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Abstract. Authorization to open undergraduate courses in major cities considers
the quality of physical facilities, faculty, and organization of institutions. An im-
portant factor for the process of opening courses is the region economic factor.
Considering the regional labor market for such planning can bring benefits and
interconnecting these elements transforms cities into smart cities. However, alt-
hough there are several big data sources that provide this information, there is
still an individualistic data view. Therefore, this work proposes to interconnect
these factors with the multilayer social networks resources to support the deci-
sions of higher education and their relations with the professional demands. To
do so, an experiment is carried out to relate data from higher education offerings
and employment/unemployment rates, creating a multilayer graph from these un-
structured data. Our contribution is the investigation on how non-structured data
can be analyzed in a multilayer perspective for this domain and how to assign
proportional weights to the nodes in order to generate weighted graphs.

Keywords: Multilayer Social Networks, Weighted Graphs, Social Network
Analysis.

1 Introduction

Smart city is considered whose economy and governance is being driven by innovation,
creativity and entrepreneurship, enacted by smart people [1]. Transparency of infor-
mation enables current governments to build more integrated cities with interconnected
data. However, although there are several big data sources that provide this information,
there is still an individualistic data view.

In Brazilian education, for example, each university has a council that is responsible
for establishing standards. In addition, it can create, expand, modify or extinguish un-
dergraduate courses and graduate programs, i.e., define academic policies [3].

Course creation processes are well planned within the institutions, and in several
cases it is guided by internal legislation (when there is complete autonomy) or by gov-
ernmental decrees. Moreover, this process can be defined by laws that assess aspects
such as the importance or necessity of creating a new course and its insertion in insti-
tutional, regional and national reality. The planning activity also observes and analyzes
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if there are courses of related areas in the own institution and carries out an evaluation
of the market and potentials for professional formation [4].

Brazilian Ministry of Labor carries out incremental, comparative research to under-
stand market as well as the economic situation evolution in the educational context —
but also for decision-making in other areas. Besides the Brazilian Ministry of Labor,
the Brazilian Institute of Geography and Statistics (IBGE) also has research dedicated
to producing information about the population insertion in industry. This information
is very relevant to both ministries since they can follow the situation of a certain econ-
omy sector and also identify situations and numbers related to child labor, migration,
fecundity, and other aspects according to information needs. While some professionals
who performed trainings migrate to the market, another movement is the professionals
exit. Despite that, data provided by several agencies are unstructured data.

One of the concepts strongly used in behavioral sciences in recent years is Social
Networks Analysis (SNA). A social network can be characterized as a set of people
who interact themselves and are grouped into a representation layer. It was commonly
represented in a single layer. With the emergence of new scenarios, it was necessary to
represent these interactions in more layers or groups.

For representation proposes, the Multilayer Social Networks can have several con-
nectivity channels. Such networks aim to represent and describe the interconnected sys-
tems, where each channel is a layer and the nodes of each layer may have different
interactions [2]. Boccaletti et al. [2] state that several types of different actors’ relations
should be considered in social networks, such as: friendship, neighborhood, kinship,
same cultural society, partnership or co-worker etc.

In this context, this work investigates how multilayer graphs can use resources to
relate such data structurally and visually to facilitate their analysis. To do so, an exper-
iment is carried out to relate data from higher education offerings and employment/un-
employment rates, creating a multilayer graph from these unstructured data. Our con-
tribution is the investigation on how non-structured data can be analyzed in a multilayer
perspective for this domain and how to assign proportional weights to the nodes in order
to generate weighted graphs. As such, this study can help to understand the reasons for
professional’s exit based on qualitative analysis of the generated graph.

It is observed that the creation of courses is directly related to the market analysis
process, which involves studying the professional’s inflows and outflows. However,
multilayer social network approaches are little explored in this scenario. Therefore, this
work uses multilayer social networks to reveal the impact that the undergraduate
courses network has on the economic layer or vice versa, i.e., when the local economy
influences decision-making within the higher education institution (HEI). So, we used
Multilayer Social Networks analysis to suggest better information visualization, apply-
ing these concepts in four important layers of the professional’s entry process in the
market to establish a better understanding of the technology and the underlying market.

