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ABSTRACT

Complex networks have made significant contributions to our understanding of the
properties and dynamics of real-world networks. They have been instrumental in un-
derstanding mobility patterns in large urban centers, as well as studying the trans-
mission of infectious diseases, which has become increasingly important since the
COVID-19 pandemic in 2020. This study delves into the contact networks derived
from urban mobility data in São Paulo, Brazil. Leveraging an Origin-Destination
(OD) dataset, we investigate the structural dynamics of contact networks and their
correlation with residential components over various temporal resolutions. The study
employs the Louvain algorithm for community detection, providing insights into
the regional structuring of the city. The analysis begins by scrutinizing the con-
tact network’s behavior throughout the day, unveiling distinct temporal patterns
and highlighting pivotal moments of heightened activity. It then explores the im-
pact of varying minimum contact durations (mcd) on network properties, reveal-
ing the transformation of the network’s connectivity and the emergence of critical
timeframes for urban movement. Additionally, a detailed analysis of network met-
rics, including degree, clustering coefficient, and strength, offers a comprehensive
understanding of the network’s topological features. These metrics shed light on
the connectivity patterns, local clustering behavior, and the influence of contact
strength, providing a nuanced perspective on the intricate dynamics of urban con-
tact networks. The implications of this research extend beyond understanding urban
mobility patterns, offering potential applications in epidemiology, disaster preven-
tion, and urban planning. By decoding the complex interplay of contact networks
and unveiling key network metrics, this study contributes to unraveling the behavior
of urban dynamics, providing a foundation for further investigations and practical
applications.

Keywords: Complex Networks. Contact Networks. Mobility Patterns. Community
Detection.
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ESTUDO DE VÍNCULOS ENTRE PESSOAS EM ÁREAS URBANAS
COM BASE EM DADOS DE MOBILIDADE PARA A CIDADE DE

SÃO PAULO

RESUMO

Redes complexas fizeram contribuições significativas para a nossa compreensão das
propriedades e dinâmicas das redes do mundo real. Têm sido fundamentais para a
compreensão dos padrões de mobilidade nos grandes centros urbanos, bem como
para o estudo da transmissão de doenças infecciosas, que se tornou cada vez mais
importante desde a pandemia da COVID-19 em 2020. Este estudo investiga as re-
des de contato derivadas de dados de mobilidade urbana em São Paulo, Brasil.
Aproveitando um conjunto de dados Origem-Destino (OD), investigamos a dinâ-
mica estrutural das redes de contato e sua correlação com componentes residenciais
em várias resoluções temporais. O estudo emprega o algoritmo Louvain para detec-
ção de comunidades, fornecendo insights sobre a estruturação regional da cidade. A
análise começa examinando o comportamento da rede de contatos ao longo do dia,
revelando padrões temporais distintos e destacando momentos cruciais de maior ati-
vidade. Em seguida, explora o impacto das diferentes durações mínimas de contato
(mcd) nas propriedades da rede, revelando a transformação da conectividade da rede
e o surgimento de prazos críticos para o movimento urbano. Além disso, uma análise
detalhada das métricas da rede, incluindo grau, coeficiente de aglomeração e força,
oferece uma compreensão abrangente dos recursos topológicos da rede. Estas mé-
tricas esclarecem os padrões de conectividade, o comportamento dos agrupamentos
locais e a influência da força de contacto, proporcionando uma perspectiva diferenci-
ada sobre a intricada dinâmica das redes de contacto urbanas. As implicações desta
pesquisa vão além da compreensão dos padrões de mobilidade urbana, oferecendo
aplicações potenciais em epidemiologia, prevenção de desastres e planejamento ur-
bano. Ao descodificar a complexa interação das redes de contacto e ao revelar as
principais métricas de rede, este estudo contribui para desvendar comportamentos
da dinâmica urbana, fornecendo uma base para futuras investigações e aplicações
práticas.

Palavras-chave: Redes Complexas. Redes de Contato. Padrão de Mobilidade. Detec-
ção de Comunidade.
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1 INTRODUCTION

The study of complex networks has made significant contributions to our under-
standing of the properties and dynamics of real-world networks, from the internet
and social networks to biological systems (ALBERT; BARABÁSI, 2002; WATTS;
STROGATZ, 1998; COSTA et al., 2011). This field has helped uncover fundamental
principles governing the behavior of complex systems. It has the potential to shed
light on many pressing issues, such as the spread of diseases, the functioning of
economies, and the behavior of social groups, among others.

The emergence of the SARS-CoV-2 virus in early 2020 has resulted in a devastating
pandemic that has rapidly spread worldwide, with over 38 million people infected and
over 709,000 deaths recorded in Brazil since the first case was reported in São Paulo
on February 25, 2020 (COTA et al., 2020). Computational models have become
increasingly crucial to deal with the complex problems presented by the pandemic.
Mathematical models focused on epidemiology have gained traction as valuable tools
for forecasting and highlighting the importance of actions to reduce the number of
cases (ALLEN et al., 2008; PINTO et al., 2020). One promising approach in this
area is the use of mobile network modeling based on data from the region under
study (FREITAS et al., 2020b; BONA et al., 2016).

A mobility network, which consists of locations connected by the flow of people,
is essential for understanding virus transmission on a large scale, particularly in
a vast country like Brazil (FREITAS et al., 2020a; YILDIRIMOGLU; KIM, 2018;
LAMOSA et al., 2021).

From the mobility network, a network of contacts can be built (GONZALEZ et
al., 2008; BANSAL et al., 2010), treating individuals as nodes and the contact
time between them as edges in a graph. Among other diseases, the transmission of
COVID-19 (YANG et al., 2021; BANSAL et al., 2010) from an infected to a healthy
person happens through contact, making contact networks fundamental to providing
insights into the complex systems of many individuals.
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1.1 Motivation

Before delving into the study of disease transmission, it is crucial to understand the
patterns of urban mobility and how individuals are interconnected.

