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Abstract

In this paper, we propose a novel data model for Mul-
timedia Social Networks, i.e. particular social media net-
works that combine information on users belonging to one
or more social communities together with the content that
is generated and used within the related environments. The
proposed model relies on the hypergraph data structure to
capture and represent in a simple way all the different kinds
of relationships that are typical of social media networks,
and in particular among users and multimedia content. We
also introduce some user and multimedia ranking functions
to enable different applications. Finally, some experiments
concerning effectiveness of the approach for supporting rel-
evant information retrieval activities are reported and dis-
cussed.

1 Introduction

Social media networks provide users an interactive plat-
form to create and share multimedia content such as text,
image, video, audio, and so on. Just as an example, each
minute thousands of tweets are sent on Twitter, several hun-
dreds of hours of videos are uploaded to YouTube, and a
huge quantity of photos are shared on Instagram or up-
loaded to Flickr.

Within these “interest-based” networks, each user inter-
acts with the others through a multimedia content and such
interactions create “social links” that well characterize the
behaviors of involved users in the networks. Here, multime-
dia data seems to play a “key-role” especially if we consider
the Social Network Analysis (SNA) perspective: represent-
ing and understanding user-multimedia interaction mecha-
nisms can be useful to predict user behavior, to model the
evolution of multimedia content and social graphs, to design

human-centric multimedia applications and services and so
on. In particular, several research questions have to be ad-
dressed:

• It possible to exploit multimedia features and the no-
tion of similarity to discover more useful links?

• Can all the different types of user annotations (e.g. tag,
comment, review, etc.) and interactions with multime-
dia objects provide a further support for an advanced
network analysis?

• Is it possible to integrate and efficiently manage in a
unique network the information coming from different
social media networks (for example, a Twitter user has
usually an account also on Instagram or Flickr)?

• How can we deal with a very large volume of data?

• In this context, how is possible to model all the various
relationships among users and multimedia objects[1]?
Are the “graph-based” strategies still the most suitable
solutions?

To capture the described issues, we adopt the term Mul-
timedia Social Networks (MSNs) to indicate “integrated so-
cial media networks that combine the information on users,
belonging to one or more social communities, together with
all the multimedia contents that can be generated and used
within the related environments”.

Actually, the term MSN have been used over the last
years in the literature together with Social Multimedia Net-
work or Social Media Network to indicate information net-
works that leverage multimedia data in a social environ-
ment for several purposes: distributed resource allocation
for multimedia content sharing in cloud-based systems [2],
generation of personalized multimedia information recom-
mendations in response to specific targets of interests [3],
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evaluation of the trust relationship among users [4], high di-
mensional video data distribution in social multimedia ap-
plications [5], characterization of user behavior and infor-
mation propagation on the base of multimedia sharing ac-
tivities [6], representation of a social collaboration network
of archeologists for cultural heritage applications [7], just to
cite some of the most recent proposals.

In this paper, inspired by hypergraph based approaches,
we propose a novel data model[8, 9] for Multimedia Social
Networks. Our model provides a solution for representing
MSNs sufficiently general with respect to: i) a particular
social information network, ii) the different kinds of enti-
ties, iii) the different types of relationships, iv) the different
applications[10, 11]. Exploiting hypergraphs, the model al-
lows us to represent in a simple way all the different kinds
of relationships that are typical of a MSN (among multi-
media contents, among users and multimedia content and
among users themselves) and to enable several kinds of ana-
lytics and applications by means[12, 13] of the introduction
of some user and multimedia (global and “topic sensitive”)
ranking functions.

We exploit functionalities of a well know framework for
NLP processing, GATE [14] in order to extract relevant in-
formation from the famous online social network Yelp.

The paper is organized as in the following. Section 2
describes in details and using different examples our model
with its properties and foundations. Section 3 shows the
obtained experimental results using a standard Yelp dataset,
while Section 4 reports conclusions and the future work.

2 The MSN data model

2.1 Basic Concepts

In our vision, a MSN is basically composed by three dif-
ferent entities:

• Users - the set of persons and organizations constitut-
ing the particular social community[15, 16]. Several
information concerning their profile, interests, prefer-
ences, etc. can be exploited by our model.