The remainder of this paper is structured as follows: Section 2 presents the research
scenario, that is, where this work will be applied. Section 3 discuss the structure and
execution of the search method scenario and provides information on the civil construc-
tion and plotting steps of the information selected in the methodology. Section 4 dis-



cusses the results found in the experimentation process, validating the previous sec-
tions, and interprets the results of some social network analysis metrics. Then, Section
5 describes related work regarding the application of multilayer social networks in a
similar scenario. Section 6 concludes the paper and points out future work.

2 Research Scenario: State of Rio de Janeiro

As a study scenario, the city of Rio de Janeiro was selected because, despite being one
of the smallest federative units in Brazil, it is the 3rd most populous [5], providing a
mass of data of great importance. It is reinforced by government initiatives to turn some
cities in the State of Rio de Janeiro intelligent, but they are failed approaches, since
these initiatives exempt themselves from improving urban planning, providing data by
the public entity, making emergency decision over the preventive [6].

One of these actions that need improvement in its function in the cities, is the Centro
de Operacdes da Prefeitura do Rio (Opetational Center of the Municipality of Rio de
Janeiro), which brought together the data flow of thirty public bodies with emphasis on
meteorology, traffic, social media information, processing, visualizing, analyzing and
monitoring a large amount of live service data and bringing this information together
with reports and public data that are enabled by institutional surveys of government
agencies, investing aspects of the city and its growth in an integrated way [1].

These governmental agencies are of great importance not only for surveying aspects
of public mobility, but also in the educational and economic context that are empha-
sized in this work. In the educational area, one can cite as an example the INEP (Bra-
zilian Institute for Educational Research) that presents reports with purposes such as to
show statistics for the levels and modalities of higher education, contemplating aspects
referring to the conditions of supply, access and participation, efficiency and income
and sociodemographic context. INEP databases can be accessed via the Internet, which
also contains several information and reports that can be consulted or copied [7].

Other reports are data on the formal work links organized by the Brazilian Ministry
of Labor (MT, in Portuguese), and available in the General Register of Employed and
Unemployed Persons (CAGED, in Portuguese) and in the Annual Social Information
Report (RAIS, in Portuguese), which are the main sources of data capable of describing
a recent economic geography of the formal labor market, little known and largely ne-
glected by the mainstream media [8].

This demonstrates a series of very-large bases that are little explored in a unified
way. The next sections deal with more detail on the use of these reports and others in
the integrated analysis, describing the scenario in the State of Rio de Janeiro, but being
sufficient to expand in a national analysis with other states.

3 Research Methodology

This section addresses the experimental work structure. To do so, in the first moment,
a question is defined to be answered, delimiting the scope of the work analysis. After-



wards, the main data sources of the Brazilian government that serve to create the mul-
tilayer graph are discussed. The reason for choosing each graph is also explained. Then,
we discuss how to assign weight to the graph nodes and finally the step of importing
this manipulated data to the platform chosen to generate multilayer data.

3.1  Social Network Modeling

Aiming for a quantitative analysis of the indicators in the economic segment of the
State of Rio de Janeiro (experimental validation), this article also deals with how the
multilayer social networks approach can be explored in a way that helps to better visu-
alize and analyze interconnected data. This work also inserts a qualitative approach,
focusing on the advantages and disadvantages of the tool chosen in the experiment.
Through this tool and the imported and analyzed data, this research may answer the
main research question: What are the characteristics that can help to analyze relation-
ship between the training of professionals in one market segment from undergraduate
courses and economic activity in the region?

To answer this question, a multilayer graph is created in the next subsections, with
four layers: knowledge area, higher education institutions, unemployment, and employ-
ment. As the experiment scope, it was defined that data would be filtered by “State of
Rio de Janeiro”, in reason of the advantages and motivations described in Section 2.
Moreover, data would be filtered by “not all courses”, but only the courses of the civil
construction sector. It is just to reduce the scope of study, optimizing the data input
time in the multilayer network analysis platform. As the proposal is the application of
the multilayer network approach to support data interconnection, any segment could be
selected, with no difference in the ultimate goal. In addition, data were collected from
the year of 2014. This allows a more accurate analysis and ensures that this experiment
can be conducted with other variables.

