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Abstract. This study developed a systematic review of the literature (SRL), a
formal study that is used to map a specific area of knowledge. The main question
is defined that will guide the entire search during SRL including other formal
steps. This SLR has been defined to synthesize and integrate the areas of multi-
agent systems, machine learning, and recommendation systems. At the end of
the SRL, six studies with different characteristics were found that were adequate
to the main question and that satisfy the selection criteria.

1. Introduction
A Systematic Review of Literature (SRL) is a methodology study that aims to syn-
thesize formally through well-defined steps, the main studies available in a specific
area [Okoli and Schabram 2010].

According to [Galvão and Pereira 2014] the systematic reviews must be compre-
hensive and non-biased in its preparation. So that the researcher can repeat the steps taken
and achieve the same results.

To do a good SRL is necessary a well-defined question beyond criteria for identi-
fying, selecting, evaluating, and synthesizing the study results. This work aims to, from
an SRL according to the steps mentioned above, raise the possibilities of integrating the
areas of Multi-Agent Systems (MAS), Machine Learning (ML), and Recommendation
Systems (RS).

This SRL is developed as a part of a major study. It aims to be used as a base for
an application in ML for a MAS. To provide a good basis for future works this research is
very important to know some information such as, the state of art in the area, how authors
have been creating this kind of application, and the system and tools that are used.

The paper is structured as following: in Section 2 are presented the main con-
cepts in the theoretical framework of MAS (Sec. 2.1), ML (Sec. 2.2) and, RS (Sec. 2.3).
Section 3 presents the methodology (Sec. 3.1) applied to SRL in this paper ( such as
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databases and keywords), the evaluation steps (Sec. 3.2), the search results (Sec. 3.3), and
the discussion of selected articles. Finally, in Section 4 the conclusions are presented.

2. Theoretical Framework

This Section presents briefly the main concepts about Multi-Agents Systems, Machine
Learning, and Recommendation Systems, necessary for understanding the SRL.

2.1. Multi-Agent Systems

According to [Singh 1994], a Multi-Agent System (MAS) is an example of distributed
computing, composed of the interactions of various computational entities. They are
systems capable of modeling theories and human societies.

The term agent is widely used in computing and is usually abstracted from their
knowledge, intentions, and desires [Singh 1994]. An agent is considered a basic unit of
system intelligence in the scope of this study.

This area aims to solve problems collectively, in a way that a single agent would
not be able to perform such a task alone [Hübner et al. 2004]. Thus, it has its focus on the
collectivity of the environment, defining the integration between agents and their forms
of organization among themselves.

Some characteristics are common to MAS [Weiss 1999]: agents have only in-
complete information; there are restrictions on their actions; the control of the system
decentralized or distributed; the data is also distributed; and, there is asynchronicity.

As part of an intelligent system, an agent can perceive and act on the environ-
ment and, at least partially, his actions are defined by his experience in the environ-
ment [Weiss 1999]. In MAS, an autonomous agent is an agent that is independent of
other agents. It is important to emphasize that an agent will always be limited by his
knowledge.

2.2. Machine Learning

Machine Learning (ML) can be seen as a branch of Artificial Intelligence (AI) as it is a
statistical model that has had its progressive growth in the field of computer science.

It has become a common means for any task that requires significant pattern recog-
nition in large databases [Shalev-Shwartz and Ben-David 2014]. Learning applications
must be able to learn and adapt. The goal is to program software able to learn given a cer-
tain input. Effectively performing specific tasks without the use of explicit instructions,
with the use of patterns and inferences [Harrington 2012].

According to [Shalev-Shwartz and Ben-David 2014] learning is the process of in-
corporating experiences so it becomes specialties or knowledge. The entries in the algo-
rithm are expected to serve as experience to be possible to generate inferences, generating
knowledge in its output.

Knowledge of the algorithm should not be limited to its initial training, so like
humans, a good algorithm can during its execution be constantly learning as new entries
are inserted and learn about their errors [El Naqa and Murphy 2015].
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There are two main machine learning classifications: supervised learning and un-
supervised learning. In supervised learning, it is necessary a previous step named data
training, more specifically, a set of data that must be used as a learning base for the even-
tual classification of new entries.

