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Abstract
Since 1998, AlmaLaurea—a consortium of 80 Italian universities and a member of
the Italian National Statistical System—has conducted an annual census on graduates’
employment status. The survey provides estimates of descriptive indicators at both the
population level and for specific subpopulations (domains) of interest, such as degree
programmes. Some domains have very few observations due to a small population size
and non-response. In this paper, we address this estimation problem within a Small
Area Estimation framework. Specifically, we propose using generalized linear mixed
models that incorporate two variables as proxies for graduates’ response propensity,
making the assumption of non-informative non-response more plausible. Degree pro-
gramme estimates of employment rates are derived as (semi-parametric) empirical
best predictions using a finite mixture of logistic regression models, with their mean
squared error estimated via a second-order, bias-corrected, analytical estimator. Sen-
sitivity analysis is conducted to assess the explanatory power of variables modelling
response propensity and to evaluate potential correlations between area-specific ran-
dom effects and observed heterogeneity.
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1 Introduction

The motivation for this work is based on data collected by AlmaLaurea,1 which is a
consortium of 80 Italian Universities and a member of the Italian National Statistical
System.AlmaLaurea has been conducting an annual survey tomonitor the employment
trajectories of graduates since 1998. The survey is carried out one, three, and five years
after graduation and provides a broad picture of graduates’ job placement in the labour
market over time. The 2022 edition involved 660,000 first- and second-level graduates
in 2020 (AlmaLaurea 2022). The survey is a census and targets many variables of
interest other than employment status. These include job characteristics, such as type
of contract and salary, as well as the application of skills acquired at university. Aswith
all surveys, non-response occurs: the overall response rate for second-level graduates
involved in the survey conducted one year after graduation (the focus here) is 65%.This
result is the outcome of a two-fold process. First, a subset of graduates (approximately
86.9%) is identified as those who have provided consent to be contacted according
to the General Data Protection Regulation (GDPR) no. 2016/679. These graduates
are then contacted using a dual survey technique: CAWI (Computer-Assisted Web
Interviewing) and CATI (Computer-Assisted Telephone Interviewing). CATI is used
to follow up those who did not respond to the online questionnaire. This sequential
mixed-mode CAWI-CATI methodology achieves a response rate of 74.8% among
graduates contactedwith theirGDRP-compliant consent. These two sources ofmissing
data are by far the most relevant. In fact, since the focus is on the employment status of
graduates one year after graduation, the quality of their contact information is rather
high: personal email is available for 96.5% of graduates (only 1% bounced back), and
the correct mobile number is available for approximately 90%. Item non-response is
not a relevant issue, as it affects less than 1% of responses for almost all items. The
only notable exception is net income, where item non-response reaches about 4.3%.

One of the main aims of the survey is to evaluate descriptive parameters of interest,
such as population means, totals, proportions, and counts. The AlmaLaurea consor-
tium provides (weighted) estimates of these quantities for the overall population of
graduates using calibration, specifically raking, based on known population totals of
auxiliary variables obtained from administrative registers (Kott 2006). In particular,
the population distribution by gender, field of study, geographical area of residence
and of study are used to obtain the final set of weights for the estimates (AlmaLaurea
2022). This procedure serves as an adjustment for non-response where the calibration
weight corresponds to the inverse of the response propensity implicitly estimated by
the raking procedure (Kott 2006). This adjustment reduces non-response bias as long
as the response process is well explained by the variables used in the raking procedure.
In addition, it can improve the efficiency of the final estimates if the auxiliary variables
employed in the raking procedure are good predictors of the variables of interest.

The AlmaLaurea survey aims at providing estimates not only at the population level
but also for subpopulations (domains) of interest, such as degree programmes (DPs). In
the 2022 edition, there are 2255 s-level DPs for which estimates are needed. For these
domains, the consortium releases publicly un-weighted estimates (AlmaLaurea 2023).

1 For more details see the website: https://www.almalaurea.it/en.
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Some of these domains have a very limited sample size: this is due to a relatively small
number of observations in the population coupled with non-response. This setting
resembles that of Small Area Estimation (SAE, Rao and Molina 2015; Morales et al.
2021): a SAE problem arises when the sample size available in a domain (area) of
interest is so small that direct estimates, albeit (approximately) unbiased, have unduly
large variances. Note that the attribute direct refers to estimates for the domain of
interest that only use data coming from the domain itself. In this context, re-weighting
methods such as raking or, more generally, calibration are of little use. The reduction
in bias and variance they achieve may not be sufficient to offset the small amount of
information available, due to the limited number of observations within the domain.
When the dimension of the area is particularly small, the large volatility of the set of
weights used can even increase the bias and variance of the final estimates.

SAEmethods, on the other hand, are indirect as they use observations coming from
different areas—theyborrow strength—bymeans of amodel and are, therefore,model-
based. Two approaches are usually adopted in this context: one that specifies themodel
at the domain level (area-level models, Fay and Herriot 1979) and the other based on
models specified at the individual level (unit-level models, Battese et al. 1988). The
choice depends onmany factors, including the level of information available regarding
the population of interest. In this paper, a unit-level model is considered appropriate
given the availability, for all units in the population, of auxiliary information at the
graduate level derived from administrative registers and from another survey carried
out by AlmaLaurea on the Profile of Graduates.

The basic unit-level SAE model is a linear mixed-effects model in which area-
specific random effects are introduced to account for all unobserved heterogeneity
related to a small area that is not captured by fixed covariates (Battese et al. 1988).
Numerous extensions are available in the literature; since the focus of the paper is
to obtain estimates of the employment status, we only mention those introduced to
tackle non-Gaussian responses in a frequentist framework. Generalized linear mixed
models (Laird and Ware 1982) represent a typical tool of analysis in this context.
In particular, Jiang and Lahiri (2001) develop an Empirical Best Predictor (EBP) for
generic area-specific random effects under a mixed logistic model providing a second-
order, bias-corrected estimator for the corresponding Mean Squared Error (MSE).
Hobza and Morales (2016) more recently explicitly focus on developing an EBP for
small area proportions under a unit-level mixed logistic model. In these approaches,
the area-specific random effects are assumed to follow aGaussian distribution.Marino
et al. (2019) highlight the drawbacks of this assumption. First, theGaussian assumption
for the random effects distribution is often untenable and is not flexible enough in real
data applications. Second (and most importantly), the computational burden required
to estimate parameters, compute the EBP, and, in particular, provide the corresponding
measure of reliability can be substantial for non-Gaussian responses. Here, in fact,
numerical approaches, based, for example, on (adaptive)Gaussian quadrature, Laplace
orMonte Carlo approximations, are used to deal with (possibly) multiple integrals that
do not admit a closed form expression, and the computational burden increases with
the number of areas. To overcome both these issues, Marino et al. (2019) propose to
leave the distribution of the area-specific random effects unspecified and estimate it
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from the observed data via a non-parametric maximum likelihood approach (Laird
1978).

