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This paper focuses on students credits earning speed over time and its determinants, dealing with the
huge percentage of students who do not take the degree within the legal duration in the Italian University
System. A new indicator for the performance of the student career is proposed on real data, concerning
the cohort of students enrolled at a Faculty of the University of Palermo (followed for 7 years). The new
indicator highlights a typical zero-inflated distribution and suggests to investigate the effect of the degree
course (DC) change on the student career. A mixed-effect model for overdispersed data is considered,
with the aim of taking into account the individual variability as well, due to the longitudinal nature of
data. Results show the significant positive effect of the DC change on the student performance.
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1.

Introduction

Academic student performance is a crucial issue for university policy-makers, today more than
ever. Universities monitor students careers in order to fix some issues related to the educational
process and to apply policies that can improve students performance. That is crucial especially
for those University Systems where there is not a time limit to graduation. In fact, most of those
systems are often affected by a huge number of students that graduate over the legal duration.
That has a negative effect both on the whole society (e.g. students emancipate and embark on
job market at older age) and on the university management (e.g. in many systems, universities
are financially penalized because the students take the degree over the legal duration). Generally,
previous studies showed that performance is a complex phenomenon often affected by aspects
related to students personal inclinations and to their subjective choices during the path to graduation. Recent literature offers several papers about student performance and its determinants, and
results are not always in the same direction. A first rough classification of papers could distinguish between papers accounting for students social and demographic characteristics and those
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accounting for their previous performance and/or psychological and subjective features. Just to
quote some, in the first group Cheesman et al. [6] applied a regression analysis to describe students performance – measured by four categories of graduation marks – singling out that gender,
enrolment status, faculty, finance assistance, and residence are likely determinants. Birch and
Miller [4] used a quantile regression approach identifying in the Australian Tertiary Entrance
Rank, Gender, and High School the most important determinants of high and low performance.
Boscaino et al. [5] focused on students who never earned credits after four years, using a zeroinflated model and singling out different social demographic profile for different performance
levels, based on gender, high school, and income level. Grilli et al. [10] introduced pre-enrolment
assessment test outcomes, together with some personal student characteristics, on earned credits
at the end of the first year, using different models (hurdle and binomial mixture model): they
highlighted the poor role on the pre-enrolment test as predictor of number of earned credits.
In the second group, for example, Tattersall et al. [23] measured the educational efficiency in
terms of comparison between inputs and outputs. The output–input ratio was analysed including several aspects of the students path to graduation, for example, learning interruption and
Changes of the Study Programme. Van Bragt et al. [24] followed a more social psychological
root making a deeper analysis of performances: they also included an ad hoc survey to investigate the impact of the big five personality characteristics, personal learning orientations, and
students study approach on their performance, using a logistic model. Results show a positive
effect of conscientiousness and a negative one of ambivalence and lack of regulation. Horn et al.
[14] performed an exploratory analysis on the determinants of success of second-year students.
The authors asked if the factors that lead to the success at the end of the first year could rule the
performance of the second year: they discovered that Lectures and Tutorial attendance were still
significant factors, and the most important determinant was the performance during the first year.
Attanasio et al. [3] highlighted the crucial role of the credits earned at the end of the first year as
a good and simple predictor of the success, in a retrospective exploratory study. Adelfio et al. [2]
proposed a new measure for student performance. Using a quantile regression, results showed
no significant effect of the social and demographic variables. The only significant one was the
attended degree course (DC).
In conclusion, literature results generally seem to suggest that the impact of the determinants
varies (in terms of extent and direction) according to the context (economic, social, political,
demographic, space-time, etc.) and results should hold just in that context. In fact, with respect
to the University of Palermo (Italy), our recent studies highlighted that social and demographic
characteristics do not seem to affect students careers, which seem only to be affected by their
personal inclinations [1].
In the light of these results, this paper follows a different point of view, investigating the role
of the DC change. In other words, our question is: Does the student who change DC improve
his performance? Indeed, in the Italian University System (IUS), students can change the DC
whenever they want: on the one hand, students can fix a wrong decision about their educational
path (reducing the time to graduation), on the other hand the DC change could affect negatively
the time to graduation (e.g. because they have to restart their career). In particular, in this paper
we focus on the undergraduate first-level students that are still enrolled over the legal duration
of studies (i.e. over the third academic year), hereafter out-of-time (OOT) students, in order to
investigate the DC change effect on the expected time to graduation. In IUS, OOT percentage is
very huge and seems to increase over time: in spite of several reforms, between 2005 and 2010
the amount of OOT graduated at the first-level DC is always over the 50% of the graduated,
rising to 70% in 2010 [19].
In the first part of the paper, rationale and data are introduced. In Section 2, a new indicator is
introduced, in order to study how the performance of students varies during time and by effect of
the DC change. In Section 3, data are analysed following a descriptive perspective. In the second
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part of the paper data are analysed using a mixed-effect model for overdispersed data, since
we deal with longitudinal data. In particular, in Section 4 the referred model is reported, while
Section 5 is devoted to estimation and interpretation of results, together with some concluding
remarks.
2.