Graphs under analysis of social networks can be visualized by creating a relationship
between two or more individuals, where each individual is called a node. These rela-
tionships are represented as edges, which in turn can be directed or not directed [9]. In
this case, the graph layers were designed to be:

Layer I) Knowledge Area: is a clique, meaning all nodes are linked to all nodes. Each
node represents a knowledge (course) area. Each node also has connection to layer I,
indicating the HEIs that have course in an area (red edge in Figure 1(d)). In our exper-
iment, only one node has this link, which represents the node of the civil construction
knowledge area.

Layer I1) Higher Education Institutions (HEI): each node is a higher education insti-
tution in the State of Rio de Janeiro. As can be seen in Figure 1(c), nodes are linked to
higher education institutions that have at least one course in the civil construction area
that is in common. Each node connects to the layer I11 nodes (municipalities) where the
institution has a course (red edge in Figure 1(c)).

Layer I11) Unemployment: each node is a municipality (Figure 1(b)) of the State of
Rio de Janeiro (total of 92). Nodes are linked in the graph to all neighboring munici-
palities. This graph is the same of layer IV (employment), so the difference is on the
weights as described next, and the connection between these layers is optional.



Layer 1VV) Employment: as can be seen in the Figure 1(a), each node is a municipality
of the State of Rio de Janeiro (this State has a total of 92). Nodes are linked in the graph
to all neighboring municipalities. It is a graph representing the geography of the State.
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Fig. 1. Concept of layer structure, nodes and links

The last three layers are weighted. The weight at the edges gives the graph a repre-
sentation of, for example, how much a relation between two (if vertices represent peo-
ple, the edge weights can vary from higher to familiar people and lower to lesser
known), or distances (if the vertices represent cities, the edge weights can represent the
distance between them or the travel cost) [10].

Edges have weights. To define such weights in layer IV and Il in a unified and
reproducible form, a very important economic indicator called the Locational Quotient
was used [11]. In the layer IV case (employment by municipality), it is expected to
analyze employability fees, then the variables for calculating the Locational Quotient



were the number of employees in the civil construction sector by municipality in 2014.
The layer 111 exists with the same logic as the last layer. However, for the edge’s weight,
the variable introduced in the Locational Quotient method was the number of unem-
ployed professionals in the civil construction sector per municipality in 2014. For the
higher education institutions graph (layer I1), the variables were the number of courses.

As such, the layers represent: i) knowledge areas ii) higher education institutions
grouped by the number of courses in the selected area iii) unemployment statistics in
municipalities, and iv) the market network grouped by municipalities .

As described in this section, layers 1V and Ill can be represented with the same
graph, since nodes are linked in the two graphs to all neighboring municipalities and
difference is on the weights. The next subsections discuss, therefore, how the process
of construction of these graphs in the perspective of multilayers is.

3.2 Analysis Tool Selection

Normally, multilayer networks encode information using individual layers separately.
However, to satisfy operational requirements and to be able to apply an effective anal-
ysis of complex systems, it is of the utmost importance to also reproduce these results,
preferably in a specific open source software to visualize multilayer networks. Thus, it
can represent the analysis results of these networks significantly.

Several tools are currently found as multilayer social networks facilitators. For ex-
ample, Pymnet is a multilayer networks library for Python that has several network
analysis methods, transformations, read and write networks, and a scalable implemen-
tation for sparse networks, that is: memory usage is staggered linearly with the number
of edges and the number of nodes. In addition, it has a view using Matplotlib or D3
[12]. Another tool example is MAMMULT, with an approach to metrics and models
for multilayer networks using C.

However, this research identified a tool with application for R language that could
bring all the expected resources: MuxViz [13]. This choice was also motivated by the
fact that MuxViz is free, open source software that allows a more interactive visualiza-
tion and a graphical interface with more room for greater network control. MuxViz is
also based on the GNU Octave language and can run on Windows, Linux or Mac OS
X systems, which ensures greater portability.

3.3 Data Collect

For better applicability of the validation experiments, data previously collected by sev-
eral Federal and State agencies in the State of Rio de Janeiro were analyzed. We noticed
information from all administrative regions, especially when we aggregated the entire
data mass for a more objective view.

