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Abstract

Cities represent one of the most fascinating man-made complex systems. The study
of the mobility and social dynamics occurring in urban areas has aroused particular
interest in the scientific world. The emergence of the Covid-19 pandemic has led the
scientific community to study and model social dynamics in public environments, to
understand how they influence the epidemic process and to develop effective contain-
ment measures. The need to create a sustainable transport system to reduce CO2
emissions and make travel more efficient, has required the study and mathematical
modelling of urban travel to determine how travel occurs.

However, mathematical modelling without real application turns out to be a par-
tial and incomplete study. The use of a data-driven approach allows mathematical
models to be studied and tested in real social environments using data from widely
used electronic devices.

Within this framework, in this thesis we focus of data-driven processes of model-
ing mobility, transportation, and social dynamics in urban environments. We mainly
focus on the study and analysis of the dynamics of group formation and reshuffling
and user interactions in public environments, during the Covid-19 pandemic by go-
ing to evaluate the effect of containment measures. We used the empirical data from
the groups to go test and demonstrate the effectiveness of contact tracing mecha-
nisms, in particular sideward contact tracing, for suppressing epidemic spread. For
the urban mobility dynamics part, we propose a model for simulation and prediction
of the use of public transportation as a mode of transportation. We show the results
of the data-driven models applied to the city of Parma and in particular the effect
of the Scientific Campus on public transportation and the social dynamics occurring
within it.

The city of Parma and its Scientific Campus represent a particular case for
the study of urban and social mobility. The Scientific Campus is a strong center of
attraction for users, connected to the city center and in particular to the train station
by a few lines. This can cause an overcrowding of buses and transport delays that can
lead users to prefer the use of private transport. Analogously, the University campus
is subject to significant flows occurring entirely inside it among different buildings
or different enclosed spaces. This high social mobility follows social gatherings and
courses schedules, creating a temporal network of interactions among users, which
is a relevant signal to map and rethink a clever use of the common areas. Moreover,
the analysis and modeling of the internal flows has become of crucial interest for the
University for the past two years, due to the Covid-19 pandemic.

The traffic flows towards and from the Campus and the social mobility inside
the Campus can be studied by analysing massive datasets of GPS data collected
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by users with mobile devices and data from WiFi connections of single users to the
access points of the University WiFi Network.

Inside the Campus, we analyse the internal flows using WiFi data and we recon-
struct the temporal connectivity patterns among users (simplexes), identifying large
gatherings. In particular, for each phase of pandemic with different containment
measures in the Campus, we were able to measure the probability distributions of
groups and link activation at Wi-Fi Access Points, investigating how different areas
are used in the presence of restrictions. We consider a recently proposed epidemic
model on simplicial temporal networks and we use the measured distributions to
infer the change in the reproduction number in the three phases. Our data clearly
show that additional measures are necessary to limit the epidemic spreading in the
total opening phase, due to the dramatic increase in the number of contacts

We present a new model for generating journeys on public transportation in
the urban area, built on an Origin-Destination matrix and on daily activity pro-
file extracted from the analysis of GPS data collected on a wide sample of users.
With this model, we can generate scenarios for bus crowding, find routes and times
where buses are likely to be overcrowded and find other possible issue. The main
goal is to modify some parameters to build possible alternatives to improve public
transportation and limit the overcrowding of bus lines to Campus.
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Chapter 1

Introduction

The physical world, including both microscopic and macroscopic systems, as well
as human activities, often consists of numerous interconnected elements. These
interactions result in the emergence of collective and cooperative behaviors that
cannot be fully understood by examining the individual components alone. The
study of these complex systems spans multiple disciplines, from statistical physics
to computer science, and from biology to economics [10,73,78,79].

Many complex systems can be represented as networks, where nodes represent
the elements and edges represent their interactions. However, in some systems, these
interactions are not static or fixed, but instead evolve over time. Examples of such
systems include the interactions between neurons, the public transport system, and
social interactions. These dynamic systems are referred to as temporal networks,
as they require explicit consideration of the temporal dimension. This is crucial,
as the continuous destruction and recreation of edges over time greatly impacts the
topological properties and introduces new temporal features [50–52,73].

The interplay between network dynamics and dynamical processes taking place
on the network is complex and significant. If the two processes occur at similar time
scales, the dynamic process is greatly impacted by changes in the network structure.
This is because the dynamic process follows the connections of the network, which
are themselves evolving. Additionally, the dynamic process may induce adaptive
changes in the network, further complicating the relationship between the two dy-
namics. To fully understand these systems, it is necessary to consider the temporal
aspects of the interactions and the adaptive interactions between the dynamic pro-
cess and the network. This leads to the need for adaptive temporal networks, as
the dynamics of both the network and the dynamic process have a reciprocal im-
pact on each other. The mathematical modeling of these systems is challenging due
to the complex interplay and the non-trivial effects of adaptive mechanisms on the
dynamic process [43,44,96].

The spread of epidemic processes on the social interactions network is a prime
example of the interplay between network dynamics and dynamic processes. In this
case, the time scale of the epidemic is comparable to that of social dynamics, and the
outbreak of the disease leads to adaptive behaviors in the population, such as changes
in behavior due to symptoms, increased risk awareness, and the implementation of
control measures. To effectively tackle epidemics, it is important to consider both
the temporal dynamics of social interactions and the adaptive behaviors induced by
the disease [36,43,85].
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The beginning of my PhD project coincided with the onset of the COVID-19
pandemic. This pandemic significantly impacted the approach to epidemic control:
initially it required the rapid development of containment policies with the intro-
duction of strict lockdowns to limit the spread of the virus and its consequences
in terms of health overload and deaths [4, 28]. Simultaneously, it required the de-
velopment of tracking strategies to keep the population active and avoid economic,
psychological and social consequences of excessively restrictive measures [47]. In
addition, the pandemic allowed for empirical data on the effectiveness of measures
to restrict tracking strategies, implemented by different states in a heterogeneous
manner [88]. These empirical data allowed us to demonstrate that contact trac-
ing is a key strategy for mitigating disease transmission without restricting social
activity [35,49].

The modeling of social dynamics is further complicated by the higher-order na-
ture of social interactions, which are often organized in groups and gatherings [15],
leading to potential superspreading events (SSEs) of epidemics. These events play a
key role in the spread of diseases like SARS-CoV-2, making it important to address
them with control measures [11, 55]. Contact tracing is a strategy that can control
SSEs without completely prohibiting large gatherings. The impact of contact trac-
ing in gatherings has yet to be fully investigated. In this study, we assess its impact
by modeling the transmission of SSEs on a simplicial adaptive activity-driven net-
work with tracing applied on simplices [55]. Our results show that the traditional
forward and backward tracing methods are enhanced by a third mechanism called
sideward tracing, which occurs laterally by exploiting the simplicial structure of
interactions. This mechanism is critical in tracing large gatherings and is especially
useful in strategies targeting them. The model is also applied to an empirical dataset
of gatherings at the University of Parma, which estimates the optimal size of gath-
erings to be traced to control the epidemic without disrupting teaching and research
activities.