Rationale

The measure of performance of students career is usually based on the amount of credits earned
at the end of each academic year and/or on the number of years they need to get the degree. In
this paper, a student can be seen as an object which moves along a path, that is his career. In
Physics, the object motion is measured in terms of travelled space, needed time, and therefore its
velocity. Speed is the ratio between space and time. In our case, space is measured in credits (CR)
and time is the academic year (AY). According to this perspective, we are following Attanasio
et al. [3] that considered the mean velocity in the physic way, that is the total distance travelled
divided by the total time elapsed:
CRi (J)
,
(1)
υi (J) =
J
where υi (J) is the ith student average speed kept from the enrolment up to the jth AY (i.e. for
first J AY), measured in CR/AY . Equation (1) is then used to estimate the expected duration of
the whole student career (EYi ) after J years, in terms of academic years:
EYi (J) =

180 − CRi (J)
+ J,
υi (J)

(2)

where 180 is the usual total amount of CR that a first-level student has to earn to get the degree,
and it can be considered as the length of the path that the student has to travel.
Equation (2) could be a tool for those who want to monitor the students career, trying to
answer to the question ‘If the student keeps his average speed recorded during the first J years,
how long his whole career will be?’. In our opinion, since the mean is not able to pick-up the
spread (balancing good and bad performances recorded at different years), the question ‘If the
student keeps the velocity recorded during the last year, how many further years does he need to
get the degree?’ should be more interesting.
Therefore, in this paper, we focus on the expected remaining time on the basis of the
‘instantaneous’ velocity recorded at the end of each jth AY:
υi∗ (j) =

CRi (J)
CRi (J) − CRi (J − 1)
=
= CRi (j),
J
J − (J − 1)

where υi∗ (j) is again measured in CR/AY .
EYi now becomes
EYi∗ (j) =

180 − CRi (J)
υi∗ (j)

(3)

(4)

that represents the expected number of years that the ith student has to wait to get the degree if
he maintains the same velocity equals to the instantaneous speed recorded during the jth year.
Obviously, EY ∗ is updated every year and, besides catching the variation in the expected years
to the graduation after j years, it reveals if the average speed has changed.
An example is reported in Table 1. Following the Attanasio perspective, if we consider that
a given student keeps constant the average speed recorded for the first two AY (vi (J = 2) = 25
CR/AY), his whole career duration estimate is 7.20 AY. Following the new perspective, if for
the next AY the student will keep constant the instantaneous velocity recorded at the second
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Table 1. An example of υ and EY variation over years for the two methods.
AY (j)
1
2
3
4
5

CRi (j)

CRi (J)

υi (J)CR/AY

EYi (J)

υi∗ (j)CR/AY

EYi∗ (j)

