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The most important student mobility (SM) flow in Italy is from the South-
ern to the Central-Northern regions, a phenomenon that has been magnified
by an increasing number of outgoing students from Sicily over the last decade.
In this paper, we rely upon micro-data of university enrollment and students’
personal records for three cohorts of freshmen, in order to investigate pref-
erential patterns of SM from Sicily toward universities in other regions. Our
main goal is to reveal the existence of chain migrations, where students from
a particular geographical area move towards a particular destination to fol-
low other students that have previously moved. The paper provides aspects
that are innovative under the view of the data, of the application, and of the
statistical method. The data from each cohort is represented as a tripartite
network with three sets of nodes, namely, clusters of Sicilian municipalities,
students, and universities. The tripartite network is projected in a bipartite
weighted network of clusters and universities, which is, then, filtered, in order
to obtain a statistically validated bipartite network (SBVN). The SBVNs of
the three cohorts may suggest the existence and evolution of chain migration
patterns over time, which are also gender specific.
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1 Introduction

The Italian public universities are subsidized within a competitive framework that eco-
nomically awards excellence, e�ciency, and the capacity of universities to attract stu-
dents from Italian regions other than its own. However, repeated cuts to public spending
over time greatly disadvantaged the Southern universities, also considering the well-
known Italian infrastructural and economic North-South divide. Therefore investigating
the mechanisms that might explain the presence of a net flow of students from the
South to Northern universities appears very important, and “chain migration” might
be one of such mechanisms. Over the last decade, student mobility (SM) flows from
Southern regions (Attanasio and Enea, 2019; Viesti, 2016) to Northern universities have
been growing at an increasing rate, especially from Sicily, in spite of the presence of
four universities in the island. Such unidirectional flows imply an increasing loss of
human capital for the Southern regions, as most of the students does not come back
in the origin region at the end of their studies (Dotti et al., 2013). In the literature,
the Italian SM has been studied by following two approaches of analysis, depending on
the available data. The first approach uses macro-data to describe flows of students
moving from an area to another one and to detect the determinants of mobility. This
approach uses information at an aggregate level of macro-area, such as province, region,
or macro-region (Giambona et al., 2017; Bruno and Genovese, 2012). The second ap-
proach is based on micro-data, which allows to include individual student characteristics
(D’Agostino et al., 2019; Lupi and Ordine, 2009). Recently, availability of micro-data
at national level allowed to perform longitudinal analyses (Enea, 2018). The previous
contributions highlight the reasons for SM, in particular from South and Islands, are
based on: i) individual student characteristics, such as high school type and final mark,
ii) the attractiveness of the universities, and iii) the regions where these are located in.
At the level of university, some determinants of the attractiveness can be represented
by the quality of both research and teaching (Ciriaci, 2014), a di↵erent training o↵er,
and the availability of facilities and scholarships (Dal Bianco et al., 2010). Instead, at
the level of regions, the Central-Northern ones o↵er higher quality of life and better job
opportunities after graduation (Dotti et al., 2014). For these reasons, Central-Northern
universities located in towns such as Turin, Milan, Bologna and Rome are often the
preferred destination for Southern students who decide to migrate. However, while it
is clear which the destination universities are, we believe these determinants are only a
part of the reasons that boost the student to migrate. Indeed, students may also choose
an out-of-region university by following a chain migration. According to the concept
of chain migration (MacDonald and MacDonald, 1964), a student can find initial ac-
commodation and other facilities by means of primary social relationships with previous
movers, or migrants in general. In the broadest sense, such a phenomenon has been
extensively studied and theorized in economic and sociological contexts (Haug, 2008).
Literature contributions on chain migration in higher education mainly focus on inter-
national student mobility. Pérez and Mcdonough (2008) investigate on chain migrations
of Latinos students in Los Angeles, Daniel (2014) analyzes the migration of Peruvian
students enrolled in Brazil, while Ünal (2017) deals with foreign students in Turkey.
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Other examples are Brooks and Waters (2010); Parr et al. (2000).