A key difference with the estimation problem at hand is that in the SAE frame-
work the small sample size results from a process that is known to the researcher: the
sampling design. In contrast, the small sample size here arises from a process (the
response) that is largely unknown. Often, the (unverifiable) assumption that data are
Missing-At-Random (MAR) given the covariates included in the model is considered
to conduct inference on the whole population. In this paper, we propose a modelling
approach that tries to go beyond this standard assumption by making use of all the
available auxiliary information on the response behaviour of graduates from paradata
and other survey data. In particular, we can learn about the response attitude of the
graduates, from the response process to the survey, and from the patterns of item
non-response, and we include this supplementary information in the proposed model.
Given the large number of small areas (DPs) we let the distribution of the DP random
effects unspecified and approximate it through a discrete distribution defined over a
finite number of locations leading to a finite mixture of logistic regression models. On
the basis of this model, a semi-parametric EBP (sp-EBP) for the small area parameters
of interest is defined, and a second-order, bias-corrected, approximation to the corre-
sponding MSE is obtained. The discrete nature of the mixing distribution allows us to
avoid approximating integrals and considerably reduces the computational effort.

To a broader extent, the problem addressed in the paper can also be interpreted
as a big data integration problem, specifically related to a large non-probability self-
selected sample where the variable of interest is surveyed, whereas covariates are
available on both the non-probability sample and the population. Even though the
observations in the non-probability sample are not necessarily representative of the
target population, the association among variables in the non-probability sample is
employed to develop a predictivemodel formass imputation. Thus, the non-probability
sample is used as training data for developing a model for mass imputation (see e.g.,
Schirripa Spagnolo et al. 2025; Kim et al. 2021, for examples of mass imputation
to combine probability and non-probability samples). In this regard, the proposed
approach based on SAE can be considered as an imputation method under a finite
mixture of logistic regression models. Here, instead of taking a multiple imputation
perspective and provide a finite number of imputed values under the model to be used
to obtain a finite set of estimates, we provide the EBP of the parameters of interest,
which is their expectation with respect to the posterior distribution of the random
effects given the data. This approach is preferable over multiple imputation since the
inferential target is clear and themodel adopted allows us to obtain an analytic formula
for the EBP and its MSE.

The paper is organized as follows. In Sect. 2 we introduce the estimation problem
in more detail, describing the data. In Sect. 3 we illustrate the proposed modelling
approach, while in Sect. 4 we show the results of the application. In Sect. 5 we provide
some conclusions and directions for future research.
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2 Estimation problem

Let U denote the finite population of AlmaLaurea second-level graduates surveyed in
2020 of size N � 88,027, which can be partitioned intoM non-overlapping DPs with
Ui denoting the i-th small area having size Ni , i � 1, . . . , M , with M � 2255. For
a given DP i, population data consist of Ni measurements of a response variable Yi j ,
with j � 1, . . . , Ni . In particular, Yi j is a binary variable coded as 1 if graduate j in
DP i is employed at that time or 0 otherwise. The parameters of interest are defined
as the following proportions (employment rates) at the DP level:

Ȳi � 1

Ni

Ni∑

j�1

Yi j ,

for i � 1, . . . , M . As described in the introduction, a sample of size n of respondents is
obtained from the above population. Note that in the classical framework of inference
for finite populations, Yi j ’s are considered fixed quantities, and the only source of
randomness here comes from the response process. Let Ri j denote a random response
indicator that takes value 1 if unit j in DP i participates to the survey and 0 otherwise.
In addition, let ri denote the set containing the ni � ∑Ni

j�1 Ri j population indexes of

the responding units belonging to DP i, with n � ∑m
i�1 ni � 57,217 and m � 2147.

Then, the interest is in estimating proportions Ȳi using the collected sample ri ⊆ Ui

of ni respondents.
A common approach is to produce a direct estimate as the simple sample proportion

of observations coming only from DP i, that is,

ˆ̄Yi � 1

ni

∑

j∈ri
Yi j . (1)

This approach implicitly assumes that units are Missing-Completely-At-Random
(MCAR) in DP i and, only under such an assumption, this ratio-type estimate is
approximately unbiased for Ȳi , see Section A of the Appendix for a proof. Note that,
as for all ratio-type estimators, this approximation holds only as long as ni is not too
small (see, e.g., Fuller 2011, Section 1.3.3).

Figure 1 shows the distribution of DPs by sample size and highlights that many
DPs have a very small sample of respondents. In particular, 450 DPs have a sample
size of up to 5 units, with 108 DPs that are out-of-sample (ni � 0) and 175 with only
1 observation.

Obviously, small sample sizes affect the reliability of final estimates. In the best

case scenario, when units are indeed MCAR, ˆ̄Yi is approximately unbiased for Ȳi and
with variance that can be approximated as

v( ˆ̄Yi ) ≈ 1 − f

f Ni

N

N − 1
Ȳi (1 − Ȳi ),
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Fig. 1 Empirical distribution of degree programmes by sample size. Survey on Graduates’ Employment
Status, second-level graduates, one year after graduation (edition 2022)

where f � n/N is the overall response rate. This formula is simply the variance of
a domain mean ratio estimator for a binary variable under Bernoulli sampling (e.g.,
Särndal et al. 1992, Section 10.3). An estimate of the coefficient of variation (cv) of
ˆ̄Yi can be obtained as

cv( ˆ̄Yi ) �
√

v̂( ˆ̄Yi )
ˆ̄Yi

�
√

1− fi
ni−1

ˆ̄Yi (1 − ˆ̄Yi )
ˆ̄Yi

,

where fi � ni/Ni is the response rate for DP i. Figure 2 shows the distribution of
direct estimates by percentage cv.

Official Statistics always provide guidelines on the quality of estimates and such
guidelines are often in terms of cv’s. Precision thresholds are generally survey-specific
and depend on users’ needs and on the required reliability. In this paper we adopt those
originally proposed by Statistics Canada for surveys related to labour force statistics
(e.g., Statistics Canada 2016, p.35). Then, an estimate of a descriptive parameter
with a cv greater than 33.3% is considered unreliable and is not recommended for
release. When a cv is 33.3%, then in 68% of the samples the census value (Ȳi ) will lie
within plus or minus one third (one cv) and in 95% of the samples the census value
will lay within plus or minus two thirds (two times the cv) of the estimate: this is a
substantially wide confidence interval. Estimates with a cv between 16.6% and 33.3%
must be released with caveats due to their relatively high sampling variability, while
estimates with a cv smaller than 16.6% are considered sufficiently accurate and have
no release restrictions. In the figure, the values 33.3% and 16.6% are highlighted with
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a red and a yellow bar, respectively. In the AlmaLaurea data, 198 DPs have a cv larger
than 16.6%, and 47 DPs have a cv larger than 33.3%. In addition, 283 DPs have less
than 2 observations, making it impossible to compute the cv. Overall, more than 500
DPs present a “small area” estimation problem, with estimates that cannot be released
without at least a warning. Note that this is a lower bound, as the formula for the cv
is valid under MCAR. In fact, should the assumption of MCAR not be verified, the
effective cv is inflated by bias other than the extra variability introduced by differential
response propensities.

