying students compared
with the unvarying ones, we consider two sub-samples of our dataset: (i)
students who were at the bottom of the distribution at grade 2 (bottom
40 %) and (ii) students who were at the top of the distribution at grade 2
(top 40 9%).* Students at the bottom (top) of the distribution at grade 2
might remain at the bottom (top) of the distribution at grade 5, upgrade
(downgrade) to a medium level or upgrade to the top level (downgrade
to the bottom level). For each student in the first (second) sample, we
model the probability for him/her to upgrade to the top (downgrade to
the bottom), upgrade (downgrade) to a medium level or to remain in the
same portion of the distribution. The main idea here is to identify var-
iables (at individual, class or school level) that are associated with the
probability for a student to belong to the group of downgrading/
upgrading one, by comparing him/her with a proper reference group (i.
e. those remaining in their same initial performance group). Also, in
order to take account of the heterogeneity at school level, we adopt a
multilevel modelling, by considering students nested within primary
schools, and we evaluate the effect that each school has on the longi-
tudinal transitions of its students.

We build two models that regard the following response variables:

top (ref) mop
ty = middle Tmiaqe; by =
bottom myotcom,ij

tOp Wyop jj
middle WOmiddle,ij (2)
bottom (ref) @pottom,ij

where t; (and, respectively, by) is a categorical variable that represents
the longitudinal change of student i within school j who was at the top
(bottom) of the distribution at grade 2. t; and b; are modelled as
multinomial variables that take values in {top, middle, bottom} with
probabilities {”topij-, Tmiddle,ij » ﬂbottom,ij} and {wwp.iﬁ Dmiddle.ij > wbottom,ij};
respectively.

By considering the unvarying students as the reference category, the
two multinomial multilevel models assume that:

exp (¢y;)

1+ > exp(gr;)
ke {middle bottom}

Ty =P(ty=k) = for k € {middle, bottom}

(3)
€xXp (ﬂh,ij)

1+ Y. exp (Mh,ij)

he{middle,top}

for h € {middle, top} ©)]

where @ ; = Z}I;O BoiXip + Sk and py 5 = Z;:o aprXip + Tjp are the linear
predictors. s ~ N(0,042) and rj ~ N(0,0,4%) are the random in-
tercepts that represent the school effect on the probability of longitu-
dinal changes of its students.

Both the probabilities to upgrade/downgrade are estimated by
considering the following student covariates: students’ personal char-
acteristics (gender, socioeconomic status, nationality), previous educa-
tion and academic performance (kindergarten attendance, early/late
enrolment, average school score at grade 2, the delta, i.e., the variation,
of the average school score between grades 2 and 5), class peers’ in-
formation measured at grade 5 (peers’ socioeconomic status, percentage
of foreigners, percentage of females, number of students, delta, i.e.,
variation, in the number of students between grades 2 and 5, peers’

* The metric Area Under the Curve of the Receiver Operating Characteristic
(AUC-ROQ) is a widely used performance measure in machine learning and
classification tasks. It quantifies the overall predictive power and discriminative
ability of a model by evaluating the trade-off between true positive rate
(sensitivity) and false positive rate (1 - specificity) across various classification
thresholds. A higher AUC-ROC value, ranging from 0 to 1, indicates better
model performance in distinguishing between different classes or categories.
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Fig. 1. INVALSI score distribution centred at O at grade 2 and 5, data at student level.

Note: The figure combines the names of the columns on the x-axis and the names of the rows on the y-axis, with colours indicating student profiles: blue refers to
upgrading students, green to unvarying students, and pink to downgrading students. With this interpretation, the graph in the upper left corner shows the distribution
of INVALSI scores centred at 0 at grade 2 by profile, with upgrading students at the bottom of the distribution when they were in grade 2, and downgrading students
at the top. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

average score at grade 2, delta in peers’ average score between grades 2
and 5) and environment information (geographical area, dummy for
having changed school or region during primary school). The inclusion
of many variables at this step is important for management and policy
reasons.

While some of these variables are beyond the direct control of school
principals and policymakers, they serve as essential controlling factors.
Identifying the variables associated with changes in students’

persistence enables us to provide valuable insights for school leaders and
policymakers. For instance, recognizing the impact of socioeconomic
status or peers’ performance can help in developing targeted in-
terventions and support strategies.

Although we acknowledge that the correlations identified do not
represent causal effects, they highlight areas where further investigation
and data collection are needed. This includes variables such as the
number and qualifications of teachers, which are not currently available
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but could significantly enhance future analyses. In this vein, developing
and collecting additional data and indicators is a key direction for future
research, ultimately leading to more informed and effective educational
policies.