The paper provides new insights from the perspective of both statistical method and
application. The statistical method developed in this work is a generalization of the
exact test developed by Tumminello et al. (2011) to check for the hypothesis of random
co-occurrences in a tripartite network1. The application is innovative because we apply
a statistically validated network analysis to administrative micro-data of migration flows
to investigate the possible existence of a chain migration in SM. The network analysis
through the proposed method is to be intended as an exploratory tool and it does not
allow to evaluate the simultaneous e↵ects of exogenous factors which could explain the
SM. Indeed, our main objective is to test, beyond any other reason of university attrac-
tiveness (Ciriaci, 2014), the possible existence of a chain migration (Brooks and Waters,
2010), in which students move to follow other students coming from the same area of
origin. Our hypothesis is that flows of Sicilian moving students can significantly di↵er
in the path “area of origin - University of destination”, with respect to a null hypothesis
of random flows. To define the area of origin, we consider an aggregation level of the
Sicilian municipalities, based on some homogeneity criteria, thinner than the 9 Sicilian
provinces. The areas we used are 38 clusters of the 390 Sicilian municipalities (Figure 1),
aggregated by geographical proximity, and economic and commercial criteria according
to D’Agostino and Ru�no (2005). In particular, these clusters were defined starting
from 38 main municipalities, detected as gravitational areas, because their larger flows
of commuting for work and study, with respect to other municipalities geographically
close. Moreover, to enforce the homogeneity of the clusters, the authors hypothesize
that the higher the economic and commercial levels, the larger the use of the Italian
language instead of the local dialects. The definition criteria of these clusters are consis-
tent with the existence of a social network of communication among people within each
cluster. Through the above definition of areas of origin it may be possible to reduce the
e↵ect of exogenous factors such as the ones specified at economic and commercial levels.
Of course the method does not allow to consider the individual characteristics of the
students.

We rely upon micro-data of university first enrollment students and students’ personal
records for three cohorts of freshmen, the 2008/09, the 2011/12 and the 2014/15.

The data from each cohort is represented as a tripartite network with three sets of
nodes, namely, clusters of Sicilian municipalities, students, and universities. The tri-
partite network is projected in a bipartite weighted network of clusters and universities,
which is, then, filtered, in order to obtain a statistically validated bipartite network
(SBVN), which represents a generalization of the method introduced by Tumminello
et al. (2011), to deal with tripartite systems. Specifically, a directed edge from a Sicilian
cluster to a university is set if the flow is statistically significant with respect to a null
hypothesis of random flow of students, which takes into account the heterogeneity of
both universities (total inflow) and clusters of municipalities (total outflow).

1The proposed method is equivalent to test that integer weights in a projected bipartite network occur
by chance.
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Figure 1: In figure the 38 clusters of Sicilian municipalities.

The structure of the paper is the follow. Section 2 includes a detailed description of the
micro-data used throughout the paper; section 3 describes the network representation of
the system and the statistical method used to analyse and prune the projected bipartite
network of universities and clusters; section 4 includes empirical results from the network
analysis of the system; finally, in section 5, we draw our conclusions.

2 Data description

The database MOBYSU.IT (2016) has been provided by the Italian Ministry of Educa-
tion (MIUR) and it includes micro-level longitudinal information on university student
careers from 2008 to 2017. The database also includes information on student’s high
school career, socio-demographics, and from the Bachelor to the Master degree that
are not fully available in the publicly available data provided by the National Student
Registry O�ce (ANS). Specifically, MOBYSU.IT database consists of about 200 to 300
variables per record, where each record is a student, and the total number of records
is ranging from about 270.000 to about 295.000, depending on the cohort. According
to the objective of the present study, information about students coming from Sicilian
municipalities has been extracted from MOBYSUD.IT for the time period 2008-2014,
including more than 26,000 records per cohort. In this work, we consider the cohorts
of enrolled students as coming from a metapopulation, that is, a (numerable infinite)
set of subjects, belonging to certain sub-populations, which are independent subsets of
the common metapopulation. The subpopulations are renewed every year at the en-
rollment, according to a process that makes them independent of the previous and the
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following subpopulations, each one with structure and characteristics common to the
metapopulation (representativeness), but, at the same time, carrying peculiar charac-
teristics. Therefore, we assume that they are metasamples, which can be studied from
a statistical point of view, by using inferential methods.
Table 1 shows that the percentage of females is grater than the percentage of males

at both national and local level.

Table 1: Percentage of freshmen by Gender and Year

Italy Sicily

Years Years

Gender 2008 2011 2014 2008 2011 2014

F 57% 56% 55% 57% 57% 55%

M 43% 43% 44% 42% 42% 44%

Table 2 shows the distribution of students with respect to the high-school they come
from. It turns out that there is no apparent di↵erence between Sicilian students and
students coming from other regions, in spite of the cohort, although, as expected, we
notice relevant di↵erences with respect to the gender of students.

Table 2: Distribution of Sicily freshmen and out of Sicily freshmen students by High-
school and Year

Sicily All other regions

Year Year

Gender Highschool 2008 2011 2014 2008 2011 2014

F

Other 25% 23% 23% 26% 27% 27%

Classical 24% 28% 28% 18% 18% 18%

Professional 5% 3% 4% 5% 5% 5%

Scientific 31% 35% 36% 32% 34% 34%

Technical 15% 11% 11% 19% 26% 16%

M

Other 5% 5% 5% 9% 9% 9%

Classical 14% 14% 14% 9% 9% 9%

Professional 4% 5% 5% 5% 5% 5%

Scientific 42% 50% 50% 43% 48% 48%

Technical 35% 26% 27% 35% 29% 29%

Before analyzing the flows from a cluster (source node) to a university (target node),
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we provide a descriptive statistics of outgoing students (outflow). Specifically, Table 3
shows an increasing number of outgoing students from Sicily over time, a trend that is
the opposite of the one observed for the total number of newly enrolled students, i.e.,
freshmen, which, jointly, amplify the relative magnitude of the phenomenon.

