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A matter of achievement

Implicit Dropout:
Obtain ISCED 3 credentials
(grade 13)
Fail to achieve the basic
competence level expected at
grade 10 (Ricci, 2019)

Based on the INVALSI definition
of underachievement:

Reading and Mathemat-
ics: Equal or below Level 2
on a 5 levels scale.
English reading and Lis-
tening: Equal to Level 1 on
a 3 levels scale.

IDs are those who underachieve
in all 4 assessed areas.



Research Questions
Beside attempts to predict ID with Machine Learning Techniques
(Zanellati et al., 2021; Falzetti and Marsili, 2024) there is not an
in-depth analysis of ID and the differences with other kinds of un-
derachievement.

1. What proportion of the probability of underachievement can
be attributed to individual, classroom, and school-level
factors?

2. How does this proportion change based on the type of
underachievement, educational track, and geographic area?

3. What role do peers’ social backgrounds and school allocation
practices play in influencing the probability of
underachievement?



Data

This analysis focuses exclusively
on the INVALSI data from the
grade 13 in the 2018-2019
cohort. Of the original 462,374
observations, 36,094 cases for
which it was impossible to
reconstruct the class and school
track were discarded.

n %

Sex
Male 211,696 49.7
Female 214,583 50.3
Migratory Background
Native 375,938 88.2
1st Generation 13,317 3.1
2nd Generation 17,000 4.0

(20,025) (4.7)
Track
Scientific Lyceum 101,276 23.5
Classical Lyceum 26,920 6.2
Other Lyceums 92,852 21.6
Technical Institute 131,554 29.7
Vocational 73,678 17.3
Underachievement
Reading 147,349 34.6

(3,227) (0.8%)
Mathematics 163,946 38.5
English Reading 43,996 10.3

(5,763) (1.4%)
English Listening 107,041 25.1

(6,357) (1.5%)
Implicit Dropout 33,469 7.9



Multilevel Modelling
Model:

logit(P(yics = 1)) = β0 + x ′
ics β1 + x ′

cs β2 + x ′
s β3 + uc + us

β0: fixed intercept
xics , xcs , xs : vectors of covariates at individual, class, and
school level
β1, β2, β3: their fixed-effect coefficients
uc , us : normally distributed random intercepts (class- and school-
level) capturing within-group dependence
Differences between tracks and geographical areas are assessed
using multiple multilevel logit models (11 models for target
variable).



Measures

Response variables
Reading and Mathematic Underachievement: binary re-
sponse, set to 1 if the student level is equal or under Level 2.
ID: binary response, set to 1 if the student is found to under-
achieve in all the tests attended (to avoid missing).



Results



Questions:

What proportion of the probability of underachievement can be
attributed to individual, classroom, and school-level factors?
How does this proportion change based on the type of under-
achievement, educational track, and geographic area?



Decomposition of variance
The empty model logit

(
P(yics = 1)

)
= β0+uc +us was used to decompose the variance

in the probability of underachievement, isolating the contributions of individual, class,
and school levels.



Decomposition of variance

School and class level contribute differently to the probability
of underachieving: ∼ 50% for reading, ∼ 60% for mathematics
and ∼ 65% for being an ID
No significant regional differences



Decomposition of variance

Between track differences in ICC are to be coupled with between
track differences in achievement (not shown)

Tracks with better average performances and high school level
ICC: advantages not equally distributed among schools (Classic
general track in reading; Scientific general track in reading and
mathematics)
Tracks with worst average performances and low school level
ICC: universally inadequate preparation offered (Vocational tracks)



Decomposition of variance

Patterns for the probability of being an ID student
High class level ICC in classic and scientific general track prob-
ably driven by single individuals in a few classes
Patterns in other tracks indicate ID as more common and widespread
condition



Question:

What role do peers’ social backgrounds and school allocation
practices play in influencing the probability of underachieve-
ment?



The full model use individual characteristics as control variables, and
class-level and school-level variables

Individual level
Sex
Migratory Background (1st gen., 2nd gen)
SES: ESCS index

Class level
Peers social background: Class ESCS average excluding the
student of interest (Leave One Out Mean)

School level
School Segregation: School Standard Deviation of ESCS class
average

To compare effects across models, parameters are expressed as Av-
erage Marginal Effect (AME, mean of the marginal effects across all
observations)



AMEs for the probability of underachieving in Reading, Mathematics and the probability of being an ID for the overall
sample. The dashed lines represent the baseline probabilities. (only estimates significant at p<0.05)



AMEs for the probability of underachieving in Reading, Mathematics and the probability of being an ID, sample
divided by geographical area. The dashed lines represent the baseline probabilities. (only estimates significant at
p<0.05)



AMEs for the probability of underachieving in Reading, Mathematics and the probability of being an ID, sample
divided by track. The dashed lines represent the baseline probabilities. (only estimates significant at p<0.05)



NOT a Peer Effect

From the sign of the coefficients, the leave-one-out mean of the
class ESCS captures students’ relative social distance, not peer
influence.

When significant, the coefficient is always positive: the greater
the distance from classmates, the higher the risk of under-
achievement.
No significant effect in the Classical and Scientific tracks (for
ID and math underachievement), suggesting ability/status self-
selection offsets this distance effect.



Segregation as an allocation practice

In the overall models, the average effect is positive, probably
influenced by the conditional distribution of the indicator by
region and track.
In certain regions, higher segregation relates to a reduction in
the probability of underachieve. Schools with higher level of
segregation happen to have overall better performances.
Observed within tracks effects are positive and strongest in al-
ready disadvantaged contexts, further widening gaps (Technical
and Vocational tracks).



Final remarks

Intervention strategies must be tailored to the specific form of un-
derachievement. Specifically in the case of ID:

for most tracks, the schools in need can be targeted system-
wide interventions.
Conversely, in Classical- and Scientific general tracks – where
class-level variability is higher driven by a single or a few individ-
uals – targeted support aimed at specific classes and individual
support may be more effective in mitigating underachievement.



Questions and suggestions are welcomed.
Thank you.
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