Besides epidemic models, another example of network dynamics interfacing with
process dynamics is provided by mathematical modeling of human mobility. Human
mobility is a complex and dynamic phenomenon that has been of great interest to
researchers from various disciplines. Understanding human mobility patterns and
behavior is crucial for a range of applications, such as urban planning [91,114,116],
transportation engineering [39,57,107], public health [8,22,110], and social sciences
[25]. Over the years, researchers have developed mathematical models to capture
and analyze the patterns of human mobility.

The journey of human mobility modeling starts from early empirical models
based on the assumption of random walk [9] or other simple statistical distributions.
With the advancement of technology and the availability of large-scale mobility
data, the focus shifted towards data-driven models that can better capture the
real-world human mobility patterns. These models use various techniques, such
as graph theory [72], network analysis [53], and machine learning [66], to extract
meaningful insights from the data. In recent years, there has been a growing interest
in developing mathematical models that can capture the social dynamics of human
mobility, such as the influence of friends, family, and coworkers on an individual’s
mobility behavior. These models go beyond the traditional data-driven models by
considering the underlying social relationships and connections between individuals.

Public transportation plays a crucial role in creating sustainable cities [74]. It
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provides a reliable and efficient mode of transportation for large numbers of people,
reducing the need for individual cars on the roads. This helps to reduce traffic
congestion, air pollution, and greenhouse gas emissions [77]. Public transportation
also has the potential to reduce social inequality [92,113] by providing access to job
opportunities, education, and healthcare for those who may not have access to a
private vehicle. Additionally, investment in public transportation infrastructure can
lead to economic growth and job creation. Overall, public transportation is a crucial
component in the development of sustainable cities that are both environmentally
and socially responsible.

The development of models for describing commuting by public transportation
in the city is crucial for a detailed description of the collective and individual behav-
ior of the population. Situations of overcrowding, delays, and inefficiency of public
transportation leads the citizen to choose private transportation resulting in conges-
tion of the road network and increased pollution. Moreover, public transportation
has been significantly impacted by the COVID-19 pandemic [34,71,101]. The virus
has led to a decrease in demand for public transportation due to fear of exposure,
travel restrictions, and work-from-home mandates. As a result, many transit sys-
tems have experienced decreased revenue and have had to make significant changes
to their operations, including reducing service levels, implementing stricter cleaning
protocols, and promoting social distancing measures on vehicles and in stations.

The pandemic has also accelerated the shift towards alternative modes of trans-
portation [42], such as private vehicles and active transportation, which has resulted
in increased congestion and emissions in some cities. This has led to calls for in-
creased investment in public transportation as a way to support a sustainable and
resilient transportation system that can withstand future disruptions. While the
COVID-19 pandemic has brought significant challenges to public transportation, it
has also provided an opportunity to rethink the role of public transportation in cre-
ating sustainable and resilient [30,108]. A careful planning of public transportation,
becomes a key factor in the ecological transition of cities, limiting overcrowded situ-
ations during rush hours, giving access to public transportation to those who cannot
afford private transportation, and limiting the spread of viruses by promoting social
distance between passengers.

With the increase in available data sources, mathematical modeling of real phe-
nomena, such as epidemic models or mobility models, is no longer sufficient, and
the ability to apply the models on real cases using available data such as trajecto-
ries or attendance within the same building plays a key role in model validation.
Data-driven approaches play a crucial role in testing mathematical models, as they
provide real-world data that can be used to validate the model’s predictions. A
mathematical model can only be considered reliable if it can accurately reflect real-
world scenarios and phenomena. The use of data-driven methods ensures that the
model is tested and evaluated with actual data, rather than relying solely on the-
oretical assumptions. This leads to a more accurate and robust model, as well as
a better understanding of the underlying relationships and mechanisms that gov-
ern the system being modeled. Additionally, data-driven approaches allow for the
continuous improvement of mathematical models as new data becomes available,
providing an ongoing process of validation and refinement.

The thesis is organized as follows. Chapter 2 review of the main concepts of data-
driven approach with Wifi data, especially as a proxy for the study and analysis of
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presences and social dynamics in public environments. In the final of the chapter, the
dataset used in this work obtained from the University of Parma WiFi network, the
case study of this thesis, will be briefly introduced. In the Chapter 3.1, we introduce
the basic concepts of High-Frequency Located-based data as the best proxy for the
analysis of human mobility, and then a first statistical analysis of the HFLB data
for the province of Parma will be done. The chapters 4-6 are the results of original
research. In the Chapter 4 we present the results described in Ref. [45], introducing
a new formalism for the analysis and monitoring of spaces in public environments in
which a WiFi network is presented as a proxy for the prevention and containment
of infectious diseases, specifically going to study the case of the University of Parma
and going to see the effects of restriction measures during three different phases of
the COVID-19 pandemic that occurred in Italy. Chapter 5 is based on Ref. [69],
introduces contact tracing on groups with a simplicial activity-driven network and
we tested the effects of manual contact tracing using empirical data from groups in
the University of Parma. Chapter 6 is based on work that is still under development
and introduces a new mathematical model, which is based on empirical trajectory
data, for predicting public transportation use in metropolitan areas. The model, in
addition to reproducing the real scenario, allows for the creation of new scenarios
with the goal of improving the efficiency of public transportation. We will use the
metropolitan city of Parma and its University Campus as a case study.
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WiFi data-driven approach for
social dynamics

The study of social dynamics in public environments has become increasingly impor-
tant in recent years, as understanding how individuals move and interact in these
spaces can provide valuable insights into urban design, public health, and other
fields. One method for studying social dynamics in public spaces is the analysis
of WiFi network data. WiFi network data can provide information on the pres-
ence and movement of individuals within a public space, as well as their interactions
with their environment. The data can be collected by monitoring the signals emitted
by WiFi-enabled devices, such as smartphones, as they connect to WiFi networks
within a specific area.

Previous studies have shown that WiFi network data can be used to infer the flow
of foot traffic in public spaces, the popularity of different areas, and the duration
of time spent in specific locations. For example, WiFi network data can be used to
identify areas of high congestion and low congestion, which can inform the design
of public spaces to optimize the flow of people. Additionally, WiFi network data
can be used to identify patterns of behavior that are specific to certain times of day,
such as peak hours of foot traffic in a shopping district.

Furthermore, WiFi network data can be used in combination with other data
sources, such as social media data, to gain a more comprehensive understanding
of social dynamics in public spaces. For instance, social media data can be used
to analyze the sentiment of people in a specific area, which can inform the under-
standing of the perception of the area. Overall, WiFi network data can provide
valuable insights into social dynamics in public spaces, and can inform the design
and management of these environments to promote safety, health, and well-being
for all individuals.

2.1 The limits of WiFi data

Passive WiFi data collected at the access point (AP) level can provide a general
understanding of people localization and co-location, however, it is not a precise
measure. Factors such as signal strength and the number of connected devices
can affect which AP a device connects to, resulting in devices in the same room
connecting to different APs [94] or devices in different rooms connecting to the
same AP. Therefore, passive WiFi data alone may not be sufficient for accurate
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people localization.
While there are technologies available that improve WiFi-based localization, such

as special sensing applications installed on devices or special sensors on APs, these
are not widely available and deployed. Instead, this study aims to investigate the re-
sults obtained from WiFI infrastructure that is currently deployed in most buildings
and public spaces, without relying on these additional technologies. It is acknowl-
edged that due to localization errors, some of the results described in the next
section may present miscounts. However, it is believed that in the context of large
university buildings, which typically have large classrooms and halls [19, 60, 118],
over long observation periods these errors will likely average out, as it is more likely
to be connected to the AP in the room where the device is actually present.