Table 3: Total and outgoing sicilian-freshmen by level degree courses over time, in paren-
thesis the percentage of outgoing Sicilian students by degree courses and cohort

Year

2008 2011 2014

Degree Total Outgoing Total Outgoing Total Outgoing

Bachelor 21327 2997 (14.1%) 17210 4115 (23.9%) 16719 4682 (28%)

Master (5/6 years) 5264 675 (12.8%) 5791 1058 (18.3%) 5261 1087 (20.7%)

Total 26591 3672 (13.8%) 23001 5173 (22.5%) 21980 5769 (26.2%)

Furthermore, our analysis aims at distinguishing among 38 Sicilian territorial areas,
which are internally homogeneous. This choice is a trade-o↵ between clustering data
using 9 provinces (too large and heterogeneous), and just referring to the 300 Sicilian
municipalities (too small to analyze migratory e↵ects). In fact, being the selected areas
aggregated on the ground of socio-economics characteristics it is possible to evaluate
such chain migration e↵ects in spatio-temporal terms by applying a network analysis.
According to D’Agostino and Ru�no (2005), we have classified the variable residence
city into the 38 areas described by D’Agostino and Ru�no. creating a new variable that
represents the homogenous residence area of the i-th student. In this framework the
variables of interest have used in this analysis are the cluster of residence, and university
of enrollment.
As it can be seen in Figure 2, a strong increase of the outgoing rate from Sicily is

observed from the first cohort, 2008, (panel a) to the last one ,2014, (panel c). Indeed,
the number of clusters with an outgoing rate of more than 20% increased a lot through
the time window 2008–2014.
Figures 3, 4, and 5 are the heatmaps of Sicilian students flows from the 38 Sicilian

clusters (by row) towards the o↵ Sicily universities (by column). Colours in the figures
are used to describe the fraction of outgoing students and to distinguish between geo-
graphical macro-regions. A straightforward comparison of the figures shows, especially
for the last cohort, that such flows are more concentrated (colours orange and yellow)
in Central-Northern universities (colours green and grey on the top of the plot). The
clustering procedure reported in the left part of the plot, based on student flows, sug-
gests the presence of homogeneous aggregations based on geographical proximity. For
example, looking at the 2014 cohort, the cluster formed by Siracusa, Modica, Ragusa,
Noto, Caltagirone, and Pachino can be easily interpreted along this line of thinking,
since these territories are all located in the Southern-Eastern Sicily.
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Figure 2: Panels a), b), and c) report the outgoing rates arranged in 7 levels by cohort
per cluster for years 2008, 2011, 2014.
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Figure 3: Heatmap representation of Sicilian students flows. Rows correspond to the
38 Sicilian territorial clusters of origin, while columns correspond to o↵ Sicily
universities of destination. The order of elements by row and by column is
provided by complete linkage cluster analysis. Data correspond to year 2008.
Heatmap colours, ranging between red and yellow, describe the fraction of
outgoing students, while the other colours distinguish between geographical
macro-regions.
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Figure 4: Heatmap representation of Sicilian students flows. Rows correspond to the
38 Sicilian territorial clusters of origin, while columns correspond to o↵ Sicily
universities of destination. The order of elements by row and by column is
provided by complete linkage cluster analysis. Data correspond to year 2011.
Heatmap colours, ranging between red and yellow, describe the fraction of
outgoing students, while the other colours distinguish between geographical
macro-regions.
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Figure 5: Heatmap representation of Sicilian students flows. Rows correspond to the
38 Sicilian territorial clusters of origin, while columns correspond to o↵ Sicily
universities of destination. The order of elements by row and by column is
provided by complete linkage cluster analysis. Data correspond to year 2014.
Heatmap colours, ranging between red and yellow, describe the fraction of
outgoing students, while the other colours distinguish between geographical
macro-regions.
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3 Methods