10
40
20
60
50

10
50
70
130
180

10
25
23
32
36

18.00
7.20
7.78
5.56
5.00

10
40
20
60
50

17.00
3.25
5.50
0.83
0.00

AY (v∗i (j = 2) = 40 CR/AY), it is expected that he needs further three AY and four months
to complete his path. Therefore, the variation in EYi (J) and in EYi∗ (j) are both informative of
the student career performance, following two different perspectives. Indeed, we are proposing
EY ∗ as an alternative measure to EY and not as a better one. As we stated, EY ∗ seems to be a
more useful tool for the policy-makers (either tutor or student mentor) in order to monitor the
performance of the student. In our opinion, in the earning credits process, keeping the velocity
of a good-performance-year is easier than keeping constant the mean velocity.
3.

Data and descriptive analysis

In previous sections, we have stressed how the monitoring of students career is crucial for
improving students performance. In addiction, the indicator (4) is chosen as a measure of the
performance over time: EYi∗ (j) can be a useful tool to check the students performance ‘in real
time’.
From this section, we refer to real data, concerning the cohort of the 160 students enrolled in
the 2002/03 academic year and followed up to the 2008/09 academic year, in the first-level DCs
of the Faculty of Pharmacy of the University of Palermo (one of the faculties affected by the DC
change event (12.5%)).
3.1

Individual student performance and the DC change

In order to give evidence to the connection between student performance and DC change,
we used the Google Motion Chart tool (https://developers.google.com/chart/). The package
googleVis [9] provides an interface between software R [21] and these tools.
In particular, we used the Bubble chart because it is very useful to display several indicators
over time in a dynamic way. In addition we strongly suggest the policy-makers (either tutor
or student mentor) to use that tool if they want to monitor the student path to graduation. In
this paper, for the sake of simplicity, we report just three snapshots of the chart, conditioned to
the first, the third, and the seventh AY (Figure 1). We focus on the cumulative of CR (cumCR
on X -axis) and the expected remaining AY to get the degree (EY ∗ on Y -axis). Each bubble
represents a student and its size is proportional to the total number of CR of the student study
plan. In fact, although in Section 2 we have stated that this value is 180, in IUS some deviations
are actually allowed, in order to lightly customize the Study Plan. Therefore, it is important
to consider the exact total number of CR in order to better relate the student speed to the real
‘length’ of his own path.
If all the students were good students, as time goes by, all the bubbles of the charts in Figure 1
should go towards the right-bottom part of the plot. However, for several students it does not
happen: the three plots in Figure 1 show very different patterns of the students performance,
after three and seven years. In the same figure, it is possible to notice several bubbles on the
top area of the charts, in particular when EY ∗ = 60. It is a conventional value, bigger than the
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Figure 1. Google Bubble chart snapshots for cumCR and EY ∗ conditioned to first, third, and seventh AY,
respectively.

maximum computed value of EY ∗ (i.e. 55), to represent those students that take 0 CR at the end
of a year j on the chart. In fact, if a student does not take any CR, his instantaneous velocity is 0
and EY ∗ tends to infinity. It is coherent with the definition of EY ∗ : if a student keeps the instant
velocity of 0 CR/AY for the next years, he never gets the degree.
In addition, in the same plots, black bubbles are reported: they correspond to those students
who attend a different DC with respect to the previous AY. In this way, it is possible to check the
variation on the students performance due to the DC change.
For a better description of the possible student path, in Figure 2 four typical students performance profiles are reported. The top-left plot shows a singular bubble in the top-left area of the
chart that actually corresponds to a time series for one of the worst students: he never takes any
CR over the seven-year period, therefore the expected number of years to take the degree tends
to infinity. The top-right plot regards one of the best students: he earns 63 CR at the end of the
first year and therefore he would need almost two years more to get the degree (first grey bubble
on the left), if he keeps constant his 63 CR/AY velocity over time. But, at the end of the second AY (second bubble from the left) his path shows a lower instant velocity (58 CR/AY), and
therefore his EY ∗ is one year and four months instead of just one year as expected at the end of
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Figure 2. Four ‘typical’ student profiles time series.