In the metropolitan region of São Paulo, a dataset is compiled every ten years by the
São Paulo Metropolitan Company (Metrô) in collaboration with the Government
of the State of São Paulo. This research initiative began in 1977, and the most
recent available data was released in 2017 on the Transparency Portal of Metrô (OD
SURVEY, 2017).

This analysis could offer insights into the transmission dynamics of viruses in specific
regions and guide the development of targeted interventions to control their spread.
Additionally, it could assist in identifying communities at higher risk and allocating
resources more effectively to contain epidemics.

1.2 Objective

This study aims to investigate and analyze the structure within a contact network
derived from urban mobility data in the city of São Paulo. The research aims to
apply community detection algorithms to identify significant clustering patterns,
understand the geographical distribution of these communities in relation to city
characteristics, and explore potential correlations with factors such as population
density, public transportation infrastructure, and mobility patterns.

In this context, the scientific questions to be answered are:

• “What is the relationship between people based on the places they visit?”

• “How does the contact network behave throughout the day? What are the
topological properties of the network?”

• “Does the community structure formed follow residential components?”

1.3 Contributions

This thesis can contribute to the understanding of the contact network structure
in urban environments, especially for large metropolises like São Paulo. Some con-
tributions include the identification of mobility patterns. By analyzing the contact
network structure, patterns of urban mobility can be identified, highlighting the
main areas of interaction and movement in the city.

2



The application of community detection algorithms reveals significant clusters in the
network, assisting in understanding how people interact in different regions of the
city.

This knowledge of mobility patterns applies not only in epidemiology, as mentioned,
but also in areas such as disaster prevention (TOMÁS et al., 2022; SANTOS et al.,
2019). This topic aligns with one of the strategic objectives of the National Institute
for Space Research (INPE) between 2022 and 2026, based on the goal of promoting
the use and dissemination of images, technologies, and space services for disaster
management (INSTITUTO NACIONAL DE PESQUISAS ESPACIAIS, 2022).

As part of the development of this dissertation, an abstract (CORREIA et al., 2022)
and a full paper (CORREIA et al., 2023) were published at the National Congress
of Applied and Computational Mathematics (CNMAC).

1.4 Organization of the document

The thesis is organized according to the following chapters. In Chapter 2, the litera-
ture overview provides an in-depth analysis of the theory used to calculate network
metrics and community detection, emphasizing the importance of our study.

Chapter 3 introduces the specific area of the study, along with the data sources and
methodology used to construct the network. It includes a detailed description of
the data cleaning and preprocessing steps, as well as the criteria used to define the
network edges and nodes.

In Chapter 4, the results obtained are presented, along with the final considerations.
Finally, Chapter 5 provides a conclusion and outlines future works from this thesis.
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2 LITERATURE OVERVIEW

Graph theory has emerged as a powerful tool in the computational analysis of mo-
bility data. In our study, we utilized this framework to construct a graph where each
vertex represents an individual, and the edges represent the relationships between
them. The weights of these edges vary depending on the duration of time that the
individuals spent in contact with each other. This approach allows us to model the
mobility patterns of individuals and provides a way to study the network structure
of the resulting graph.

2.1 Graph theory

A network is formally defined as a graph G(V, E), where V represents a non-empty
set of vertices (nodes), and E represents a set of non-ordered pairs of vertices,
which correspond to the edges (links) of G (BOAVENTURA NETTO, P. O.; JU-
RKIEWICZ, 2017). The adjacency matrix, A = aij for i, j = 1, ..., N , is used to
represent the links between vertices in the graph. The value of aij is 1 if there is
an edge between vertices i and j, and 0 otherwise, where N = |V | and L = |E| is
the total number of nodes and edges in the graph, respectively. Edge weights are
assigned to the edges in a matrix W = wij for i, j = 1, ..., N , where wij represents
the weight of the edge connecting vertices i and j. In the case of our study, the
weight is the duration of contact between individuals, and the network is considered
undirected, meaning the connections between nodes have no specified direction. An
example can be visualized in the graph depicted in Figure 2.1, where vertices are
numbered from 1 to 5, with wij indicating the weight of connections between such
vertices.

Figure 2.1 - Graphical representation of graph.

1

2

3 4 5w12

w23

w13

w34 w45

5



Notably, the adjacency and weight matrices are constructed with a zero value
in their main diagonal, which disallows self-loops (i.e., a11, a22, ..., aNN = 0 and
w11, w22, ..., wNN = 0).

2.1.1 Connectedness

In an undirected network, two different nodes, i and j, are connected if there is
a path between them. If that path does not exist, they are disconnected. As for
the network, it is connected if all its vertices are connected; otherwise, it will be
disconnected and have more than one connected component, where each component
is a subset of the network nodes (BARABáSI; PóSFAI, 2016).

Knowing this, it is possible to calculate the number of connected components (NCC)
that exist in the network and also which would be the largest connected component
(LCC) by checking the number of nodes that compose it. As an example, Figure 2.2
illustrates a graph featuring two connected components (NCC=2), with its largest
connected component comprising 3 vertices (LCC=3).

Figure 2.2 - Graphical representation of a disconnected graph.
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2.1.2 Network density

In graph theory, the density of an undirected network can be defined as the ratio
between the number of edges in the graph, L, and the number of possible total edges,
which is N(N − 1)/2, in an undirected network, so that N is the total number of
nodes in the network (BARABáSI; PóSFAI, 2016). Mathematically, this can be
expressed as:
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D = 2L

N(N − 1) . (2.1)

A density value of 1 indicates that the network is complete, where an edge connects
every pair of nodes, while a value of 0 indicates an empty network with no edges. In
our case, we used this measure to analyze the degree of connectivity of the contact
network.

