future internet
Article

A Multi-Agent Architecture for Data Analysis
Gianfranco Lombardo, Paolo Fornacciari , Monica Mordonini , Michele Tomaiuolo
Agostino Poggi *

and

Department of Engineering and Architecture, University of Parma, 43124 Parma, Italy;
gianfranco.lombardo@unipr.it (G.L.); paolo.fornacciari@unipr.it (P.F.); monica.mordonini@unipr.it (M.M.);
michele.tomaiuolo@unipr.it (M.T.)
* Correspondence: agostino.poggi@unipr.it; Tel.: +39-0521-905728
Received: 20 December 2018; Accepted: 13 February 2019; Published: 18 February 2019




Abstract: ActoDatA (Actor Data Analysis) is an actor-based software library for the development of
distributed data mining applications. It provides a multi-agent architecture with a set of predefined
and configurable agents performing the typical tasks of data mining applications. In particular,
its architecture can manage different users’ applications; it maintains a high level of execution quality
by distributing the agents of the applications on a dynamic set of computational nodes. Moreover,
it provides reports about the analysis results and the collected data, which can be accessed through
either a web browser or a dedicated mobile APP. After an introduction about the actor model and
the software framework used for implementing the software library, this article underlines the main
features of ActoDatA and presents its experimentation in some well-known data analysis domains.
Keywords: social media analysis; data mining; multi-agent architecture; actor model; Java

1. Introduction
In the last few years, there has been a growing interest in managing and collecting large,
heterogeneous amounts of data concerning people, their habits, and opinions. This interest is mainly
due to the new kinds of interactions that have been enabled by the widespread use of mobile
technologies and social media platforms by an ever-increasing number of people [1]. As a consequence
of this social phenomenon, the interest in analyzing these data is shared among a varied set of
stakeholders, who aim at extracting useful information from them. For example, while companies
are mainly interested in information about fidelity to their brands and products, politicians and
decision-makers look for information about emerging social trends, political opinions, and, more
recently, about the diffusion of fake news. Another consequence is that, quite recently, several research
groups and information technology companies have worked and are still working on providing data
analysis tools and libraries and so, nowadays, developers have several alternatives for building their
data analysis applications.
This article presents an actor-based software library, ActoDatA (Actor Data Analysis), providing a
set of suitable software components for realizing a flexible infrastructure for data mining applications.
It can integrate data analysis and machine-learning algorithms and components provided by the
different Java and Python software libraries available on the market. The next section provides an
overview of the software framework used for the implementation of ActoDatA. Section 3 describes the
multi-agent architecture and the other software components offered by ActoDatA for the development
of social media applications. Section 4 shows the experimentation of the software library in some
well-known data analysis application domains. Section 5 introduces related work. Finally, Section 6
concludes the article by discussing its main features and the directions for future work.