• Multimedia Objects - the set of multimedia resources
(i.e. images, video, audio, etc.) that can be shared
within a MSN community. High level (metadata) and
low level information (features) can be properly used
in our model.

• Annotation Assests - the most significant terms or
named entities - whose definition can be retrieved from
dictionaries, ontologies and so on - of a given domain,
or topics, exploited by users to annotate multimedia
data and derived from the analysis of textual informa-
tion such as keywords, labels, tags, comments etc.

Several types of relationships can be established among
the described entities: for example, a user can annotate an
image with a particular tag, two friends can comment the
same post, a user can tag another user in a photo, a user can
share some videos within a group and so on.

Due to the variety and complexity of these relationships,
we decided to leverage the hypergraph formalism to model
a MSN. In particular, our model relies on several concepts,
Multimedia Social Network (seen as particular a weighted
hypergraph) and social paths (i.e. hyperpaths), which basic
definitions are provided in the following.

Definition 2.1 (MSN) A Multimedia Social Network
MSN is a triple (V ;He = {ei : i ∈ I};ω), V being
a finite set of vertices, He a set of hyperedges with a
finite set of indexes I and ω : He → [0, 1] a weight
function. The set of vertices is defined as V = U ∪M ∪A,
U being the set of MSN users, M the set of multimedia
objects and A the set of annotation assets. Each hy-
peredge ei ∈ He is in turn defined by a ordered pair
ei = (e+i = (V +

ei , i); e
−
i = (i, V −

ei )). The element e+i is
called the tail of the hyperarc ei whereas e−i is its head,
V +
ei ⊆ V being the set of vertices of e+i , V −

ei ⊆ V the set of
vertices of e−i and Vei = V +

ei ∪ V
−
ei the subset of vertices

constituting the whole hyperedge.

Actually, vertices and hyperedges are abstract data types
with a set of properties (attributes and methods) that permit
to support several applications. We use the “dot notation” to
identify the attributes of a given vertex or hyperedge: as an
example, ei.id, ei.name, ei.time and ei.type represent the id,
name, timestamp and type of the hyperedge ei, respectively.

In addition, the weight function can be used to define the
confidence or uncertainty of a given relationship in terms of
probability, fuzzy membership, etc.

Definition 2.2 (Social path) A social path between vertices
vs1 and vsk of a MSN is a sequence of distinct ver-
tices and hyperedges vs1 , es1 , vs2 , ..., esk−1

, vsk such that
{vsi , vsi+1

} ⊆ Vesi for 1≤ i ≤ k − 1. The length of

the hyperpath is α ·
∑k−1
i=1 ·

1
ω(esi )

, α being a normalizing
factor. We say that a social path contains a vertex vh if
∃esi : vh ∈ esi .

Social paths between two nodes leverage the different
kinds of relationships (see Section 3.2): a given path can
“directly” connect two users because they are “friends” or
members of the same group, or “indirectly”, as they have
shared the same picture or commented the same video.

2.2 Relationships

Analyzing the different types of relationships that can
be established in the main social media networks, we have
identified three categories:



• User to User relationships, describing user actions to-
wards other users;

• Similarity relationships, describing a relatedness be-
tween two multimedia objects, users or annotation as-
sets;

• User to Multimedia relationships, describing user
actions on multimedia objects, eventually involving
some annotation assets or other users.

Definition 2.3 (User to User relationship) Let Û ⊆ U a
subset of users in a MSN, we define user to user relationship
a hyperedge ei with the following properties:

1. V +
ei = uk such that uk ∈ Û ,

2. V −
ei = Û − uk.

The weight function for such relationship returns as value
Ĥkj

Hk
, Ĥkj being the average number of distinct user to user

social paths between uk and uj for each uj ∈ Û − uk, and
Hk the number of user to user paths having as initial vertex
uk

1.

Examples of “user to user” relationships are represented
by friendship, following or membership in On-line Social
Networks[17]. To better explain this type of relationships,
we provide in Figure 1 an example of friendship relation-
ship.