2.1.3 Centralities

In an undirected network, the degree of a node ki represents the number of links
that node i has with other nodes. As there are no differences between incoming and
outgoing edges in an undirected network, ki can be interpreted as the number of
neighbors that node i has. The degree ki for node i can be calculated as the sum
of the elements in the i-th row (or column, since the matrix is symmetric) of the
adjacency matrix A, that is:

ki =
N∑

j=1
aij, (2.2)

where N is the total number of nodes in the network (BARABáSI; PóSFAI, 2016).

To calculate the average degree of the graph, denoted by ⟨k⟩, we can use the formula:

⟨k⟩ = 2L

N
, (2.3)

which gives an idea of the connectivity of the network as a whole. A higher value of
⟨k⟩ indicates a denser network with more connections, while a lower value indicates
a sparser network with fewer connections.

The vertex strength of a node is defined as the sum of the weights of all its con-
nections. In a network where all connections have a weight equal to 1, the vertex
strength is simply the degree of the node. However, in some real-world networks,
connections may have different weights, representing different levels of importance
or influence.

To calculate the vertex strength of a node, we first need to assign a weight to each
connection. We then sum the weights of all connections to the node to obtain its
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vertex strength (BARRAT et al., 2004). Mathematically,

si =
N∑

j=1
aijwij. (2.4)

The average vertex strength of a network is simply the average of the vertex strengths
of all nodes in the network. It represents the typical level of importance or influence
of nodes in the network. The average vertex strength of a network is given by:

⟨s⟩ = 1
N

N∑
i=1

si. (2.5)

2.1.4 Clustering coefficient

The clustering coefficient, denoted by C, is a metric commonly used in network
analysis to measure the tendency of nodes in a network to form clusters or tightly
interconnected groups. It provides insight into the local structure of a network by
quantifying the extent to which a node’s neighbors are interconnected. Specifically,
for a node i with degree ki, the clustering coefficient is defined as the ratio of the
number of links between neighbors of node i to the total number of possible links
between them (WATTS; STROGATZ, 1998).

It should be noted that for nodes with degree ki = 0 or ki = 1, the clustering
coefficient is undefined since there are no neighbors to form connections between.
Thus, by convention, Ci = 0 for such nodes (BARABáSI; PóSFAI, 2016). For this
study, a weighted clustering coefficient, Cw, was calculated, which takes into account
the weights of the edges connected to each vertex (BARRAT et al., 2004):

Cw
i = 1

si(ki − 1)
∑
j,h

(wij + wih)
2 aijaihajh, (2.6)

in which si is the strength of node i.

To obtain the average clustering coefficient of a graph, denoted as ⟨C⟩, one needs
to divide the sum of the weighted clustering coefficients Cw

i for all nodes i in the
network by the total number of nodes N :

⟨C⟩ = 1
N

∑
i

Cw
i . (2.7)
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2.1.5 Community detection

A community is a group of nodes that have a higher probability of connecting rather
than to nodes outside of their communities. Keeping this concept in mind, Barabási
and Pósfai (2016) proposed four hypotheses for community detection algorithms.

The Fundamental Hypothesis posits that communities are inherent structures en-
coded within a network’s adjacency matrix, Aij. These communities represent under-
lying truths awaiting discovery through the application of appropriate algorithms.

According to the Connectedness and Density Hypothesis, a community is character-
ized as a locally dense connected subgraph. It means that nodes within a community
exhibit a higher density of connections among themselves compared to nodes outside
the community.

The Random Hypothesis asserts that randomly wired networks lack discernible com-
munities; in contrast to networks with meaningful structures, a random network
needs a clear community organization.

Finally, the Maximal Modularity Hypothesis suggests that the most accurate repre-
sentation of a network’s community structure is achieved by partitioning the network
into communities that maximize modularity.

Modularity (Q) is defined as the quality of the network partition into subgraphs.
In other words, it measures the density of links within the community compared to
links connecting different communities (NEWMAN, 2004a).

There are various methods for conducting this analysis (FORTUNATO, 2010), with
the Girvan and Newman method (NEWMAN; GIRVAN, 2004) being the most pop-
ular. However, for large networks, such as the mobility network of a metropolis
like São Paulo, a low-complexity method is necessary due to the vast amount of
information in this network. Therefore, the Louvain algorithm was used to detect
communities (BLONDEL et al., 2008) due to its low computational complexity,
O(NlogN), especially considering that the network under study is extensive and
composed of thousands of nodes.

2.1.6 Fast community unfolding

Fast community unfolding, also known as the “Louvain Method”, is a heuristic
method for greedy modularity optimization, a direct use of the aforementioned
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fourth hypothesis. In other words, it is a method that seeks partitions (commu-
nities) with optimal modularity. The following equation can represent modularity:

Q = 1
2m

∑
i,j

[wij − titj

2m
]δ(ci, cj), (2.8)

where ti = ∑
j wij is the sum of weights of edges connected to vertex i, and ci is the

community to which vertex i has been assigned. Similarly, tj and cj refer to vertex
j. The function δ(ci, cj) equals 1 if both vertices are in the same community and 0
otherwise. Finally, m = 1

2
∑

i,j wij (NEWMAN, 2004b).

As the method focuses on seeking the best modularity, it operates in a multi-
resolution scheme, thus being highly scalable, with a complexity of O(L), where
L is the number of links in the graph. It operates by following these steps:

• Assign every node to its community and calculate the modularity for the
graph.

• Phase 1: Vertex Mover (VM)

– Traverse all vertices and check for an increase in modularity by moving
the node from its community to a neighbor’s community;

– Place the node in the community that maximizes modularity;

– Repeat until there are no more gains in modularity.

• Phase 2: Aggregation (Agg.)

– Nodes from the same communities are merged into a “super-node”;

– The weights of the edges are summed.

• Repeat the previous phases until there is no further increase in modularity.