Future Internet 2019, 11, 49; doi:10.3390/fi11020049

www.mdpi.com/journal/futureinternet

Future Internet 2019, 11, 49

2 of 12

2. ActoDeS
Overview
Future Internet
2019, 11 FOR PEER REVIEW

2

ActoDeS (Actor Development System) is a software framework for the development of concurrent
ActoDeS (Actor Development System) is a software framework for the development of
andconcurrent
distributed
systems [2,3], implemented by using the Java language and experimented in different
and distributed systems [Error! Reference source not found.,Error! Reference source not
application
domains (see,byfor
example,
[4–6]).
This and
software
framework
takes advantage
of concurrent
found.], implemented
using
the Java
language
experimented
in different
application
domains
objects
(hereafter
named
actors)
derived
from
the
actor
model
[7],
and
of
pre-existent
Java
software
(see, for example, [Error! Reference source not found.–Error! Reference source not found.]).
This
libraries
and
solutions
for
supporting
concurrency
and
distribution.
The
development
of
a
standalone
software framework takes advantage of concurrent objects (hereafter named actors) derived from the
or distributed
consists
in (i) not
the definition
of the
behaviors assumed
by itslibraries
actors and
actor model application
[Error! Reference
source
found.], and
of pre-existent
Java software
and(ii)
thesolutions
configuration
of a few parameters.
Through
appropriateThe
configuration,
it isofpossible
to selectorthe
for supporting
concurrency
and distribution.
development
a standalone
most
appropriate
implementation
of(i)
the
actors
and ofofthe
runtime
components
of theand
application.
distributed
application
consists in
the
definition
theother
behaviors
assumed
by its actors
(ii) the
In configuration
fact, the possibility
using different
implementations
of the actors
and of the
other
of a few of
parameters.
Through
appropriate configuration,
it is possible
to select
theruntime
most
appropriate
implementation
of the
actors and
of the other
components
of the application.
In
components
can
guarantee some
execution
attributes
of anruntime
application
(e.g., performance,
reliability,
fact,
the
possibility
of
using
different
implementations
of
the
actors
and
of
the
other
runtime
and scalability). Moreover, the deployment of an application on a distributed architecture is simplified
components
can
guarantee
execution
attributes node
of an application
(e.g., performance,
reliability,
because
an actor
can
move tosome
another
computational
and can transparently
communicate
with
and actors.
scalability). Moreover, the deployment of an application on a distributed architecture is
remote
simplified
because
an actor is
can
move by
to aanother
computational
node
and can transparently
In ActoDeS,
an application
defined
set of actors
that interact
by exchanging
asynchronous
communicate
with
remote
actors.
messages. Actors can send messages only to known actors, i.e., actors of which they know the
In ActoDeS, an application is defined by a set of actors that interact by exchanging asynchronous
addresses.
There are three ways for an actor to know the address of another actor: (i) It receives a
messages. Actors can send messages only to known actors, i.e., actors of which they know the
message from the other actor; (ii) it receives a message whose content contains the address of the other
addresses. There are three ways for an actor to know the address of another actor: (i) It receives a
actor; and finally (iii) it creates the other actor. After their creation, actors can change their behaviors
message from the other actor; (ii) it receives a message whose content contains the address of the
several times, until they kill themselves.
other actor; and finally (iii) it creates the other actor. After their creation, actors can change their
Each behavior has the main duty of processing the incoming messages that match certain message
behaviors several times, until they kill themselves.
patterns.
Therefore,
an unexpected
message
arrives, the
the incoming
actor maintains
it inthat
its match
mailbox
until a
Each
behaviorifhas
the main duty
of processing
messages
certain
behavior
will
be able Therefore,
to process it,
or aunexpected
behavior kills
the actor.
Thethe
processing
of the incoming
messages
message
patterns.
if an
message
arrives,
actor maintains
it in its mailbox
is performed
through
message
handlers.
In
response
to
a
message,
an
actor
uses
the
associated
handler
until a behavior will be able to process it, or a behavior kills the actor. The processing of the incoming
for:messages
(i) Sending
other messages;
(ii)message
creatinghandlers.
new actors;
(iii) changing
its local state
or itsuses
behavior;
is performed
through
In response
to a message,
an actor
the
(iv)associated
setting a timeout
receiving
a new
message;
finally
(v)actors;
killing(iii)
itself.
In particular,
handler within
for: (i) Sending
other
messages;
(ii)and
creating
new
changing
its localwhen
state a
timeout
fires, the actor
automatically
a timeout
to itself and
corresponding
message
or its behavior;
(iv) setting
a timeoutsends
within
receivingmessage
a new message;
and the
finally
(v) killing itself.
In
handler
is executed.
particular,
when a timeout fires, the actor automatically sends a timeout message to itself and the
corresponding
handler
is executed.
In ActoDeS, message
addresses,
messages,
and message patterns are all instances of Java classes. An actor
addresses,
messages,object
and message
patterns
all instances ofunique
Java classes.
An actor
addressInisActoDeS,
represented
by a reference
that acts
as bothare
a system-wide
identifier
and a
address
is
represented
by
a
reference
object
that
acts
as
both
a
system-wide
unique
identifier
and
local and remote proxy of an actor. A message is an object that contains a set of fields, maintaining athe
local header
and remote
proxy ofand
an actor.
A message
is anFinally,
object that
containspattern
a set ofisfields,
maintaining
typical
information
the message
content.
a message
an object
defined as
the
typical
header
information
and
the
message
content.
Finally,
a
message
pattern
is
an
object
a combination of constraints on the value of some message fields.
defined
as
a
combination
of
constraints
on
the
value
of
some
message
fields.
Depending on the complexity of the application and on the availability of computing and
Depending
on the complexity
of the
on the
computing
communication
resources,
a system can
be application
distributedand
on one
or availability
more actor of
spaces.
Eachand
actor
communication resources, a system can be distributed on one or more actor spaces. Each actor space
space corresponds to a Java Virtual Machine and so a system distributed on some actor spaces can
corresponds to a Java Virtual Machine and so a system distributed on some actor spaces can be
be deployed on one or more computational nodes. An actor space acts as “container” for a set of
deployed on one or more computational nodes. An actor space acts as “container” for a set of actors
actors and provides them the necessary services for their execution. Figure 1 shows the structure of an
and provides them the necessary services for their execution. Figure 1 shows the structure of an actor
actor space.
space.

