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ABSTRACT
Since the advent of Web 2.0, Online Social Networks (OSNs) repre-
sent a rich opportunity for researchers to collect real user data and
to explore OSNs user behaviour. Based on the current challenges
and future directions proposed in literature, we aim to investigate
how to comprehensively model OSNs user behaviours, by exploit-
ing and combining user data of different nature. We propose to use
hypergraphs as a model to easily analyse and combine structural,
semantic, and activity-related user information, and to study their
evolution over time. This novel user behaviour modelling technique
will converge in open, efficient, and scalable libraries, which will
be integrated into a modular framework able to handle the data
crawling process from several OSNs.
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1 INTRODUCTION
The exponential growth of Online Social Networks (OSNs) users -
due to the ubiquitous online access and the increasing adoption
of digital devices - is generating a huge amount of structured and
unstructured data [24], that can be analysed to gather insights into
many domains [2, 16]. Due to the enormous amount of accessible
online services, the question of service personalization becomes
an important requirement [11]. For this reason, the task of build-
ing user profiles able to accurately capture users’ preferences and
behaviours is currently a hot research topic. User profiling is the
process of acquiring, extracting and representing the features of
users [32]. The content and the purpose of a user profile strictly
depend on the application domain and modelling user behaviour
can be an important aspect to include [25]. In particular, OSNs user
behaviour can be defined as the various social activities that users
can perform online - friendship creation, content publishing, mes-
saging, and commenting and its characterization can be useful for
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both OSN service providers and users [17]. Furthermore, accurate
models of user behaviour in OSNs are crucial in social studies and
viral marketing [7].

Problem Statement. In this doctoral project, we want to inves-
tigate how to comprehensively and effectively model OSNs user
behaviour, by exploiting and combining user data of diverse nature
and their evolution along the temporal axis. We plan to capture
the OSNs user behaviour by modelling structural, semantic and
activity-related user data through hypergraphs, able to handle gen-
eral types of relations as a hyperedge can connect an arbitrary
number of vertices. The proposed approaches will be integrated
into a component-based framework to allow an easier combination
and comparison of both data sources and behavioural profiling
techniques. This research might be useful to a variety of tasks, such
as getting insights into user engagement, link prediction, recom-
mender systems, bot/spam detection, and community detection.

2 RELATEDWORK AND RESEARCH AREAS
This Section provides a brief overview about how OSNs data have
been explored in literature for the user modelling task and how hy-
pergraphs can be used to model complex OSNs relationships. Some
of the challenges that need to be faced when working with OSNs
as data sources and future directions which should address open
questions in this field will be further discussed. This Section also
identifies the major research topics related to the user behaviour
modelling problem. We plan to focus on selected aspects within
these research areas.

OSNs user modelling. The copious information generated by
users in OSNs and the variety of available user data create new op-
portunities for inferring user profiles inmany applications. Halfaker
et al. [15] identify the task of session identification as a common
strategy to develop metrics for web analytics and behavioural analy-
sis of user-facing systems. They employ user-initiated actions with
timestamps for identifying clusters of user activity and evaluate
their method on a variety of datasets, one of which is the popu-
lar question/answer website StackOverflow. Mac Kim et al. [18]
exploit a collection of English Twitter profiles for detecting social
roles - such as work, community, and familial roles - seen as a
particular demographic characteristic, based on which social media
content can be grouped. Giammarino et al. [14] propose a social
recommender system (RecSys) able to handle both the temporal
dynamics of user interests and the sentiment towards them; fur-
thermore, integrating the underlying concept of homophily in a
social network. Tagarelli et al. [29] exploit structural information
to propose a topology-driven lurking definition. They also incor-
porate different temporal aspects concerning both the production
and consumption of information. Several works also investigate
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the potentiality of combing OSN data of different nature. Skowron
et al. [28], for instance, explore personality traits using together
data derived from Instagram and Twitter, combining image and
linguistic features from tweets and captions. They also include basic
structural information, like the number of followers/friends. Xu et
al. [30] propose a learning model to infer a user’s topical expertise
using four types of user data: tweets, friends, followers and lists.
Other interesting works can be found in [10, 12, 23, 27].