Figure 1. Friendship relationship

Definition 2.4 (Similarity relationship) Let vk, vj ∈ V
(k 6= j) two vertices of the same type of a MSN, we de-
fine similarity relationship a hyperedge ei with the following
properties:

1. V +
ei = vk,

2. V −
ei = vj .

The weight function for this relationship returns similarity
value between the two vertices.

1In this case ω represents the strengthness of the relationship between
two users with respect to the other users.

The similarity relationships are defined on the top of a
similarity function fsim : V × V → R. It is possible to
compute a similarity value:

• between two users by considering different types of
features (interests, profile information, preferences,
etc.);

• between two multimedia objects using the well-known
(high and low level) features and metrics proposed in
the literature;

• between two annotation assets exploiting the related
topics and the well-known metrics on vocabularies or
ontologies.

In our model, a similarity hyperedge is effectively gen-
erated if ω(~ei) ≥ γ, γ being a given threshold. To better
explain this type of relationships, we provide in Figure 2 an
example of multimedia similarity relationship.

Figure 2. Multimedia similarity relationship

Definition 2.5 (User to Multimedia relationship) Let
Û ⊆ U a set of users in a MSN and M̂ ⊆M a set of multi-
media objects, we define user to multimedia relationship an
hyperedge ei with the following properties:

1. V +
ei = uk such that uk ∈ Û ,

2. V −
ei ⊇ M̂ .

The weight function for such relationship reurns as value
Ĥkj

Hk
, Ĥkj being the average number of distinct user to mul-

timedia social paths between uk and mj for each mj ∈ M̂ ,
and Hk the number of user to multimedia paths having as
initial vertex uk2.

Examples of “user to multimedia” relationships are rep-
resented, as an example, by publishing, reaction, annotation
(in this case the set V −

ei also contains one or more annota-
tion assets) or user tagging (involving also one ore more
users) activities. To better explain this type of relationships,
we provide in Figure 3 an example of multimedia tagging
relationship.

2In this case ω represents the strengthness of the relationship between
a user and a given multimedia object with respect to the other objects.



Figure 3. Multimedia tagging

2.3 Ranking functions

Ranking functions can be profitably used to “rank” users
and multimedia objects in a MSN in an absolute way or with
respect to a given topic of interest. Let us first introduce
some preliminary definitions.

Definition 2.6 (Distances) We define minimum distance
(dmin(vi, vj)), maximum distance (dmax(vi, vj)) and aver-
age distance (davg(vi, vj)) between two vertices of a MSN
the length of the shortest hyperpath, the length of the longest
hyperpath and the average length of the hyperpaths between
vi and vj , respectively. In a similar manner, we define the
minimum distance (dmin(vi, vj |vk)), maximum distance
(dmax(vi, vj |vk)) and average distance (davg(vi, vj |vk))
between two vertices vi and vj , for which there exists a hy-
perpath containing vk.

In the computation of distances, we apply a penalty if the
considered hyperpaths contain some users: all the distances
can be computed as d̃(vi, vj) = d(vi, vj) + log(β · N), N
being the number of user vertices in the hyperpath between
vi and vj and β a scaling factor3.

Definition 2.7 (λ-Nearest Neighbors Set) Given a vertex
vi ∈ V of a MSN, we define the λ-Nearest Neighbors Set
of vi the subset of vertices NNλ

i such that ∀vj ∈ NNλ
i

we have d̃min(vi, vj) ≤ λ with vj ∈ U . Considering only
the constrained hyperpaths containing a vertex vk, we de-
note with NNλ

ik the set of nearest neighbors of vi such that
∀vj ∈ NNλ

ik we have d̃min(vi, vj |vk) ≤ λ.

If we consider as neighbors only vertices belonging to
user type, the NNλ set is called λ-Nearest Users Set and
denoted as NNUλ, similarly in case of multimedia objects
we define the λ-Nearest Objects Set as NNOλ . On the
top of such definitions, we are able to introduce the ranking
functions.

3Such strategy is necessary in the ranking to penalize lurkers, i.e.users
of a MSN that are quite inactive and not directly interact with multimedia
content but through user to user relationships.