To solve the estimation issue described above, it is required to proceed indirectly
using data from other DPs through a model. To this end, auxiliary information is
needed. Let xi j � (xi j1, . . . , xi jp)′ denote a vector of p covariates for unit j in DP i.
Values of Yi j are known only for the sample of respondents (i � 1, . . . ,m, j ∈ ri ),
while the values of xi j are known for all units in the population (i � 1, . . . , M, j �
1, . . . , Ni ). This assumption can be quite restrictive in some real-world applications,
since it implies the availability of individual population information. However, when
the auxiliary variables are categorical and/or take a finite number of values, this
assumption can be relaxed, as the method described in this paper only requires the
corresponding area level population cross-tabulations to be available.

Let αi be a DP-specific random coefficient introduced to model area-level unob-
served heterogeneity that is due to features of the areas not captured by the covariates.
According to the local independence assumption, frequently adopted in the context of
latent variable models, conditional on αi , responses Yi j can be assumed to be inde-
pendent Bernoulli random variables with success probability

pi j � Pr(Yi j � 1|αi ) � eαi+β0+x′
i jβ

1 + eαi+β0+x′
i jβ

, (2)

where β0 is the intercept, and β represents the vector of regression coefficients asso-
ciated with the covariates in xi j . In the SAE literature, as well as in longitudinal,

Fig. 2 Degree Programmes by %
coefficient of variation of direct
estimates of employment rates.
Yellow line at 16.6%, red line at
33.3% critical values
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multilevel and general multivariate context, the αi ’s are typically assumed to be inde-
pendent and identically distributed (iid) Gaussian, that is, αi ∼ N (0, σ 2), and equation
(2) corresponds to a classical mixed logistic model.

Under thismodel-based approach,DP proportions Ȳi are no longer fixed but random
quantities, which can be evaluated by replacing Yi j with its model expectation and

finding a predictor for pi � ∑Ni
j�1 pi j/Ni ; using a frequentist approach, Jiang and

Lahiri (2001) prove that the Best Predictor of pi in terms of minimum MSE is given
by

p̃ BP
i �

∫

R

⎛

⎝ 1

Ni

Ni∑

j�1

eαi+β0+x′
i jβ

1 + eαi+β0+x′
i jβ

⎞

⎠ fα(αi | yi ) dαi , (3)

whereR is the support for the area-specific random effects and yi denotes the vector
of responses in area i.

Since model parameters are unknown, maximum (or restricted maximum) likeli-
hood can be used to obtain estimates for β, β0, and σ 2, and then predictions for αi ,
i � 1, . . . ,m. Finally, DP proportions Ȳi can be estimated using the EBP, of pi , given
by

p̂ EBP
i �

⎡

⎣
∫

R

⎛

⎝ 1

Ni

Ni∑

j�1

eαi+β0+x′
i jβ

1 + eαi+β0+x′
i jβ

⎞

⎠ fα(αi | yi ) dαi

⎤

⎦

(β0,β,σ )�(β̂0,β̂,σ̂ )

. (4)

Jiang and Lahiri (2001) do not explicitly integrate over the distribution of the
area-specific random effects conditional on the observed covariates in equation (3).
Consequently, they obtain the EBP in equation (4) under the assumption of exogeneity,
where fα(αi |X i ) � fα(αi ), with X i denoting the matrix of covariates in area i. We
discuss how this assumption can be relaxed using the auxiliary regression approach
by Mundlak (1978) in Sect. 3.2.

Numerical approximations, such as Gaussian quadrature techniques, are required
to obtain parameter estimates from the likelihood function, while Monte Carlo meth-
ods are necessary to approximate the integral in equation (4), as it has no analytical
solution. For simplicity, we limit the presentation here to the case where αi is a scalar.
While the extension to a vector of random effects is theoretically straightforward, it
becomes significantly more cumbersome in practice. To evaluate the precision of such
estimates, Jiang (2003) proposes a second-order, bias-corrected, analytic approxima-
tion to the corresponding MSE. However, computing this estimate requires solving
(possibly multiple) integrals that lack closed-form expressions, making the computa-
tion extremely time-consuming. Bootstrap may represent an alternative, particularly
when dealing with a limited number of small areas. Nevertheless, Hobza and Morales
(2016) and Marino et al. (2019) highlight the computational burden of the overall
procedure, especially when both the overall sample size and the number of small areas
are large.
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In practice, the computational burden and the complexity of the procedure have
often led to resorting to a naive approach that replaces the three steps illustrated
above with simpler and more computationally feasible alternatives. First, the Laplace
approximation or Penalized Quasi Likelihood is used to obtain parameter estimates.
These alternatives to Gaussian quadrature are less computationally demanding but,
particularly the latter, may provide inconsistent model parameter estimates (Jiang
1998). Then, the following simple non-optimal plug-in prediction

p̂ Naive
i � 1

Ni

Ni∑

j�1

eα̂i+β̂0+x′
i j β̂

1 + eα̂i+β̂0+x′
i j β̂

is used instead of the EBP in (4) to avoid Monte Carlo integration (see Saei and
Chambers 2003; Schirripa Spagnolo et al. 2025). Finally, to evaluate the precision
of the estimates, the MSE estimator proposed by González-Manteiga et al. (2007) is
employed, which is a non-optimal Prasad-Rao-type MSE estimator derived from a
Taylor series approximation. This estimator is proven to be reliable in the case of large
sample sizes, but it fails when they are very small.

Given the large overall sample size, the very large number of domains involved
in the problem at hand, and given the small sample size in many DPs, neither the
EBP nor the Naive approach seem to represent viable strategies. For this reason, in
the following we illustrate the proposed estimation procedure based on the sp-EBP
introduced in Marino et al. (2019).