Modelling OSNs with hypergraphs. In the past decades, the
theory of hypergraphs found application in many real-world prob-
lemswhere complex relationships between the objects in the system
play a dominant role [8]. With the increasing complexity of the
underlying nature of OSNs, in terms of both content and possible
activities, researchers started using hypergraphs also in the Social
Media context. Amato et al. [3] propose a model to represent differ-
ent kinds of relationships typical of a Multimedia Social Network -
such as among multimedia contents, among users and multimedia
content, and among users. On the top of the hypergraph structure
defined, they analyse the topic of the textual content and define
similarity values between users, multimedia objects and topics. In
another work [4], the same authors investigate the model designed
for the lurker detection task. Yang et al. [31] apply the hypergraph
model in the context of viral marketing to maximize the profit gen-
erated by a group of activities. Fang et al. [13] use this structure to
capture multi-type relations - including links among images, and
social links between users and images - to mine topic-sensitive
influencers. Other interesting work can be found in [9, 19, 26].

Challenges. The massive quantity and dynamicity of User Gen-
erated Content (UGC) available from a variety of social media
platforms provide new possibilities for a more accurate construc-
tion of a user profile but, at the same time, challenge the current
personalization techniques [1, 32]. The dynamicity is an important
element to consider as users’ preferences and behaviour can change
with time and this transformation needs to be reflected in their pro-
files [1, 17]. Dealing with the time dimension means not only to
incorporate, for instance, a decay factor to reduce interests’ weights
by time but also handling the data collection and the analysis tasks
in reasonable time. Furthermore, collecting dynamic data raises
challenges for information storage [17].

OSNs themselves present multiple issues related to the crawling
process. APIs fragmentation, rate limits, distinct access levels (based
on licenses or collaboration agreement), and frequent change in
API protocols and terms of service make difficult the creation of
a common crawling mechanism and the access to the available
data [21]. The decision to no longer expose platform data through
public APIs (as in the case of Facebook and Instagram) can further
impact social media crawlers. Another issue is the ephemeral nature
of the shared content: it can be removed either by the users or by
the OSN for violating its guidelines and terms of service, making
referencing or documenting content difficult [21]. Ethical and legal
requirements (e.g. GDPR) have considerable implications for the
design and operation of social multimedia mining [21]. They also
impact the possibility of sharing the crawled datasets for validation
purposes. Finally, working with UGC is a complex task due to the
nature of its content: short messages and rich in emojis/slang.

Open Questions. In their survey, Abdel-Hafez and Xu [1] pro-
posed three future directions with respect to the user modelling
task in OSNs: (1) more dynamicity, (2) more enrichment, and (3)
more comprehensiveness. According to Piao and Breslin [22], many
efforts have been made towards the second direction in the last
years, but the first and the third proposed directions have not made
much progress. On the top of the work of Abdel-Hafez and Xu [1]
and based on the recent literature, Piao and Breslin [22] recom-
mend several new directions, related to (1) mining user interests,
(2) multi-faceted user interests, (3) comprehensive user modelling,
and (4) evaluation of user modelling strategies. They detail the need
for more sophisticated approaches for understanding the semantics
of UGC. For instance, to infer implicit user interests, they suggest to
consider the context referring to some previous microblogs posted
by the user and to leverage collective knowledge via frequent pat-
tern mining approaches. As Abdel-Hafez and Xu [1], they indicate
that more comprehensive user modelling strategies should be in-
vestigated by considering different dimensions of user modelling -
obtained from several data sources - together and whether there is a
synergistic effect on application performance by their combination.
They further propose to combine different data sources not only
frommultiple OSNs but also inside the target platform itself. Finally,
they observe how the lack of common benchmarks and datasets
hinders comparison among the approaches proposed in previous
studies. To this end, they suggest to provide all approaches as user
modelling libraries - publicly available - so that other researchers
can easily reimplement them for comparison.