This algorithm results in optimal graph partitioning in terms of modularity. The
method is relatively fast, moving only vertices between neighboring communities.
Community exploration is initially performed locally and then over long distances
as vertices aggregate, as seen in Figure 2.3.

Additionally, it avoids the problems faced by other methods where the calculation of
modularity has some limitations in identifying communities up to a particular scale
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Figure 2.3 - Graphical representation of each step for the Louvain method. The first phase
is represented by “VM” (Vertex Mover), and the second phase by “Agg.”
(Aggregation). In this illustration, the algorithm converges after two passes,
uncovering an optimal partition made of 2 communities and a value of Q =
0.45.

SOURCE: Blondel et al. (2023).

because it depends on the resolution parameter (r) chosen by the user, which can
alter the size of the communities. Reducing the resolution reveals smaller clusters,
leading to a greater number of them. Conversely, increasing the resolution identifies
clusters that include more data points.

2.1.7 Dominance coefficient

Community detection aims to find patterns, and it is expected to uncover relation-
ships between each of these subgraphs. The concept of a “dominance coefficient”
refers to how influential or prominent specific communities are in a network. The
more significant number of nodes can analyze this from a specific community in a re-
gion or zone. Blondel et al. (2008) provides an example by examining the percentage
of speakers of the language, French or Dutch, in a studied community.

In our study, the dominance measure on a scale of 0 to 1 indicates the degree of
presence or influence of a community in a specific zone. A value closer to 1 suggests
the dominance of the community in that zone, while a value closer to 0 indicates a
less prominent presence.
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This metric is valuable for assessing the influence of a community in different geo-
graphic regions or parts of a network. It provides insights into how significant the
contribution of a specific community is in terms of connections or interactions in a
particular zone.

2.2 Related works

To underscore the significance of incorporating complex networks into the study
of mobility, particularly in the context of epidemic diseases such as COVID-19, an
extensive search was conducted on Google Scholar using the search query (“complex
networks” or “graph”) and (“mobility” or “contact”) or (“connection” or “interac-
tion”). By encompassing relevant topics in our research, we aimed to ensure the
currency of our findings with ongoing trends.

Among all the resulting articles, the first fifty were selected, and all of them are
centered on Complex Networks (CN). Fifteen articles (30%) were categorized under
the utilization of CN to investigate disease transmission, specifically in the context
of epidemic diseases. Moreover, five out of those fifteen articles (30%) were explicitly
related to COVID-19, emphasizing the relevance and timeliness of our research topic.

As exemplified by Pastor-Satorras et al. (2015) and Liu et al. (2013), the recogni-
tion of the expanding field of epidemic modeling in networks and the potential for
cross-disciplinary application has led to improvements in the study of epidemics.
Subsequently, the application of this field has broadened to encompass a diverse
range of domains.

In the aftermath of the devastating global impact of the coronavirus pandemic in
recent years, numerous studies, including those by Goel et al. (2021) and Hâncean
et al. (2020), have emerged, utilizing mobility networks to investigate disease trans-
mission. In addition to these studies, akin to our work focused on Brazil, studies
such as Freitas et al. (2020b) and Lamosa et al. (2021) conducted research using
mobility networks, with nodes representing places and edges representing the flow
between them.

Works such as Pechlivanoglou et al. (2022) and Hartnett et al. (2021) employ mo-
bility data to construct contact networks for the study of coronavirus transmission.
In the context of this ongoing pandemic, research in this area continues to be criti-
cally important for understanding virus spread and developing effective mitigation
strategies.
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Complex networks have gained substantial traction in this domain, and our work,
incorporating mobility data from the city of São Paulo, holds the potential to enrich
this steadily growing field further.

Additionally, when delving into the study of São Paulo, a more comprehensive search
was conducted. Utilizing a new search query for the search (“complex networks” OR
graphs) AND (mobility OR contact OR connection OR interaction) AND (“São
Paulo” OR “Sao Paulo”), the objective was to review all pertinent literature and
confirm the originality of this thesis. In contrast to the former, this study was con-
ducted using the Federated Academic Community (CAFe) access infrastructure at
the Coordination for the Improvement of Higher Education Personnel’s (CAPES)
Periodicals Portal.

In total, 311 article results were obtained, with only one of them utilizing the same
data from the 2017 Origin-Destination Survey. Martins et al. (2021), employing the
identical dataset as ours, sought to identify and analyze mobility patterns for various
scenarios, such as peak travel times, social factors, and transportation modes, unlike
our study, where we applied such data to construct a contact network and analyze
its topological metrics, including community detection.

By leveraging the interconnectivity of complex networks and the intricacies of epi-
demic models, a more profound understanding of how diseases spread within pop-
ulations can be gained. This approach has the potential not only to enhance our
comprehension of ongoing epidemics but also to contribute to the development of
strategies to combat future outbreaks. Therefore, the study of complex networks in
epidemic modeling represents a promising avenue for advancing our knowledge of
infectious diseases and improving public health outcomes.
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3 MATERIALS AND METHODS

3.1 Study area

To procure the requisite data for our study, we relied on the 2017 Origin-Destination
(OD) Survey conducted by the Secretary of Metropolitan Transport of the Gov-
ernment of the State of São Paulo in collaboration with the Metro company (OD
SURVEY, 2017). This comprehensive survey covered the entire metropolitan region
of São Paulo, furnishing us with a robust dataset for our analysis.

This survey was conducted in various households where residents were asked about
various themes, for example, the means of transportation, places, and times they had
visited on the previous business day. They interviewed about 0.3% of the population
of the city of São Paulo in 2017.

For our study, we focused on the sub-region (Center) of the OD research, depicted
in Figure 3.1. This sub-region precisely corresponds to the city of São Paulo, while
other cities in the metropolitan region mainly function as distinct sub-regions.

Figure 3.1 - Division of the sub-regions of the OD Survey.