4. Results of the empirical analysis
4.1. Longitudinal transitions and at-risk status

A considerable proportion of primary school students who struggled
in mathematics or reading are at-risk of falling behind by grade 8.
Specifically, 45 % of downgrading pupils in mathematics (equivalent to
8636 students) and 41 % of downgrading pupils in reading become at-
risk students at grade 8 [Table 4]. This means that a negative transi-
tion in student performance during primary school significantly predicts
the likelihood of struggling also during lower secondary school. On the
other hand, a significant proportion of upgrading pupils (32 % in
mathematics and 45 % in reading) perform above level 4 in grade 8. This
is the first key message of our research.

We also consider the effects that major changes in performance
during primary school can have on the performance at the end of lower
secondary school. The model considering grade 5 covariates [Table 5]
reveals that the higher a student’s test scores are at grade 5, the lower is
this student’s likelihood of being at-risk at grade 8, especially when the
student did not experience a longitudinal change during primary school,
for both mathematics (8 = —0.62) and reading (p = —1.14). For
upgrading and downgrading students, having higher test scores at grade
5 is still a protective factor with a similar effect for downgrading in
mathematics (f = —0.63) and with a lower effect for all other cases (p =
—0.05 for upgrading in mathematics; p = —0.92 and p = —0.031 for
downgrading and upgrading in reading).

This is the second key message of our research, and suggests that
students who perform well during the entire primary school are more
likely to perform better at grade 8 compared to their peers who have the
same performance at grade 5 but experience up-and-down trends in
time. These estimates change only slightly when updating the student’s
academic results at grade 8, as observed in Table 6.

The effect of longitudinal transitions can be better observed in Fig. 2
that depicts the interaction between upgrading (blue line), downgrading
(red line) and unvarying (grey line) students and their INVALSI score at
grade 5 (x-axis) in relation to their probability of being at risk at grade 8
(y-axis). In reading, the most at-risk group includes students with
consistently poor performance (unvarying, grey line), closely followed
by those who experience a decline in performance (downgrading, red
line). Similarly in mathematics, students with the highest probability of
becoming at-risk are either those with consistently low performance or
those experiencing a performance decline during primary school.
Conversely, students with consistently high performance (unvarying
with high scores at grade 5) exhibit the lowest risk. Performance
upgrading has a more significant effect on reading than on mathematics,
where always-top performers outdistance all other categories. In this
perspective, school interventions that help students improve their per-
formance early in their educational journey can have positive effects
that persist over time and payoff later in terms of academic results.

When looking at the influence of personal characteristics, it is seen

Table 4
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Table 5
Results of the Step 1 logit model to predict at-risk students at grade 8 using grade
5 school covariates.

Mathematics Reading
(Intercept) 7.24 5.43
ScoreG5: Longitudinal ScoreG5: Unvarying —0.62 -1.14
change(g5-g2) ScoreG5: —0.63  *** 0,92  *x*
Downgrading
ScoreG5: Upgrading —0.05 bl —0.31 el
Personal characteristics Gender (male) —0.18  *x* 0.27  F**
Student SES - ESCS —-0.25 bl -0.23 el
Nationality (1st gen. -0.14 = -0.11 *
foreigner)
Nationality (2nd -0.18  ***  —0.07 **
gen. foreigner)
Instruction and previous ~ TA marks — g5 -1.00 ***  —0.85
academic performance  Delta TA marks (g2 — 0.31 i 0.26
g5)
Kindergarten 0.03 0.06
attendance (yes)
Enrollment (early) —0.04 0.01
Enrollment (late) 0.35 b 0.19 o
Environment Class SES — ESCS -0.17 el —0.18 x
Geo. macro-area 1.18 Hrx 0.79  ***
(Islands)
Geo. macro-area 0.76 bl 0.51 *
(South)
Geo. macro-area —0.39 bl —0.21 ok
(Northeast)
Geo. macro-area —0.29 bl —0.21 HxE
(Northwest)
Changing school G2-  —0.10 —0.05
G5 same region
Changing region G2- —0.02 —0.01

G5

Signif. codes: 0 “**** 0.001 “*** 0.01 ** 0.05 “.” 0.1 “ 1.

that a higher socioeconomic status is consistently associated with a
lower probability of being at risk across all settings [Table 5, Table 6],
with a reduction in risk for students from more affluent classes as well.
Generally, being male increases the probability of being at-risk in
reading but decreases it in mathematics. When considering grade 8
covariates [Table 6], this gap further increases in mathematics and de-
creases in reading, in favor of male students. First and second-generation
immigrant students, when controlling for all other factors, were found to
have a slightly lower probability of being at risk in mathematics, which
corroborates the idea that their primary disadvantage is in reading [50].