Students’ mobility system displays several typical features of complex systems, such as,
interconnectedness of elements (which is at the basis of the chain migration hypothe-
sis), heterogeneity of elements, that is, heterogeneity of the clusters of municipalities
according to number of outgoing students, of the universities, according to the num-
ber of enrolled students, heteroscedasticity, modular structure of elements (e.g., of uni-
versities), non stationarity, and tipping points (reflecting, for instance, an economic
downturn) (Bar-Yam, 1997). Such features make the system very di�cult to analyze
by using traditional means based on system’s decomposition and reductionism (Simon,
1996; Dekker, 2011), and taking a weak-holistic approach (Simon, 1996), such as the one
provided by network theory (Newman, 2011), seems to be more appropriate. The most
natural network representation of the mobility system is obtained by considering a tri-
partite network associated with each cohort, where three sets of nodes, namely, clusters
of Sicilian municipalities, students, and universities, are distinguished. In this network,
a link between any two elements of the same set cannot occur. Specifically, in the tri-
partite mobility network, a link is set between a student and a university if the student
is enrolled in that university, and between a student and a cluster of municipalities if
the student comes from a municipality that belongs to that cluster.2

The objective of the present paper is to understand whether or not student mobility
might be driven, in part, by a chain migration. Along this line, we are interested in
eliciting from data the presence of an excess of flow from one cluster of municipalities
to a university, with respect to a null hypothesis of random flow that takes into ac-
count the heterogeneity of both clusters and universities. Such an analysis can be done
by considering a straightforward generalization of the Statistically Validated Network
method to tripartite networks (Tumminello et al., 2011). Specifically, we adapt this
technique to construct a Statistically Validated Bipartite Network (SBVN) of clusters
and universities, as detailed in the next section.

3.1 Statistically validated bipartite networks

Starting from the tripartite network of clusters, students, and universities, a bipartite
weighted network is obtained by projecting the set of students onto the other sets– see
Figure 6. Specifically, a link between a cluster of municipalities and a university is set if
at least one student is linked to both nodes in the original tripartite network. The weight
of such link in the bipartite weighted network corresponds to the number of students
linked to both nodes in the tripartite network (Newman, 2011; Tumminello et al., 2011).

2It is worth noticing that the structure of the network is such that no link can be set between a
university and a cluster of municipalities (see Fig. 6). This fact implies that the whole information
contained in the tripartite network can actually be mapped in a bipartite network with weighted
links, that is, a network with only two sets of nodes, clusters and universities, and weighted links
connecting elements of the two sets, the weight being equal to the number of students coming from
a cluster and enrolled in a university. However, such a simpler representation, would make it harder
to describe the configurational model underlying the null hypothesis of random flows described later
in the paper. Therefore, we prefer to use the tripartite representation of the system.
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Figure 6 shows the original tripartite network (Phase 1), where intermediate nodes
between the 38 Sicilian clusters and the 80 universities are the nq, q = 1, 2, 3, outgoing
students3 in a given cohort under analysis, as well as the corresponding weighted bipar-
tite network between clusters and universities, which is obtained as a projection of the
original tripartite network. As discussed above, our objective is to determine the pres-
ence in the data of an excess flow between a municipality and a university, with respect
to a null hypothesis of random flow in a system with a double heterogeneity, which could
be interpreted as a mark of the existence of a chain migration in the mobility system.
Such an excess of flow can be revealed by performing the following analysis.

Figure 6: The applied projection of the tripartite students’ mobility network to the bi-
partite one, red line shows a statistically validated link and the thickness the
intensity of the flow

3n1 = 3672 in 2008, n2 = 5173 in 2011, n3 = 5769 in 2014. See Table 3
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3.2 Statistically validated networks: construction

To validate links in the (projected) weighted bipartite network of clusters and univer-
sities, the method proposed by Tumminello et al. has been generalized to deal with
tripartite systems. In its most general setting, this approach requires the validation of
each link of the projected network, against the null hypothesis of random co-occurrence
of shared neighbor nodes (students in this case). The null hypothesis of random con-
nections between nodes with assigned degree has been proposed in the seminal paper
by Xulvi-Brunet and Sokolov (2004) in terms of a configurational model, which is also
able to reproduce assortative mixing. However, in our case, we consider a null hypoth-
esis that does not assume the presence of such an e↵ect. Therefore, the configurational
model, where links (of a real network) are iteratively and randomly selected in pairs
and swapped is assumed. Accordingly, the co-occurrence of first neighbors in either set
can be analytically described through the hypergeometric distribution. In the original
formulation of the method, subsets of projecting nodes (students in this case) were con-
sidered, in order to deal with the heterogeneity of node degree in the projecting set.
However, here, such an heterogeneity is missing, since students only have degree equal
to two in the original tripartite network, where one link connects a student to a cluster
of municipalities and one link connects her to a university. Therefore, to test the statis-
tical significance of an edge weight in the bipartite weighted network for a given cohort
against a null hypothesis (H0) of random flow, we consider the following distribution
of the weight X of a link in the (randomly rewired) projected network that describes
hypothesis H0:

H(X|NA, NB, N) =

�NA
X

��N�NA
NB�X

�
� N
NB

� , (1)

where:

• N is the total number of students in the tripartite network,

• NA is the number of students coming from municipality A,

• NB is the number of students enrolled in university B,

• X is the number of co-occurrences of A and B in the (random) tripartite network
associated with H0, i.e., it is the variable that describes the number of students
flowing from cluster A to university B.