Metropolitan region of São Paulo - RMSP

Municipalities limits

Sub-regions

Center

North

Northeast

East

Southeast

Southwest

West

SOURCE: OD SURVEY (2017).

This particular sub-region is comprised of 342 OD zones, defined based on urban and
socioeconomic homogeneity, as well as other technical criteria. These zones represent
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the minor geographic units, ensuring the statistical representativeness of the data,
as depicted in Figure 3.2.

Figure 3.2 - Division of zones and municipalities for each of the sub-regions.
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Northeast
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Metropolitan region of São Paulo - RMSP

OD Zones 2017

Sub-regions

Municipalities Divisions

SOURCE: OD SURVEY (2017).

As a complement to the 2017 Origin-Destination Survey, additional support was de-
rived from data provided by the Digital Map of the City of São Paulo (GEOSAMPA,
2017). Developed by the São Paulo City Hall in collaboration with the Municipal
Department of Urbanism and Licensing, this map facilitated the acquisition of sup-
plementary data for our thesis.

With this data, we could utilize the city’s division into larger geographical units
such as districts and subprefectures, illustrated in Figure 3.3. The regionalization of
the São Paulo map was also incorporated, as shown in Figure 3.4.

Considering that the official division of the city of São Paulo was created by law
to guide the actions of municipal administration, each of these regions is highly
independent, and they are divided in this way so that the entire city receives proper
care in all aspects.

By leveraging these divisions, we gain a more granular understanding of mobility
patterns within the intra-urban area under study. This level of detail is essential for
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Figure 3.3 - Division of São Paulo’s regions into sub-prefectures, districts, and zones.
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accurately modeling the spread of infectious diseases, allowing us to identify high-
traffic areas and potential hotspots for disease transmission. Additionally, examining
these areas provides insights into socioeconomic factors impacting mobility patterns
and, consequently, disease transmission rates.

Overall, integrating these divisions in our analysis enhances our comprehension of
the intricate interplay between mobility patterns and disease transmission, offering
critical insights for informing public health policy and response efforts.
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3.2 Origin-Destination data

The OD Survey dataset utilized in our analysis spans 24 hours, commencing at 00:00
and concluding at 23:59 on the same day. Each individual in the dataset is assigned
a unique identity number (ID PESS), and the dataset records the total number of
trips made by each individual during that period (TOT VIAG). The dataset fields
are summarized in Table 3.1.

Table 3.1 - Dataset attributes

Attribute Meaning
ID PESS Identity number of a person
N VIAG Trip number performed by ID PESS

TOT VIAG Total trips taken per person
ZONA O Origin zone
ZONA D Destination zone
H SAIDA Departure hour from the ZONA O

MIN SAIDA Departure minute from the ZONA O
H CHEG Arrival hour from the ZONA D

MIN CHEG Arrival minute from the ZONA D
CD-ATIVI Type of activity carried out during the day
MODO1 Primary mode of transportation used

Individual trips are sequentially numbered (N VIAG) and include information on the
origin zone (ZONE O) and destination zone (ZONE D) of the trip. The dataset also
provides precise departure times from the origin zone (H SAIDA and MIN SAIDA)
and arrival times at the destination zone (H CHEG and MIN CHEG). Table 3.2
illustrates the structure of the dataset, with the first row exemplifying a person
(ID PESS) leaving at 5 hours (H SAIDA) and 45 minutes (MIN SAIDA) from an
origin zone (ZONA O) coded as 1 and arriving at their destination zone (ZONA
D) of number 3 at 5 hours (H CHEG) and 55 minutes (MIN CHEG). This trip is
numbered 1 (N VIAG) out of a total of 2 trips (TOT VIAG) made that day.

While our study encompasses the entire city of São Paulo, it is noteworthy that
in some zones among the designated 342, no households were visited during the
survey. Due to the lower density or near absence of residences in these specific areas,
they were excluded from the survey selection. To transparently address this, such
instances will be documented as “Missing Values,” indicating which zones are not
included in our study. This acknowledgment ensures clarity regarding the limitations
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of our dataset, specifically identifying zones that may not contribute to the overall
analysis due to a lack of residential representation.

Table 3.2 - Profile of the first 5 rows of the dataset of the city of Sao Paulo.

ID N TOT ZONA ZONA H MIN H MIN
PESS VIAG VIAG O D SAIDA SAIDA CHEG CHEG

10001101 1 2 1 3 5 45 5 55
10001101 2 2 3 1 15 45 15 55
10001102 1 3 1 82 9 0 9 50
10001102 2 3 82 84 17 0 18 0
10001102 3 3 84 1 22 50 23 30

Significantly, journeys can occur within the same areas or extend across diverse
regions.

3.3 Network construction

To process and analyze the Origin-Destination Survey dataset, we use the Python
programming language along with the igraph (2023) library, a powerful tool for
creating and manipulating graphs. The data underwent preprocessing and was sub-
sequently exported as a CSV file.

To create all plots and graphics related to our network analysis, we chose to utilize
the networkx library (HAGBERG et al., 2008). It proved more efficient in handling
the extensive graph structure and enabled significantly faster image generation com-
pared to alternative libraries.

The study’s source code is organized into three main blocks: data preprocessing,
contact network construction, and output. The flowchart in Figure 3.5 delineates
these processes into distinct blocks.

In the first block, we tackled data inaccuracies within the OD survey by arranging
them in chronological order based on each person’s ID PESS and the number of
trips. As part of the data processing, we also excluded individuals whose origin and
destination zones were unspecified and those whose travel times were not registered.
In the second block, individuals present in the same zones during the same periods
were connected. We segmented the day into one-minute periods, identifying the
zones each individual occupied at each minute, disregarding travel time between
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Figure 3.5 - Flowcharts of all processes divided into 3 main blocks, representing respec-
tively data preprocessing, contact network construction, and output.
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zones. The resulting weighted adjacency matrix W represented the contact duration
between individuals.