With respect to students’ previous education and achievements, the
findings highlight that a student’s previous high achievements have a
protective effect against the likelihood form him/her to become an at-
risk student. However, students with variable evaluations during pri-
mary school are more likely to become at risk, which confirms the
importance of consistent performance. Late school enrolment is identi-
fied as a risk factor, particularly for mathematics. It is crucial to note that
late enrolment is often linked to other risk factors, such as health issues
[51] or immigrant status [52]. Additionally, the effect of attending
kindergarten on reading appears minimal and inconsistent, with no
statistically significant impact when considering grade 8 covariates and
only a marginal effect in the grade 5 model.

Absolute number of students for each transition category and proficiency level at grade 8 for each subject.

Transitions by subject in primary school and level in grade 8 Proficiency Level 1

Proficiency Level 2

Proficiency Level 3 Proficiency Level 4 Proficiency Level 5

Mathematics Downgrading 3328
Unvarying 28,238
Upgrading 2760

Reading Downgrading 2622
Unvarying 20,064
Upgrading 1157

5308 6046 3309 1271
50,506 63,785 50,382 48,201
4337 5409 3746 2139
6417 8337 3761 686
47,459 73,732 63,048 31,798
3109 7340 7052 2183

Notes: Proficiency Level 1 and Level 2 refer to at-risk students.
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Table 6
Results of the Step 1 logit model to predict at-risk students at grade 8 using grade
8 covariates.

Mathematics Reading
(Intercept) 8.00 6.99
ScoreG5: Longitudinal ScoreG5: Unvarying —0.56 -1.07
change(g5-g2) ScoreG5: —0.50  ***  —0.81  F¥*
Downgrading
ScoreG5: Upgrading —0.01 —0.25  x*
Personal characteristics Gender (male) —0.38  **x 0.05 °
Student SES - ESCS —-0.11 bl —-0.14
Nationality (1st gen. -0.10 = 0.00
foreigner)
Nationality (2nd —0.15  *¥x* 0.01
gen. foreigner)
Instruction and previous ~ TA marks — g8 -1.20 -1.12
academic performance  Delta TA marks (g5 — 0.54 0.49
g8)
Kindergarten —-0.02 0.01
attendance (yes)
Enrollment (early) 0.04 0.08

Enrollment (late) 0.35 o 0.23

Environment Class SES — ESCS —-0.50 -0.37
Geo. macro-area 1.20 0.82
(Islands)
Geo. macro-area 0.73 * 0.52
(South)
Geo. macro-area —0.40 bl —0.21 ok
(Northeast)
Geo. macro-area —0.33 el —0.24 e
(Northwest)
Changing school G2-  —0.21 ol —0.08
G5 same region
Changing region G2- 0.01 0.01
G5
Changing school 0.19  ** 0.05

same region G5-G8
Changing region G5-
G8

0.16 Fedkde 0.10 Kk

Signif. codes: 0 “**** 0.001 “*** 0.01 *** 0.05 “.” 0.1 “ 1.

Regarding the geographical environment, there is huge territorial
disparity. Students in the Italian islands (Sicily and Sardinia), with
respect to those in the central regions, tend to be more likely to be at-risk
in both subjects. Instead, in northern Italy students are less likely to be
at-risk than their counterparts in central Italy. This finding underlines
once again the North/South divide existing in the country’s education
system already highlighted in previous contributions [53-55]. Changing
school or region in the transition between primary school and lower
secondary school, also tends to increase the probability of being at risk
in grade 8, especially in mathematics.

The analysis reveals that most of the covariates’ effects are coherent
between models at grade 5 and at grade 8, as shown in Tables 5 and 6
Moreover, the performance of the different models is also remarkably
similar. Schools may already identify 77 % and 80 % of students who
will be at risk in mathematics and reading at grade 8, respectively, based
on the sole information available in grade 5, as shown in Table 7. Using
grade 8 covariates only improves this capacity by 3 % for mathematics.
This means that early models can accurately recognize students at-risk,
providing a three-year window to carry out academic interventions.
From a policy perspective, the timeliness of the prediction models is
more crucial than their accuracy. Additionally, the performance ob-
tained by early models is already substantial and comparable to that of
later models. This is the third key message emerging from our study.

4.2. Factors associated to longitudinal transitions at primary schools

The second step of the analysis highlights that the most significant
factors influencing proficiency development in both mathematics and
reading are students’ previous achievements and students’ peers’ aca-
demic achievements over time [Table 8]. Two different models have
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been tested, one comparing upgrading students to students whose per-
formance was consistently at the bottom during primary school, and the
other comparing downgrading students to consistently top-performing
students. For the sake of brevity, Table 8 only shows the estimates for
the logits relative to the biggest longitudinal changes, i.e., from top to
bottom and vice-versa (the complete results are reported in Appendix C).

The higher the school performance at grade 2 of a bottom-student is,
the higher is this student’s probability of upgrading in both mathematics
(p = 1.56) and reading (p = 1.56). On the other hand, the higher the
school performance at grade 2 of a top-student is, the lower is this stu-
dent’s probability of downgrading in both mathematics (f = —1.96) and
reading (f = —1.85). In this respect, attending a high-quality primary
school may help students perform better in the early years of primary
education which, according to these results, protects them from being at
risk in lower secondary school. This factor might be crucial in discus-
sions about school choice.