Definition 2.8 (User Ranking function) Given a user
ui ∈ U and a subset of users Û ⊆ U(ui /∈ Û) of a MSN, a
user ranking function is a particular function ρ : U → [0, 1]
able to associate a specific rank to the user ui with respect
to the community Û that is computed as in the following:

ρui

(
Û
)
=

∣∣∣NNUλui
∩ Û

∣∣∣∣∣∣Û ∣∣∣ (1)

NNUλi being the λ-Nearest Users Set of ui.

Definition 2.9 (Multimedia Ranking function) Given a
multimedia object mi ∈ M and a subset of users Û ⊆ U
of a MSN, a multimedia ranking function is a particular
function ρ : M → [0, 1] able to associate a specific rank
to the object mi with respect to the community Û that is
computed as in the following:

ρmi

(
Û
)
=

∣∣∣NNUλmi
∩ Û

∣∣∣∣∣∣Û ∣∣∣ (2)

NNUλmi
being the λ-Nearest Users Set of mi.

In a similar manner, considering only hyperpaths con-
taining a given topic aj we can define the topic sensitive

user (ρajui

(
Û
)

) and multimedia (ρajmi

(
Û
)

) ranking func-
tions.

Definition 2.10 (Topic User Ranking function) Given a
user ui ∈ U and a subset of users Û ⊆ U(ui /∈ Û) of a
MSN, a topic user ranking function is a particular function
ρau : U ×A→ [0, 1] able to associate a specific rank to the
user ui with respect to the community Û given the topic aj
that is computed as in the following:

ρajui

(
Û
)
=

∣∣∣NNλ
ij ∩ Û

∣∣∣∣∣∣Û ∣∣∣ (3)

NNλ
uij

being the λ-Nearest Users Set of ui given aj .

Definition 2.11 (Topic Multimedia Ranking function)
Given a multimedia object mi ∈ M and a subset of users
Û ⊆ U of a MSN, a multimedia ranking function is a par-
ticular function ρam : M × A → [0, 1] able to associate a
specific rank to the object mi with respect to the community
Û given the topic aj that is computed as in the following:

ρajmi

(
Û
)
=

∣∣∣NNλ
kj ∩ Û

∣∣∣∣∣∣Û ∣∣∣ (4)

NNλ
mij

being the λ-Nearest Users Set of mi given aj .



Figure 4. Proposed prototype

In our model the concept of rank of a given node is re-
lated to the concept of influence, and in our vision it can be
measured by the number of user nodes that are “reachable”
within a certain number of steps using social paths.

By similarity relationships paths can be “implicitly” in-
stantiated: two users (that are not friend, do not belong to
any group and do not share any multimedia object) have an-
notated two images that are very similar, or they have com-
mented two different posts which concern similar topics.

3 Methodology to extract information by So-
cial Network

In order to apply our ranking evaluation we have to ex-
tract information about the posts of the customers of an On-
line Social Network. In this section, we describe our analy-
ses performed on Yelp social network.
The Dataset used for the experimentation is given by Yelp
website, it is is composed by: 4.1 millions of reviews, 947
thousands of tips posted by 1 million users for 144 thou-
sands of businesses.

In order to obtain information about each review, we
used Gate NLP Tool developed by University of Sheffield
(https://gate.ac.uk).

Gate is an open source software able to solve many text-
processing problems. This tool is plugin-based so is pos-
sible to customize the processing steps adding or removing
modules, in order to obtain different results.
Gate components are specialized types of Java Bean and are
of three type:

• Language resources (LRs): entities such as lexicons,
corpora or ontologies.

• Processing resources (PRs): entities such as parsers,
generators or ngram modellers.

• Visual resources (VRs): visualization and editing com-
ponents

Gate’s CORE, for its structure, is named CREOLE: Col-
lection of Reusable Objects for Language Engineering.

Because Yelp reviews are encoded as a set of JSON tu-
ples, a semi-structured data type, we needed to store this
dataset into a NoSQL Database. We chose CouchDB, a
Document-Oriented Database by Apache Foundation.

CouchDB is a schemaless database with an intuitive
HTTP/JSON API. It speaks JSON natively so it is what we
needed. To perform analysis on each review, we used an Of-
ficial plugin of the GATE framework, developed for Twitter.