Within the second block, the weighted adjacency matrix was utilized to construct
the contact network, N = 39627 and L = 9418901, and the weighted adjacency
list. The adjacency list facilitated the calculation of metrics for each vertex, global
network metrics, exploration of community structure, and generation of images.

In the third block, the results obtained from the contact network analysis were
exported. The weighted adjacency list, created in the second step, was exported in
PAJEK format, a standard format for storing and exchanging network data. This
format comprises three columns, with the first and second columns representing the
vertices and the third column representing the edge weight between them.

Following the export of the adjacency list, we computed and added the vertex and
global metrics to their respective CSV files. By exporting the results in a stan-
dardized format and including both vertex and global metrics, we facilitate further
analysis and comparison of the contact network with other networks or datasets.

An important point to mention is that all images generated for network visualization
display only the vertices. In other words, each point corresponds to a vertex, and
all these vertices have been placed within their respective residential zones, utilizing
the São Paulo shapefile due to the network containing a vast number of edges, which
would hinder the visualization of the entire graph.
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4 RESULTS

The results chapter has been divided into three sections. The first section demon-
strates the construction of the contact time list and the analysis of OD data without
using the network. In the second section, the properties of the constructed network
and its vertices are analyzed based on density, degree, strength, and clustering coeffi-
cient. Finally, in the third and last section, the analysis of communities are presented,
including the distribution and map of the dominance coefficient. This section are
also include the topological consistency in the map of the dominant community for
each zone.

4.1 Data analysis and setting up the contact network

Firstly, before delving into the analysis of our network, it is necessary to demonstrate
its construction. With an extensive dataset giving rise to our network of individuals,
it is worthwhile to investigate some of the factors that shaped it.

The graph is built based on the contact time each person maintains with others
throughout the day, and this contact is exclusively dependent on the shared zone in
which these individuals are located. Each person (node) is placed in their residential
zone, and this positioning will be maintained for all subsequent graph visualizations
in this thesis.

To illustrate the population distribution per zone, as depicted in Figure 4.1. By com-
parison, Figure 4.2 exhibits the population density of zones, which is a normalization
of the population by area.

The central zones of the city of São Paulo, with an emphasis on São Carlos do Pinhal
and Pamplona, maintain the highest population density despite not having as many
people registered in the study as mentioned above.

By examining the departure time of each person, we obtain the number of trips per
hour on a typical day within the city of São Paulo, as seen in Figure 4.3. However,
these trips include both journeys made outside and inside the zone where each person
was located.

This type of travel analysis was to be expected, considering that São Paulo is the
busiest city in the entire metropolitan region (MARTINS et al., 2021). However,
we can delve deeper into these trips and detect how many trips are made and how
many zones are visited during this daily period (Figure 4.4).
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Figure 4.1 - Number of people per residential zone.
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According to Figure 4.4, the majority of people, approximately 70%, make two
trips and visit two different zones in a single day. Combining this analysis with the
histogram in Figure 4.3, we observe that most people undertake these trips during
the periods between 06:00 and 07:00, around 12:00, and between 17:00 and 18:00.

With this data, we can reasonably infer that the majority of trips made by individ-
uals on a typical day in the city of São Paulo are commuting trips. In other words,
people depart from an origin zone (such as a residential zone), travel to a destination
zone (a work or study zone, for example), and return to their origin zone in the early
evening.
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Figure 4.2 - Population density per residential zone.
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Figure 4.3 - Number of trips made at each hour of the day, starting from 00:00 and ending
at 23:00.
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Figure 4.4 - Left: Frequency of the quantity of trips made; Right: Frequency of the number
of visited zones. Both graphs represent a day’s time span.
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4.2 Network metrics

Between the 24 hours of Origin-Destination mobility data, we observe different min-
imum contact durations (mcd) to assess how they influence the structure of the
contact network.

With the passing of each hour of the day, we have the threshold mcd = 1, 2, 3, ...,
and edges with weights less than the specified number of hours will be cut from the
network. The network in the initial state, without the passage of time, is considered
with mcd = 0. For example, in the network with mcd = 6, all edges with weights
less than 360 minutes are cut. In all subsequent results, the divisions of the mcd

thresholds follow this procedure.

For each of the different values of mcd, we analyze the density, degree, strength, and
clustering coefficient of the vertices that make up the network, as well as an average
for the entire network. Additionally, we examine the connectivity of our network by
analyzing the number of connected components and the most significant component
in each case.

Figure 4.5 - The graph displays the number of connected components (NCC) and the
largest connected component (LCC) for a series of threshold values ranging
from mcd = 0 to mcd = 24.
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Initially, we analyze the connected components of the graph, as seen in Figure 4.5.
As the mcd increases, it is expected that the links of the graph become disconnected,
making the network increasingly disjoint over time. However, it is interesting to note
that this network breakdown does not occur steadily. Notice that at mcd = 12, the
network starts to lose connections much more rapidly, reaching mcd = 24 where all
nodes in the network are entirely isolated, leaving us with the number of connected
components (NCC) equal to the number of vertices, N = 39627.

This event can be observed in more detail in Figure 4.6. That illustrates the con-
nectivity state of the network as the mcd increases. In the beginning, mcd = 0, all
vertices are connected, and there is only one connected component. At mcd = 8,
the first nodes start to detach from the most significant connected component. At
mcd = 16, it shows the state of the network as the contact time progresses, and
finally, at mcd = 24, the entire network is disconnected, and all nodes are isolated.

It is noteworthy that the nodes become disconnected uniformly throughout the city
of São Paulo, regardless of the zone or region. This observation can be related to
the information in Figure 4.3. According to our study, the network ceases to have
only one connected component at the time of mcd = 7, where in Figure 4.3, it was
the first peak in the number of trips during the day. Also, when the network starts
to disconnect more rapidly at the time of mcd = 12, it corresponds to the highest
number of trips. Indicates that the loss of connections is indeed associated with the
trips people make during the day.