In unsupervised learning, however, learning occurs without previous knowledge.
Thus, the algorithm does not necessarily attempt to associate each entry with a label (as
in supervised learning). The algorithm learns about the input data entered.

Finally, there is learning classification, semi-supervised learning that blends the
two previous types of learning, where one part of the data has one classification and the
other part doesn’t. Thus the already classified part can be used to assist in the classification
of the unclassified part.

2.3. Recommendation Systems
Recommendation Systems (RS) are algorithms to establish filtering for the user. It is
intended to assist individuals in their choices among a usually large set of options that
could cause difficulty for the user to decide. These are systems that seek to facilitate the
laborious activity of searching for interesting content.

Word of mouth is a common form of indication where the individual relies on
someone else’s recommendation (usually of a similar taste or profile). The purpose of
recommendation systems is precisely to make this connection even that no one directly
indicates something to the individual.

For the recommendation to succeed the group that should receive the recommen-
dation must include individuals with common interests (explicit) or common behavior
(implicit) [Cazella et al. 2010]. However, it is a big challenge to do this mapping cor-
rectly, creating a correct match for the expectations of users with the products or services
that may be recommended to them. To define and discover this relationship of interests
can be difficult.

Recommendation systems are widely used in e-commerce sites, using various
techniques to provide the most appropriate product recommendations to customers,
thereby increasing their profitability.

3. Systematic Review
This Section contains the specification of each step of the methodology defined for the
execution of the SRL and a presentation of the main studies found by this review.

3.1. Methodology
The first step to be defined is the question that will guide the entire literature search,
which was established as “What are the main articles involved in the context of multi-
agent systems using machine learning and recommendation systems?”.

The Table 1 is intended to summarize how the main elements were defined for
the review, including the main issue, among other information such as objective search
criteria, inclusion, and exclusion criteria. The next step is to define the databases for
literature research. The selected databases for this study are listed in Table 2 as suggested
by [Kofod-Petersen 2012].
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Table 1. Systematic literature review protocol

Main
Question

“What are the main articles involved in the context of multi-agent systems using machine
learning and recommendation systems?”

Goal Search the literature for studies that are in the context of multi-agent systems using ma-
chine learning and recommendation systems only from the last 10 years (2010–2019).

Inclusion
Criteria

Articles that contain the following key terms and synonyms: i) Multi-agent Systems; ii)
Machine Learning; and, iii) Recommendation Systems

Exclusion
Criteria

i) the study was not in English; ii) the study was not found in the databases searched; and,
iii) the study does not have the searched keywords.

Table 2. Databases used in the study
Name URL
ACM https://dl.acm.org/

IEEE Xplore https://ieeexplore.ieee.org/Xplore/home.jsp
Science Direct https://www.sciencedirect.com/
Springer Link https://link.springer.com/

Since the protocols of the research and the databases have already been estab-
lished, the next step is necessary to define the key terms that will be used in the searches.
According to [Kofod-Petersen 2012] the main point is to form a string that represents the
key terms searched. For instance, if we wanted to search for the term multiagent, the string
should not contain only this variation of the term but should also include other variations
that appear in the literature, such as multi-agent, multiagent system, among others.

The same method was used for the other searched terms, so the terms are included
with their synonyms. In the search result, we desire to find articles that contain any of the
terms of that synonym group and equally for the two other term groups. Boolean logical
operators like OR and AND are used to achieve this. Finally, it is possible to observe the
compilation of these terms in a string generated as a result in Table 3.

After collecting articles found in the four databases cited in Table3, we use two
software for reference management to help us organize the results: JabRef and Mende-
ley. JabRef is used to remove duplicate articles, considering that sometimes an article is
found in more than one database [Team et al. 2011]. Mendeley is used for reading and
annotating in the articles, working synchronously for several devices [Singh et al. 2010].

3.2. Evaluation Steps

The evaluation steps of the articles found were applied as indicated in the study
of [Kofod-Petersen 2012]. The method consists of three steps: title and abstract evalu-
ation, introduction evaluation, and full-text evaluation, applied in exactly that order.