The pipeline used in this plug-in is composed by:

• Document reset:for resetting the default annotation set;

• TwitIE: a pipeline specialized to analyze tweets.

• Gate Morphological Analyzer: taking as input a to-
kenized GATE document. Considering one token
and its part of speech tag, one at a time, it identi-
fies its lemma. LanguageProcessingGaz: an ANNIE
Gazetteer. The role of the gazetteer is to identify entity
names in the text based on lists.



Figure 5. Review Analysis Pipeline

Figure 6. TwitIE Pipeline

• Verb Lists Extended Gazetteer: an extended version of
the Gate Default List Gazetteer.

• Noun Phrase Chunker: The NP Chunker application
is a Java implementation of the Ramshaw and Mar-
cus BaseNP chunker which attempts to insert brackets
marking noun phrases in text which have been marked
with POS tags

• ANNIE VP Chunker: The rule-based verb chunker,
based on a number of English grammars.

• Entity Conversion, ANNIE NE Transducer: a seman-
tic tagger. It contains rules, which act on annotations
assigned in earlier phases, in order to produce outputs
of annotated entities.

• Opinion Grammar, ANNIE NE Transducer.

• TwitIE is a specialized pipeline that is composed by
many components.

The core of this application is TextCat Language Identifi-
cation and a huge set of gazetteers customized to recognize
hashtags and emojis.
TextCat Language Identification is necessary because our
dataset is composed by reviews written in English, French
and Deutsch natural language. TwitIE is the lexical and se-
mantic analyzer in our pipeline and its results allow to per-
form deeper text analysis.

We use the described GATE functionalities in order to
analyze the set of reviews. We have to set the documents
parameters.

We create a Corpus from the input Documents.
We launch the system functionalities by selecting the

Application English-OM and set the corpus to analyze.
After the computation ended, we to check the results
Double-click on Document, click on Annotation Sets and
Annotation List to view tags.
Each sentence that have a sentiment[18], will be tagged as
SentenceSentiment with a set of Features[19], that are cus-
tomizable using a JAPE Grammar: a set of phases, each of
which consists of a set of pattern/action rules. The phases
run sequentially and constitute a cascade of finite state
transducers over annotations. The left-hand-side (LHS) of
the rules consist of an annotation pattern description. The
right-hand-side (RHS) consists of annotation manipulation
statements.

In order to manage the 4.1 millions of reviews compos-
ing the dataset, we created a batch java program that up-
loaded the reviews as Document on CouchDB. After that,
our program perform a HTTP GET request to database to
obtain, for each single file, the text of the review, executing
Gate on it, load Sentiment parameters and perform the Sen-
timent Analysis. The last step is to update the Document on
CouchDB, performing an HTTP PUT request. The obtained

Figure 7. Corpus Selection



Figure 8. Document Annotations View

Figure 9. Information about reviews

Figure 10. Obtained Output

information are structured in two fields:
Score, representing the sentiment of the entire review. It

is the mean value of the single sentences score. Sentences,
which is an array of sentences that generated Score.

4 Conclusions and Future Work

In this paper we described a data model for Multime-
dia Social Networks, extracting and modelling information
about users. Inspired by hypergraph based approaches,
our model provides a solution for representing MSNs suf-
ficiently general with respect to: i) a particular social in-
formation network, ii) the different kinds of entities, iii)
the different types of relationships, iv) the different appli-
cations.

We developed a methodology using a combination of
modules applications provided by GATE NLP toolkit, that
allows the extraction of relevant information from post re-
lated to the online social network Yelp.

As future work, we are planning to exploit the introduced
ranking functions to support multimedia recommendation
and influence analysis applications, in order to perform an
experimental evaluation of the proposed model.

References

[1] F. Moscato, “Exploiting model profiles in require-
ments verification of cloud systems,” International
Journal of High Performance Computing and Net-
working, vol. 8, no. 3, pp. 259–274, 2015.

[2] G. Nan, C. Zang, R. Dou, and M. Li, “Pricing
and resource allocation for multimedia social network
in cloud environments,” Knowledge-Based Systems,
vol. 88, pp. 1 – 11, 2015.