In Figure 4.7, we have the average degree ⟨k⟩ of the graph represented for each point,
and as the mcd increases, the average degree decreases. Its behavior is identical to
that of density, as seen in Figure 4.8. An expected behavior is because as edges are
excluded from the network, the number of connections for each vertex also decreases.

The average strength of the network ⟨s⟩, however, exhibits a different behavior, as
seen in Figure 4.9. As the mcd increases and reaches the 12-hour mark, a change
in the curve’s shape is noticeable. A non-linear regression asserts that it exhibits
a sigmoidal behavior, given by the equation y = 3622.90

(1+0.23e(x−10.77)) − 62.37. In other
words, from the 12-hour mark onward, the strength of the graph starts to decline
more rapidly.

Similar to the average strength of the graph ⟨s⟩, the clustering coefficient ⟨c⟩ is
also affected by the large number of trips made at 12 hours, as seen in Figure 4.10.
This behavior can be explained because, as the mcd increases, weaker links are
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Figure 4.6 - This figure shows the increase in NCC as the mcd increases. Blue nodes are
still connected to the network while red are isolated.
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Figure 4.7 - The graph displays the average degree for a series of threshold values ranging
from mcd = 0 to mcd = 24. Each point on the graph represents the average
degree ⟨k⟩ of a graph generated with the corresponding threshold value.
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disconnected, resulting in a more clustered graph, with neighbors of a node also
being neighbors themselves. However, from 12 hours onward, the coefficient begins
to decline drastically, indicating that a significant portion of these clusters has a
contact strength close to 12 hours, as also shown in Figure 4.9.

Furthermore, in Figure 4.6, we observe that nodes are disconnected uniformly across
the entire study area. It suggests that there is no larger cluster in any specific region
of São Paulo, and clusters are small groups scattered throughout the city.

In addition to the (global) metrics calculated for the entire graph, we also compute
local metrics for the nodes. Figures 4.11, 4.12, and 4.13 depict histograms for each
of the presented mcd values in the study. For each histogram, the x-axis is fixed,
and the values on the y-axis are normalized to make changes in each variable more
readable.
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Figure 4.8 - The graph displays the density for a series of threshold values ranging from
mcd = 0 to mcd = 24. Each point on the graph represents the density D of a
graph generated with the corresponding threshold value.
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Similar to the trends observed in ⟨k⟩, ⟨s⟩, and ⟨c⟩, here, one can discern with more
detail the influence of the high number of trips at 12 hours. From mcd = 12 onward,
the metric values for each vertex start decreasing more rapidly, as indicated by the
swift leftward shift in the histograms.

Finally, an analysis of the IDs of individuals is conducted based on the calculated
metrics, as shown in Table 4.1. Initially, the top 100 nodes with the highest and
lowest degree, strength, and clustering in the default graph (mcd = 0) are extracted.
Subsequently, two additional measures are analyzed, as provided by the 2017 OD
Survey, as seen in Table 3.1.

For these measures, the most common categories were selected according to the
segments of the individuals surveyed.
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Figure 4.9 - The graph displays the average strength for a series of threshold values ranging
from mcd = 0 to mcd = 24. Each point on the graph represents the average
strength ⟨s⟩ of a graph generated with the corresponding threshold value.
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Table 4.1 - The most common activity performed and primary mode of transportation.

CD-ATIVI MODO1
Highest Degree Has regular job (81%) Driving a Car (41%)
Lowest Degree Student (45.5%) On Foot (66.3%)

Highest Strength Has regular job (84%) On Foot (36%)
Lowest Strength Has regular job (41%) On Foot (40%)

Highest Clustering Student (33.7%) On Foot (79.2%)
Lowest Clustering Has regular job (57.4%) Driving Car (40.6%)
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Figure 4.10 - The graph displays the average strength for a series of threshold values rang-
ing from mcd = 0 to mcd = 24. Each point on the graph represents the
average clustering ⟨c⟩ of a graph generated with the corresponding threshold
value.
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Figure 4.11 - In this figure, we have 24 graphs, each one representing the degree of the
vertices of the network. Considering that each point represents a vertex, the
y-axis contains the number of vertices with the given degree, represented by
the x-axis.
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Figure 4.12 - In this figure, we have 24 graphs, each one representing the strenght of the
vertices of the network. Considering that each point represents a vertex, the
y-axis contains the number of vertices with the given strenght, represented
by the x-axis.
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Figure 4.13 - In this figure, we have 24 graphs, each one representing the clustering of the
vertices of the network. Considering that each point represents a vertex, the
y-axis contains the number of vertices with the given clustering, represented
by the x-axis.
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4.2.1 Ordinary and outer strength

After analyzing all these metrics, the network is based on the shapefile of São Paulo
to analyze the regions with higher strength. For this, the strength of each vertex is
summed for each residential zone, varying the mcd (Figure 4.14).

It is noticeable that the most populous zones, as shown in Figure 4.1, have the highest
strengths, as expected. However, for comparison, we also compute the strength for
each vertex, including only connections to vertices of different residential zones,
which we call the outer strength (Figure 4.15). Similar to Equation (2.4), it is possible
to define an equation for the outer strength formally:

s
(l)
i =

N∑
j=1

a
(m)
ij w

(m)
ij , (m ̸= l); (4.1)

where the outer strength (s(l)
i ) of a node i in a zone l will be the sum of the weights

of the edges of its connections, provided that node j is in a zone m, where m ̸= l.

Comparing Figures 4.14 and 4.15, one observes that the zones farther from the
center lost strength when vertices from the same residential zone are disregarded.
It indicates that a significant portion of nodes in the more distant zones of the city
remain within their residential zone for much of the day.
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Figure 4.14 - The strength of each vertex varies with the mcd.
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Figure 4.15 - The outer strength of each vertex varies with the mcd.
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4.3 Community detection

The third section of results starts with the study of communities. As mentioned in
Chapter 2, we use the Louvain algorithm for community detection. As the Louvain
method operates based on a resolution, the main challenge is to find a resolution
that explains the case under study.