Indeed, probability (1) can be obtained by a straightforward calculation of the number of
“favorable events” divided by the total number of possible events. Specifically, the result
can be obtained by assuming that university B randomly selects NB students (which
allows to keep information about the heterogeneity of universities in the null hypothesis)
from the overall N students in the population, NA of which coming from cluster A (which
allows to keep information about the heterogeneity of clusters of municipalities in the
null hypothesis) and N � NA from the other clusters. Therefore, if X represents the
number of students picked by university B that come from cluster A, then the number
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of favorable cases is given by the product of the number of ways in which NA students
can be combined in groups of size X, that is,

�NA
X

�
, times the number of ways in which

the other NB�X students can be drawn from the set of students coming from the other
clusters, that is,

�N�NA
NB�X

�
. Finally, the probability (1) is obtained by noticing that all of

the possible ways in which NB students can be drawn from the overall set of students,
with size N , is

� N
NB

�
.

The hypergeometric distribution described in (1) is then used to associate a p-value
with each pair cluster-municipality, say j and k, respectively, which are connected in the
(projected) weighted bipartite network and have a weight (number of outgoing students)
nj,k:

pj,k(nj,k) =

min(NA,NB)X

i=nj,k

�NA
i

��N�NA
NB�i

�
� N
NB

� . (2)

Since the structure of the bipartite weighted network allows one to represent it as a
two-way contingency table, one may argue about the advantage of using Eq. (2) to
associate a p-value with each link, instead of the one that could be provided by the
standardized residuals of a �

2 distribution. Actually, the proposed test is exact and,
therefore, on the one hand it allows one to better deal with “extreme values” (right tail of
the distribution), and, on the other hand, it works even with small samples. The p-value
calculation reported in equation (2) should be repeated for each link in the weighted
bipartite network. Therefore, multiple-test corrections on the threshold of statistical
significance of a p-value should be considered. The most conservative correction with
respect to the family-wise error rate (FWER) is the Bonferroni correction (Miller, 1981),
which also applies to the case of dependent tests, whereas, a less restrictive correction is
the False Discovery Rate (FDR) (Benjamini and Hochberg, 1995). To say if a connection
between two nodes is statistically significant the threshold on the p-value, according to
Bonferroni, is

SBon =
↵

T
, (3)

while, according to the False Discovering Rate, it is

SFDR =
↵k

T
, (4)

where ↵ is the univariate significance level (e.g., 0.01), T is the number of tests, i.e., the
number of links in the weighted bipartite network, and k is the rank of the largest tested
p-value such that pkmax

< kmax↵/T . Accordingly, being the Bonferroni correction more
conservative than the FDR one, if a link is validated according to Bonferroni, it is also
validated according to FDR, whereas, of course, the vice versa does not hold true.
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4 Results

Figures 7, 8, and 9 report the bipartite validated networks for Sicilian outgoing students
by cohort. There are two types of nodes: the first type corresponds to universities
(red circles), with node size proportional to the number of enrolled students from Sicily,
while the second one corresponds to clusters of municipalities (cyan rectangles), with
size proportional to the number of outgoing students. The solid line is used to represent
links that belong to the Bonferroni network (and therefore to the FDR too), while the
dashed line is used to represent links that only belong to the FDR network. Moreover,
the thickness of a link is proportional to the number of outgoing students from a cluster
to a given university. The network representation is obtained through the force directed
layout method with weight proportional to the binary Pearson’s correlation coe�cient
between a university and a cluster, which implies that the longer the link, the lower the
correlation between two nodes is.
According to both Bonferroni and FDR networks, the most attractive universities are

