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Abstract: Frequently, the interpretation of the data in university students’ performance
analysis is complicated by students’ drop-out, so that some subjects are lost to follow-up
before completion of their sequence of measurements, leading to an attrition problem. If
the drop-out is non-ignorable, i.e. it depends on either unobserved values or an under-
lying response process, it may be a pervasive problem. In this paper, we consider the
dependence between the primary response (student performance) and the drop-out mech-
anism with a suitable random effect model. We use data from the individual records of the
faculty of Economics of Sapienza University of Rome to perform the empirical analysis.
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1. Introduction

This paper discusses a regression model for the analysis of longitudinal data in a gen-
eralized linear mixed models (GLMMs) framework; attention is focused on empirical
situations where some measurements are missing for some units, due to attrition.

When complete follow-up data are not available for all subjects, inferences based on only
observed data may be not valid. In particular, a drop-out mechanism depending on either
unobserved values or an underlying response process can result in non-ignorable missing
data (Little and Rubin, 2002).

In this paper, we perform a statistical analysis on longitudinal data in which the response
is to be measured at progressive time points and some subjects are lost to follow-up be-
cause of drop-out. We use data from the individual students’ records of the faculty of
Economics of Sapienza University of Rome and consider individual performance as the
response variable. The factors that affect the performance of graduates may differ from
those affecting the performance of dropped-out students. Moreover, both individual stu-
dent’s drop-out and performance may depend on the same unobservable characteristics,
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so that these characteristics simultaneously shape students’ performance and sample se-
lection. As a consequence, the estimated parameters may be far from the real parameters,
if the underlying drop-out process is not taken into consideration. To tackle with such a
problem, in our empirical analysis, we try to consider the dependence between the pri-
mary response (the observed student performance) and the drop-out mechanism with a
suitable random effect model.

The model we propose is not a tool to state the non-ignorability of the drop-out; in fact,
we need to conduct a sensitivity analysis under a range of different assumptions.

2. Statistical modeling

In longitudinal studies the problem of drop-out of some of the observed individuals is an
important one. Likelihood based and estimation equation methods have been proposed to
handle this problem. In particular, for the likelihood-based approach, Little (1995) identi-
fies two broad classes of models: selection models (Diggle and Kenward, 1994; Follman
and Wu, 1995) and pattern-mixture models (Little, 1994; Fitzmaurice et al., 2001). Lit-
tle (2008) defines a new class of likelihood-based models, namely mixed-effect hybrid
models (MEHMs), based on a new factorization of the likelihood of the outcome process
and the drop-out process. Unlike selection models and pattern-mixture models, MEHMs
factorize the likelihood of the outcome process and the drop-out process into the marginal
distribution of random effects, the conditional distribution of the drop-out pattern given
random effects, and the conditional distribution of the outcome given both random ef-
fects and the drop-out pattern. The resulting MEHMs have features of selection models
in that they directly model the drop-out process, and also have features of pattern-mixture
models in that the sample is stratified by the missing data patterns and the outcome pro-
cess is modeled over these patterns. As a result, the MEHM, on the one hand, directly
models the drop-out mechanism and, on the other hand, shares with pattern-mixture mod-
els the feature of computational simplicity (Yuan and Little, 2009). Suppose to collect
K repeated measurements of a count response variable Y and coviariates X for each of
the n individuals such that Yiz(}/ily }/;2, R 7}/1[() and Xz = (Xﬂ, XiQ; R ;X’LK) with
Xir= (Xik1, Xik2, - - -, Xirp) denote the associated K X p covariates matrix. Since we
consider only monotone missing data patterns, i.e., irretrievable dropout, let D; index
drop-out patterns such that D; = K for complete cases and D; = k if the subject ¢ drops

out between the kth and (k + 1)th measurement time, for £ = 1, ..., K; in formulas
K K
Di=K=> Ry=> (1-Ry)
k=1 k=1

where R;; = 1 if the i-th unit drops out at any point within (k — 1,k), k = 1, ..., K,
R;;. = 0 otherwise.