Figure 1. The actor space structure.
Figure 1. The actor space structure.
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In particular, an actor space performs its tasks through three main runtime components (i.e.,
controller, dispatcher and registry) and through two runtime actors (i.e., the executor and the
service provider).
The controller is a runtime component that has the duty to manage the activities of an actor space.
It configures and starts the runtime components and the actors of the application and manages its
activities until the end of its execution.
The dispatcher is a runtime component that is meant to support the communication with the
other actor spaces of the application. It creates connections to/from the other actor spaces, manages
the reception of messages from the input connections, and delivers messages through the output
connections. This component can be configured by using different communication technologies (the
current release of the software supports ActiveMQ, MINA RabbitMQ, RMI, and ZeroMQ). Therefore,
an application can be configured with one of the such communication technologies. It can be useful to
support the interaction of an ActoDatA with other applications. Morever, ZeroMQ is used internally
in an ActoDatA application to support the communication between Java and Python agents.
The registry is a runtime component that supports actor creation and message passing. In fact,
it creates the references of new actors and supports the delivery of those messages that come from
remote actors by mapping each remote reference onto the local reference to the final destination of
the message.
The executor is a runtime actor that manages the execution of the actors of an actor space
and may create its initial actor(s). Of course, the duties of an executor depend on the type of
implementation of its actors and, in particular, on the type of threading solutions used in their
implementation. In fact, an actor can have its own thread (hereafter named active actor), or it can
share a single thread with the other actors of the actor space (hereafter named passive actor). Hence,
while the executors of active actors (called coordinators) delegate a large part of their work to the Java
runtime environment, the executors of passive actors (called schedulers) must completely manage
their execution by initializing them and by cyclically calling the method that performs a step of
their execution.
The service provider is a runtime actor that offers, to the other actors of the application,
the possibility of performing new kinds of actions (e.g., to broadcast or multicast a message and
to move from one actor space to another). In fact, it provides other actors with a set of additional
services that they can employ by sending a message to the service provider.
As introduced above, ActoDeS supports the interaction of its (Java) actors with some Python
actors that provide a similar behavior to that of the Java actors. It was done by defining a Java and a
Python broker that support (i) the discovery of the “foreign” actors, (ii) the exchange of JSON messages
between the Java and Python actors, and finally (iii) the conversion of the JSON object in either the
Java or Python objects and vice versa.
3. ActoDatA Overview
The features of the actor model and the flexibility of its implementation make ActoDeS suitable
for building agent-based data analysis applications. In particular, actors have the suitable features
for defining the agent models found in MAS and DAI systems [8]. In fact, actors and computational
agents share certain characteristics: (i) Both react to external stimuli (i.e., they are reactive); (ii) both
are self-contained, self-regulating, and self-directed (i.e., they are autonomous); and (iii) both interact
through asynchronous messages, with such messages being the basis for their coordination and
cooperation (i.e., they are social). Therefore, an actor library can be considered a suitable solution for
the implementation of a multi-agent system. In our case, the actors provided by ActoDeS cannot be
considered real agents, but the different types of actors defined and implemented for the development
of ActoDatA applications offer some features for which they can be considered agents.
Moreover, the use of ActoDeS simplifies the development of distributed, flexible, and scalable
data analysis applications. In fact, the use of active and passive actors allows the development of
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Interacts with the users through the specific console
Monitors the execution of the applications, logging their relevant events
Notifies those events to the web/APP server and to the user console.

Users can view the analysis results through a web browser and a reporting APP. In particular,
both of the interfaces show information about the analysis results and collected data and update the
presentation of the data dynamically. In particular, such interfaces can show:
-

Pie and line charts presenting, for example, the data that have eventually been classified for each
class during the observed period
The total number of instances, repeated data, and discarded data
The numeric results of classifiers for all the data
The frequency of classifications of the latest data.