the University of Bologna, Milan, Turin, Florence, Pisa, La Sapienza, and Cattolica.
Moreover, we observe that the number of (statistically significant) links increases over-
time. To better frame this phenomenon from a quantitative a point of view, we include
a table with the number of links and nodes for each cohort. Table 4 shows that the
number of both nodes and links involved in the statistically validated networks increases
between 2008 and 2014. Both the apparent structure of the networks and the increasing
number of links over time can be interpreted within the framework of complex systems,
by looking at chain migration as reflecting the relevance of private information in the
decision process preliminary to the selection of a university by students, and the increas-
ing relevance of such an information with respect to public information. Indeed, in an
e�cient purely competitive system, where all of the agents share and (rationally) process
the same (public) information (Easley and Kleinberg, 2010), the networks reported in
Fig.s 7 through 9 should be empty: preferential patterns of mobility shouldn’t be ob-
served, since the null hypothesis exactly takes into account the heterogeneity of clusters
of municipalities and universities. Such a consideration implies that private informa-
tion flow acts as a positive feedback mechanism in the system: students from cluster
A enroll in university B at time t, then they share their (positive) experience, not only
concerning the university, but also the city, etc., with their friends at home (information
flow from B to A), which, in turn, reinforces mobility from A to B at time t+ 1. Such
an information flow can also act in reverse (negative feedback) and break a preferential
connection: students from cluster A enroll in university B at time t (preferential pattern
from A to B at time t), then they share their (negative) experience with their friends
at home, discouraging them from enrolling in university B at time t + 1, which, as a
result, tends to cancel out the preferential pattern of mobility from A to B. The fact
that the number of validated links in the mobility network increases over time should
therefore be interpreted as reflecting the increasing importance of private information
to determine the structure of the mobility system, at the expense of public information.
A question that remains yet to be answered concerns the imbalance between the

relative influence of the two feedback mechanisms discussed above. If only a positive
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feedback mechanism was e↵ective to orient the decision of students to enroll in a certain
university, then the statistically validated network associated with the cohort of 2014
should properly contain the statistically validated network associated with the cohort
of 2008. Therefore, an indicator to look at is the proportion of links from the 2008
statistically validated networks that also belong to the 2014 corresponding networks.
Looking at the Bonferroni network, this proportion is 41%, while it is 44% for the
FDR network. This result indicates that old mobility patterns are destroyed, which
suggests that the aforementioned negative feedback mechanism is actually influencing
the evolution of the mobility system. On the other hand, given the overall increase
of mobility patterns, we can conclude that the role played by the positive feedback
mechanism is even bigger, likely driven also by exogenous factors, such as the 2011
sovereign crisis, and the subsequent austerity policy introduced and enforced in 2012
and 2013, which a↵ected di↵erently the South and the North of the country, especially
with respect to the labour market, which should have favored the formation of new
mobility patterns from the South to the North of the Country.

Finally, to make the discussion about the evolution of mobility system more compre-
hensive, and to address the question of whether gender-specific patterns occur or not,
we look at the similarity between the networks that are separately obtained for male
and female students over time. As discussed already, an increasing similarity between
networks for subsequent cohorts implies that migration patterns are settling over time,
whereas a decreasing trend might suggest a progressively reducing impact of chain mi-
gration on students’ mobility, with respect to the negative feedback mechanism discussed
in the previous paragraphs and other influential factors, such as marketing campaigns,
and, broadly speaking, the varying attractiveness of “specific” universities. Here we fo-
cus on the di↵erence between gender specific patterns of mobility over time. Similarity
between networks can be easily evaluated by associating with each one of the potential
links (Nu ⇥ Nc, where Nu is the number of universities and Nc the number of Sicilian
clusters) a binary variable that takes value 1 if the link is set in the network and 0
otherwise.

Table 4: Number of Links and Nodes per cohort by female, male, and overall.

Links Nodes

Cohorts Female Male Overall Female Male Overall

2008 62 55 95 46 45 52

2011 80 69 110 47 48 54

2014 72 81 123 48 52 62
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Figure 7: Bipartite validated network for Sicilian outgoing students, year 2008



Electronic Journal of Applied Statistical Analysis 791

Figure 8: Bipartite validated network for Sicilian outgoing students, year 2011
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Figure 9: Bipartite validated network for Sicilian outgoing students, year 2014
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Here, we use the Matthews correlation coe�cient (MCC) (Yingbo et al., 2005) to
evaluate the similarity between two networks, since it properly takes into account the
heterogeneity of both clusters and universities, and it is symmetric with respect to the
exchange of the networks under comparison. The Matthews correlation coe�cients for
male and female Bonferroni (FDR) networks is on average 0.47 (0.46), and stable over
time, which indicates that the relative frequency of gender specific patterns is rather
stable throughout the investigated time window.
In summary, these results support the hypothesis that the impact of austerity policies,

introduced in 2012 and 2013 in Italy, favoured a change of migration patterns in 2014,
by determining the creation of new patterns from Sicily to universities in the North (in-
creasing trend of the number of preferential patterns), but it did not a↵ect the imbalance
of gender specific preferences.
Within the framework of oriented networks, the degree of a university indicates the

“popularity” of the university in terms of number of Sicilian clusters displaying a pref-
erential pattern pointing to it. Accordingly, we decided to calculate the degree ranking
of universities as reported in Table 5. The order of universities in the Table is based on
the ranking of the median degree rank (reported in parenthesis in the Table) across all
of the networks reported in the Table. Universities that showed a degree equal to zero
in at least one network are not displayed in the Table.
Looking at Table 5 is clear that University of Pisa, on average, is the big favourite,

but decomposing its degree by gender, it’s clear that University of Siena is the most
chosen university for female students overtime. In light of these results, we focused our
case-study network analysis on University of Siena.