[3] D. Liu, G. Ye, C.-T. Chen, S. Yan, and S.-F. Chang,
“Hybrid social media network,” in Proceedings of the
20th ACM international conference on Multimedia.
ACM, 2012, pp. 659–668.

[4] Z. Zhang and K. Wang, “A trust model for multimedia
social networks,” Social Network Analysis and Min-
ing, vol. 3, no. 4, pp. 969–979, 2013.

[5] X. Ji, Q. Wang, B.-W. Chen, S. Rho, C. J. Kuo, and
Q. Dai, “Online distribution and interaction of video
data in social multimedia network,” Multimedia Tools
and Applications, pp. 1–14, 2014.

[6] F. T. O’Donovan, C. Fournelle, S. Gaffigan,
O. Brdiczka, J. Shen, J. Liu, and K. E. Moore, “Char-
acterizing user behavior and information propagation
on a social multimedia network,” in Multimedia and



Expo Workshops (ICMEW), 2013 IEEE International
Conference on. IEEE, 2013, pp. 1–6.

[7] V. Moscato, A. Picariello, and V. Subrahmanian,
“Multimedia social networks for cultural heritage ap-
plications: the givas project,” in Data Management in
Pervasive Systems. Springer, 2015, pp. 169–182.

[8] B. Di Martino and F. Moscato, “An ontology based
methodology for automated algorithms recognition in
source code,” 2010, pp. 1111–1116.

[9] F. Moscato, “Model driven engineering and verifica-
tion of composite cloud services in metamorp(h)osy,”
2014, pp. 635–640.

[10] F. Amato, A. Mazzeo, V. Moscato, and A. Picariello,
“A framework for semantic interoperability over the
cloud,” in Advanced Information Networking and Ap-
plications Workshops (WAINA), 2013 27th Interna-
tional Conference on. IEEE, 2013, pp. 1259–1264.

[11] F. Amato, M. Barbareschi, V. Casola, and A. Mazzeo,
“An fpga-based smart classifier for decision support
systems,” in Intelligent Distributed Computing VII.
Springer, 2014, pp. 289–299.

[12] M. Albanese, A. d’Acierno, V. Moscato, F. Persia, and
A. Picariello, “A multimedia recommender system,”
ACM Transactions on Internet Technology (TOIT),
vol. 13, no. 1, p. 3, 2013.

[13] V. Moscato, A. Picariello, and A. M. Rinaldi, “To-
wards a user based recommendation strategy for dig-
ital ecosystems,” Knowledge-Based Systems, vol. 37,
pp. 165–175, 2013.

[14] H. Cunningham, D. Maynard, K. Bontcheva, and
V. Tablan, “A framework and graphical development
environment for robust nlp tools and applications.” in
ACL, 2002, pp. 168–175.

[15] W. Balzano, M. R. Del Sorbo, and S. Stranieri, “A
logic framework for c2c network management,” in
Advanced Information Networking and Applications
Workshops (WAINA), 2016 30th International Confer-
ence on. IEEE, 2016, pp. 52–57.

[16] W. Balzano, M. R. Del Sorbo, A. Murano, and
S. Stranieri, “A logic-based clustering approach for
cooperative traffic control systems,” in International
Conference on P2P, Parallel, Grid, Cloud and Inter-
net Computing. Springer, 2016, pp. 737–746.

[17] W. Balzano, A. Murano, and F. Vitale, “V2v-en–
vehicle-2-vehicle elastic network,” Procedia Com-
puter Science, vol. 98, pp. 497–502, 2016.

[18] F. Colace, M. De Santo, and L. Greco, “A probabilis-
tic approach to tweets’ sentiment classification,” in Af-
fective computing and intelligent interaction (ACII),
2013 humaine association conference on. IEEE,
2013, pp. 37–42.

[19] F. Colace, M. De Santo, L. Greco, V. Moscato, and
A. Picariello, “A collaborative user-centered frame-
work for recommending items in online social net-
works,” Computers in Human Behavior, vol. 51, pp.
694–704, 2015.