As introduced above, ActoDatA supports the analysis of email and Twitter data. This is done
through a mailing and a Twitter service. The mailing service accepts requests from actors for registering
their interest to receive the emails sent from a set of addresses, receives incoming messages into a
specific mailbox, and forwards them to subscriber actors. The Twitter service allows actors to register
their interest on some tweets from the widespread Twitter social platform. In particular, it allows
actors to send the following kinds of requests:
-

User timeline, to obtain the recent tweets of a specified user and save them in a local
storage system
Content query, to obtain recent tweets published on Twitter and selected according to constraints
specified by the actor
Stream, to receive messages published on the platform during the execution. Tweets are obtained
in the form of JSON objects.

The development of an application mainly consists in the definition of a configuration file where
the following are defined: (i) The agents involved in the application; (ii) the relationships among
them; and (iii) for each agent the specific data analysis components used in their activities (e.g., filters,
classifiers and training and test sets). Therefore, an application can easily modify the data analysis
components and the number of actors. Of course, the current implementation of ActoDatA supports
only the analysis of email and Twitter data and Weka and scikit-learn classifiers, but its future evolution
should provide a high flexibility in the development of applications.
4. Experimentation
We experimented, and are experimenting, with the use of the proposed multi-agent architecture
in order to perform different types of data analysis, particularly in the field of social media
analysis [12]. In the following, we describe several examples of applications in order to highlight the
flexibility that ActoDatA enables in the design and implementation of different kinds of data analysis
applications starting from different data sources. For the sake of completeness, we report also some
context-dependent results of each application for a better understanding of the reader.
The most relevant experimentations are related to tweet topic detection [13], troll detection [14],
an image-based system for hoax detection [15], and a sort of automatic chatbot for citizens’ reports in
the field of the e-government [16].
4.1. Tweet Topic Detection
In the tweet topic classification, we used “sport” as general topic (i.e., tweets with the #sport
hashtag) because it is a widespread topic for which it is easy to find an abundance of data and news.
In particular, we decided (i) to classify tweets among a few chosen sports (i.e., soccer, rugby, basketball,
and tennis) and (ii) to compare the results of different classifiers and different classification processes.
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troll detection, which analyzes many different features of trolls and legitimizes users on the popular
Starting from the ActoDatA architecture, we have developed TrollPacifier, a holistic system for
Twitter platform. In particular, the identification of trolls is done by taking advantage of the six most
troll detection, which analyzes many different features of trolls and legitimizes users on the popular
important types of features proposed in literature: Sentiment analysis features [Error! Reference
Twitter platform. In particular, the identification of trolls is done by taking advantage of the six most
source not found.], time and frequency of actions features, text content and style, user behaviors
important types of features proposed in literature: Sentiment analysis features [17], time and frequency
[Error! Reference source not found.], interactions with the community [Error! Reference source not
of actions features, text content and style, user behaviors [18], interactions with the community [19],
found.], and advertisement of external content [Error! Reference source not found.]. TrollPacifier
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contains a set of preprocessor and engine agents dedicated to support the different types of
agents dedicated to support the different types of approaches for troll detection. Figure 4 shows the
approaches for troll detection. Figure 4 shows the structure of the TrollPacifier multi-agent system.
structure of the TrollPacifier multi-agent system. The experimentation involved the definition of a
The experimentation involved the definition of a training set containing 500 trolls and 500 non-troll
training set containing 500 trolls and 500 non-troll users. The results of the experimentation were:
users. The results of the experimentation were: (i) A high accuracy in the identification of trolls
(i) A high accuracy in the identification of trolls (95.5%) and (ii) a demonstration of how the ActoDatA
(95.5%) and (ii) a demonstration of how the ActoDatA architecture can support an automatic
architecture can support an automatic classification involving several agents and several types of
classification involving several agents and several types of tasks (e.g., acquiring streaming data and
tasks (e.g., acquiring streaming data and users’ profile information from Twitter, performing feature
users' profile information from Twitter, performing feature extraction tasks and performing
extraction tasks and performing classification based on different machine learning algorithms).
classification based on different machine learning algorithms).
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Figure 4. The TrollPacifier multi-agent system.
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to extract visual features from images. For each image, various kinds of features were considered,
including its color composition, the recognized objects, and the list of sites on which it was published.
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to the theory and practice of network analysis in the social sciences is provided in [Error! Reference
source not found.]. In addition to the structural analysis of a social entity, it is interesting to study