3 Proposedmodelling approach

3.1 Semi-parametric BP

To obtain an sp-EBP for small area proportions, the Gaussian assumption of the dis-
tribution of the random coefficients is relaxed: this distribution is left unspecified
and estimated from the data. In particular, for the area-specific random effects αi no
parametric distribution is assumed and this is estimated by a discrete distribution hav-
ing masses πg > 0 such that

∑G
g�1 πg � 1 on a set of locations ξg, g � 1 . . . ,G,

where G is bounded from above by the number of distinct small areas and is (usu-
ally much) smaller than m. The area-specific random effects are treated as nuisance
parameters, and a non-parametric maximum likelihood estimate of their distribution
is derived (Aitkin 1996, 1999). Let φ denote the vector of free model parameters,
φ � (β ′, ξ1, . . . , ξG , π1, . . . , πG−1)′, then the observed data likelihood is approxi-
mated as

L(φ) �
m∏

i�1

∫

R
fy|α( yi | αi ; X i ) fα(αi )dαi �

m∏

i�1

G∑

g�1

fy|α( yi | zig � 1; X i )πg, (5)
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where zig is an indicator variable for area i of belonging to component g so that
Pr(Zig � 1) � Pr(αi � ξg) � πg , for i � 1, . . . ,m, g � 1, . . . ,G, and

fy |α( yi | zig � 1; X i ) �
∏

j∈ri
fy|α(yi j | zig � 1; xi j )

� exp

⎧
⎨

⎩
∑

j∈ri

[
yi jθi jg − log

(
1 + eθi jg

)]
⎫
⎬

⎭

is the product of Bernoulli probabilities for the observed responses in the i-th small
area and the g-th component, where the canonical parameter θi jg is defined as

θi jg � log
pi jg

1 − pi jg
� ξg + x′

i jβ. (6)

Expression (5) resembles the likelihood of a finitemixture of distributions (McLachlan
et al. 2019) with weights πg , that is, αi ∼ ∑G

g�1 πgδ(ξg), where δ(a) is a one-point

distribution putting a unit mass at a.
The semi-parametric Best Predictor of pi is given by its expectation with respect

to the posterior distribution of the random effects, that is,

p̃ sp-BP
i �

G∑

g�1

pig τig, (7)

where pig � ∑Ni
j�1 pi jg/Ni and

τig �
exp

[∑
j∈si yi jθi jg −∑

j∈si log
(
1 + eθi jg

)]
πg

∑G
l�1 exp

[∑
j∈si yi jθi jl −∑

j∈si log
(
1 + eθi jl

)]
πl

denotes the posterior probability of DP i to belong to the g-th component of the
finite mixture (Marino et al. 2019). Since this posterior distribution is discrete, the
integral approximation that is required in equation (3) directly translates into a simpler
summation, by this considerably reducing the computational burden.

As in other contexts of discrete latent variable models (Bartolucci et al. 2022), the
EM algorithm (Dempster et al. 1977) is used to maximize the likelihood in equation
(5), thus obtaining parameter estimates. The discrete nature of the estimate for fα(·)
provides advantages over the parametric case. In fact, most approximation techniques
used in this context, such as Gaussian quadrature, are exactly of the type in equation
(5), with the key difference being in the non-parametric maximum likelihood, that
locations and masses are estimated to best fit the observed data. Therefore, selecting
the appropriate number of components G is a rather relevant task. Usually, parameter
estimates are computed for a range of G values, and the model that best balances
goodness of fit and model complexity, typically assessed by penalized likelihood
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criteria such as Akaike (Akaike 1973) and Bayesian (Schwarz 1978) information
criteria, is retained.

3.2 Evaluating the exogeneity assumption

It isworth noting that, in SAE, area-specific effects are included to account for potential
omitted covariates, as they provide a way to model the impact of area-specific features
that are not included in the model. This is particularly relevant in SAE because the
covariates that can be included in the model are limited to those for which popula-
tion level information is available. A standard assumption is that observed covariates
are uncorrelated with the omitted ones, known as the exogeneity assumption. When
exogeneity does not hold, endogeneity must be addressed to obtain valid inference.

The impact of endogeneity may be described by examining the differences between
the within and between effects of observed covariates on the conditional response
distribution (see e.g., Alfò et al. 2021, for an analysis of endogeneity in finite mix-
tures of regression models). The between effects capture the association between area
mean levels of the observed covariates and correspondingmean levels in the responses.
In contrast, the within effects measure the impact of deviations from the area mean
in covariates on the variation of the response. Clearly, covariates that take a constant
value within areas can only contribute to between effects. When the model specifica-
tion is as in equation (6), the exogeneity assumption implies that within and between
effects are equal. When this assumption does not hold, β estimates correspond to an
uninterpretable weighted average of the two effects and this may also affect predic-
tions.

To handle potential endogeneity, we consider an auxiliary regression approach
(Mundlak 1978; Bell et al. 2019) in the finite mixture specification:

{
αi � α∗

i + E(αi | X i ),
E(αi | X i ) � x̄′

iγ ,

where x̄i � N−1
i

∑Ni
j�1 xi j is the vector of population area means used as an instru-

mental variable to account for the possibility that the regression coefficients β capture
the effects of unobserved confounders mediated through the observed covariates. In
this way, the latent effects α∗

i are now, at least approximately, free from X i . Using this
parameterization, the linear predictor can be written as

αi + x′
i jβ � α∗

i + x′
i jβ + x̄′

iγ

� α∗
i + (xi j − x̄i )′β + x̄′

i (β + γ )

� α∗
i + (xi j − x̄i )′β + x̄′

iβ
∗,

where β represents the within effect and β∗ � β + γ represents the between effect for
the observed covariates on the mean of the conditional response distribution. Addi-
tionally, α∗

i is a random effect that captures unobserved, area-specific heterogeneity
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that is uncorrelated with X i . In the following, we simplify the notation by suppressing
the asterisk when referring to this vector.

3.3 Semiparametric EBP andMSE approximation

Since the semi-parametric Best Predictor in equation (7) depends onmodel parameters
usually unknown, maximum likelihood estimates can be used in equation (6) to obtain
estimates for pig and for τig , and compute the corresponding semi-parametric EBP as

p̂ sp-EBP
i �

G∑

g�1

p̂ig τ̂ig. (8)

The MSE of p̂ sp-EBP
i can be written as
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Here p̃ sp-BP
i(h) denotes the sp-BP of pi conditional on Yi . � ∑ni

j�1 Yi j � h, and

Pr (Yi . � h | αi � ξg; X i ) represents the probability of observing h successes in
ni independent but non-identically distributed Bernoulli trials, conditional on domain
i coming from g-th mixture component. The third component is given by
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where V (φ̂) is the covariance matrix of model parameter estimates and ∂ p̃ sp-BP
i(h) /∂φ

is the vector of model derivatives, conditional on Yi . � h.
Marino et al. (2019) provide a second-order, bias-corrected approximation to the

MSE of p̂ sp-EBP
i that allows measuring the precision of the final estimates without

the need to use resampling methods. Such an approximation is given by

̂MSE
(
p̂ sp-EBP
i

)
� d(φ̂) +

1

m
e(φ̂) − 1

m
b(φ̂), (9)

where d(φ) � Eα(p2i ) − Ey

[(
p̃ sp-BP
i

)2]
and the last term corresponds to a bias

correction that ensures E[̂MSE (·)] � MSE (·). We refer to Marino et al. (2019)
for further details.