In title and abstract evaluation, the authors read the title and abstract to evaluate
if each study is in the context of SRL’s main question, considering the inclusion and
exclusion criteria defined in Table 1. So, studies outside the theme are eliminated from
the research.

In the introduction evaluation, the authors read introductions from every article
approved in the stage before. The evaluation occurs by analyzing if the introduction is
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Table 3. Key terms used to define the search string
(“multiagent system” OR “multiagent systems” OR
“multiagents system” OR “multiagents systems” OR
“multi-agent system” OR “multi-agent systems” OR
“multi-agents system” OR “multi-agents systems” OR
“agent-based system” OR “agent-based systems” OR

“agent system” OR “agent systems” OR
“agents system” OR “agents systems” OR

“agent based model” OR “agent based model” OR
“agent-based model” OR “agent-based models”)

AND
(“machine learning” OR “automatic learning” OR

“machine learning techniques”)
AND

(“decision support system” OR “decision support systems” OR
“recommendation system” OR “recommendation systems”)

related to SRL’s main question, besides considering the inclusion and exclusion criteria.
The studies approved in this stage still need to pass by a final evaluation.

The last evaluation stage is the reading of the full text of the articles that remain
under evaluation. In full-text evaluation, the methodology used is very specific of com-
puting area, where for each article read we analyzed and answered ten questions, whose
answers can be yes (1 point), partially (1/2 point) or no (0 points).

Composing a final grade for each article evaluated. The cutoff note is defined by
the researchers. In this study, the cutoff note is 6 points. Below are listed the 10 specified
questions defined by [Kofod-Petersen 2012]:

1. “Is there is a clear statement of the aim of the research?”
2. “Is the study put into context of other studies and research?”
3. “Are system or algorithmic design decisions justified?”
4. “Is the test data set reproducible?”
5. “Is the study algorithm reproducible?”
6. “Is the experimental procedure thoroughly explained and reproducible?”
7. “Is it clearly stated in the study which other algorithms the study’s algorithm(s)

have been compared with?”
8. “Are the performance metrics used in the study explained and justified?”
9. “Are the test results thoroughly analyzed?”

10. “Does the test evidence support the findings presented?”

3.3. Search Results
When performing the searches we collected 206 articles referring to the review in ques-
tion, which is distributed according to Table 4. Of the 206 articles extracted from the
database after removing the duplicates, it remained 190 which were finally analyzed by
the study.

In the first evaluation step, title and summary led to the removal of 163 of the
articles, leaving only 27 to be analyzed in the next step. The evaluation of the introduction
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Table 4. Database search results
Database Quantity of Articles

ACM 21
IEEE Xplore 22

Science Direct 110
Springer Link 53

restricted the study to only 11 articles to be evaluated for their complete text. The analysis
of the last step is summarized in Table 5, where the articles are evaluated as defined in
Section 3.2. Numbers 1 through 10 correspond to the questions set out in the same Section
(3.2), respectively.

Table 5. Results of last stage
Article Title 1 2 3 4 5 6 7 8 9 10 Points
A Multiagent Approach to Ambulance
Allocation Based on Social Welfare and
Local Search [Shaft and Cohen 2013]

1 1 0.5 0 0.5 0.5 0.5 0.5 1 1 6.5

A network aware approach for the
scheduling of virtual machine migration
during peak loads [Duggan et al. 2017]

1 1 0.5 0 0.5 0.5 1 1 1 1 7.5

A novel meta learning system and its ap-
plication to optimization of computing
agents’ results [Kazı́k et al. 2012]

1 1 1 0 0 0.5 1 1 1 1 7.5

Agent-based Decision Support Sys-
tem for Technology Recommenda-
tion [Legien et al. 2017]

1 1 1 0.5 0.5 1 1 0.5 0.5 0.5 7.5

ALBidS: A Decision Support System
for Strategic Bidding in Electricity Mar-
kets [Pinto and Vale 2019]

1 0.5 0.5 0 0 0.5 0 0 0 0 2.5

Decision Support System for Opponents
Selection in Electricity Markets Bilateral
Negotiations [Silva et al. 2019]