the first year. Finally, during the third year, the student speeds up to 63 CR/AY and he gets the
degree (first bubble from the right). Between these two extreme situations, two further profiles
are reported at the bottom of Figure 2. The left one concerns the time series for a student with a
seesawing career. He starts very bad, earning just 5 CR in 2002, he speeds up during the second
year (once he has changed DC – black bubble), he decelerates during the next two AY, then he
speeds up again but, finally, he performs very bad reaching the top of the chart at the end of the
last year. We call him the ‘waving’ student due to his performance path and the typical W shape
path over time. Finally, the right-bottom plot reports the time series for a student that changes
DC and improves his performance. His career does not start well: he earns just 12 CR at the
end of the first year. The DC change in the second year seems to be the right choice: after that
moment, his career speeds up and the student gets the degree at the end of the forth AY instead
of the ninth AY, as expected at the end of the first year.
3.2

Students performance in summary

In the previous subsection, we have showed a graphical way to analyse the career of each student.
Now, we consider students performance as a collective. In Table 2, the first two columns refer
to the mean and median values of EY ∗ conditioned to the observed AY. They show very high
values due to the inflation of students who do not earn any CR, since their EY ∗ tends to infinity
(60 here).
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Table 2. Summary of EY ∗ and EYs∗ distributions, for each AY.

AY
1
2
3
4
5
6
7

EY¯ ∗

Me(EY ∗ )

EY¯ s∗

Me(EYs∗ )

27.173
37.850
38.783
37.878
41.122
45.268
50.461

10.334
60.000
60.000
60.000
60.000
60.000
60.000

7.996
13.369
6.958
7.832
6.995
5.452
4.931

5.444
6.680
3.116
3.409
2.864
3.174
3.853

Data reflect the effect of ‘not-earning CR’ on the mean and the median values.
Therefore, in order to get a more informative result, we focus the same analysis on those
110 students who never get 0 CR in a single AY. We use here EYs∗ to indicate that we are only
considering the subset of those 110 students.
In the other two columns of Table 2, results are quite different, although the mean of the
expected further years to graduation remains still high. This is due to the negative weight of
the OOT students. On the average, EYs∗ data show that at the end of the first-year students are
expected to need eight years more to get the degree (50% of students needs more than five years),
and this value rises to 13 at the second year (more than six years for the 50% of the students).
These results reflect a typical IUS situation [7]: the first two AY are the hardest for the students,
affecting the length of their career path (which legal length is three years).
4.

Modelling the DC change effect on EY*

In Section 3, the descriptive analyses have highlighted a possible effect of the DC change variable (DCc) on students performance and the strong asymmetry of the EY ∗ marginal distribution.
Therefore, in order to answer the question ‘Does the student who changes DC improve his performance?’, we also have to take into account the inflation of the 60 values of EY ∗ and the
longitudinal nature of data. From now on, graduates (39 students) are not considered since we
want to focus on those students that after 7 years are still in IUS, and since those 39 students
have never changed their DC. Hence, we introduce EY0∗ as follows:

EY ∗ when EY ∗ < 60,
∗
(5)
EY0 =
0
when EY ∗ = 60.
In this way, considering EY0∗ as integer (i.e. it has been approximated to the nearest integer)
just for sake of simplicity and in order to maintain its ‘nature’ of ‘number of years’ (as AY
does), its marginal distribution (Figure 3) clearly reveals a positive asymmetry with a zero mode,
suggesting a typical zero-inflated distribution, that will be introduced in the next section.
4.1