3.4 Accounting for non-response

An underlying assumption for the model formulation presented in Sect. 3.1 is that the
response process is non-informative for the small area distribution of Yi j | xi j . This
ensures that the model, assumed to hold at the finite population level, remains valid
and applicable to the sample data. In a classical SAE context, the sample data result
from the sampling design and this assumption is made with respect to a process whose
determinants are known. However, in this case, the sample data arise from the response
process, which is unknown. The response process becomes informative if the response
probabilities are associated with the outcome of interest, even after conditioning on
model covariates. In such instances, the conditional distribution of the study variable
in the sample of respondents, given the covariates, differs from the corresponding
population distribution. Failing to account for informative non-response in these cases
can lead to significantly biased and misleading inferences.

In our application, covariates are available from administrative registers main-
tained by the Italian Ministry of University and Research and from the survey on
the Profile of Graduates carried out by AlmaLaurea. Note that this survey is com-
pulsory, and graduates must respond in order to get the degree. In particular, we
consider the following categorical covariates selected following previous analyses
conducted on these data (AlmaLaurea 2022): field of study (fifteen categories);
gender (two: female/male); geographical area of residence (six: North West/North
East/Center/South/Islands/Rest of the World); geographical area of study (five: North
West/North East/Center/South/Islands); final mark (five: 66–90; 91–100; 101–105;
106–110; 110 cum laude); degree completion time (two: below/above median); age
at graduation (three: less than 25; 25–26; 27 or more); province of residence (two:
same as during study/different); work during studies (three: student worker/working
student/no work experience); number of known IT tools (three: up to 2; 3–4; 5 or
more).

To make the non-informative response process assumption more tenable, we also
add two auxiliary variables in the outcome model that are linked with the response
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Fig. 3 Distribution of graduates
in the population by missing
item score. The score counts the
number of missing items in the
dataset coming from the survey
on the Profile of Graduates

process and with the response attitude of graduates, respectively. Both these variables
are observed for each unit in the population. The first one derives from paradata and
is recorded with the following five categories (population counts in parentheses):

1. response with CAWI (13,394);
2. response with CATI (39,674);
3. response with CATI after recall (4149);
4. non-response (19,254);
5. no consent to GDPR (11,556).

We include this variable as continuous in the model as the five categories can be
ordered along a decreasing response propensity, and the corresponding score can be
considered as a proxy of the non-response propensity of graduates. We name this
variable as the non-response process score.

The second auxiliary variable—the missing item score—exploits information on
item non-response in the survey on the Profile of Graduates in the spirit of Matei and
Ranalli (2015): for each available variable in the dataset, a binary indicator is defined
that takes value 1 if the item response is missing (NA) and 0 otherwise. A score is
obtained as the sum of these binary indicators and can be considered as a proxy of the
non-response attitude of a graduate. Figure 3 shows the distribution of graduates in
the population according to the values taken by this score.

4 Results

Before reporting the results of applying the proposed sp-EBP approach for dealing
with the estimation problem, let us recall the main features of the data. The population
size of second-level graduates is N � 88,027 divided into M � 2255 DPs. Because
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of non-response, the final sample has dimension n � 57,217 in m � 2147 DPs. The
outcome variable of interest is binary (1 � employed, 0 � otherwise), as we aim to
estimate the population employment rates at DP level.

We consider fixed covariates to model the employment status, along with two auxil-
iary scores that are included to help make the assumption of non-informative response
process more plausible. A DP-specific random effect is introduced into the model,
with its distribution left unspecified and estimated from the data using non-parametric
maximum likelihood. In order to evaluate the relevance of the two auxiliary scores, we
have also estimated a model excluding them. While we cannot confirm whether their
inclusion is sufficient to account for non-ignorable non-response, this model serves
as a tool for sensitivity analysis. In the following, it is named as “sensitivity”. Addi-
tionally, to assess the presence of endogeneity, we estimated an auxiliary regression
model, as described in Sect. 3.2. In this model, all covariates—except for field of study
and geographical area of study (which are constant within DPs)—are included both
in terms of their means and as deviations from their means. This model is named as
“endogeneity”. The code implemented for the whole estimation procedure is available
from the authors upon request.

Results related to information criteria are reported in Fig. 4, showing values of the
AIC and the BIC for a number of mixture components ranging from 1 to 6 and for
the three model specifications. The information criteria for the “sensitivity” model
take values larger than the others for all values of G, by this providing evidence of
the relevant role of the variables proxying individual participation to the sample and
to complete the questionnaire. The BIC is minimized with G � 3, while the AIC is
minimized with G � 4 for both the proposed model and the “endogeneity” model.
We choose four components. In particular, we validate this choice by inspecting the
model fit and noting that the additional component, even though small, enables us to
isolate a group of DPs with a relatively lower probability of employment. We retain
the proposed model for prediction purposes and also evaluate the explanatory role of
covariates using the “endogeneity” model.

Figure 5 shows the estimated prior and the frequency distribution of the Empirical
Bayes prediction (posterior mean) of the area-specific random effects using non-
parametric maximum likelihood (first two panels) and the frequency distribution of
the Empirical Bayes prediction for the random effects under the parametric (Gaussian)
approach (last panel). In particular, in Fig. 5b, the posterior mean of the DP-specific
random intercepts are calculated as

α̂i �
G∑

g�1

(ξ̂g − ˆ̄ξ )τ̂ig,

where

ˆ̄ξ �
G∑

g�1

ξ̂gπ̂g (10)
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is the overall intercept estimate. Figure 8 reported in the Appendix is in all similar
to Fig. 5 but refers to the model fitted with G � 3 and allows us to appreciate the
difference between the two approximations of the distribution of the random effects.

By focusing on Fig. 5, we may notice that observed data lead to the estimation
of a distribution for the random effects with a degree of negative skewness. If the
standard Gaussian assumption had been fully adequate, the non-parametric maximum
likelihood estimate of the random effect distribution would have been a symmetric
distribution centered around zero. Comparing Figs. 5b and 5c, we may observe that
the two distributions present differences, particularly on the left tail.