3 A FRAMEWORK FOR OSNS USER
BEHAVIOUR MODELLING

Based on the future directions outlined by Piao and Breslin [22]
and considering the current state of the art, research questions to
fill these research gaps can be summarized as follow. i) Are hy-
pergraphs a valid tool to comprehensively model a user behaviour
profile? ii) How and to what extent can this model be enhanced with
activity-related and semantic user data? iii) Is there a positive effect
on the performance of a given application by combining several
data sources and modelling approaches?

To answer these questions, we intend to design and implement
a framework to comprehensively model a user profile. This frame-
work will thus allow i) an easier combination and comparison of
several data sources (within the same platform and/or across vari-
ous OSNs), and ii) the construction and comparison of different user
behaviour models according to the selected application task. As a
novel behaviour profiling technique, we propose hypergraphs to
combine: i) activity-related data - in terms of activity typology and
interaction patterns, ii) structural data - related to a user activity
and friendship networks - and iii) semantic data - related to the UCG
(we will be focusing on textual content, in terms of both topics dis-
cussed and sentiment expressed). Each dimension will be evaluated
on the temporal axis to consider the dynamic nature of the user
behaviour. We further plan to propose hybrid modelling approaches
based on hypergraphs and machine learning (ML) techniques.

The development of this framework will reflect the phases sum-
marized as follows: i) design and tuning of methods and techniques
to implement, ii) implementation of the approaches to profile OSNs
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Figure 1: The process of generating user behaviour profiles
through our component-based framework.

users and iii) experimentation using platform data that allow or will
allow in future to access them. The architectural modularity is a
fundamental requirement for the proposed system in order to: (i)
be independent from both the OSNs and the domain of application,
and (ii) guarantee the easy extension to other data sources and
approaches. The extensive amount and the dynamicity of the re-
quired data highlight the need to implement such a framework in a
distributed manner in order to guarantee efficiency. Fig. 1 presents
the general process of generating user behaviour profiles, showing
the component-based architecture of our framework.

3.1 Data Manager Component
Working with OSNs as data sources implies to take into account the
mechanisms made available by the queried platforms to retrieve
the necessary information and manage their rate limits. In previous
studies [5, 6], we crawled the microblogging platform Twitter due
to the openness of its APIs and its popularity. During this doctoral
project, we will keep monitoring the evolution of the OSNs and the
mechanisms that they make available to crawl their data in order to
include them in our framework. As storage solution, we chose the
document-based model MongoDB as it fits with the requirements
of our framework and it is widely used in literature [20]. We will
evaluate and introduce new storage technologies as the size of our
dataset will start increasing and we will have to handle non-textual
data. This data manager component will act as a common interface
to query a subset of OSNs to (i) make the design and the execution
of the same experiment easier on several OSN platforms and (ii)
aggregate data from multiple OSNs in a simpler way.

3.2 User Behaviour Modeller Component
This Section describes in more detail our strategy to analyse OSNs
user behaviour and the progress made to date towards this direction.
This component will consist in scalable and efficient libraries to
improve the reproducibility and the evaluation of the designed
experiments. We plan to support several independent approaches
(e.g. structural, hybrid) to construct user behaviour profiles, whose
results can be easily combined and compared within the framework.

Activity-based approach. In a first approach to characterize OSNs
users’ behaviour, we considered the information related to the vol-
ume and typology of the activities made by the OSNs users, exam-
ining both static [5] and dynamic [6] data, respectively computed

from a user’s profile and posts history. Our main purpose was to un-
derstand how well this kind of information reflects different levels
of user activity in online platforms, in terms of active and lurking
behaviours. In the online platforms context, a lurker is a user who
does not contribute to any content, but he/she only reads it.

Experimental setup.As described in Section 3.1, we conducted our
analyses on the microblogging platform Twitter. To build a dataset
as heterogeneous as possible, we collected four sub-datasets of
users: a random sample of Twitter users (122,894) and three groups
representing as many Twitter communities (around 300,000 users
each). In our first work [5], we analysed static snapshots of a user’s
profile based on his/her whole history of interaction, considering
the total number of likes, statuses, friends, followers and, subscrip-
tion lists. We analysed all datasets independently. In our second
work [6], we investigated two typologies of features: (i) the number
and frequency of the activities, and (ii) their typology, evaluated
during a given period of time. In this second case, we analysed only
the random dataset. The analysis of the temporal dimension will
be presented in a journal article, currently in preparation.