The peers’ average score is also an important additional protective
factor: the higher the peers’ average score at grade 2 is, the lower is the
probability to downgrade and the higher is the probability to upgrade.
Moreover, the longitudinal transition of peers is associated with the
longitudinal transition of individual students. A 1-point increase in the
peers’ scores between grades 2 and 5 results in an increase of 3.21-points
for mathematics and 1.99-points for reading in the upgrade logit and a
decrease of 2.85-points for mathematics and 1.82-points for reading in
the downgrade logit. Thus, peer effect represents a relevant factor
associated with the likelihood of a positive or a negative transition. This
is particularly important to know in the context of the Italian educa-
tional system, where the peer group within a school is nested in classes
that remain consistent between grade 1 and grade 5, and again between
grade 6 and grade 8. These considerations should be kept in mind by
principals, who are the main responsible actors for the class formation. A
counterintuitive result is instead observed for the peers’ SES that results
to be a risk factor. This evidence could be induced by the peculiar
subsample we are considering (only top/bottom performers at grade 2)
and deserves further investigation.

When considering students’ personal characteristics, male students
are more likely to improve their performance in mathematics (§ = 0.51)
and less likely to decrease it ( = —0.71), while no significant gender
differences are observed in reading. This trend in mathematics is
consistent with Contini et al. [56]. Additionally, the socioeconomic
status plays a crucial role, as students with a higher socioeconomic
background are more likely to show improvements, particularly in
mathematics, and are less likely to experience a decline, especially in
reading. In other words, socioeconomically advantaged students not
only have better academic results, but they also improve them overtime
at a faster pace. Moreover, second-generation immigrants are more
likely to improve in mathematics, but also have a higher likelihood of
experiencing a decline in reading performance, in line with the possible
difficulty related to learning Italian as a second language.

The inclusion of a random intercept at the school level allows us to
quantify the extent to which unexplained variation in students’ transi-
tions can be attributed to differences between schools. This is measured
by the Percentage of Variability Explained by the Random Effects
(PVRE). We observed a substantial level of heterogeneity across schools,
particularly in mathematics, where the PVRE was found to be 15 % for
students transitioning to higher levels and 20 % for those transitioning
to lower levels. In reading, the variability explained by schools was 11 %
for students upgrading and 15 % for students downgrading. These
findings suggest that schools play a significant role not only through the
influence of individual classes, as evidenced by the peers’ covariates
mentioned earlier, but also through other factors which in this research
remain unobservable also because of a lack of school-related variables.
Furthermore, upon analyzing the correlation of schools’ random in-
tercepts (see Fig. 3), an intriguing pattern emerges. Notably, schools that
show a positive impact in one discipline tend to show a positive impact
in the other discipline as well. Conversely, schools that have a negative
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Fig. 2. Interaction between the score at grade 5 and the longitudinal transitions during primary school (up, down or unvarying) and the likelihood of becoming at-

risk (grade 8).

impact in one discipline also tend to have a negative impact in the other
discipline. This consistent pattern across disciplines strongly suggests
that schools’ influence extends beyond individual disciplines, indicating
a broad effect on students’ academic performance. In line with the
literature framing at-risk students as a systemic failure (V. E. [47]), it is
evident that schools have significant effects on students’ transitions,
beyond individual behaviors and backgrounds. Given our access to a
limited number of variables describing school characteristics, a prom-
ising avenue for future research involves expanding the range and types
of variables to further explore the nature and mechanisms of schools’
effects.

Finally, we are interested in characterizing students who exhibit
longitudinal transitions in both the subjects, distinguishing between
those who improve from those who decline. We selected two distinct

samples: students in the bottom 40 % of the distribution in both math-
ematics and reading at grade 2 (71,819 students, 25.76 % of the total
sample) and students who were in the top 40 % (78,341 students, 28.10
% of the total sample). For each of these groups, we model the proba-
bility of transitioning either to the top 40 % or the bottom 40 % distri-
bution in both subjects by grade 5. The bottom grade 2 students who
reach the top 40 % in both the subjects at grade 5 are 3912 (5.4 %),
while the top students who transit to the bottom 40 % are 4951 (6.3 %).
We fit two logistic regression models considering all variables used in
the MCMCglmm model as covariates. For this specific analysis, due to
the low number of observations within schools, we do not take into
account of the nested structure of students within schools. Results of the
reduced models obtained by the backward stepwise regressions are re-
ported in Table 9. We observe that the individual and the peers average
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Table 7
Step 1 logit models performances computed on the test dataset.
Mathematics Reading