Fig. 4 AIC and BIC for the
mixed logistic models estimated
with a number of mixing
components G for the random
effect ranging from 1 to 6. Black
lines refer to the proposed
model, red lines to the sensitivity
model (without the auxiliary
scores), and green lines refer to
the auxiliary regression model to
evaluate endogeneity. Circles
refer to AIC, triangles to BIC

Fig. 5 Estimated prior distribution (a) and frequency distribution of the Empirical Bayes prediction of the
area-specific random effects using non-parametric maximum likelihood for the mixed logistic model with
G � 4 (b); frequency distribution of the Empirical Bayes prediction of the area-specific random effects
under the parametric (Gaussian) approach (c)
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Table 1 displays parameter estimates, standard errors, and corresponding p-values.
Tables 3 and 4 in the Appendix provide similar values for the “endogeneity” model for
comparison. The standard error estimates for model parameters are obtained using the
inverse of the observed informationmatrix, derived through the Oakes formula (Oakes
1999). Overall, most estimates are highly significant, except for a few categories. The
signs of parameters estimates are as expected: graduates in scientific fields of study
generally have higher odds of employment compared to those in arts and humanities,
with the exception of Economics. The regression coefficients for males and graduates
from theNorth of Italy show positive and significant effects, as do those for individuals
who graduated from a university in the North-West, achieved relatively high marks,
completed their degree in less than the median time, are relatively younger, have some
work experience, and possess strong IT skills.

The effect of the two scores—the non-response process score and the missing
item score—added to make the assumption of non-informative response process more
tenable, are positive and highly significant. This result suggests that the response
process and the response attitude are both related with the outcome of interest, also
when including all the other model covariates. In particular, non-response is positively
associated with employment.

Considering Table 3 related to the “endogeneity” specification of the model, we
notice that the intercept is significantly higher than in the initial model, suggesting
a potential baseline shift when accounting for unobserved heterogeneity. Field of
study effects show notable differences: for instance, the coefficient for Economics
becomes less significant in Table 3, with a reduced estimate close to zero, whereas
ICTs and Engineering remain highly significant but with smaller effects, indicating
slight attenuation when controlling for endogeneity. The distinction between “within"
and “between" effects in the centered model captures variations that might be con-
cealed in the uncentered approach. In Table 4, the gender effect is decomposed, with
a stronger significant positive “between" effect, suggesting a more substantial vari-
ability in employment probability between men and women across different contexts,
rather than within the same DP. For both study and residence area, in Table 4 we notice
some more pronounced regional differences. For example, students from the Center
and the South show a stronger negative “between" effect, implying that broader con-
textual factors for this region might influence employment outcomes. The effect of the
non-response process score and of the missing item score remains positive and signif-
icant as a “within” effect in both cases. Introducing the auxiliary regression approach
following Mundlak (1978) offers additional insights into within- and between-group
variations.

On the basis of thesemodel estimates, for each DPwe compute the semi-parametric
EBP in equation (8) for all three models and compare them with direct estimates
obtained as simple rates on the respondents (equation (1), the current approach used by
AlmaLaurea to release estimates). In general, model-based small area estimates should
be coherent with, in the sense of being close to, the corresponding (approximately)
unbiased direct estimates, albeit more precise. From Fig. 6 we may observe that sp-
EBP predictions are similar to those obtained with a direct approach, with a linear
correlation coefficient equal to 0.7 for both the proposed model and the “sensitivity”
model, while it is slightly smaller—0.67—for the “endogeneity” model. Note that the
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Table 1 Parameter estimates, standard errors, corresponding p-values, and exponentiated value of the param-
eter estimates for themixed logisticmodelwith a discrete randomeffect distributionwithG � 4 components
for the binary response variable on the employment status (baseline categories in parentheses)

Est. St.err. p-value exp(Est)

Intercept1 1.331 0.155 < 0.001 3.784

Field of Study (Education � 0)

Arts and design − 0.692 0.091 < 0.001 0.501

Humanities and literature − 0.563 0.094 < 0.001 0.570

Foreign languages − 0.268 0.097 0.006 0.765

Politics, social sc. and comm − 0.425 0.089 < 0.001 0.654

Psychology − 1.220 0.096 < 0.001 0.295

Economics 0.322 0.087 < 0.001 1.380

Law 1.570 1.160 0.172 4.807

Natural sciences, math., physics and stats 0.209 0.090 0.020 1.233

Information and comm. technologies (ICTs) 1.230 0.169 < 0.001 3.421

Architecture and construction 0.743 0.109 < 0.001 2.101

Engineering and engineering trades 1.471 0.099 < 0.001 4.353

Agriculture, forestry and veterinary 0.118 0.104 0.250 1.126

Health and pharmacy 0.200 0.106 0.058 1.221

Sports sciences and physical education 0.026 0.127 0.823 1.026

Gender (Female � 0)

Male 0.115 0.024 < 0.001 1.122

Geog. area of residence (North West �0)

North East 0.036 0.052 0.486 1.036

Center − 0.157 0.052 0.002 0.855

South − 0.343 0.049 < 0.001 0.710

Islands − 0.324 0.059 < 0.001 0.724

Rest of the World − 0.409 0.110 < 0.001 0.664

Geog. area of study (North West � 0)

North East − 0.108 0.057 0.057 0.897

Center − 0.243 0.054 < 0.001 0.784

South − 0.394 0.060 < 0.001 0.674

Islands − 0.445 0.073 < 0.001 0.641

Final Mark (66 - 90 � 0)

91–100 0.580 0.094 < 0.001 1.786

101–105 0.763 0.092 < 0.001 2.145

106–110 0.868 0.092 < 0.001 2.381

110 cum laude 1.017 0.092 < 0.001 2.765

Degree completion time (Below median � 0)

Above median − 0.111 0.025 < 0.001 0.895
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Table 1 (continued)

Est. St.err. p-value exp(Est)

Age at graduation (Less than 25 � 0)

25–26 − 0.142 0.028 < 0.001 0.868

27+ − 0.318 0.034 < 0.001 0.728

Province of residence (Same as study � 0)

different province 0.118 0.024 < 0.001 1.125

Work during studies (Student workers � 0)

working students − 0.881 0.049 < 0.001 0.414

no work experience − 1.359 0.053 < 0.001 0.257

NA − 1.034 0.183 < 0.001 0.356

Number of known IT tools (Up to 2 � 0)

3 or 4 IT tools 0.074 0.035 0.035 1.077

5 or more IT tools 0.242 0.032 < 0.001 1.274

NA − 0.420 0.180 0.020 0.657

Non-response process score 0.049 0.013 < 0.001 1.051

Missing item score 0.035 0.006 < 0.001 1.036

1The overall intercept is obtained from equation (10)

Fig. 6 Scatterplot matrix of direct respondents employment rates (Direct), Semi-parametric Empirical
Best Predictor (sp-EBP), Semi-parametric Empirical Best Predictor under the “sensitivity” model (sp-
EBP_sensitivity), and Semi-parametric Empirical Best Predictor under the auxiliary regression model
(sp-EBP_endogeneity) for each degree programme. Red line is the 45◦ line. Lower panel reports correlation
coefficients
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figure compares the estimates only for them � 2147 in-sampleDPs, as direct estimates
cannot be computed in out-of-sample areas.Model-based estimates, on the other hand,
can provide predictions for all DPs, including out-of-sample areas. As it is customary
in SAE, all model-based estimates are smoother than the direct (more erratic) ones.
In particular, we note that many DP’s whose direct estimates are exactly equal to 0
or 1, due to the very small sample sizes, now show a smoother more realistic model-
based effect. The correlation among the three model-based estimates is very high –
ranging from 0.93 and 0.98. We can also note that estimates obtained without the two
auxiliary scores related to the response beahviour of graduates (sp-EBP_sensitivity)
are generally smaller that those obtained with the other two models that include them
(sp-EBPand sp-EBP_endogeneity). This indicates the impact of excluding these scores
from the model: both scores are positively related to employment—graduates with a
lower propensity to respond are more likely to be employed—so excluding them from
the model provides a general underestimation of employment rates.