1 0 1 0 0 0 0 0 0 0 2

Decision support system for predicting
stock prices based on sentiments in social
media [Chornous and Iarmolenko 2017]

1 1 1 0.5 0.5 0.5 1 0 0 0 5.5

Intelligent Digital Learning :
Agent-Based Recommender Sys-
tem [Brigui-Chtioui et al. 2017]

1 1 1 0.5 0.5 0.5 1 0.5 0 0 6

Key Technologies of Confrontational In-
telligent Decision Support for Multi-
Agent Systems [Zhang 2018]

0.5 0.5 1 0 0.5 0.5 0.5 0 0 0 3.5

Real-time Machine Learning Prediction
of an Agent-Based Model for Urban
Decision-making [Zhang et al. 2018]

1 0 0 0 0.5 0.5 0 0.5 0 0.5 3

Strategic advice provision in
repeated human-agent interac-
tions [Azaria et al. 2016]

1 1 0.5 0.5 0.5 0.5 1 1 1 1 6

For the selection of the final articles, they were ranked according to their final
score from Table 5. In case of the same score, the rank order presented in alphabetical
order. As a cutoff note, it was decided to use at least 6 points, so the study needs to address
at least 60% of punctuated criteria.
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3.4. Selected Papers

In [Duggan et al. 2017] the study aims at mastering available resource utilization when
there are high cloud network saturation peaks. This analysis and prediction of volume
traffic used by the real-time network have been studied in ways to efficiently utilize the
resources available at times of high access to cloud data centers. Enabling the migration
of virtual machines (VMs) without congesting network traffic.

The difficulty of transmission is to balance network resources with network traffic
without loss of resources. A single agent is implemented that through pro-reinforcement
learning can detect the best moment for live migrations. Thus, the approach is adap-
tive and able to learn the best moments for the migration of VMs to occur, reducing the
network resource saturation at peak times, and the migration time itself.

This study produces a testing environment to simulate a band and its traffic de-
mands. Simulating how the agent can handle the migration situation VMs allowing the
agent to decide to schedule the migration or just wait. The reinforcement learning system
acts as decision support in the live migration process for testing the developed environ-
ment for simulation. The environment allows the agent to observe and maximize rewards
based on actions taken. The agent is allowed to migrate or wait.

The study shows through simulated scenarios as results that the agent can learn
to migrate when network traffic utilization is low, reducing congestion at peak times and
improving the use of network resources during off-peak hours and decreasing the costs.
Thus is concluded that the reinforcement learning approach is satisfactory as it provides
a live migration framework that has no impact on a cloud computing system, increasing
quality of service for cloud clients and providers.

In [Kazı́k et al. 2012], authors develop a multi-agent system that incorporates dif-
ferent data mining methods. The formulated environment is capable of testing different
mining methods and finds the best settings. The AGR model is employed (agent, group,
and role), where roles allow the flexible composition of multi-agent systems into group
structures. The agent may join a group only by performing a function defined in the
structure of the group in question. Two agents interact through communication protocol
defined between two roles they assumed. For interaction between two agents, they must
be in the same group.

The system learns from the results of previous tasks, gathering experience, be-
coming able to find the best method possible even for the new datasets. This learning
works through basic training.

The developed system tests are divided into two sets. The first set used a sim-
ple training error as a comparison criterion, while the second group performed cross-
validation five times on the data set. Three search algorithms were compared: search by
genetic algorithm (with and without elitism), simulated annealing, and random searching.
Study experiments have shown that learning can lead to better models. Considering sim-
pler sets local searches are sufficient and for more sophisticated sets genetic algorithms
give better results.

The work of [Legien et al. 2017] is a multi-agent implementation of a labeled de-
duction system in which agents are used to decomposing the system in knowledge distri-
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bution and processing. Agents share a common API that enables their communication.
Agents are required to register in the system, so the list of registrations is always updated
as agents register or unregister.

Machine learning algorithms can be performed during an inference process. In the
developed implementation the concept of breadth-first search (BFS) is used. This math
is performed by a specific agent and for distribution math, the reasoning process can be
performed by a group of agents working in parallel.