Model metrics Grade 5 Grade 8 Grade 5 Grade 8
Accuracy 76.4 % 78.0 % 76.9 % 78.3 %
Sensitivity 77.1 % 80.5 % 80.1 % 80.7 %
Specificity 86.6 % 88.4 % 90.2 % 90.6 %
Precision 62.7 % 64.3 % 65.8 % 64.7 %
AUC-ROC 0.84 0.87 0.86 0.87
Cut-off 0.33 0.33 0.26 0.27

Notes: Accuracy: (TP + TN)/(TP + TN + FP + FN); Sensitivity: TP/(TP + FN);
Specificity: TN/(TN + FP); Precision: TP/(TP + FP). AUC-ROC: trade-off be-
tween true positive rate (sensitivity) and false positive rate (1 - specificity) across
various classification thresholds; Cut-off: optimal threshold.

TP: true positives; TN: true negatives; FP: false positives; FN: False negatives.

school scores at grade 2 are relevant and protective factors (the higher
(lower) the student and peers scores, the higher (lower) the probability
to upgrade (downgrade)). In particular, the g5-g2 delta of class scores is
positively associated with the type of student transition, indicating that
the student is likely to upgrade/downgrade together with the rest of the
class. Changing the school or the region during primary school increases
the probability of having a longitudinal transition (of any type), sug-
gesting that the student is less likely to have a stable performance. In the
MCMC setting, the changing school coefficients may have been captured
by the measured school-effect. The percentages of immigrant students
and female students is found to be significant only in their association
with the student upgrade probability, with a positive effect for the
percentage of immigrants and a negative effect for the percentage of
females. Conversely, gender and being a late/early enrolled student only
play a role in the downgrade likelihood, where being a male student and
an early enrolled student are protective factors, while late enrolment is a
risk factor. The student SES is positively (negatively) associated to the
upgrade (downgrade) probability, while the class SES has an opposite
effect. As mentioned earlier, this effect sounds counterintuitive and
deserves further investigation. Lastly, geographical areas are also rele-
vant in longitudinal transitions. Being a student in the Islands or in
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southern Italy increases the probability to have a longitudinal transition
(of any type), reflecting greater heterogeneity in the educational process
in these geographical areas, while students in northern Italy are on
average more inclined to have a stable performance across the different
grades.

Overall, these results are coherent with the marginal ones obtained
using the MCMCglmm model, reported in Table 8. However, they also
uncover specific nuances in predictors when examining transitions in
both subjects collectively. Notably, there is a reduction in gender dif-
ferences and an absence of impact for immigrant students. Simulta-
neously, there is a more consistent influence of environmental
transitions possibly explained by the dissipation of school effects into
broader environmental factors. Similar to the MCMCglmm model, the
persistence of peers’ transitions over time emerges as the most robust
predictor. In the joint context, i.e., when modelling the transition in both
subjects, the effects vary depending on the type of transition. For
upgrading students, an improvement in peers’ reading ability has a
stronger impact, increasing the likelihood of student improvement.
Conversely, an improvement in peers’ math ability acts as a stronger
protective factor against downgrading. This highlights the critical
importance of delving into subject-specific and combined models to gain
a comprehensive understanding of the multifaceted factors shaping
students’ academic trajectories.

5. Discussion and conclusive remarks

Tracking student progress and evaluating achievement growth over
time play a critical role in the instructional feedback loop, offering
valuable evidence on academic development that can be utilized to
assess and refine existing policies and practices [38]. This study high-
lights the significance of monitoring students’ performance and profi-
ciency transitions during their primary school years as a means to
identify students at-risk at the end of lower secondary school. Profi-
ciency transitions in primary school emerge as a significant predictor for
identifying at-risk students by grade 8, indicating that early identifica-
tion of these students in the Italian context can be achieved as early as
grade 5. With this evidence, we do not want to promote a

Table 8
Step 2 multilevel model to explore the factors associated with proficiency level transitions in Mathematics and Reading between grade 5 and 8.

Subject Mathematics Reading

Longitudinal changes Upgrading Downgrading Upgrading Downgrading
(Intercept) —15.12 13.12 -13.8 el 12.68 ok

Personal characteristics Gender (male) 0.51 -0.71 0.04 . 0.01
Student SES 0.13 Hrk —0.24 HrE 0.21 e —0.28 Hrk
Nationality (1st gen. foreigner) 0.12 -0.25 . 0.07 ok 0.01
Nationality (2nd gen. foreigner) 0.23 —-0.06 -0.11 0.16

Instruction and previous academic performance TA marks - grade 2 1.56 il -1.96 1.56 -1.85
Delta TA marks (g2-g5) 1.19 ok -1.41 ok 1.14 -1.31 el
Kindergarten attendance (yes) 0.08 —0.08 0.05 -0.11 *
Enrollment (early) 0.15 —0.24 * —-0.01 —0.04
Enrollment (late) -0.18 0.29 . -0.23 . 0.17