Figure 7 illustrates the distribution of all DPs (M � 2255) by cv of sp-EBPs of
employment rates. The MSE of p̂ sp-EBP

i is estimated using the second-order, bias-

corrected, estimator in equation (9) proposed by Marino et al. (2019). If we compare
Fig. 7 with Fig. 2, we can note that the issue of large cv’s highlighted in Sect. 2
is essentially removed. No estimated cv’s are larger than the critical 33.3% value,
and only a minor portion have cv between 16.6% and 33.3%. Table 2 reports the
distribution of DPs according to classes of values of the cv for the direct and the three
model-based estimates and provides exact counts. From the table we can note that
both the “sensitivity” and the “endogeneity” model provide estimates with relatively

Fig. 7 Degree Programmes by % coefficient of variation of semi-parametric Empirical Best Predictors (sp-
EBP) of employment rates. Yellow line at 16.6%, red line at 33.3% critical values
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Table 2 Distribution of degree programmes (DPs) according to classes of values of the percentage of the
coefficient of variation (%, cv) for the direct and the three model-based estimates

% cv 0 � 16.6% 16.6% � 33.3% ≥ 33.3% NA’s

Direct 1777 139 47 292

sp-EBP 2195 60 0 0

sp-EBP_sensitivity 2074 178 3 0

sp-EBP_endogeneity 2173 69 13 0

larger values of the cv. Note that the 60 DPs in the second class for sp-EBP are those
with a final respondents sample size smaller than 12 graduates.

To assess the quality of sp-EBPs, we use the goodness-of-fit diagnostic introduced
by Brown et al. (2001). It tests whether there is a significant difference between
the expected values of direct estimates and model-based estimates. To this end, we
compute the following Wald-test-type statistic

W �
m∗∑

i�1

(
ˆ̄Yi − p̂ sp-EBP

i

)2

v̂( ˆ̄Yi ) + ˆMSE

(
p̂ sp-EBP
i

) ,

where m∗ is the number of small areas for which the comparison is conducted. If we
computeW using all DPs for which an estimate of the variance of the direct estimate
is available,m∗ � 1972, and we obtain a value ofW � 4073.135. Such a value can be
compared to the 95-th percentile of a χ2 distribution withm∗ degrees of freedom, that

is χ2
1972,0.95 � 2076.423. In this respect, wemay conclude that model-based estimates

are significantly different from direct estimates by this casting doubts on the quality
of sp-EBP. However, it should be noted that for many DPs the sample size is so small
that the assumptions required for the limiting distribution of W to hold are no longer
valid (Brown et al. 2001, Section 2.2). If we remove from the comparison those DPs
for which the sample size is smaller than 15, we have that m∗ � 1218 and we obtain
W � 1164.651. The threshold is now χ2

1218,0.95 � 1300.304, and we can see that, for

this subset, model-based estimates are not significantly different from direct estimates.

Also note that the direct estimator ˆ̄Yi targets the finite population quantity Ȳi , while

p̂ sp-EBP
i targets pi , and these two can be substantially different when Ni is very small

as it is the case for many DPs in this application.

5 Conclusions

In this paper we face the problem of obtaining employment rate estimates for second-
level graduates in Italy at the degree programme (DP) level, using data from the survey
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on Graduates’ Employment status conducted by AlmaLaurea. This application is par-
ticularly relevant in Italy, where such estimates are routinely used by Universities for
monitoring and assessment, as well as by other stakeholders. Currently, AlmaLaurea
releases employment rates calculated as simple proportions of employed individuals
within the respondents set of each DP. While the survey is a census, it suffers from
unit non-response, which results in a number of respondents so small for many DPs
that estimates become unreliable in certain circumstances.

To address this estimation problem, we frame it in a Small Area Estimation (SAE)
framework and adopt a predictive model-based approach. Specifically, we model the
binary outcome related to the employment status of a graduate with respect to a set
of fixed covariates derived from the administrative registers of the Italian Ministry of
University and Research and from the survey on the Profile of Graduates carried out by
AlmaLaurea, using a mixed logistic model. A DP-specific random effect is included to
model unobserved heterogeneity not explained by the covariates. We leave the distri-
bution of this random effect unspecified and estimate it directly from the data using a
semi-parametric best prediction approach. This methodology enhances robustness to
model misspecification by relaxing parametric assumptions about the random effect.
It is also more computationally efficient given the large number of DPs in the data.
In addition, to account for possible informativeness of non-response on the outcome
distribution, we include in the model two (highly significant) covariates that represent
the non-response process and the non-response attitude of graduates, respectively. The
proposed prediction approach provides a set of estimates of employment rates for all
DPs, that are mostly coherent with, but more efficient than, direct ones.

The estimation problem addressed in this paper is becoming increasingly relevant as
the rise of non-response rates makes small sample sizes in domains of interest fairly
common, though often overlooked. The approach proposed in the paper, based on
SAE methods, can be seen as an imputation method under a finite mixture of logistic
regression models. By framing it as a SAE problem, we leverage decades of literature
on the topic, provided non-response is appropriately accounted for. In this regard, it
would be valuable to explore the suitability of the method proposed in Sverchkov and
Pfeffermann (2018), which is based on the missing information principle, as well as
of more complex donor based imputation models for application to the AlmaLaurea
data. Furthermore, extending the doubly robust approach proposed for data integration
to this more general estimation problem—aiming to obtain estimates for potentially
small domains beyond the overall population—would be of interest (see e.g., Yang
and Kim 2020, for a review of data integration in survey sampling).