Table 5: Degree ranking of universities by cohort in the FDR networks, for female, male,
and overall. In parenthesis the conditional ranking (see text for details on the
selection of listed universities).

2008 2011 2014

Ranking Universities Female Male All Female Male All Female Male All

1 University of Pisa 9 (2) 9 (1) 13 (1) 13 (2) 7 (3) 14 (3) 9 (2) 13 (2) 13 (2)

2 University of Siena 10 (1) 2 (8) 9 (3) 17 (1) 15 (1) 17 (1) 3 (11) 8 (3) 7 (4)

3 Polytechnic University of Turin 1 (15) 3 (7) 7 (7) 7 (4) 11 (2) 15 (2) 10 (1) 23 (1) 28 (1)

4 Bocconi 3 (8) 5 (3) 9 (5) 6 (5) 4 (5) 8 (5) 5 (3) 4 (5) 6 (7)

5 University of Pavia 4 (7) 4 (5) 6 (8) 4 (8) 4 (6) 5 (8) 5 (4) 5 (4) 7 (5)

6 University of Parma 9 (3) 6 (2) 9 (4) 8 (3) 6 (4) 9 (4) 2 (12) 1 (16) 5 (8)

7 Mediterranea 6 (5) 5 (4) 7 (6) 3 (9) 3 (9) 5 (7) 4 (7) 3 (9) 4 (11)

8 University of Bologna 1 (10) 1 (14) 2 (12) 2 (10) 1 (12) 4 (9) 4 (5) 1 (13) 7 (3)

9 LUISS 7 (4) 2 (12) 9 (2) 1 (18) 2 (10) 2 (15) 1 (20) 3 (10) 3 (14)

Figures from 10 to 12 show the statistically validated subnetworks that include all of
the Sicilian clusters pointing to University of Siena. Regardless the gender, in 2008 the
Sicilian cluster involved in the flow to Siena are 9, where the clusters of Lercara Friddi,
Ribera, and Modica have the greater flow. In 2011, clusters involved in the choice of
Siena University increase rapidly–from 9 clusters observed in 2008, they become 17 in
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2011 (for all students). Such an e↵ect, however, slowed down in 2014, where the clusters
involved for all the students are 7. Looking at the network links according to gender,
the number of clusters from where female students have moved to the university of Siena
increase from 10 in 2008 to 17 in 2011, and it has been the most favorite destination for
female in 2011, but this growth slowed down in 2014 for both gender. As it can be seen
in Table 5, Polytechnic University of Turin moves over from the 7th position in 2008 to
the 1st position in 2014.

Figure 10: Bipartite validated network for University of Siena, focus on Sicilian outgoing
students (left top), female students (top right), and male students (bottom
left), year 2008
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Figure 11: Bipartite validated network for University of Siena, focus on Sicilian outgoing
students (left top), female students (top right), and male students (bottom
left), year 2011

Figure 12: Bipartite validated network for University of Siena, focus on Sicilian outgoing
students (left top), female students (top right), and male students (bottom
left), year 2014
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Finally, it’s worth to note that contiguous clusters might display similar (statistically
significant) patterns of mobility, likely due to the presence of exogenous factors influenc-
ing specific mobility routes. Indeed, the considered null hypothesis, which is modeled
through the hypergeometric distribution, allows one to indirectly take into account the
presence of factors influencing the nodes–e.g., the labour market of the cluster of origin,
and the attractiveness of specific universities–through the parameters NA (the number
of students coming from municipality A) and NB (the number of students enrolled in
university B). However, it is possible that some cluster-university link is favored (or
disfavored) by factors a↵ecting the connection itself, instead of the connected nodes,
factors such as the transport system. For instance, let’s consider the case of the contigu-
ous clusters of Marsala and Trapani. People from these clusters live close to the same
airport, namely, Birgi airport. Looking at the connections of these clusters in the Sta-
tistically Validated Bipartite Network (SVBN) obtained by using the FDR correction,
it turns out Trapani is linked to nT = 6 universities, Marsala to nM = 5, and nTM = 4
destinations are in common, in 2008. Considering that, overall, there are 78 universities
in the system, one can apply the original method developed by Tumminello et al. (2011)
to the (bipartite) SVBN and calculate the probability to observe a value of co-occurrence
at least as extreme as the observed one (nTM = 4) is 0.00005, according to the hyperge-
ometric distribution. Similar results are obtained, by looking at the cohorts of 2011 and
2014. Specifically nT = 5, nM = 4 and nTM = 3, in 2011, with an associated p-value
of 0.0005, whereas, nT = 7, nM = 6 and nTM = 3, in 2014, determining a p-value of
0.0074. This results suggest the presence of common factors influencing the mobility of
students from the two clusters. However, we believe that such an analysis deserves more
attention and it will be considered for future research.

