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ABSTRACT: The purpose of this study is to explore how the multimode network ap-
proach can be used to analyse network patterns derived from student mobility flows.
We define a tripartite network based on a three-mode data structure, consisting of Ital-
ian provinces of residence, universities and fields of study, with student exchanges
representing the links between them. A comparison of algorithms for detecting com-
munities from tripartite networks based on modularity optimization is provided, re-
vealing relevant information about the phenomenon under analysis over time. The
findings are applied to a real dataset containing micro-level longitudinal information
on Italian university students’ careers.
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1 Introduction

The analysis of intra- and international student mobility has become a vibrant
research field in migration literature and a key concern for national policy-
making on tertiary education systems (Van Mol & Timmerman, 2014; Riaño
et al., 2018). Usually, European mobility in higher education is described
by considering the dynamics of the Erasmus programme. From a national
perspective, Italian student mobility from high school to bachelor and master
degrees is analysed as a crucial step in determining future migration choices.
Such analysis shows an unbalanced migration of students from the southern to
the northern regions of the country (Genova et al., 2019), which is influenced
by the attractiveness of universities, related to the socio-economic characteris-
tics and the job market opportunities in the geographic areas where they are lo-
cated (Giambona et al., 2017; Impicciatore & Panichella, 2019). Given the na-

ture of the student mobility data (i.e. flows of students connecting provinces of
residence and universities of destination), network analysis has been adopted
as one of the most appropriate methodological approach to interpret this phe-
nomenon (Santelli et al., 2019; Genova et al., 2019; Columbu et al., 2021).
Based on this theoretical framework and the intrinsic complexity of student
mobility flows, this study analyses the data at hand using the framework of
multimode networks (Fararo & Doreian, 1984). More specifically, we define
a tripartite network based on a three-mode data structure, consisting of Italian
provinces of residence, universities and fields of study, with student exchanges
representing the links between them. A comparison of algorithms for detect-
ing communities from tripartite networks or k-partite modularity (Neubauer &
Obermayer, 2009; Ikematsu & Murata, 2013; Melamed et al., 2013; Ignatov
et al., 2017; Feng et al., 2019), mainly based on modularity optimisation, is ap-
plied to reveal relevant information about the phenomenon under analysis. The
algorithms are applied to the MOBYSU.IT dataset which contains micro-level
longitudinal information on university students’ careers from 2008 to 2017 in
Italy.∗

2 Community detection algorithms in tripartite networks

Many real-world networks have a natural multimode network structure in which
vertices of different types are linked together. Without reducing generalisabil-
ity, in the case of tripartite networks, three types of vertices are defined and
links can be present only between vertices of distinct types (Fararo & Doreian,
1984). Several approaches can be pursued to disentangle the inherent com-
plexity of such kinds of data. Recently, Everett & Borgatti (2019) suggested
that, in the case of multimode data, the collection of all bipartite networks
should be examined.
In our case study, a tripartite network is considered in which VP is the set of
provinces of residence of Italian students enrolled in the first academic year
of any bachelor/master degree, VU is the set of public and private universities,
and VF is the set of educational fields of study. The tripartite network T can
be defined as consisting of a pair (V ,E ), being V = {VP,VU ,VF} the col-
lection of three sets of vertices, one for each mode, and being E = {EPUF},
EPUF ⊆ VP×VU ×VF , with EPP,EUU ,EFF = /0, the collection of links among

∗This study was supported by the 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 - CUP B78D19000180001.
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the vertices belonging to the three modes. Given T , a unique supra-adjacency
matrix could be defined by combining the sociomatrices in a block matrix
APU , AUF , and APF , where the links are the number of students enrolled, and
the corresponding bipartite networks are weighted. Thus, the related supra-
adjacency matrix is:

=




0 APU APF

AT
PU 0 AUF

AT
PF AT

UF 0



 .

Over the past two decades, a growing number of studies have been devoted
to community detection algorithmic solutions in tripartite graphs. The first and
simplest proposed method consists of applying on the matrix , or on its ver-
sion built up after matrices’ transformation, the usual community detection
algorithms (Melamed et al., 2013; Everett & Borgatti, 2019). Other methods
adopting an optimisation of tripartite networks (Neubauer & Obermayer, 2009;
Ikematsu & Murata, 2013), extending the idea of bipartite modularity.
Given the nature of our data, the approaches which maximise the bipartite
modularity seem more appropriate. A detailed comparison of proposed algo-
rithms could be of interest in understanding how tripartite community detec-
tion can be used to interpret the network patterns underlying the Italian student
mobility phenomenon.
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