The results of this study are based on the comparison between different time
periods characterized by different opening and closure phases. Therefore, it is likely
that possible errors are cancel-out, since the number of miscounts due to limitations
of our technologies should affect the different phases in the same manner. Moreover,
the advantages of using “standard” passive WiFi data, both in terms of widespread
applicability and in terms of allowing long-term, indefinite observation periods out-
weigh the limitations. Despite data limitations, it is believed that the results and
conclusions hold and the method provides reliable results.

2.2 A case study: WiFi data in Campus of Uni-

versity of Parma

The University of Parma, similar to many universities and public institutions, has
equipped its buildings and spaces with a unified WiFi network (see Fig. 2.1), allowing
all users to establish more than 10000 sessions per day. The ICT services office of
the University of Parma is responsible for collecting all session data from the login
management system, which manages all wireless access points and all users’ requests
for connection to the internet with their registered devices. The staff of the ICT
service office are authorized to access files containing personal data and they carry
out an anonymization process to protect the privacy of individuals.

2.3 Preprocessing and privacy-preservation mech-

anisms

All data collected from the unified University WiFi network is obtained by the “ICT
services” office (IT) through the login management system. The IT extracts a tab-
ular file, referred to as a log file, on a daily basis, where each row represents a
connection start or end event. The log file contains user information, device infor-
mation, and session information. To reconstruct users’ connections, the following
attributes are particularly relevant:

• Username: unique identifier for each user, the email address is used;

• Type of user: from the e-mail, we can identify the type of user: student,
university staff or external guest;
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Figure 2.1: WIFI data for gatherings at University of Parma. The map of the
University of Parma’s Campus, known as the“Parco Area delle Scienze”, shows the
location of scientific departments with facilities for teaching and research activities
such as classrooms, laboratories, study spaces, and libraries. It also schematically
highlights the buildings where gatherings are recorded through WIFI access point
data.

• Calling device ID: MAC address of device to distinguish all user’s devices;

• Device type: this attribute allows distinguish user’s device (computers, smart-
phones or tablets);

• Called station ID: MAC address of the AP to which the device wants to
connect;

• Status type: this attribute indicates whether this accounting request marks
the beginning of the user service (Start) or the end (Stop);

• Date-time: this attribute represent the day and the hour for the accounting
request;

• Session ID: this attribute is a unique accounting ID to make it easy to match
start and stop record in a log file.

• Terminate cause: this attribute indicates how the session was terminated,
and can only be present in Accounting-Request records where the Status type
is set to Stop.

From these data, it is possible to reconstruct all the connection sessions to the
University Wi-Fi network, including their duration and location based on the APs
maps.

To ensure compliance with privacy regulations, such as the European General
Data Protection Regulation (GDPR) and the Regulation on Privacy and Electronic
Communications, I have implemented privacy-preservation mechanisms. Specifi-
cally, I cannot use the log files directly as they contain personal information. I have
conducted a Data Protection Impact Assessment (DPIA) to adhere to data min-
imization principles and ensure compliance with the latest Regulation on Privacy
and Electronic Communications [23]. Recital 25 of the GDPR specifically addressing
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WiFi monitoring, states: Service providers have emerged who offer physical move-
ments’ tracking services based on the scanning of equipment related information with
diverse functionalities, including ... ascertaining the number of people in a specific
area ... for which the consent of end-users is not needed, provided that such count-
ing is limited in time and space to the extent necessary for this purpose. Providers
should also apply appropriate technical and organisations measures ... including
pseudonymisation of the data ... erase it as soon it is not longer needed for this pur-
pose. Providers engaged in such practices should display prominent notices located
on the edge of the area of coverage informing end-users prior to entering the defined
area that the technology is in operation ....

2.4 Anonymization and aggregation data algorithm

I implemented a new algorithm with the aim of removing all sensitive data and
replacing it with hexadecimal strings generated with a randomising algorithm. Each
day, at midnight, a file is generated from the WiFi network logger system with
all the data of the connections to the WiFi network that occurred that day, then
the university’s IT department starts the script for the anonymization process to
generate the output file which then allows me to analyse the data for the study of
space utilisation and social dynamics within the Parma University and its Scientific
Campus. This anonymization script was completely designed, implemented and
tested by me during my first year of my PhD. Once the testing phase was completed,
the algorithm was provided to the IT department, which carries out the daily process
of removing sensitive data and then forwards the file generated as output by the
script to me. In this way, I only have access to the file without personal data in
accordance with European GDPR laws. Each line in the logger file contains an
event of starting or ending a connection and contains the following sensitive data:
username, mail, mac address, and session id. The anonymization algorithm performs
the following operations:

• Username. The algorithm checks if the row matches the first connection made
by the user. If it is the first connection, the algorithm generates a randomly
generated 16-digit hexadecimal string that replaces the original username and
saves the username-string match to a dictionary. If the user has made connections
previously, the hexadecimal string is retrieved from the dictionary in which it was
saved in the previous anonymization process.

• Type of users. The algorithm add a new attribute called “type of user” where I
save the email domain in order to distinguish the user between students, professor
or external guest.

• Calling station id. This attribute corresponds to the MAC address of the user’s
device and should therefore be anonymized. As with the username, this field is
replaced by a randomly generated 16-digit hexadecimal string that is later saved
in a dictionary.

• Session ID. This attribute, which is used to join the two connection start and
end lines, is generated by the logger system according to the username and calling
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station id. Therefore, the algorithm processes and anonymizes the attribute as in
the case of username and calling station id.

• Consistency. The algorithm preserves all correlations between attributes even
in different anonymization processes by going to save attribute-random string
dictionaries.

The anonymization algorithm just described, outputs a file similar to the file gen-
erated by the wifi network logger system, in which sensitive data are no longer
contained. After a testing phase, I improved the algorithm to increase performance
and then delivered the script to the IT department.

Since the dataset may contain connections that are occasionally interrupted for
short periods due to various reasons such as weak signal or a user’s device being
in standby, I established a protocol for handling these instances. If two or more
consecutive connections of a single user to the same AP are present and the interval
time, denoted as τ , between these connections is less than 5 minutes, I considers it
as a single connection, with the start time being the first connection and the stop
time being the last connection.

After establishing the protocol for handling short connection interruptions, I
I developed a script that calculates the various measures that are central to our
analysis (all data are calculated first on the whole population and then separately
for staff members and students):

• Group Size: the number of devices si connected to a given (ith) AP for each 15
minutes. Devices must remain connected to the AP for the whole time.

• Presence: the total number of individual connected to the University WIFI during
each 15 minutes interval.

• Group Size Statistic: the total number of 15 minutes clusters of a given size s
present in the whole University during each day of observation.

• Average number of link: the average number of links 〈s(s− 1)/2〉i formed at the
AP ith during each day of observation. The average is computed over the 15
minutes intervals during the considered working day.