5 Conclusions

The descriptive statistics of mobility data reveals an increase of the movers from Sicily
towards the central and northern Italian universities over time. In fact, it has been
observed an increase of both the rate of outgoing students from Sicily and the number
of clusters with an outgoing rate of at least 30%, which, initially (2008’s cohort), were
mainly located in the western clusters of Sicily, whereas, at the end (2014’s cohort), they
were uniformly distributed over the whole Center and South of Sicily, from the western
clusters to the eastern ones.
The network analysis of preferential patterns of mobility has shown that, among uni-

versities of central Italy, Pisa and Siena are (on average) the most attractive ones for
students coming from western and southern Sicily, and that Polytechnic University of
Turin is the favorite northern university for the last cohort of students (2014).
In addition, the network analysis provides some elements to support the existence of

migratory chains, over time, by means of the increase of the number of:

• new links, which become significant in the networks of the most recent cohorts

4The total number of considered universities in the system is 80 in 2014.
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and were not in the previous ones, and their thickness which also increased in the
networks of the last cohort;

• the new nodes (and their size) that appeared in the networks of the last cohort.

Specifically, it has been observed and increase of the number of clusters with movers
and the number of o↵-Sicily universities chosen by the movers (preferential patterns).
At the same time, the number of both movers from some clusters and students towards
a given o↵-Sicily universities (the thickness of their link–outgoing flows), as well as the
number of movers from Sicily who enrolled in o↵-Sicily universities increased.
By investigating the similarity between the networks according to the sex of movers

(through the MCC), we observe a stability of similarity over time. This result implies
that, even if mobility patterns vary over time, such a variation occurs by keeping almost
constant the similarity between gender specific patterns. The case of Siena also suggests
that gender specific patterns may both vary over time in a non-monotonous way (pick in
2011).The proportion of preferential links that are preserved over time slightly exceeds
40%. This result indicates that some old patterns of mobility are destroyed, while new
ones appear, especially in the networks of the last cohort as a possible drawback on
the financial crisis, which a↵ected di↵erently the South and the North of the country,
especially with respect to the labour market, and favoured the formation of new mobility
patterns from the South to the North of the Country. Finally, the observed 40% stable
links, however, implies that the role played by chain migration in explaining mobility
patterns of students is rather important.
Finally, it is worth to include an assessment of the strengths and limitations of the

present study, in relation to the statistical methods used to highlight chain-migration
e↵ects on students’ mobility. The null hypothesis considered in the paper involves a
probability distribution, the hypergeometric distribution, which is conditioned to both
the total number of students moving from each cluster and the total number of students
enrolling in each university. Therefore, implicitly, such a null hypothesis incorporates
information about the specific attractiveness of universities, as well as cluster-specific
factors that might influence the decision of students to enroll in a university out of the
region. So, the considered null hypothesis appears to be appropriate to reveal chain-
migration e↵ects, since it allows one to untangle chain migration from factors mainly
related to node-specific characteristics. Furthermore, the considered null hypothesis
properly takes into account the heterogeneity of clusters, in terms of number of moving
students, as well as the one of universities, in terms of number of enrolling students.
However, factors associated with a specific cluster-university link, such as an airport
that directly connects a cluster to a specific destination, are not incorporated in the null
hypothesis, neither directly or indirectly. In the last paragraph of the discussion section,
we have provided an example of the impact of such link-specific factors, by showing
how they may determine a significant similarity between the patterns of mobility from
two contiguous clusters. The example of Trapani and Marsala clusters suggests that,
based on the present analysis, we cannot claim that chain-migration is the only factor
determining the revealed preferential patterns of mobility, since other link-specific factors
(e.g., the transport network) might also come into play. A possibility to deal with such
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an issue would be to use the transport network to group together clusters with a similar
connectivity, and perform the analysis of preferential patterns separately for each group
of clusters. Another possibility might be to use the Wallenius non-central hypergeometric
distribution, by assigning a specific weight to groups of students, sorted according to the
groups of clusters of origin and groups of destinations with similar connectivity in the
transport network (Puccio et al., 2019). Such an analysis left for future research.

Acknowledgement

This paper has been supported from Italian Ministerial grant PRIN 2017 “From high
school to job placement: micro-data life course analysis of university student mobility
and its impact on the Italian North-South divide.”, n. 2017HBTK5P.

References

Attanasio, M. and Enea, M. (2019). La mobilità degli studenti universitari nell’ultimo
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Tumminello, M., Miccichè, S., Lillo, F., Piilo, J., and Mantegna, R. (2011). Statistically
validated networks in bipartite complex systems. PLoS ONE, 6(3):e17994.
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