Peers’ characteristics (grade 5) and peers’ previous performances Peers SES —0.47 ol 0.44 e —0.38 o 0.38
% peers 1st gen. foreigner 0.01 . —0.01 . 0.01 —0.01
% peers 2nd gen. foreigner 0 0 0.01 —-0.01
% peers female 0 0 —0.01 i 0 i
No. students 0 0.02 sk —-0.01 * 0.01 il
Delta No. students (g2-g5) 0 * 0 0 0
Peer score - grade 2 1.54 e —2.51 1.06 -1.6 il
Delta peer score (g2-g5) 3.21 —2.85 1.99 -1.82

Environment Geo. macro-area (Islands) 0.14 * 0.38 ek —-0.03 0.46 bl
Geo. macro-area (South) 0.4 el —0.05 0.21 el 0.02
Geo. macro-area (Northeast) —0.49 el 0.04 —0.29 0.04
Geo. macro-area (Northwest) —0.48 il 0.07 -0.34 0.08
Changing school g2-g5 0.07 . 0.04 0.08 0.03
Changing region g2-g5 0.29 . —0.036 0.29 . —0.04

Signif. codes: 0 “**** 0.001 ‘*** 0.01 *** 0.05 “.” 0.1 “ 1.
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Fig. 3. Distributions of school effects on the probability of student transitions, estimated by the step 2 multilevel model, for reading and mathematics.

“deterministic” view of the educational path, where early stages are
necessarily conducive to subsequent good or bad performance. Instead,
we want to provide empirical evidence about the “cumulative” nature of
education, acknowledging the importance of supporting students with
specific needs as soon as possible. In other words, our research claims
not for tracking students, but instead for offering equal opportunities to
all. It is then school responsibility to identify the best (personalized)
interventions for the students who are identified as more at-risk (by the
way, the same reasoning holds for high-performing students). In this
vein, the method proposed here is an instrument for supporting school
awareness and autonomy in promoting and realizing individualized
educational interventions and programs.

Through an analysis of factors associated with students’ transitions
in primary school utilizing the Markov Chain Monte Carlo (MCMC)
glmm method, we see that predictors for upgrading and downgrading
performance share similarities, but their magnitudes differ significantly.
In particular, peers exert a more marked influence on upgrading stu-
dents’ performance compared to downgrading them. A one-standard
deviation increase in peers’ performance substantially enhances the
likelihood of a student to improve his/her own performance, while also
providing a moderate protective effect against downgrading. This is in
line with previous evidence on peer effects in similar contexts [57]. This
strong class-level factor is potentially related, to some extent, to the
quality of teachers, a dimension not available when using data provided
by INVALSI or by other Italian educational entities at a national scale.

Additionally, the institutional impact on proficiency development is
evident from the variability explained by heterogeneity across schools.
Schools that demonstrate a positive/negative impact in one subject tend
to exhibit a similar effect in the other subject, indicating an influence on
students’ academic performance that goes beyond the individual sub-
ject. This finding also suggests that schools are already playing a sub-
stantial role in impacting the educational performance and trajectories
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of their students. Any intervention to be developed following the iden-
tification of at-risk students should move from this awareness.

According to our findings, potential interventions to prevent stu-
dents downgrading and/or to support student upgrading during primary
school can be applied at both class and school levels. Students who
belong to downgrading classes and/or schools which have an overall
negative effect on pupils’ performance can largely benefit from early
educational interventions and continuous monitoring of proficiency
changes. Early identification and continuous monitoring of longitudinal
changes in students’ proficiency have a great potential for mitigating
disadvantages in later stages of the educational path and enabling social
mobility. In line with our results, changing students across classes dur-
ing primary school might be a strategy to be considered for supporting
at-risk students. As a limitation, we acknowledge the fact that, despite
the data collection being censorial, technical issues in tracking the stu-
dent identifier bring a loss of observation that might be not completely
at random. Moreover, despite being unlikely, we cannot completely rule
out the possibility of some mechanisms of self-selection of students into
high performing classes being at play in lower secondary schools, thus
influencing the peer composition of classes. Additionally, while our
study finds that peers whose performance declines increase the likeli-
hood of students being non-proficient on standardized tests, it is
important to note that peer effects related to declining performance can
have various implications. For instance, a student’s performance may
appear relatively better in a low-performing group and worse in a high-
performing group. These dynamics could influence grade repetition,
dropout rates, and teacher-assigned grades differently from standard-
ized test scores.

This study emphasizes the importance of understanding the key
factors that contribute to proficiency development. By identifying at-risk
students and implementing targeted interventions at the class and
school levels, policymakers and educators can refine existing policies
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Table 9
Results of the step 2 auxiliary logit models to explore the factors associated with
proficiency level transitions in both subjects between grade 5 and 8.