• Different Link Number: the daily number of different links li (i.e., unique pairs
of users) connected to a given (ith) AP for more than 15 consecutive minutes. If
two users meet two or more times at the same point but at a different time, this
is counted only once.

• Statistic of Link duration: the statistic of daily link duration in each access point
(number of connection having a certain duration in unit of 15 minutes).

• Total number of different links: the total number Ld of different links formed daily
in the whole university. If two users meet two or more times in the same day even
at different APs, this is counted only once.

Any counters that fall below the threshold (5 individuals / 10 links in this specific
implementation) are removed to prevent the potential disclosure of the presence or
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absence of specific individuals or links. The resulting anonymized counts are the
only data that are permitted to leave the IT department for further analysis.

The algorithm just described was implemented to anonymize the dataset ex-
tracted from the WiFi network management system of the University of Parma.
However, with simple and quick modifications it is possible to adapt the algorithm
to other WiFi management systems present in other universities or public environ-
ments.

2.5 Dataset

After the process of anonymization, the dataset analyzed in this study includes
information from a sample of 696 wireless access points (APs), 19,749 users (broken
down into 16,505 students, 1,968 staff members, and 1,276 external guests), and
approximately 15,000 daily connections. The data covers a period of ten months,
beginning on December 10TH , 2020 and ending on November 7TH , 2021. Due to the
ongoing COVID-19 pandemic, this period can be divided into three distinct phases:
a closing phase, a partial opening phase, and a total opening phase for the 2021/2022
academic year.

• Closing phase. During this phase, access to University buildings was re-
stricted to staff, faculty, and students who were participating in laboratory
activities. All classes were conducted remotely. This phase starts on 10TH

December 2020 ends on 21TH February 2021 and starts again on 15TH March
2021 and ends on 18TH April 2021.

• Partially opening phase. During this phase, access to University buildings
was limited to first year students to allow them to attend lessons in-person
(about 25% of students enrolled in degree courses). This phase began on
February 22ND, 2021, ended on March 14TH , 2021, and resumed again on
April 19TH , 2021, before finally ending in June.

• Total opening phase. During this phase, access to University buildings was
granted only to those with a valid Green Pass, which was required to attend
in-person classes. This phase starts on September 27TH 2021 and ends with
our dataset.

In Chapter 4 we will we will describe in detail the quantities just described and use
the dataset to present in detail the study and analysis of university space occupation
and social dynamics within the University of Parma.
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High-Frequency Location-Based
data-driven for human mobility

The volume of digital traces that log human activities has seen a tremendous in-
crease in recent years, thanks to the proliferation of mobile devices, remote sensing
and the digitization of various human activities. This has allowed researchers to
examine human behavior in social-technical systems at an unprecedented level of
detail, providing a wealth of data to study the evolution and dynamics of large-scale
complex systems such as social networks, urban systems, patent records, and trade
networks. Complex systems refer to systems whose emergent features are more than
what one would expect from the sum of their individual components. For instance,
social networks are a prime example of a complex system, where people may look
for information and connections in relatively similar manners, yet their nontrivial
network of interactions gives rise to complex phenomena such as the emergence of
communities, viral content, or echo chambers.

Similarly, human mobility, though seemingly simple to define as the desire to
move from one place to another, features social, economic and temporal constraints
that shape the collective mobility patterns in unexpected ways. The new digital
sources that log the movement of people allow us to study and characterize how these
interconnected factors affect individuals’ daily mobility patterns with an exceptional
level of detail. From GSM phone locations based on linked antenna data [17,40,65]
to credit card transaction sequences [64], the recorded data has improved in temporal
and spatial resolution, even to real-time GPS traces [81], enabling the modeling of
urban traffic [9], exploration strategies [100], and statistics on visit sequences [83].

This wealth of data has opened the door for the application of advanced tools
and techniques borrowed from natural language processing, information theory, and
statistical physics, to studying and modeling human mobility patterns. This en-
deavor has not only led to the statistical description of human mobility [12,37] and
the modeling of short- and long-scale commuting [98], but also deepened our under-
standing of the strategies that individuals apply when exploring spaces [2]. By doing
so, it is possible to uncover invisible boundaries that segregate people into different
groups, featuring diverse accessibility to public transport [13], different visit rates
to different venues [20, 29] and spatial segregation [93].

A particular lens through which to measure and characterize different behaviors
in a population under investigation is to inspect their activity allocation strategies
in social spaces [95] or spatial areas [1, 2]. The temporal, cognitive, and economic
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constraints that apply to people’s daily social interactions [75] and movements [83]
deeply affect their statistical signatures. Besides the natural limitations given by
cognitive capacities, other social and economic restraints such as income, education,
and culture may impact how people explore their surrounding spaces [20, 29,64].

A possible framework to describe such exploratory dynamics is that of the ad-
jacent possible [59], which states that all the ideas, concepts or places one can visit
are grouped into three separate regions: (1) the actual, accounting for all the tokens
that users have already discovered and experienced; (2) the adjacent possible, en-
compassing all the concepts and tokens that are just one step away from the actual,
and that can be easily reached or discovered; and (3) the distant possible, encom-
passing all the concepts and tokens that are farther away and that may require more
effort or resources to reach or discover. This approach allows us to understand the
limitations and possibilities of human exploration and innovation, and how these
are shaped by the complex interplay of individual and collective factors.

Furthermore, the use of these digital traces has also allowed for the creation
of detailed maps of human mobility patterns, which can be used to inform urban
planning, transportation infrastructure development and emergency management.
These maps can also reveal patterns of inequality in access to resources and op-
portunities, and can be used to design policies and programs that promote more
equitable and sustainable outcomes.

In conclusion, the wealth of digital data on human activities has provided a valu-
able resource for understanding the evolution and dynamics of large-scale complex
systems such as social networks, urban systems, patent records, and trade networks,
and has led to a deeper understanding of human behavior and strategies. The use
of advanced tools and techniques borrowed from natural language processing, infor-
mation theory, and statistical physics has allowed us to uncover previously hidden
patterns and trends, and to inform the design of more equitable and sustainable
policies.

3.1 Geolocated data as a proxy for human mobil-

ity

The recent abundance of digital data capturing human mobility patterns has spurred
a wide range of research aimed at understanding the underlying mechanisms that
shape people’s movement habits. This work specifically focuses on the spatial di-
versity of anonymous, opted-in users’ behavior in urban and rural areas. Urban
and extra-urban environments are characterized by a wide range of behaviors that
are reflected in the varied ways citizens move through their surroundings, which are
closely connected with individuals’ socioeconomic characteristics. In recent years,
many studies have attempted to uncover this link, by inferring these characteristics
from historical data about human mobility.

One example of this approach is the use of call detailed records (CDRs)to predict
the social status of individuals in Rwanda [14]. The study showed that a broad
set of features describing individuals’ call activity patterns, social networks, and
mobility patterns could predict their wealth and whether or not they owned certain
commodities. Such studies are particularly relevant in developing countries, where
surveys from national statistics institutions are not readily available. Similarly,
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has been demonstrated a link between socioeconomic indicators and mobility data,
showing that features extracted from CDRs are good predictors of income per capita
and accessibility to social deprivation [84].