As shown in Table 1, more than one data source were found that are able to fill the
layer 1VV. However, after an analysis of these sources content, the one chosen to repre-
sent the first layer was RAIS (Annual Relation of Social Information) microdata, be-
longing to the Brazilian Ministry of Labor and instituted by Decree No. 76.900 of
12/23/75. This relationship purpose is to control labor activity in Brazil, as well as to
identify the Brazilian workers who are entitled to the salary bonus. However, RAIS is



also very useful for the labor statistics elaboration, since data are collected throughout
the national territory based on the private and public domain (direct or indirect, Federal,
State or Municipality administration), as well as temporary workers, non-effective serv-
ants, union leaders and other categories established in the decree [14].

For analysis purposes, data from the State of Rio de Janeiro were extracted from
RAIS and structured by municipalities. The municipalities list of the State of Rio de
Janeiro was extracted from the Municipalities Codes table [15] elaborated by the IBGE
(last updated in 2015). This table is not only used by the IBGE, but also by other insti-
tutions, such as the Brazilian Ministry of Labor, thus being a national standard.

Table 1. Selected data source®

Name Government  Source Data availa- Layer
Department bility period

InepData — Edu- INEP http://por- 2009 to 2014 11
cacao Superior tal.inep.gov.br/inep-data
Boletim de Conjun- CEPERJ http://www.ceperj.rj.gov.b  Jan. 2009 to v
tura Econdmica r/Bolcon/bolcon.html Feb. 2017
Pesquisa Nacional IBGE http://www.ibge.gov.br/h 2012 to 2017 v
Por Amostra de Do- ome/estatistica/indicado-
micilios Continua res/trabalhoerendi-

mento/pnad_continua/de-

fault.shtm
Relacdo Anual de RAIS http://pdet.mte.gov.br/rais 2007 to 2015 v
Informacdes Sociais [rais-anos-anteriores
Cadastro MT http://por- 2009 to 2017 1
Geral de Emprega- talfat.mte.gov.br/pro-
dos e Desemprega- gramas-e-acoes-2/caged-
dos (CAGED) 3/dados-estaduais/ and

http://bi.mte.gov.br/eec

The Brazilian Ministry of Labor through RAIS makes employment data available
annually. In addition to RAIS, the Brazilian Ministry of Labor also provides the General
Register of Employed and Unemployed (CAGED, as showed in Table 1). It is used as
a permanent employee’s dismissal record and serves as a basis for the preparation of
studies, research and projects of the Brazilian Ministry of Labor and other bodies linked
to the labor market. Therefore, data from both bases were used to perform the employ-
ability and unemployment survey.

Next, data were extracted from the Brazilian Ministry of Labor (MT) portal and im-
ported into a relational database. Once defined, the base had the following tables: mu-
nicipality,  neighboring, employment, LQ_neighboring_employment,  HEI,
HEI_municipality, course_area, unemployment, and LQ_neighboring_unemployment.

1 Names are presented in the original language, in Portuguese. It can be translated (in order of
display) to: i) InepData - Higher Education, ii) Economic Bulletin, iii) National Household
Sample Survey Continues, iv) Annual Social Information Report, and v) General Register of
Employed and Unemployed Workers (CAGED)
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3.4  Calculating the Edge Weight

According to Scherer and Moraes (2012), the Locational Quotient (LQ) indicates the
relative concentration of a certain branch of activity "i" in a region "j", compared to the
participation of the same branch in the State. As such, the higher LQ, the greater the
specialization of the region in the respective activity branch. LQ can be analyzed from
specific branches, or as a whole.

The last three layers are weighted graphs, that is, their edges have weights. There-
fore, LQ suggested by Scherer and Moraes (2012) was used in layer 1V and 11 to find
a real number that measures how much that connection weighs. With this objective
established, LQ of each municipality was calculated for the last layer, which deals with
the employability among the municipalities. Taking the total number of employees
(EMP) of each municipality informed by RAIS as a variable, LQ calculation of em-

ployability by municipality (LQ_EMP_MUN) was performed as follow:

LQ_EMP_MUN = (EMP of sector i in the municipality j / EMP in the municipality j)
/ (EMP of sector i in the country / EMP in the country) 1)

Since the research scope was defined for the year 2014 and knowing that sector i =
civil construction, the total EMP Country sector i is 2,815,686 and total EMP in the
country is 48,948,433. From these values together with the number of employees in the
sector of the municipality and the total number of employees in this municipality,
LQ_EMP_MUN was obtained. The second process stage was performed in two nodes
union. The nodes (municipalities) were joined when they were neighboring municipal-
ities, then the weight of this connection was defined as the sum of LQ_EMP_MUN of
the two connected municipalities, representing the strength of employability between
those two municipalities.