Transition Upgrading Downgrading
(Intercept) —0.198 0.725 ok
Personal characteristics Gender (male) —0.005
Student SES - 0.008  ***  —0.012
ESCS
Instruction and previous ~ TA marks 0.025  ***  —0.050  ***
academic performance ~ Mathematics —
grade 2
Delta TA marks 0.020  ***  —0.036  ***
Mathematics
TA marks Reading 0.010  ***  —0.027  ***
— grade 2
Delta TA marks 0.013  ***  —0.022  ***
Reading
Enrollment —0.015 w*
(early)
Enrollment (late) 0.032  *¥*
Peers’ characteristics Peers SES —0.047 0.023
(grade 5) and peers’ % peers 1st gen. 0.072  ***
previous performances  foreigner
% peers 2nd gen. 0.045  ***
foreigner
% peers female —0.061  ***
Delta No. students 0.008  **
(g2-g5)
Peer score 0.045 ok —0.036 i
Mathematics -
grade 2
Delta peer score 0.080  ***  —0.065 « ***
Mathematics (g2-
g5)
Peer score 0.078 e —0.017 wkH
Reading - grade 2
Delta peer score 0.114 o —0.045 o
Reading (g2-g5)
Environment Geo. macro-area 0.039  *** 0.038  ***
(Islands)
Geo. macro-area 0.026 e 0.016 e
(South)
Geo. macro-area —0.015 ok —0.012 i
(Northeast)
Geo. macro-area —0.012 e —0.006 *x
(Northwest)
Changing school 0.005  ** 0.008  *x*
82-85
Changing region 0.041 sk 0.030  ***
82-85

Area Under Curve (AUC) 0.901 0.905.
Observations 71,819 78,341

and practices to ensure better academic outcomes for all students, taking
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timely action.
Signif. codes: 0 “**** 0.001 “*** 0.01 ‘** 0.05 “.” 0.1 “ 1.
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Appendix A. Longitudinal transitions in primary school and risk identification

The threshold we use to identify longitudinal transitions in primary school corresponds to the level of improvement or decline in primary school
students’ performance that best predicts students’ level of risk at grade 8. To accomplish this, we compared the effectiveness of binary logit models
that consider various longitudinal transitions in primary school to predict the probability of being at risk at grade 8. The optimal threshold, for both
mathematics and reading, results to be 40 %, identifying students who move from the top 40 % at grade 2 to the bottom 40 % at grade 5 and vice versa

[Fig. 1].
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Reading Math

Model performance
AUC [0-1]
AUC (0-1)

|

threshold threshold

Downgrading threshold
Fig. 1. Relationship between longitudinal transitions thresholds (represented on the x-axis) and model performance (measured on the y-axis with AUC-ROCS) for

identifying at-risk students in both reading and mathematics.

Appendix B. Distribution of study sample characteristics, including means and standard deviations for numerical variables and
proportions for categorical variables, compared to the entire population

Category Variable Type Full data, N = 403,786 Study sample, N = 278,765"
Outcome? at-risk math Binary 0.34 (0.47) 0.34 (0.47)
at-risk read. Binary 0.29 (0.46) 0.29 (0.46)
Personal characteristics gender Cat 50 % 50 %
nationality Cat
-Italian 92 % 93 %
-1%'gen. immigrant 1.7 % 1.6 %
-2™gen, immigrant 6.0 % 5.8 %
Socio-economic status (ESCS index) Num 0.11 (0.92) 0.12 (0.92)
Instruction and previous academic performance kindergarten attendance Cat 90 % 91 %
enrollment Cat
-regular 98 % 98 %
-early 1.3% 1.3%
-late 1.0 % 0.9 %
TA marks math G2 Num 8.16 (1.02) 8.19 (1.00)
TA marks read. G2 Num 8.05 (1.03) 8.08 (1.02)
Test score math G2 Num 0.49 (1.25) 0.51 (1.26)
Test score read. G2 Num 0.31 (1.01) 0.33 (1.01)
TA marks math G5 Num 7.98 (1.07) 8.00 (1.06)
TA marks read. G5 Num 7.92 (1.01) 7.94 (1.01)
Test score math G5 Num 0.40 (1.20) 0.41 (1.20)
Test score read. G5 Num 0.25 (1.01) 0.27 (1.01)
TA marks math G8 Num 6.90 (1.39) 6.93 (1.39)
TA marks read. G8 Num 7.09 (1.16) 7.11 (1.16)
Environment reg. location Cat
-center 18 % 16 %
-islands 9.9 % 10 %
-northeast 19 % 20 %
-northwest 27 % 27 %
-south 26 % 27 %

@ Cat: %; Numeric: Mean (SD).