Geolocated data from developed countries offer even more possibilities to under-
stand the social structure of cities and the dynamics of their social groups. The
combined use of points-of-interest data and human-flow-line-based data can reveal
a great deal about how different social groups explore different parts of a city. For
example, [76] shows how individuals living in poor and wealthy areas typically visit
different locations in several cities across the United States. Economic inequalities
can also be studied using geolocated credit card data, although this data is not
typically available in many developed cities. For instance, [29] used credit card
transactions and Twitter data to show how social interactions are segregated among
different social groups, and [20] showed how credit card transactions can be used to
identify individuals’ socioeconomic characteristics.

Gender inequalities are also reflected in mobility patterns. For example, Gauvin
et al. (2020) used CDRs in the metropolitan area of Santiago, Chile, to show that
women tend to move less and explore a smaller subset of regions compared to men.

Geolocated data is also valuable from perspectives other than socioeconomic.
These data also contain information about other aspects of the underlying structure
of cities, such as land use, and the daily dynamics of individuals during normal and
exceptional conditions.

One of the most valuable applications of geolocated data is the ability to extract
so-called origin-destination (OD) matrices. An element of an OD matrix, Mij, rep-
resents the number of individuals commuting from area i to area j during a typical
day. Typically, national statistics institutes construct OD matrices by conducting
periodic surveys of a given area’s population, but this process is slow and costly.
The same information can be inferred from CDRs [38, 80] at a lower cost and with
higher temporal resolution.

While OD matrices are useful for transport planning and accessibility studies,
geolocated data offers a more granular level of information. For example, it is
possible to infer the mode of transportation an individual used during a trip. In
Sadeghinasr et al. (n.d.), the authors combined CDRs with public transport data
to cluster individual trips according to the mode of transportation used.

3.2 High-Frequency Location-Based data analysis

High-frequency location-based data, such as GPS coordinates and timestamps, col-
lected via applications installed on GPS-enabled phones, have proven to be a pow-
erful tool for understanding human mobility. These data sets, such as Microsoft’s
GeoLife data set, allow researchers to measure mobility at unprecedented levels of
temporal and spatial resolution. However, in order to fully utilize these data sets,
it is necessary to filter, analyze, and enrich them with various techniques.

One way to do this is to extract information on the purpose of trips and stops.
A trip’s purpose can be determined by analyzing the type of origin and destination
locations, for example, whether a trip is a home-to-work commute. Similarly, the
purpose of a stop can be inferred by examining the semantic category of the Point
of Interest (POI) where the user makes the stop, such as a commercial center or
restaurant.
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To further enrich these data, additional information can be obtained by com-
bining them with other data sources, such as demographic data, weather data, or
transportation data. This can provide a more comprehensive understanding of the
factors that influence human mobility, and enable more accurate predictions of fu-
ture mobility patterns. Additionally, advanced data visualization techniques can
be used to present the mobility data in a way that is easily understandable and
actionable.

Overall, high-frequency location-based data is a valuable resource for under-
standing human mobility, and by filtering, analyzing and enriching these data with
various techniques, researchers can gain deeper insights into individual behavior,
and the factors that shape it.

3.2.1 Trajectory analysis

When working with location-based data, it is important to carefully consider the
level of temporal and spatial resolution that is desired for the analysis. [63] conducted
a comprehensive study of different spatial and temporal aggregation strategies, and
found that there is a trade-off between a fine-grained resolution (both temporal and
spatial) and the level of statistical significance that can be achieved. The smaller
the areas and time bins used to aggregate the data, the fewer users will fall within
one bin. This trade-off applies to both the stability of land-use identification and
the identification of home and work locations, which are important for constructing
origin-destination (OD) matrices of daily commuting.

Another important filter is to keep only users with relevant statistics, in terms of
active days or daily behavior. The selection of users will depend on the focus of the
research. For example, if the goal is to detect home-work commuting OD matrices,
it may be desirable to keep users with more active days and retain their home and
work stops [3,56]. In contrast, if the goal is to reconstruct the population’s response
within an area to extreme natural events or massive popular happenings, it may be
useful to include temporary visitors such as tourists in the analysis.

It is also important to note that, depending on the focus of the research, different
methods can be used to define home and work locations, such as using the location
where a user spends the majority of time or using the location of maximum activity.
Therefore, it is crucial to carefully evaluate and choose the appropriate method
based on the research question and data availability.

Once the set of events and users to be analyzed has been defined, the next
step is to translate a sequence of anonymized unique IDs (UIDs) and latitude and
longitude coordinate pairs (latitude, longitude) into a series of stops and trips. Stops
are defined as a group of registered positions that are contiguous in space, meaning
that the maximum distance between any pair of points in the group is less than a
given distance Ds, for at least a given time Ts.

A possible approach for identifying stops is to use the k-medoids algorithm, a
variant of the k-means clustering algorithm [6]. This method involves selecting one
point in the sequence of a user and a radius Ds. All the points within distance
Ds are grouped together as a cluster and their mean location is calculated, serving
as the new starting point. This process is repeated until the mean point does not
move anymore, resulting in the identification of the first user location. The points
within distance Ds from this point are then removed from the total group, and the
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process is repeated with the remaining points until all the user’s locations have been
identified.

The previous method for identifying stops does not take into account the tem-
poral ordering of the logged events. This means that points relating to a single
location may be spread out over different times of the day or year, depending on
the time frame of the data set. This can lead to the inclusion of points from two
different visits to two separate venues in the same area as belonging to one unique
location.

To address this issue, one solution is to consider the points in the order in
which they were recorded, as done in Project Lachesis [48]. This approach involves
defining a minimum duration time of a stop Ts and a maximum diameter Ds that
points belonging to the same stop can have. The algorithm starts by looking at
the first point in the sequence at time ti and then examines all the points up to
time ti + Ts. If the diameter (the maximum distance between all pairs of points
within this time period) is larger than Ds, it is not considered a valid stop, and
the process is repeated with the next point in the sequence. If the diameter is less
than Ds, it is considered a valid stop, and points are added to the stop group until
a point is encountered that increases the diameter above Ds. After that step, the
stops between the first and last valid points are annotated, and the analysis begins
again using the first non-valid point. The stop is then assigned to the medoid of the
sequence, which is the point i that minimizes d(i) =

∑
j ∈ Sd(i, j), where S is the

set of points in the stop. The time of the stop is assigned to be within the initial
and final points’ timestamps.

There are more advanced techniques to filter out noise from the raw data, such
as filtering points based on the speed between two consecutive records [115, 117].
These selection rules are often available in specialized libraries for ad hoc analysis,
such as the one found in [82]. The resulting sequence of stops for each user can then
be used to compute the temporal density of users in a specific area of the city or to
infer land use [104], travel demand [103], or spatial route estimation [58] of different
areas of the city.

3.2.2 Location analysis

Once the sequence of a user’s stops has been identified, it may be useful to determine
the user’s locations by grouping the stops that belong to the same visit of a single
location. For example, a user’s workplace or a recreational venue. One method for
doing this is the method defined in [48], which involves clustering all the individual
stops of a user using the DBSCAN algorithm. DBSCAN (Density-Based Spatial
Clustering of Applications with Noise) is a density-based clustering algorithm. It
groups together points in a dataset that are close to each other in terms of distance,
while also ignoring points that are isolated or located in sparse areas of the data.