Model for overdispersed data

Since we follow students over time, data concern repeated measurement on each student. Each
student is a cluster of obviously correlated measures, that may produce an overdispersion if not
properly accounted.
Moreover, dealing with count data (as EY0∗ ), a Poisson model fits the data reasonably when
the residual deviance is roughly equal to the residual degrees of freedom. If residual deviance
is large, it suggests that the conditional variation of the expected number of clusters exceeds
the variation of a Poisson distributed variable, for which the variance equals the mean. This
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causes the overdispersion. In regression models for count data, it is commonly achieved by the
quasi-Poisson and negative-binomial GLM.
A particular kind of overdispersion can be observed when the number of zeros is more than
it is consistent with a Poisson (or negative-binomial) distribution. Several statistical models
have been proposed for count data with an excess of zeros, including the zero-inflated Poisson (ZIP) regression model [16]. The usual ZIP model consists of two components (i) a binary
logistic-regression model for membership in the latent class of individuals for whom the response
variable is ‘necessarily’ (highly probable) 0, and (ii) a Poisson-regression model for the latent
class of individuals for whom the response may be 0 or a positive count.
In using the ZIP model in subject-specific studies, as in our analysis, it is necessary to account
for the individual variability, due to the correlation between subject-specific observations. In a
general dependency random effect model, the subject variability is caught by a random parameter. Usually, the simple random intercept is added to the model and its variance informs about
the individual specific source of variability, or unobserved heterogeneity, that is not adequately
controlled by the covariates in the model.
Rodrigues-Motta et al. [22] model the mixture and Poisson parameters hierarchically, each as
a function of two random effects, representing the subject specific and environmental sources
of variability. In the literature, Welsh et al. [27], Hall [12], Wang et al. [26], Kuhnert et al.
[15], Min and Agresti [18] considered models for zero-inflated count data, with random effects
parameter (denoted here by α). It represents a random subject-specific variable that accounts for
intra-cluster correlation and dependence of clustered observations, both in the logistic regression
model of the mixture parameter and in the log-linear model of the Poisson parameter.
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In this work, we follow the Rodrigues-Motta et al. [22] approach just for computational convenience, considering a random intercept model, with ZIP distribution for a heterogeneous variance
structure.
More formally, we assume that the response vector Y contains data from k independent clusters
(k students), so that Y = (Y 1 , . . . , Y k ), where Y i = (Yi1 , . . . , Yini ), i = 1, . . . , k, (where ni is the
number of AY observed for the ith student) follows a zero-inflated Poisson distribution, with
conditionally independent observations. Hence, we assume that, conditional on a random effect
parameter αi ,

0
with prob pij ,
Yij ∼
Poisson(λij ) with prob 1 − pij ,
where j = 1, . . . , ni .
According to this approach, we model λi = (λi1 , . . . , λini ) and pi = (pi1 , . . . , pini ) with loglinear and logistic regression models:
log(λi ) = Bi β + αi ,
logit(pi ) = Gi γ ,
where B and G are design matrices, α1 , . . . αk independent standard Normal random variables,
and β and γ the parameter vectors.
Therefore, the likelihood function for the ZIP regression mixed model is
⎤
⎡
 
ni
k

log ⎣ P(Yij = yij |αi )⎦ φ(αi ) dαi
(6)
l(y) =
i=1

j=1

with
y

P(Yij = yij |αi ) = pij + (1 − pij )e−λij

uij

(1 − pij )e−λij λijij
yij !

1−uij

,

where φ(·) denotes the standard Normal probability density function, and uij = 1 if Yij = 0 and
uij = 0 otherwise. The need of iterative estimation approach is related to the complexity of the
maximization of the log likelihood (6), complicated by the integration with respect to α.
4.2