The same process was used for the layer 111. The formula had the same structure, but
the input values represented the number of unemployed (UNEMP) in the civil construc-
tion sector, in the municipalities of the State of Rio de Janeiro in 2014. The formula can
be defined as:

LQ_UNEMP_MUN = (UNEMP of sector i in the municipality j / UNEMP in the mu-
nicipality j) / (UNEMP of sector i in the country / UNEMP in the country) 2

From the values found for each municipality, LQ_UNEMP_MUN of each munici-
pality was calculated, considering that the total UNEMP Country sector i is 2,838,611
and total UNEMP in the country is 21,368,062. Again, the edges weight is calculated
by the sum of LQ_UNEMP_MUN of the two nodes (municipalities) related in the layer.

The layer Il formula consisted in using a different logic. Considering that each edge
connects two HEI, the formula sums the number of courses in area i of these HEI and
verifies the proportion that this sum represents on the total of courses in the area in the
selected region (Rio de Janeiro), thus returning a percentage or edge’s weight
(WEIGHT_COURSE_HEI). This means that the applied formula was:

WEIGHT_COURSE_HEI = (sum of courses of sector i in the HEIs / courses of sector
i in the selected region) * 100 3)



Given the formula, it was identified that, from 4,543 courses related to civil con-
struction area in Brazil, 348 were in Rio de Janeiro (courses of sector i in the selected
region) in 2014. Therefore, for each edge, the formula application was performed con-
sidering the edges’ two nodes.

3.5  Layers Preview

With the layers, nodes, relationships and defined edges’ weights, we reached the stage
of importing this information into the visualization and analysis platform chosen in this
research (MuxViz) [13]. Besides being free, the tool has a forum with several feedbacks
from users regarding its experience of use, ensuring useful information from the instal-
lation process to the use of more advanced level, and error correction.

Therefore, the first step was the experimental environment preparation. To do so, the
following elements were installed: i) Ubuntu Linux Virtual Machine 16.04LTS, ii)
GNU Octave in version 3.4, iii) R in version 3.2.3, iv) MuxViz, and v) Geospatial Data
Abstraction Library (GDAL). The installation process could also be performed on the
Windows system. However, more failure chances were identified in this system, then
we preferred to use a Linux distribution.

The following is the evaluation carried out to analyze the efficiency and behavior of
the proposed solution, besides performing the validation.

4 Results and Evaluation

In order to show Locational Quotient effectiveness as weight to multilayer graphs and
of the not structured data analysis in the multilayer perspective, the application of real
data used to create the four layers graph was very important for the work validation. As
such, this step seeks to evaluate if the solution can achieve the objective of making
unstructured data analyzable in the multilayer perspective for the defined domains and
also the attribution of proportional weights to the nodes to generate weighted graphs.
92 municipalities and 52 different HEIs with courses from the civil construction area
(one of the 8 areas) were imported. As each municipality, HEI, and knowledge area
represent a node, the four layers of this network have 152 distinct nodes that are related
through 1057 edges with different weights. Layers IV and I11 each have 220 edges. It
means that there are 220 frontiers between municipalities in the State of Rio de Janeiro.

Table 2. LQ calculation of some layer IV nodes

Municipality (j) EMP sectoriinj EMPinj LQ of j (applying
Equation 1)
Duque de Caxias 7,441 172,977 0.747821
Rio_de Janeiro_(capital) 166,362 2,654,076 1.089671
Magé 3,481 24,500 2.469975
Miguel Pereira 254 4,322 1.021653
Nova_lguacu 3,637 105,180 0.601125
Petrépolis 3,716 75,223 0.858775

S&o_Jodo_de Meriti 1,096 56,836 0.335229
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Table 3. Edge weight calculation of some layer IV edges

Municipality (k) Municipality (1) LQofk LQofl Weight Edge
(sum LQ)
Duque de Caxias Rio de Janeiro (capital) 0.74782  1.089671 1.837492
Duque de Caxias  Magé 0.74782  2.469975 3.217795
Duque de Caxias  Miguel Pereira 0.74782  1.021653 1.769474
Duque de Caxias  Nova lguacu 0.74782  0.601125 1.348946
Duque de Caxias  Petropolis 0.74782  0.858775 1.606596
Duque de Caxias  Sdo Jodo de Meriti 0.74782  0.335229 1.083050