the emotional components of community members. This is a research field that takes the name of
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and practice of network analysis in the social sciences is provided in [12]. In addition to the structural
analysis of a social entity, it is interesting to study the emotional components of community members.
This is a research field that takes the name of opinion mining and sentiment analysis. The growing
availability and popularity of online social media and personal blogs gives new opportunities and
challenges in the use of information technologies and machine learning to provide tools to understand
the opinions of others.
A survey of sentiment analysis and opinion mining techniques is shown in [21]. Examples of
applications of sentiment analysis are shown in [22], where a corpus of geotagged tweets was used for
estimating happiness in Italian cities, or in [23], where the US mood throughout the day was inferred
from an analysis performed on Twitter data. In [24], the authors present a possible combined approach
between social network analysis and sentiment analysis. In particular, a sentiment is associated with
the nodes of the graphs showing the social connections, which may highlight potential correlations.
The growth and pervasiveness of online communities allow different and new possibilities to interact
with them. For example, social networking systems blur the distinction between the private and
working spheres and users are known to use such systems both at home and in the work place, both
professionally and with recreational goals [25].
Moreover, social networking has a large potential for also easing collaboration across organizational
boundaries, but effective e-collaboration through social networks requires the development of
open and interoperable systems. This could create some difficulties in the domains of privacy
or confidentiality [4]. Some work has been done in the analysis of undesirable behavior such as
trolling [26]. Like other organizations, sport industry groups including athletes, teams, and leagues
use social media to promote and share information about their products. In [27], authors explored
how sporting event organizers and influential Twitter users spread information through the online
social network.
In general, data coming from online social media is an example of big data, which often requires
the use of distributed and scalable software tools. Several actor-oriented libraries have been proposed
in recent years, which could be used to implement a distributed sentiment analysis system (see,
for example, Scala [28] and Akka [29]). Scala is an object-oriented and functional programming
language that provides an implementation of the actor model, unifying thread-based and event-based
programming models. In fact, in Scala an actor can suspend with a full thread stack (receive) or can
suspend with just a continuation closure (react). Therefore, scalability can be obtained by sacrificing
program simplicity. Akka is an alternative toolkit and runtime system for developing event-based
actors in Scala, but also providing APIs for developing actor-based systems in Java. One of its
distinguishing features is the hierarchical organization of actors. In fact, a parent actor that creates
children actors is also responsible for handling their failure.
The current implementation of ActoDatA is based on the ActoDeS software framework, however,
the porting on other actor or agent-based software libraries should be quite easy. This is certainly true
for Scala and Akka because, in the same way as ActoDeS, they support the communication through the
use of ZeroMQ and so they can use it to exchange messages with Python agents. The main difference
between ActoDeS and Scala and Akka is that ActoDeS provides heavyweight actors, while Scala and
Akka provide lightweight actors. Therefore, while ActoDeS actors can take advantage of a set of
predefined high-level services, easing the development of applications, Scala and Akka actors offer a
few low-level services, which may complicate the development of applications, but may offer better
performances than ActoDeS applications.
6. Conclusions
In this work, we have proposed the software library ActoDatA for the development of distributed
data mining applications. The library provides a multi-agent architecture, where a set of agents
perform the main tasks required in the data mining domain.
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We experimented with ActoDatA in different types of data analysis applications. Its use simplified
the development of such applications with respect to the tools we previously used. The main advantage
of ActoDatA is the possibility to use all the software components provided by the different data
analysis and machine learning software libraries available in Java and Python. In fact, the use of a
new data analysis component implies the development of a custom agent that wraps it; usually this
operation has short length and low complexity. Moreover, the possibility to distribute the computation
on several nodes allowed us to run several applications concurrently, maintaining a good level of
execution quality.
The current work has the goal of continuing the experimentation with ActoDatA. Moreover,
future work will be dedicated to improving the software library with the support of different data
sources and guaranteeing a good fault tolerance [30]. For achieving this last goal, we are planning to
use hardware redundancy and some multi-agent fault-tolerance coordination techniques. Moreover,
we are planning to extend the use of ActoDatA to the analysis of the information coming from the
structure of social networks [31,32]. Finally, we are planning the porting of ActoDatA to the JADE
software framework [33].
Author Contributions: Experimentation and conceptualization, M.M., M.T., and A.P.; data curation, P.F.; software,
A.P.; writing—original draft, A.P.; writing—review & editing, G.L. and M.T.
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