The structural part of the project is divided into two parts, one being the API of
the agents and another part are the components of the environment. The first involves
the interface and the agent request classes for cooperation with other agents. The second,
registration in the environment, sending requests, and sending responses.

The environment has an agent that acts as an administrator, able to register
agents working in the environment, and statistics. The study experiments presented
in [Legien et al. 2017] simulate a situation in which an environment based on agents is a
back end of the metallurgical field recommendation system. Looking for better foundry
recommendations. In the beginning, all agents need to register with the system. They
submit a request for reasoning, make inferences, calculate a cost of proof, and display the
results of the process, cooperating in a distributed environment. The developed model has
its advantages. It is flexible and adding modules is easy.

The scenario involved in the study of [Shaft and Cohen 2013] involves a local
search in a health care environment with multiple victims and hospitals throughout an
accident. The goal is that given an accident with many victims with different severity of
injuries they need to be allocated to an ambulance and eventually to a hospital. Generi-
cally the problem can be seen as a situation of multi-agent resource allocation.

For the correct allocation of ambulances, it is important to know the state of pa-
tients’ health to be included in the decision process. The simulation assumes that everyone
involved in the accident needs medical attention and needs to go to a hospital, so is created
a one-to-one relationship with the number of injuries and ambulances available. Besides,
the resources available at the hospital do not necessarily meet the needs of patients.

The problem addressed by the study [Shaft and Cohen 2013] is an optimization
problem and therefore the goal is to find a solution that maximizes the total cost function.
Three points influence the cost function. The first point is related to hospital capacity.
If there are more patients assigned to a hospital than their capacity, the cost function
should return to an unfavorable result. The second point involves the resources, i.e. if
the patient is assigned for a hospital with fewer resources than necessary for its care it
should also return unfavorable values. This situation implies that the patient will have
to wait at the hospital for resources to be available that they need. The last point is a
balance involving the experience of the ambulance driver, patient severity, and distance to
the hospital. Experiments were developed to test the above approach and the results were
satisfactory. Scenarios were tested with distributions of different accidents. The study
also indicates the application of the work in real scenarios, despite citing several possible
enhancements and expansions.

The study presented in [Brigui-Chtioui et al. 2017] is an approach about digital
learning, so an agent-based recommendation system is developed which aims to help
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students supply knowledge in areas that they are deficient by suggesting relevant learning.
The main objective is that with the right support you can make learning more efficient.

The system is cooperative and agent-based, agents are autonomous and able to up-
date recommendations, enabling improvements in the recommendation’s outcome based
on previous learning platform experiences. The recommendation process occurs from a
recommender agent who has unrestricted access to platform data and can be viewed as
estimate scores for items not discovered by the user. The recommending agent can judge
the relevance of each event. In general, each agent has a communication module that
allows message exchange according to the communication protocol.

In the system in question the recommendation deals with learning resources and
the users are students. The item rating is represented by a score. The system is based on
item decomposition into singular values for analysis of score vs. item. A collaborative
filtering process occurs, where similarity is calculated between the references of different
users. This assumption works because it assumes that those who liked a particular item
on the market tend to continue to like that particular item (or very similar items).

On the developed platform new users have initial data through assessments, but
on other systems, one may have no knowledge about the user and then the most popular
activities (set as default) are recommended. Initial assessments allow the recommendation
system to learn student preferences. Despite highlighting points that could be further
explored, the study achieves its objective in developing the proposed system, creating a
system with a set of autonomous cooperative agents able to recommend useful resources
to the students, to fill their gaps or deficiencies detected.

The study by [Azaria et al. 2016] aims to develop strategies that allow the system
to advise on scenarios involving computers agents and people. Scenarios have been mod-
eled in which humans or computing agents can share certain goals, but are essentially
interested in themselves.

The authors proposed a social agent to provide counseling. This agent is respon-
sible for modeling the selection of human choice. For the agent to achieve success, their
advice must have a high probability of acceptance by people without disregarding the ful-
fillment of the agent’s individual goals. The agent is tested in two different environments,
using hundreds of human subjects, scenarios varying in complexity, human behavior mod-
eling, and information that is available to people to make them decide whether or not to
accept the agent’s advice.