Table 2 has an example with some layer IV nodes. The respective edges and weights
are presented in Table 3. Some layer Il nodes are exemplified in Table 4 and their
edges are shown in Table 5. For layer Il, Table 6 and Table 7 exemplify nodes and
edges, respectively. Table 6 shows also that one of the records had no reported value
(NRV). This occurred with some municipalities that had almost no courses, employees
or unemployed. All examples select relations of Duque de Caxias municipality. The
same process was carried out with the other 91 municipalities.

Table 4. LQ calculation of some layer 111 nodes

Municipality (j) UNEMP sectoriinj UNEMPIn j LQ of j (apply-
ing Equation 2)
Duque_de_Caxias 10,047 82,866 0.912681569
Rio_de Janeiro_(capital) 124,911 1,039,803 0.904292383
Magé 1,013 7,826 0.974381109
Miguel_Pereira NRV NRV 0
Nova_lguacu 3,671 42,902 0.644118985
Petropolis 3,559 31,097 0.861526713
S8o_Jodo_de Meriti 11,119 30,425 2.751024113

Table 5. Edge weight calculation of some layer 111 edges

Municipality (k) ~ Municipality (1) LQ of k LQ of | Weight Edge
(sum LQ)
Duque_de_Caxias Rio_de_Janeiro_(capital)  0.9126815 0.904292 1.816974
Duque de Caxias Magé 0.9126815 0.974381 1.887063
Duque de Caxias Miguel Pereira 0.9126815 0 0.912681
Duque de Caxias Nova lguagu 0.9126815 0.644118 1.556801
Dugue de Caxias Petropolis 0.9126815 0.861526 1.774208
Duque de Caxias S&o Jodo de Meriti 0.9126815 2.751024 3.663706




Table 6. LQ calculation of some layer 11 nodes

HEI (j)

Courses sectoriin j

Universidade Federal do Rio de Janeiro

22

Centro Universitario Metodista Bennett 1
Instituto Federal de Educacdo, Ciéncia e Tecnologia Fluminense 7
Centro Universitario Geraldo di Biase 8
Instituto Tecnoldgico e das Ciéncias Sociais Aplicadas e da Saude 3
do Centro Educ. N. SR? Auxiliadora

Faculdade Redentor 5
Centro Universitario Fluminense 1

Table 7. Edge weight calculation of some layer Il edges

First HEI (I)

Second HEI (m)

Universidade Fede-
ral do Rio de Janeiro

Centro  Universitario Meto-
dista Bennett

Universidade Fede-
ral do Rio de Janeiro

Instituto Federal de Educagdo,
Ciéncia e Tecnologia Flumi-
nense

Universidade Fede-
ral do Rio de Janeiro

Centro Universitario Geraldo
di Biase

Universidade Fede-
ral do Rio de Janeiro

Inst. Tec. e das Ciéncias Soci-
ais Aplic. e da Saude do Centro
Educ. N. SR? Auxiliadora

Universidade Fede-
ral do Rio de Janeiro

Faculdade Redentor

Universidade Fede-
ral do Rio de Janeiro

Centro Universitario Flumi-
nense

sum of Weight Edge
courses of (applying
HEI (I and m) Equation 3)
23 6.60

29 8.33

30 8.62

25 7.18

27 7.75

23 6.60

41 Data Results

Some metrics were analyzed through the MuxViz platform. An analysis was regarding
density: “the ratio between vertices and nodes characterizes whether the graph is dense
or sparse. Dense graphs have many connections per node and sparse graphs have few”
[17]. The employment and unemployment layers density are respectively 0.025 and
0.037. The HEI layer has a density of 0.61, which can be explained by the fact that each
HEI have many connections with other HEI.