The algorithm works by defining a neighborhood around each point, and then
grouping together all points that have a sufficient number of nearby points within
their defined neighborhood. This forms clusters of high-density points, and points
that are not part of any cluster are considered noise. DBSCAN has several advan-
tages over other clustering algorithms, such as being able to find clusters of arbitrary
shape and being able to identify noise points. It does not require the number of clus-
ters to be specified in advance and it does not require the scale of the data to be
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specified.

DBSCAN requires two parameters: ε and s. ε is the radius around each point
that defines its neighborhood, and s is the minimum number of points required to
form a dense region. The algorithm starts with an arbitrary starting point that
has not been visited, finds all points within ε distance of the starting point and if
they have s within ε distance, a cluster is formed. At the end of the analysis, all
stops belonging to the same location (cluster) are assigned a unique label, and the
coordinates of the location are typically set at the medoid of the cluster’s stops.
This medoid is the point of the cluster that is the most centrally located among
all the stops of the cluster. In this way, the DBSCAN algorithm returns a set of
unique labels for each location visited by the user, providing a clear picture of the
user’s mobility patterns. A typical distance between two stops belonging to the
same location should be used, usually around ε ≈ 200m. Additionally, the number
of neighboring points (s) can be adjusted to filter out noisy locations by requiring
a user to visit a location more than once for it to be considered a valid location.

The DBSCAN algorithm is a powerful density-based clustering method, but it
has some limitations when it comes to identifying user’s locations. One of the
possible shortcomings of DBSCAN is that when stops are spatially dense, it may
connect two locations by mistake. Additionally, DBSCAN analyzes the set of stops
user by user, as mixing stops from different users may increase the density of stops
in a region and create an artificial larger and wider cluster of stops for a single
location.

To overcome these limitations, Aslak and Alessandretti proposed an alternative
approach that uses the Infomap algorithm [7], developed by Rosvall and Bergstrom
[90], which is typically used to detect communities of nodes in large networks, to
cluster stops. In this approach, the stops are represented as nodes in a weighted
undirected network. The weight of a link between two stops is set to the reciprocal of
the distance between the two stops, provided that they are within a typical distance
r2 (otherwise there is no link between the two stops), which can be tuned to find
larger or sharper locations. The closer two stops are in physical space, the more
strongly they are connected in the network.

This approach has several advantages over DBSCAN, as it allows all the stops
of a given dataset (even coming from different users) to be considered at once, and
it appears to provide better and more refined locations than the DBSCAN method.
By creating a weighted network of stops, it allows to better capture the relationships
between stops, and by using Infomap it allows to find communities of stops that are
likely to represent a user’s location.

Once the user’s stops have been identified and grouped into locations, the re-
maining points in the user’s sequence that are not assigned to a stop can be con-
sidered as trips. These trips can provide valuable insights into road usage patterns,
origin-destination (OD) matrices, and route-selection mechanisms. By analyzing
the patterns in the trips, researchers can gain a better understanding of how users
move through a given area.

Additionally, the sequence of stops from different users can be used to measure
the dynamic activity profile of different areas. This includes the number of peo-
ple found in a given district at a given time. These activity profiles can then be
transformed through normalization procedures to compute a residual activity, which
allows for the inference of land use in different areas by clustering areas with similar
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temporal profiles together. Another approach is to use the similarity in land use be-
tween two districts based on the correlation matrix between the raw activity profiles.
Clusters of areas with similar land use can then be found by applying the Infomap
algorithm on the similarity matrix. This approach gives a better understanding of
how land use is related to human activity and how it changes over time.

3.2.3 Enriching Locations

Once the points have been assigned to stops and each stop has been assigned to a
location, it is useful to assign meaning to each location. The first step is to identify
a user’s most important places, such as their home and work locations. There are
several methods to do this, but they all focus on determining where a user spends
most of their time during the night (home) or day (work) periods. It’s worth noting
that the work location may correspond to a school for a student or a place where an
individual spends most of their time during working hours (such as a recreational
or employment center for an elderly or unemployed person).

A first possible method is the one proposed in [63]. In this method, the location
visited during most of the daytime hours is assigned to the work location, while the
location visited most of the nighttime hours is assigned to the home location. A
more restrictive condition can also be applied as a filter and require that a fraction
δh of the nighttime and daytime hours also be assigned to the home or work location
for the location to be considered valid.

Another possible method [103] is to calculate the time spent at each location
between 7a.m to 8p.m on workdays and the time spent at each location between
8p.m and 7a.m on nights. To limit the noise given by occasional visits, the location
work may not be assigned to the user if the user does not visit that location at least
once a week or if the location is too close to the home. The remaining locations may
be assigned according to the category of service provided.

The second method has the advantage that it makes it possible to measure OD
matrices by selecting trips based on home or work [3, 103, 119] and to characterize
the mobility patterns of users and the purpose of these trips [40]. In addition, the
distinction between daily and occasional commuting makes it possible to apply mod-
els based on [98] or gravitational law [3] and to describe both short- and long-scale
statistical properties of human commuting [62]. We can predict the temporal activi-
ties of locations [31] or develop data-driven models generating synthetic trajectories
of users [119] from the statistical feature of human commuting.

3.2.4 OpenStreetMap POI data

One way to add context to the identified stops is to classify them based on the
type of location they represent. This can be accomplished by utilizing private data
from companies that specialize in geolocation services and venues (such as Moro
et al., 2019) or by utilizing open data sources such as Open Street Map (OSM).
OSM is a non-relational database that is collectively populated by volunteer users
from around the world. In this case, we will use data from the Overpass API of
the OSM project [5]. Each venue listed in OSM has a mapping of key and value
features that can be used to determine the type of location. For example, bus stops
are listed as “highway.bus sto” while hospitals are labeled as ”amenity.hospital” or
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“building.hospital”. However, given the large number of possible key-value combi-
nations (more than 800), it is necessary to simplify these attributes and map them
to a more manageable set of categories. To accomplish this, we developed a custom
mapping from these strings to nine well-defined categories:

• Services Public: all public service locations, including city hall, tax offices,
and job centers;

• Services Private: all services catering to individual needs, such as legal,
financial, and architectural services and so on;

• Transport: all major transportation hubs, including train and bus stations,
metro stations, and airports, with the exception of local bus stops, which may
be located too closely to other points of interest;

• Shop: all place where food is not sold such as jewellery, sport and so on;

• Groceries: all place where food and good for nutrition are sold, including
supermarket;

• Leisure: all the rest of commercial places (restaurant, cinemas) and recre-
ational venues;

• Education: all the school and universities found in the territory;

• Health: all the health buildings, such as hospitals, family care doctors and
so on;

• Industrial: all locations that represent production sites and do not fall into
the previous categories, such as car manufacturing plants or mining sites.

We use a custom-developed algorithm to transform each point of interest (POI)
from the Open Street Map (OSM) database into a point in space with latitude
and longitude coordinates. For non-point-shaped POIs, we use the centroid as the
projected point to simplify the analysis and improve the efficiency of matching stops
to locations. This approach eliminates the potential for overlapping polygons and
ambiguity when assigning a stop to a location. Each stop that is not designated as
home or work is assigned to the closest POI category. If the POI is within 200 meters
of the user’s stop, we retain that location category as the stop’s meaning; otherwise,
the stop cannot be associated with a specific location. We separate “Home” and
“Work” as distinct categories that pertain to all stops a user makes in their home
and work clusters of stops. This method allows us to tentatively identify the purpose
of each user stop even when transaction records are not available [20].