An important extension of the proposed approach involves fully leveraging the
information available from the survey on Graduates’ Employment Status, which is
conducted yearly. This could be achieved by suitably extending the prediction method
proposed in Bertarelli et al. (2018), based on area-level hidden Markov models (Bar-
tolucci et al. 2013), to account for non-response. A longitudinal modelling approach at
the unit level could be considered to exploit the information collected on each graduate,
interviewed one year, three years, and five years after graduation.
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Appendix 1: On the properties of ˆ̄Yi

The expectation of ˆ̄Yi with respect to the response process can be written as follows:

ER(
ˆ̄Yi ) � ER

⎛

⎝ 1

ni

∑

j∈ri
Yi j

⎞

⎠ � ER

(∑Ni
j�1 Ri jYi j
∑Ni

j�1 Ri j

)
, (11)

where the only random variable here is Ri j . It is clear from the previous equation that
ˆ̄Yi is the ratio of two random quantities: Ŷi � ∑Ni

j�1 Ri jYi j and N̂i � ∑Ni
j�1 Ri j . To

obtain an approximation to the expectation in (11), we can use a first order Taylor

expansion of ˆ̄Yi about the point (Ŷi , N̂i ) � (Yi , Ni ), where Yi � ∑Ni
j�1 Yi j :

˜̄Yi � Yi
Ni

+
1

N̂i

∣∣∣∣
(Ŷi ,N̂i )�(Yi ,Ni )

(Ŷi − Yi ) − Ŷi

N̂ 2
i

∣∣∣∣∣
(Ŷi ,N̂i )�(Yi ,Ni )

(N̂i − Ni )

� Yi
Ni

+
Ŷi
Ni

− Yi
Ni

− Yi
N 2
i

N̂i +
Yi
Ni

� Yi
Ni

+
Ŷi
Ni

− Yi
N 2
i

N̂i . (12)

Then, we have that

ER(
˜̄Yi ) � Ȳi +

ER(Ŷi )

Ni
− Yi

N 2
i

ER(N̂i ),

with ER(Ŷi ) � ∑Ni
j�1 ER(Ri j )Yi j and ER(N̂i ) � ∑Ni

j�1 ER(Ri j ). Therefore,
ˆ̄Yi is

approximately unbiased for Ȳi if and only if ER(Ri j ), the probability of response,
is constant for all units in the sample of respondents ri . This corresponds to the con-
dition that the data are MCAR in DP i.

Appendix 2: Supplementary figures and tables

See Tables 3, 4 and Fig. 8.
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Table 3 Parameter estimates for the “endogeneity” model, standard errors, p-values, and exponentiated
values for the area-constant model covariates

Est. St.err. p-value exp(Est)

Intercept 2.181 0.588 < 0.001 8.852

Field of Study (Education � 0)

Arts and design − 0.597 0.126 < 0.001 0.551

Humanities and literature − 0.343 0.120 0.004 0.710

Foreign languages − 0.134 0.116 0.242 0.874

Politics, social sc. and comm − 0.503 0.114 < 0.001 0.605

Psychology − 1.163 0.124 < 0.001 0.313

Economics 0.028 0.116 0.795 1.028

Law 1.157 1.255 0.349 3.180

Natural sciences, math., physics and stats 0.156 0.122 0.196 1.169

Information and comm. technologies (ICTs) 0.745 0.201 < 0.001 2.105

Architecture and construction 0.577 0.156 < 0.001 1.780

Engineering and engineering trades 1.054 0.142 < 0.001 2.870

Agriculture, forestry and veterinary − 0.035 0.132 0.777 0.966

Health and pharmacy 0.015 0.120 0.881 1.015

Sports sciences and physical education − 0.210 0.168 0.206 0.810

Geog. area of study (North West � 0)

North East − 0.158 0.121 0.187 0.854

Center 0.097 0.126 0.432 1.102

South − 0.023 0.191 0.885 0.977

Islands 0.021 0.364 0.935 1.021
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Table 4 Parameter estimates for the “endogeneity” model (within, β, and between, β∗, effects), standard
errors, p-values, and exponentiated values for auxiliary regression covariates. The asterisk ∗ denotes between
effects (β∗)

Est. St.err. p-value exp(Est)

Gender (Female � 0)

Male 0.051 0.025 0.002 1.078

Male∗ 0.643 0.096 < 0.001 1.903

Geog. area of residence (North West �0)

North East 0.022 0.054 0.668 1.022

Center − 0.147 0.053 0.005 0.863

South − 0.332 0.050 < 0.001 0.718

Islands − 0.306 0.060 < 0.001 0.736

Rest of the world − 0.387 0.115 0.001 0.679

North East∗ 0.245 0.191 0.196 1.278

Center∗ − 0.379 0.186 0.041 0.685

South∗ − 0.541 0.220 0.014 0.582

Islands∗ 0.145 0.185 0.426 1.156

Rest of the world∗ − 0.337 0.222 0.125 0.714

Final Mark (66–90 � 0)

91–100 0.562 0.095 < 0.001 1.754

101–105 0.764 0.093 < 0.001 2.148

106–110 0.874 0.094 < 0.001 2.397

110 cum laude 1.046 0.094 < 0.001 2.846

91–100∗ 1.487 0.539 0.006 4.425

101–105∗ 1.028 0.511 0.043 2.796

106–110∗ 1.265 0.473 0.007 3.542

110 cum laude∗ 0.989 0.475 0.037 2.687

Degree completion time (Below median � 0)

Above median − 0.112 0.025 < 0.001 0.894

Above median∗ − 0.092 0.132 0.474 0.912

Age at graduation (Less than 25 � 0)

25–26 − 0.114 0.028 < 0.001 0.893

27+ − 0.276 0.035 < 0.001 0.759

25–26∗ − 0.737 0.179 < 0.001 0.479

27+∗ − 1.048 0.143 < 0.001 0.351

Province of residence (Same as study � 0)

Different province 0.116 0.025 < 0.001 1.123

Different province∗ 0.139 0.087 0.108 1.150

Work during studies (Workers students � 0)
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Table 4 (continued)

Est. St.err. p-value exp(Est)

Working students − 0.833 0.050 < 0.001 0.435

No work experience − 1.311 0.055 < 0.001 0.270

NA − 1.075 0.187 < 0.001 0.341

Working students∗ 0.834 0.219 < 0.001 2.303

No work experience∗ − 0.482 0.163 0.004 0.617

NA∗ 0.680 1.220 0.565 1.974

Number of known IT tools (Up to 2 � 0)

3 or 4 IT tools 0.064 0.036 0.074 1.066

5 or more IT tools 0.219 0.032 < 0.001 1.245

NA − 0.479 0.182 < 0.001 1.052

3 or 4 IT tools∗ 0.588 0.265 0.026 1.801

5 or more IT tools∗ 1.173 0.207 < 0.001 3.233

NA∗ − 0.068 1.256 0.938 0.934

Non-response process score 0.051 0.013 < 0.001 1.053

Non-response process score∗ − 0.065 0.050 0.188 0.937

Missing item score 0.040 0.006 < 0.001 1.041

Missing item score∗ − 0.067 0.038 0.075 0.935

Fig. 8 Estimated prior distribution (a) and frequency distribution of the Empirical Bayes prediction (b) of the
area-specific random effects using non-parametric maximum likelihood withG � 3; frequency distribution
of the Empirical Bayes prediction of the area-specific random effects under the parametric (Gaussian)
approach (c)
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