Other measures can be observed through the analysis tool. For example, the graphs’
diameters are 18.4 (for layers IV and I11) and 1.6 (on the layer Il). The diameter corre-
sponds to the greatest distance between two vertices in a graph [17]. Considering that
the scope of educational institutions for the selected specific courses is smaller, the
tendency is that the distance between nodes is smaller.
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layer: HE|

Fig. 2. Plotted layers based on civil construction courses data in 2014
in the State of Rio de Janeiro

As shown in Figure 2, the nodes of layers IV and Il are the same, but the structure
is different. This occurs because both layers use the same nodes (municipalities). The
only difference is its edges’ weights, which totally change the value of each link and
consequently the format. Figure 2 also shows that layer Il has a different format, since
only HEIs’ courses in the civil construction area are shown (total of 52 HEIS).
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4.2 Centrality Results

Although the layers displayed in Muxviz, we can observe the nodes organization ac-
cording to what was previously exported. The software also offers the diagnostic fea-
ture, with countless statistics in relation to the dataset. In civil construction data, it is
observed that municipalities such as Itaborai and Itaguai lead centrality by node degree
in layer IV while Seropédica and Itaguai lead in layer Ill. The global centrality of a
vertex, also known as degree of proximity is the sum of the smallest path between a
vertex and the other vertices of the network. A vertex that has the smallest sum of the
smallest distances is closer to the others. That is, the greater the global centrality, the
greater the distance from one member to the other [9]. Then, this means that these mu-
nicipalities were the ones that had the most group of employees and unemployed. In
layer 11 the lead centrality by node degree was the Estacio de Sa university.

Further analysis of the selected data can still be performed. Although the number of
unemployment was not so high in the municipality of S&o Jodo da Barra, 64% of the
unemployed people were in the area of civil construction. It was observed that this mu-
nicipality presented the highest proportion of unemployed in the area. This fact indi-
cates that this municipality had a large representation in this segment, and that some
factors directly affected unemployment in that area. Observing layer 111, the municipal-
ity is not connected to any university node, indicating that does not have a course in the
civil construction area. However, it is known that it has a border with S&o Francisco de
Itabapoana and Campos dos Goytacazes, which in turn has 8 HEIs with courses in this
area to meet the demands of the municipality of S&do Jodo da Barra.

The municipality with the most courses in the civil construction area is Rio de
Janeiro, with 27 institutions that together offered 168 courses in the area. The two uni-
versities with the most courses in the area are respectively Estacio de Sa University
with 41 courses, and the Federal University of Rio de Janeiro with 20 courses. Mean-
while, the municipality showed 124,911 unemployment and 166,362, that is, a 13.3%
increase in the number of jobs.

Meanwhile, in the municipality of Barra Mansa, only 3.8% of the municipality’s
employees were in the civil construction area. Even so, the University Center of Barra
Mansa offered 8 courses in the area in the year 2014. The same happens with Bom Jesus
do Itabapoana, which only has 2.94% of employees in the civil construction area and
even offered courses in the area.

5 Related Work

Some studies have already investigated the issues addressed in this paper, such as
Bloechl et al. [18], which answered which economy sectors are more central to reduce
the network complexity by applying "Random walk centrality" and "count-between-
ness"-based metrics. Despite applying analyzes based on centrality metrics, this work
does not present an approach based on multilayer social networks and only addresses a
data context of the economy. In addition, the educational domain was not investigated.
On the other hand, the work of Finn et al. [19] presents multilayer approach in weighted
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graphs using the same tool presented in our work. However, the domain is totally dif-
ferent as well as the strategies of assigning weight to the nodes accordingly as well.

6 Discussion and Conclusion

After collecting and analyzing the results, we can observe that our work contributes to
the use of multilayer social networks in the educational domain, identifying a way of
applying weight to the graph nodes. In addition, it defines better ways to apply datasets
to multilayer network analysis tools (optimizing these networks) and node connections
visualization.

A limitation of our work was to feed the neighboring municipalities data (item 2,
section 3.3). This information was made available at random in the IBGE database, thus
not providing an XML file with the relation municipality-neighboring municipality. As
such, the inserts in the database were performed manually. Another important observa-
tion was the step of excluding repeated values. That is, if the first register had the rela-
tion Angra_dos_Reis X Mangaratiba and the thirtieth had the relation Mangaratiba X
Angra_dos_Reis, only one of these registers could exist.