3.3 A case study: trajectories analysis in Parma

province

In this section we analyze the original dataset of HFLB data acquired from Cuebiq
by Sony CSL group. Sony CSL acquired location data collected from the GPS signal
of smartphones from Cuebiq covering all of Italy and France for the year 2017. The
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Parma users

Figure 3.1: Location of users from HFLB data The plots show all locations
recorded by 105682 users. We can observe an high point density along the main
street of the province.

sustainable city group of Sony CSL provided me the data for the province of Parma,
from which I performed a preliminary analysis of the statistics of the number of
users, location of their work and home locations in order to improve my ability to
manage large amounts of data and to design a process to filter the data to keep only
users with good statistics.

The entire dataset, collects data from 105682 different users who at least once
passed through the province of Parma and had their locations recorded. Fig. shows
the locations recorded by Cuebiq. It can be seen that location registration is very
dense in the city of Parma, in the population centers of the towns located in the
province. In addition, a high sampling of positions can be seen along the main
arterial roads of the road network and in particular, along the highway. Of these
users, not all are residents of the province, some have only made a temporary passage
through the area of interest for reasons of work, vacation, etc. Our goal is to
mathematically model commuting trips that occur in the Parma area, so we are only
interested in users who live in the entire province and with high location registration.
In this way it is possible to go and get a statistical analysis of users that is not
affected by fluctuations due to tourists, outside workers, or from users with a low
registration rate. For this reason, we calculated:

• activity: for each user, is the number of distinct days on at least one record
of their location;

• activity on working day: for each user, is the number of distinct working
days in which they have at least one record of their location;

• home day: number of days in which the user has at least one record in the
location identified as “home”;

• work day: number of days in which the user has at least one record in the
location identified as “work”;
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Figure 3.2: Location of active users from HFLB data The plots show all
locations recorded by 80636 users with at least 15 working days of sampling in
province of Parma. The density point has decreased along the main roads like
highway or “via Emilia”.

From these measures, I eliminated users with activity on work days less than
15 days. By analyzing the quantities described above, I observed a correspondence
between work days and active days, so it was sufficient to fit a filter only on active
days. The result is a dataset of spatial coordinates related to 80636 users, which
were shown in Fig. 3.2. Point density has decreased throughout the province of
Parma compared to Fig. 3.1 and in particular, along major roads such as the “via
Emilia” and the highway. From this reduced dataset, it is possible to derive a
statistical analysis of the province’s residents’ trips that is good and limits errors
due to inactive users that do not allow commuting trips to be identified. From this
dataset, we extract all the quantities needed for the model that will be described in
Chapter 6.

After selecting the most active users, I did a robustness analysis of the process of
determining the location of the users’ home described in Sec. 3.2.3 I compared the
Census population data for the neighborhoods of the city of Parma and compared
them with the users who were assigned a home location within the neighborhoods.
The HFLB dataset consists of a fraction of all the residents in the city, so I normal-
ized the population obtained from the census data and the HFLB data to compare
them with each other. In Fig. 3.3 we can see that the method for assigning home lo-
cation has a distribution of users among different neighborhoods in good agreement
with the distribution given by the census data. The method has an overestimation
of population in the city center and other neighborhoods, probably due to students
or people who do not result with the population census. In other neighborhoods, on
the other hand, we can see an underestimation of the population but still a value
that we can consider good for our objectives. Moreover, Fig. 3.4 shows that the pop-
ulation data obtained from the HFLB data are correlated with Pearson’s correlation
factor r2 = 0.78 with the population data provided by the census. From Fig. 3.3
and Fig. 3.4, we can say that the method used to determine home and work leases is
a good one for the province of Parma and does not require further implementation.
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Figure 3.3: Comparison of population distributions in Parma city. We
compared the population distribution obtained from assigning ”home” locations to
users in the HFLB dataset with the population distribution given by the Census
data. We can see that the two distributions are similar to each other but with an
overestimation of the population in the city center.
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Figure 3.4: Scatter plot of population distributions in Parma city. In relation
to the population distribution shown in Fig. 3.3, we have reported a scatter plot of
the census data and the data derived from home location assignment from the HFLB
data. The data are well correlated and have a Pearson correlation factor of r2 = 0.78.
This agreement between the two distributions allows us to verify that the method
of assigning rent house and jobs is very efficient with our dataset.
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Analysing Campus occupancy and
social dynamics via passive WiFi
sensing

In this chapter, considering the problem of pandemic control, we use WiFi data
from the University Campus in Parma (Italy); described in detail in Sec. 2.2, to an-
alyze patterns of large gatherings and high-traffic areas on the campus. We analyze
anonymized data of devices connected to the access points (APs) of the network to
track usage patterns in public areas across the campus. Our focus is on the proba-
bility distribution of large gatherings and the number of unique device connections
(links) in specific areas of the campus, which may indicate potential risks for dan-
gerous contacts. We examine three distinct phases, each characterized by different
containment measures, including a closing phase, a partial opening phase, and an
open phase, where University activities resumed almost fully. Based on our analysis,
we rank the APs based on their potential danger and examine how different groups
of users utilized the spaces during the three phases.

4.1 Attendance data and temporal behavior

From the connection sessions data, we can estimate the time evolution of attendance
at a single access point (AP), in a specific University building or area, or across the
entire University campus. To achieve this, we extract the number of users connected
to each AP as a function of time, every minute. The sum of all AP’s temporal se-
ries corresponds to the total presence for the entire University or for a specific area
within the University. Our algorithm also extracts the dynamic behavior of atten-
dance for different user groups, such as students, faculty and staff, and external
guests. In Fig. 4.1, Fig. 4.2 and Fig. 4.3, we graphically represent attendance data
at the University during different phases of closures. We find that while the pres-
ence of structured staff remains relatively stable, the presence of students increases
significantly in the final phase of reopening.

Fig 4.4 illustrates the daily attendance patterns at the University during the
closing (panel a), partial opening (panel b), and total opening (panel c) phases. The
attendance curve shows a sharp increase in the morning, a decrease during lunchtime,
an increase in the afternoon, and a decrease in the evening for all three phases. In the
closing phase, staff members have the highest attendance, which remains similar in
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Figure 4.1: Temporal evolution of attendance at Parma University. The
plots show the dynamics of attendance for all users during the different phases of
closures. The first two weeks depict the closing phase, the middle two weeks depict
the partial opening phase, and the last two weeks depict the total opening phase.
The data also displays the lower attendance during weekends and holidays.
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Figure 4.2: Temporal evolution of attendance for students at Parma Uni-
versity. The plots show the dynamics of attendance students (Panel B) during the
different phases of closures. The first two weeks depict the closing phase, the middle
two weeks depict the partial opening phase, and the last two weeks depict the total
opening phase. We can see a significant increase in attendance during these phases.
The data also displays the lower attendance during weekends and holidays.
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Figure 4.3: Temporal evolution of attendance for structured staff at Parma
University. The plots show the dynamics of attendance for structured staff (Panel
C) during the different phases of closures. The first two weeks depict the closing
phase, the middle two weeks depict the partial opening phase, and the last two
weeks depict the total opening phase. We can see that the attendance of structured
staff remains relatively consistent across all phases. The data also displays the lower
attendance during weekends and holidays.

the partial opening phase. However, in the total opening phase, student population
dominates the attendance patterns. Additionally, the student population displays
a fluctuating pattern with peaks during morning and afternoon classes, while the
presence of staff members is more consistent throughout the working hours.