Let b, be the random effects which model the correlation of repeated measurements on
the same subject. The factorization of the joint distribution of Y, b; and D; is

f(DiaYiybi|Xz‘) = fB(bi|Xz’)fD|B(Di|bi7Xi)fY\D,B<Yi|bia Xi);

in particular, the first two factors model the drop-out process, a feature of mixed-effects
selection models, and the third factor models the longitudinal outcome process conditional
on the pattern of missing data, a feature of pattern-mixture models. In other words, the
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attrition is addressed in a straightforward way by the use of potential outcomes with a
joint distribution (see e.g. Rubin, 2000).
In particular, let us assume that for some link function ¢ the following model holds:

C[E(D;|by)] = v+ w/b;

where v; is a (dropout-specific) covariate vector, and ¢ represents the corresponding vec-
tor of model parameters, while w; is a (dropout-specific) covariate whose effect is variable
across subjects.

Without loss of generality, we will focus on random effect models, including some form of
autoregression; this may help us distinguish between sources of true and spurious conta-
gion, i.e. between dependence on past outcomes and the effects of individual, unobserved,
characteristics.

Thus, assuming that variables whose effects are fixed and variable across subjects are col-
lected in x;; and z;;, (respectively), responses Yz, 2 = 1,...,n, k = 1, ..., K are assumed
to be conditionally independent Poisson variates with canonical parameters defined by the
following linear function

Oi = vd; + XL,B + oy -1+ Zg/;bi, k=2 K,

where K; is the number of measurements for each unit. A different model structure is
defined for the first occasion, i.e.

o T ax* Ty *
Ui = x;,8" + z;,b;

b} = Ab,, to account for potential overdispersion in the random effect distribution when
the lagged term is not available. To approximate the high-dimensional integration over the
distribution of the random effects, non-parametric maximum likelihood estimation of the
mixing distribution can be achieved in a finite mixture framework (see e.g. Aitkin, 1999).
The use of finite mixtures has several significant advantages over parametric models; for
instance, the discrete nature of the estimates helps us to classify subjects in clusters char-
acterized by homogeneous values of random parameters. This is particularly appealing in
social sciences, where components can be interpreted as groups with similar behaviors.

3. Data and Variables

In order to perform the empirical analysis, we use administrative data from the individual
records of the faculty of Economics of Sapienza University of Rome, which cover 1639
students enrolled in the academic year 2003/2004 in a three-years bachelor program. We
observe the students’ characteristics by four-months data, within the third academic year
of their program.

We consider the student performance as the primary response. Student performance may
be defined in a variety of ways. To measure it, in this paper we use the number of ECTS
credits obtained by the individual student every four-months. Moreover, we explicitly
include faculty drop-out in our analysis and the related missing data generation process.
Since our dataset is faculty specific, we do not make any distinction between the stu-
dent withdraw from the university and student transfer to another faculty of the same
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athenaeum. In particular, our definition of drop-out includes both the cases of who offi-
cially withdraws from the faculty and of who does not renew his or her registration in the
next academic year.

We consider three dimensions shaping student performance: the degree course chosen
by the individual student, his or her average mark on four-months basis and time invari-
ant personal characteristics. First, we include the individual student’s degree course (by
means of a set of dummies) as one of the explanatory variables to tackle with the het-
erogeneity of the programs. Second, the individual student’s average mark, measured at
every observation time point, is considered to control for the part of the student success
that remains overlooked by our index of performance: by measuring student performance
by means of the number of credits, we do not evaluate potential qualitative differences
between students with the same quantitative outcomes. Third, in the set of personal char-
acteristics, we consider sex, citizenship, place of residence, type of diploma, secondary
education final mark, age, latency period (as number of years between secondary ed-
ucation diploma and enrollment in the university) and a measurement of the student’s
household economic situation (ISEE).

Finally, we add the one-period-lagged response variable as one of the covariates. Every
student has to reach the same amount of credits (180) to complete the program; thus,
students with a high early performance may show lower outcomes in the last periods of
their programs, and students with a low early performance may show higher outcomes
later. By including a lagged variable we try to control for such dynamics.
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