Besides the example explored in this paper — the civil construction area in the State
of Rio de Janeiro —, the multilayer network also allows to obtain a geographic model,
facilitating the network visualization according to the exact nodes geolocation. Among
the many application possibilities, it was observed that the multilayer social networks
analysis becomes more transparent and more understandable when using a specific tool
for analyzing this network type (MuxViz). Moreover, MuxViz is an open and free tool.

Based on all the collected information, a future work was identified: to select a
greater number of economy sectors to be able to make a comparison among municipal-
ities and to extend inferences. One can also think of implementing the concept of time-
varying graphs so that such analysis is not performed only in a specific year, thus gen-
erating data more coherent with reality as well as being able to calculate probabilities
on that subject.

Acknowledgement

The first author thanks the Federal Institute of Education, Science and Technology of
Rio de Janeiro for supporting this research. The second author thanks DPg/UNIRIO for
partially supporting this research. Also, the researchers thank CAPES, CNPq and
FAPERJ (Brazil) for their financial support to the research group.

References

1. Kitchin, R.: The real-time city? Big data and smart urbanism. GeoJournal. 79, 1-14
(2014).

2. Boccaletti, S., Bianconi, G., Criado, R., Del Genio, C.l., Gomez-Gardefies, J., Romance,

M., Sendifia-Nadal, I., Wang, Z., Zanin, M.: The structure and dynamics of multilayer



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

15

networks. (2014).

Centro Federal de Educacdo Tecnoldgica Celso Suckow da Fonseca: Regulamento do
Conselho de Ensino, Pesquisa e Extensdo (CEPE). (2018).

Stallivieri, L.: O Sistema De Ensino Superior Do Brasil Caracteristicas, Tendéncias E
Perspectivas | Flacso. (2006).

Instituto Brasileiro de Geografia e Estatistica: IBGE Cidades,
https://cidades.ibge.gov.br/brasil/rj/panorama.

de Souza, A.L.M.: Um Estudo sobre o Conceito de Cidades Inteligentes na Regido
Metropolitana do Rio de Janeiro, (2017).

Rigotti, J.I.R., Cerqueira, C.A.: As bases de dados do INEP e os indicadores
educacionais: conceitos e aplicacdes. Livros. 71-88 (2015).

Matos, R., Ferreira, R.N.: Brasil em Crise e 0 Emprego Formal no Sudeste. Caminhos
Geogr. 18, 150-164 (2017).

Franga, T.C., de Faria, F.F., Rangel, F.M., de Farias, C.M., Oliveira, J.: Big Social Data:
Principios sobre Coleta, Tratamento e Analise de Dados Sociais. Topicos em
Gerenciamento Dados e Informagdes. 8-45 (2014).

Portela, E.: Andlise de Dindmica de Redes Sociais: Aplicacdo a uma Rede de
Preferéncias Musicais. (2014).

Karla, J., Lima, M., Esperidido, F.: Uma andlise dos Quocientes Locacionais das regifes
brasileiras nos anos 1991, 2000 e 2010. 18, 175-196 (2014).

Multilayer Networks Library for Python (Pymnet) — Multilayer Networks Library 0.1
documentation, http://www.plexmath.eu/wp-content/uploads/2013/11/multilayer-
networks-library_html_documentation/index.html.

De Domenico, M., Porter, M.A., Arenas, A.: MuxViz: a tool for multilayer analysis and
visualization of networks. J. Complex Networks. 3, 159-176 (2015).

Ministério do Trabalho: RAIS, http://www.rais.gov.br/sitio/sobre.jsf.

IBGE/Concla: Classificagdes por tema, Tabelas de cddigo de éreas,
http://concla.ibge.gov.br/classificacoes/por-tema/codigo-de-areas/codigo-de-
areas.html.

Scherer, G.J.W., Moraes, S.L.: Anélise Locacional das Atividades Dindmicas do Estado
do Rio Grande do Sul. 6° Encontro Econ. Gaucha. (2012).

Mariani, AC.: Conceitos Bésicos da Teoria de Grafos,
https://www.inf.ufsc.br/grafos/definicoes/definicao.html.

Bloechl, F., Theis, F.J., Vega-Redondo, F., Fisher, E.O.: Which sectors of a modern
economy are most central? CESifo Work. Pap. Ser. 1-13 (2010).

Finn, K.R., Silk, M.J., Porter, M.A., Pinter-Wollman, N.: Novel insights into animal
sociality from multilayer networks.