The study demonstrates two possible agent designs, one using a Markov Decision
Process (MDP) and one using a social preference model. The proposed agent is a so-
cial agent for providing counseling (SAP), which generates counseling according to the
following social model. The approach balances the costs for the two participants in the
selection process based on social weight. Experiments for the evaluation of SAP and
MDP agents were tested in a route selection environment. Four possible commute routes
for the driver to commute to work. The system advises a route but the driver does not
necessarily have to choose it. The driver’s goal is to make the journey in less time. The
system considers other factors such as minimum fuel consumption and route safety. Only
the agent knows the cost of each route. The tests were applied to men and women who
had only as information that their objective was to optimize the route time.
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It is concluded that SAP achieves goals and outperforms other implementations,
and is simple to implement because its advisory strategy does not depend on the history of
interaction with your current user, making it possible to use it in many common situations
where there is no knowledge of the number of times that the users have used the system.

The studies discussed so far present different approaches and each paper focus on
a very singular problem. The Table 6 summarizes and highlights the use of multi-agent
systems and recommendation systems in the final articles.

Table 6. Comparative summary of the selected papers

Papers Features (Multi-Agent Systems and Recommender Systems)
[Duggan et al. 2017] MAS: A single agent that learns through reinforcement learning.

RS: It allows the system to schedule optimal times for live migration.
[Kazı́k et al. 2012] MAS: Multiple agents are implemented as computational intelligence

methods.
RS: Capable of recommending the appropriate method according to the
data.

[Legien et al. 2017] MAS: Multiple agents are responsible for distributing and processing
knowledge.
RS: Depends on the application, in experiments of the article the envi-
ronment based on agents is a back end of the metallurgical field recom-
mendation system.

[Shaft and Cohen 2013] MAS: Agents are treated as resource allocation problems.
RS: The system is capable of deciding how to allocate and schedule am-
bulances during a mass casualty incident through a relative to a chosen
social welfare function.

[Brigui-Chtioui et al. 2017] MAS: Use of autonomous agents able to recommend and update rec-
ommendations for the learning in the platform.
RS: Agents act as recommender agents.

[Azaria et al. 2016] MAS: Propose a social agent provision (SAP) able to generate advice.
RS: Uses the proposed agent.

4. Conclusions
SRL aims to synthesize the best studies of specific subarea in the literature. This study
has detailed stage by stage of the procedures for elaboration of an SRL for the integration
of multi-agent systems, machine learning, and recommendation systems areas, obtaining
satisfactory results in this research and demonstrating it is possible to find this intersection
point. Methodology and steps performed in this study were well described here making
this SRL, as it should be, reproducible.

Although the six finalist studies are about multi-agent systems, recommendation
systems, and machine learning with their topics and purposes differ in many ways. Studies
diverge in the broadest aspects some are more detailed and others do not describe so
deeply their implementation or testing or even the experiments of the work in question.

The studies have different characteristics, as the article by [Duggan et al. 2017]
is only implemented with a single agent, and in the study by [Azaria et al. 2016] the im-
plemented agents are for comparison purposes. Unlike other studies that also implement
more than one agent, however, they work cooperatively or just perform different functions
in the system.
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In the study described by [Brigui-Chtioui et al. 2017] there is no information
about experiments and there is no discussion about some system tests developed, other
studies all included some system tests. Some use searches to support the decision pro-
cess, which may be local searches, as in the study by [Shaft and Cohen 2013] or as in the
study by [Kazı́k et al. 2012] which makes use of genetic algorithm searching, simulated
tempering and random searching. The study covered by [Duggan et al. 2017] is the only
that explicitly cites the use of reinforcement learning.

At the end of the SRL, six studies were found that were adequate to the main
question and that satisfy the selection criteria. Although the studies have several different
points as discussed in Section 3.4, essentially these studies represent a set of the intersec-
tion of MAS, machine learning, and recommendation systems as the main point of this
research.
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Kowaltowski..(Org.). Jornada de Atualização de Informática-JAI, pages 161–216.
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sua elaboração. Epidemiologia e Serviços de Saúde, 23:183–184.
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