Appendix C. Results of the step 2 multilevel model to explore the factors associated with proficiency level transitions in a) Mathematics
and b) Reading between grade 5 and 8

a)Mathematics
Longitudinal changes Downgrading Drop to Reach Upgrading
sufficiency sufficiency
(Intercept) 13.12 w7 sk —9.82 ¥ —15.12  Fx*
Personal characteristics Gender (male) —0.71 R —0.43 ek 0.36 ek 0.51 ek

(continued on next page)
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(continued)
a)Mathematics
Longitudinal changes Downgrading Drop to Reach Upgrading
sufficiency sufficiency
(Intercept) 13.12 Rk 7 R -9.82 R —15.12 R
Student SES -0.24 ¥ —0.14  wx* 0.06  *** 0.13 ok
Nationality (1st gen. foreigner) —0.25 —0.23 0.03 0.12
Nationality (2nd gen. foreigner)  —0.06 —0.09 0.05 0.23 ek
Instruction and previous academic performance TA marks - grade 2 -1.96 -1.08 ¥ 1.01 1.56
Delta TA marks (g2-g5) -1.41  ¥x —0.82 ¥ 0.73 1.19
Kindergarten attendance (yes) —-0.08 -0.01 0.09 * 0.08
Enrollment (early) -0.24 ° -0.1 027 * 0.15
Enrollment (late) 0.29 0.22 -0.23 —-0.18
Peers’ characteristics (grade 5) and peers’ previous performances  Peers SES 0.44  **x 0.24  **x —0.25  F*x —0.47 il
% peers 1st gen. foreigner —0.01 . 0 0 0.01
% peers 2nd gen. foreigner 0 0 “ 0 0
% peers female 0 0 0 a 0
No. students 0.02  wx* 0.01 ek 0 0
Delta No. students (g2-g5) 0 0 0 0 !
Peer score - grade 2 —2.51 ek -1.45 ek 0.82 ek 1.54 ek
Delta peer score (g2-g5) —2.85  ¥F* -1.61 i 1.74  xx* 3.21 ki
Environment Geo. macro-area (Islands) 0.38 K 0.19 A 0.06 0.14 g
Geo. macro-area (South) —0.05 —0.07 0.25 ok 0.4
Geo. macro-area (Northeast) 0.04 0.06 —0.17  ** —0.49 ok
Geo. macro-area (Northwest) 0.07 0.12 o -0.2 ok —-0.48
Changing school g2-g5 0.04 —0.02 0.06 0.07
Changing region g2-g5 —0.04 0.1 —0.13 0.29
b)Reading
Longitudinal changes Downgrading ~ Drop to Reach Upgrading
sufficiency sufficiency
(Intercept) 12.68 R 6.62 R -8.85 Rl -13.8 ok
Personal characteristics Gender (male) 0.01 0.02 0 0.04
Student SES —0.28  ¥Fx —(0]19 ¥ 0.12 0.21
Nationality (1st gen. foreigner) 0.01 —0.05 —0.06 0.07  **
Nationality (2nd gen. foreigner) 0.16  ** 0.04 —0.07 -0.11
Instruction and previous academic performance TA marks - grade 2 —1.85  F*x —-1.02  F*x 1 il 1.56  *x*
Delta TA marks (g2-g5) —-1.31 w072 wxE 0.71  *** 1.14  x=
Kindergarten attendance (yes) -0.11 ° 0 0.07 0.05
Enrollment (early) —0.04 0.04 0.09 —0.01
Enrollment (late) 0.17 -0.01 -0.12 . —-0.23 .
Peers’ characteristics (grade 5) and peers’ previous performances  Peers SES 0.38 0.23  wx* —0.23 —0.38  *x*
% peers 1st gen. foreigner —0.01 “ —0.01 wx 0 0.01 o
% peers 2nd gen. foreigner —0.01 il 0 0 0.01
% peers female 0 0 0 —-0.01
No. students 0.01 0.01 —-0.01 -0.01 °
Delta No. students (g2-g5) 0 0 0 0
Peer score - grade 2 -1.6 w1 ok 0.55 ¥ 1.06  ***
Delta peer score (g2-g5) -1.82 —1.05 0.97 1.99 ¥
Environment Geo. macro-area (Islands) 0.46 0.22 -0.2 —0.03
Geo. macro-area (South) 0.02 —0.01 0.03 0.21 ek
Geo. macro-area (Northeast) 0.04 0.11 : -0.13 —-0.29
Geo. macro-area (Northwest) 0.08 0.13 il —0.14 —0.34
Changing school g2-g5 0.03 —0.02 0.03 0.08 *
Changing region g2-g5 —0.04 -0.2 0.38  ** 0.29

Signif. codes: 0 “**** 0.001 “*** 0.01 *** 0.05 ‘. 0.1 “ 1.

Data availability

The authors do not have permission to share data.
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