Model estimation

In the light of the above considerations, a mixed model with ZIP distribution is chosen, estimated by Markov Chain Monte Carlo (MCMC) algorithm [13, 17]. In fact, although on the one
hand the MCMC algorithm can be slow, on the other hand analytical results for non-Gaussian
generalized linear mixed models are generally not available, and the usual restricted maximum
likelihood (REML) may not work well. Moreover, REML uses large sample theory to derive
approximate confidence intervals that may have very poor coverage, especially for variance components, while MCMC is an approximation, which accuracy increases the longer the analysis is
run for, being exact at the limit. Finally, MCMC measures of confidence are exact, up to Monte
Carlo error [22].
Computational results are obtained by using the MCMCglmm package [11] of software R, performing 50,000 iterations in order to get quite exact estimates. Although the MCMC approach
is technically challenging, we have chosen the MCMCglmm package because it seems to be more
stable than other packages.
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Model estimation and discussion
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performance (measured by EY0∗ ), this section is devoted to some considerations about the model
computation and its outcomes.
To test the ZIP model suitability, with respect to the Poisson one, we performed the usual
Vuong test [25]: V = 12.27 (p = 0.00) suggests that the ZIP model is more consistent with our
data than the ordinary Poisson.
Considering the DCc (0 = do not change, 1 = change) and the AY as covariates, we investigate
the pertinence of three different models: the ZIP model, the ZIP model with interaction between
DCc and AY, and the case of the Poisson model (just for further comparison). In particular,
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Figure 4. Residual variance components distributions for Poisson, ZIP, and ZIP with interaction models.
Table 3. Comparison between ZIP and ZIP with interaction models.
Model
Criterion
DIC
pRE 95% interval

ZIP

ZIP with interactions

2564.294
[0.83, 0.88]

2739.13
[0.75, 0.85]
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Table 4. Model output for ZIP model, with random
intercept, and without interactions.

Intercept Logit
Intercept
DC Change
AY
Year 2
Year 3
Year 4
Year 5
Year 6
Year 7

post.mean

l–95% CI

u-95% CI

− 2.41
2.48
− 0.27

− 2.46
1.98
− 0.30

− 2.37
2.92
− 0.25

0.87
0.63
0.88
0.52
1.03
0.85

0.85
0.62
0.86
0.52
1.03
0.84

0.89
0.64
0.89
0.54
1.04
0.86

we have considered AY as a factor, in order to better investigate the variation in performance,
conditioned to each academic year.
The residual variance components of the three models are reported in Figure 4. The Poisson
model (top plot) shows a much higher residual variance than the ZIP models (bottom plots).
That confirms our previous remarks about the appropriateness of a ZIP model. The two ZIP
models are compared by the deviance information criterion (DIC) [8] and by the proportion of
the total variance explained by the random effect (pRE). The latter has been obtained dividing
the individual variation by the sum of the other variance components (the error term and the ZIP
part). Results (Table 3) show evidence in favour of the ZIP model without interactions.
In Table 4, the output of the estimated chosen model (with random intercept, ZIP distribution,
and without interactions) is reported. The baseline is the first-year student that did not change
the DC. All the covariates are significant, and our attention is obviously caught by the DCc
effect. Its coefficient estimate shows that changing DC, on average, reduces the EY0∗ by about
nine months. In other words, it seems that (on average) those who change speed up. The AY
coefficients estimates highlight the long-time persistence of the student in IUS: the expected
years to graduation seem to increase as time goes by, in particular after the third year (legal
duration). For example, second-year students are expected to graduate two years and five months
later than expected at the end of the first AY. That aspect highlights the real need of implementing
suitable policies aimed to support OOT in taking their degree.
In this paper, we stress that in the IUS the duration of students careers is very long, well over
the legal duration (three years). Considering the expected years to graduation as a measure for the
students performance, we have noticed that in our cohort there are several students who change
their DC and an excess of expected years to graduation that tends to infinity.
Since we want to take into account the correlation of the repeated measures for each student
and the distribution of EY ∗ , a mixed-effect model with ZIP distribution is chosen to study the
effect of DC change on the expected years to graduation. Results show that ZIP performs better
than Poisson and ZIP with interaction models, and that the effect of the DCc is significant and
negative. Obviously, we could have taken into account many other covariates, such as sociodemographic ones, but in the light of previous results on similar data [3], we would not expect
different conclusions.
Since this is a ‘first step’ analysis, as a further development, it could be interesting to perform
the model for other DCs, and consider correlated individual effects to account for correlation
among students (e.g. in a multilevel model with different faculties or different universities).
Other improvements could take into account a mixture model with a zero-inflated component, or
a model that considers the DCc as a ‘changing point’ in a time series analysis [20].
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