Experimental evaluation. Since this kind of datasets lacks the
presence of ground truth, we used the K-means algorithm - a com-
mon data mining approach to extract grouping patterns without
any prior knowledge of their characteristics. We clustered our data
according to the sets of features previously described. We repeated
this process varying the features values over the observation pe-
riod and analysed the differences among the partitions produced to
evaluate migration patterns.

Experimental results. Our analyses showed that profile-based
information is useful in characterizing users influence level and
highlighting famous accounts in a Twitter online community. Nev-
ertheless, they fail to capture whether a user is active/passive. On
the other hand, timeline-based information captures a strong sep-
aration of users in four levels of activity (high, medium, low, no-
activity). Analysing the time dimension, we further observed that
users tend not to change their active or passive behaviour. Our
data-driven findings suggest that only 3 users out of 4 are lurkers -
interestingly, less than the proportion suggested by the 90-9-1 rule
about participation inequality 1 in online communities.

Structural approach. For the structural approach, we aim to ex-
plore which insights a user activity and interaction networks can
offer about his/her online behaviour. Our idea is to describe these
relations through hypergraphs, able to model more general types of
relations than graphs do [8]. A hypergraph is a graph in which an
edge can connect more than two vertices (in other words, an edge is
a subset of vertices). This mathematical object can thus capture if a
vertex shares a common property/relation with others. In practice,
we can model - for instance - if two or more OSNs users comment
the same post or have the same interests.

We are currently implementing an open library2 to model hy-
pergraphs, written in Julia. The Julia programming language is
getting more attention by the scientific community thanks to its
flexibility as a dynamic language, appropriate for scientific and
numerical computing, and its performance comparable to tradi-
tional statically-typed languages. The designed model aim to be as

1https://www.nngroup.com/articles/participation-inequality
2https://github.com/pszufe/SimpleHypergraphs.jl
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general as possible in order to be easily instantiated according to
the application requirements. It further allows the user to attach
metadata to both vertices and hyperedges to appropriately repre-
sent additional real-world problem data. A line of inquiry we are
pursuing is related to understand to what extent a hypergraph can
give qualitative better information respect to its graph represen-
tations - such as line graphs, incidence graphs, and two-section
graphs. We are using the 2019 Yelp dataset challenge to validate our
hypothesis, which contains more than 9GB of information related
to users, businesses, and reviews. As near future development, we
plan to further investigate the Yelp dataset in contexts of RecSys
and community detection. On top of our research about user en-
gagement and recent literature, we will continue working on the
lurker detection task.

Hybrid approach. As a future direction, our intent is to exploit
hybrid approaches that combine either user data of different nature
and modelling techniques. Our purpose is to evaluate how and if
the combination of different kinds of data and models can enhance
the construction of a user behavioural profile in several application
domains (e.g. lurker detection). For instance, we plan to integrate
activity-related and semantic user information in the construction
of the hypergraph. We further intend to combine the proposed
modelling techniques based on hypergraphs with ML approaches.

4 CONCLUSIONS ANDWORKING TIMELINE
In this work, we have outlined a collection of open research prob-
lems and challenges that need to be faced when dealing with the
user profiling task. The main contributions of our research will
consist in proposing novel techniques to comprehensively model
OSNs user behaviours by exploiting hypergraphs. These proposed
approaches will be integrated into a component-based framework
that will allow to easily combine and compare both heterogeneous
data sources and approaches for OSNs user behaviour modelling.

During the first year of the PhD programme, we have planned
to (i) conduct a comprehensive literature review, (ii) have a stable
version of the library to model hypergraphs, (iii) deliver the Data
Manager component, and (iv) implement the structural approach.
In the second year we plan to (i) merge the activity-based and
structural approaches, and (ii) study how to model and integrate
the semantic information. During the third and last year of the PhD
programme we plan to extend our research and experiments to
other OSNs and hybrid approaches.
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