We conducted several tests to find the best resolution that explains a meaningful way
to divide the contact network for the city of São Paulo for mcd = 0. For instance,
with the default parameter of r = 1, the code returns 26 communities, which do not
provide a clear physical explanation of the division despite its modular value still
being relatively high Q = 0.67.

The main goal here is to find a community division that makes sense with the ex-
plored data until then. For example, with r = 0.3, we find four different communities
as shown in Figure 4.16.

Similar to the other presented figures, each point represents a node in the network,
and its color indicates which community the respective vertex belongs to. Noticeably,
zones do not have vertices belonging to only one community, so we determine the
percentage of the most frequent for each zone to assess how much a community
dominates a specific area. Figures 4.18 and 4.17 demonstrate that all zones are
well divided among the respective communities, with a significant portion having a
community representing more than 90% of its population.

We divide each zone by the dominant community that represents it, thus providing a
better visual representation of the communities for the city of São Paulo as a whole.
This representation can be visualized in Figure 4.19.

The corresponding modularity for the chosen resolution of r = 0.3 is Q = 0.76,
which is even better than the one obtained with the default value of r = 1. This
division closely resembles the division of city regions presented in Figure 3.4.

The comparison between the identified communities with the São Paulo region is
presented in Table 4.2. Dividing the regions of São Paulo, Figure 3.4, into zones, we
have the following distribution: the North region has 50 zones, the East region has
100 zones, the combination of the West and Central regions has 90 zones, and the
South region has 89 zones.
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Figure 4.16 - Each point represents a node, and its color corresponds to each of the com-
munities presented.
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Figure 4.17 - Dominance of each zone.
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Figure 4.18 - Histogram of dominance values.
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Examining Community 2, which represents the North region with 47 zones out of
the total 50, reveals a deficit of 3 zones. This places Community 2 at a shortfall in
comparison to Community 0, which is associated with the Central/West region.

Community 1, representing the East region, demonstrates a surplus of 4 zones, 3
zones in comparison to Community 0 and 1 zone relative to Community 3. Shifting
the focus to Community 0, representing the Central/West region, it experiences a
deficiency of 3 zones in comparison to Community 1 while maintaining an excess of
3 zones compared to Community 2. It also has a surplus of 38 zones in relation to
Community 3.

Lastly, Community 3, representing the South region, faces a deficit of 38 zones
compared to Community 0 and falls short by 1 zone compared to Community 1.
This analysis provides information on distribution disparities between the identified
communities and their respective regions. It also emphasizes the more significant
division observed in the North and East regions while the Center and West regions
converge, subtly merging even with the South region.

43



Figure 4.19 - Community division by zones.
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Table 4.2 - Comparison of Zone Distributions among Regions and Communities in São
Paulo.

Region/ Number of zones Number of zones Surplus(+)/
Community per region per community Deficit(−)

North 50 47 −3 zones from Community 0
East 100 104 +3 zones from Community 0

+1 zones from Community 3
Center −3 zones from Community 1

and 90 128 +3 zones from Community 2
West +38 zones from Community 3
South 89 50 −1 zones from Community 1

−38 zones from Community 0
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5 CONCLUSIONS

In this thesis, we study the structure of the contact network derived from mobility
data for the city of São Paulo. By unifying this structure with the residential com-
ponents of the vertices, we can track visually how the contact network changes over
time.

As the minimum contact duration (mcd) changes, there is an expected decrease in
centrality and clustering coefficient values. Initially, the network is highly connected,
and as mcd increases, edges that do not reach this value are removed.

However, with the progression of mcd, reaching a peak at 07:00, the network begins
to transition from being complete to having isolated nodes. At the 12:00 mark, it
undergoes a complete behavior change, indicating critical times of movement during
the day.

Regarding people’s relationships between the places they travel during the day,
despite having regular activities and moving to other zones, the factor that most
impacts these links is the residential zones.

Another factor demonstrating this is the positions of the connected components.
With the increase in mcd and the growth of connected components, isolated vertices
are seen to increase uniformly throughout São Paulo, negating the idea that people
in the center would be more strongly connected.

It is plausible to observe the configuration taken by the four different generated com-
munities. Considering the independence of each city region, the community structure
respects this regional division to some extent.

Communities 1 and 2 represent the East and North regions well, respectively. Com-
munity 0 is mixed between the Central and West regions, and Community 3 rep-
resents part of the South region. It shows that the community structure follows
residential components.

The proposed objectives for this dissertation are being achieved, but some limitations
are encountered during the project. The limitations inherent in this study primarily
stem from the constraints related to the available data. A more extensive temporal
scope beyond the confined 24-hour window would have enhanced the depth of our
research.
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While our study is centered on understanding epidemic transmission dynamics and
analyzing risk scenarios, it is crucial to acknowledge that our data and study zone
are at a broader scale. As a prospective avenue for future research, there is merit
in transitioning to a more localized perspective, honing in on a specific commu-
nity. This approach could offer valuable insights into how a localized community’s
dynamics influence the broader structural framework of the city. Moreover, simula-
tions involving agents, particularly intra-zone movement, could significantly enhance
our understanding of these dynamics.

Regarding communities, the Louvain method for detection is a versatile algorithm
that focuses on modularity optimization. Due to working with an extensive graph,
the choice for the method is almost exclusively due to its meager computational cost
compared to other models used in the literature. It suggests the use of adaptations
of this method (BLONDEL et al., 2023) for future comparisons.

Finally, in addition to these improvements and the study of disease transmission such
as COVID-19, the goal is to analyze disaster risk scenarios based on the analysis of
this complex network.
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