4.1.1 Calibration

One limitation of using WiFi data to measure the number of users is that it only
captures individuals who are connected to the WiFi network, which may lead to an
underestimation of the total number of people present. This is because some people
may not be connected to the WiFi network or may be using their own mobile data
instead. In ordr to obtain a calibration for a WiFi data, we compare the attendance
data with data obtained from the badge access to a specific building (the Physics
building). For this calibration we compare the temporal behavior of attendance for
structured staff in the partial opening phase and only for the data from Physics
department. Indeed, only in this case the use of the badge was compulsory. Fig 4.5
shows an underestimation for the attendance given by WiFi data, about by a factor
2 compared to the attendance given by badges data. We also compare WiFi data
from APs near a specific classroom, ”Aula Newton” within the Physics building,
to online seat reservations for face-to-face lessons during the partial opening phase.
We find a similar underestimation of the WiFi data by a factor of 2 when compared
to the online seat reservations.
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Figure 4.4: Presences in Parma University during a typical working day. a
Temporal evolution of attendance during a typical working day in the closing phase.
During this phase, staff members have the highest presence and student attendance
is minimal. In panel b, we see that students and structured staff have a similar level
of presence, while in panel c, we see that in the total opening phase, attendance is
primarily driven by the student population.
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Figure 4.5: WiFi data calibration. The temporal evolution of attendance for
structured staff, as obtained from badge reader (blue line) and WiFi data (red line),
is compared during a typical working week. The attendance data collected through
WiFi is found to be underestimated by approximately a factor of 2 when compared
to the attendance data provided by badge access.

4.2 The simplex size distribution

During the Covid-19 pandemic, controlling the spread of the virus through limiting
large gatherings of people has been a key focus, particularly in situations where
tracking attendance is challenging. One innovative solution to this problem is the
use of WiFi data. This data can provide a natural way of monitoring the presence of
large groups (simplices) within a certain area by considering the number of people
simultaneously connected to the same access point (AP).

To analyze this data, the study first extracted the group size distribution (P(s))
from WiFi data connections during working hours (from 8.00 am to 7.00 pm). In
social systems, the duration of face-to-face contacts typically displays a broad distri-
bution with complex behaviors. However, the infection process occurs on a charac-
teristic timescale, which for COVID-19 has been estimated to be around 15 minutes.
Therefore, the study defined a simplex of size s as a group of s people connected to
the same AP for at least 15 minutes. This is the same time interval used in contact
tracing apps.

To ensure that the results were not influenced by this choice, the study also
verified that the main results were qualitatively independent of the time interval by
varying it from 5 to 30 minutes. For each AP, the study split working hours into
15-minute intervals and found the number of users connected to that AP for the
entire time interval. This number corresponds to the simplex size. Disconnections
from a single AP shorter than 5 minutes were discarded from the data set.

The study also distinguished the three phases of the pandemic period with dif-
ferent levels of restriction (closing, partially opening, and total opening phases)
and found three different distributions of group sizes (Fig. 4.6). The results clearly
showed that a broader distribution of P(s) was observed in the opening phases
and the maximum group size grew from smax

C = 36 to smax
PO = 58 and to

smax
TO = 174 in the closing, partial opening, and total opening phases respec-

tively. Furthermore, the distribution P(s) in the total opening phase was found to
be compatible with a power law f(s) ∝ s−ν with an exponent ν ≈ 1.65.
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Figure 4.6: Group size distribution in the University buildings. P (s) is
the probability to find a group of s people that are connected to the same AP for
almost 15 consecutive minutes. Plot are reported in log-log scale and we plot the
group size probability distribution for each phase with different restriction regimes.
The distribution P (s) in the total opening phase is compatible with a power law
f(s) ∝ s−ν with an exponent ν ≈ 1.65.

The study also plotted the different contribution of University staff and students
to the group size distribution (Fig. 4.7). The results showed that the restrictions in
the closing and partial opening period mainly affected the behavior of the student
population, whose simplex distribution was strongly modified in the different phases,
while for staff members, the differences were very limited.

In conclusion, this study demonstrates the potential of WiFi data in providing
valuable insights into the presence of large groups during the Covid-19 pandemic and
how these patterns change over time as restrictions are implemented. The findings
can inform public health policy and decision-making during pandemics, as well as
better understand how different populations are affected by restrictions. Overall,
this study illustrates the effectiveness of WiFi data as a powerful tool for monitoring
and understanding the spread of infectious diseases, and in informing public health
policy and decision-making during pandemics.

4.3 Effects of restrictions on the reproduction num-

ber of the epidemic model on simplicial tem-

poral network

In the previous section, we derived and analysed probability distributions P (s) of
group size. These distributions can be used to quantitatively determine the measure
of the effects of the restriction measures implemented by the University of Parma to
mitigate the spread of Covid-19 in University environments during the pandemic. In
this section, starting from a Susceptible-Infected-Recovered (SIR) model on activity
driven simplicial networks [69, 87], we quantify the impact of the closure measures
implemented by the University during the Covid-19 pandemic by estimating the
value of the reproduction number R0. The same analysis was performed in the
section 5.4 for the model including CT strategies.

The model we are using describes the evolution of an interaction network where
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Figure 4.7: Group size distributions comparison. As shown in panel a, the
contribution of university staff to the group size distributions in the three phases
with different restriction regimes is depicted. The impact of the restrictions in the
closing and partial opening phase is minimal on the staff population. In contrast,
panel b illustrates that the restrictions have a significant impact on the behavior
of the student population, with their group size distribution being greatly altered
across the different phases.
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simplices (clusters of individuals) are activated at a rate a. When a simplex of size s
is active, s nodes are chosen randomly to participate, creating s(s−1)/2 interactions.
Once the interaction is complete, the cluster is dissolved and the process is repeated.
The distribution of simplex sizes, P (s), captures the heterogeneity in the size of
gatherings. Each susceptible node within the cluster has a probability of λ of being
infected by the infected nodes within the same cluster. Additionally, each node has
a chance to recover at a rate µ. The spread of the epidemic is determined by the
basic reproduction number R0. If R0 < 1, the epidemic will not spread and only a
limited number of individuals will be infected. However, if R0 > 1, there will be an
exponential increase in the number of infections, potentially infecting a significant
portion of the population. Because the network is constantly reshuffled as simplices
are recreated, a mean field approach can accurately describe the evolution of the
system:

∂tS(t) = −S(t)

∫
asP (s)

[
1− (1− λI(s))s−1

]
ds

∂tI(t) = −µI(t) + S(t)

∫
asP (s)

[
1− (1− λI(s))s−1

]
ds (4.1)

∂tR(t) = µI(t)

In Eq.s 4.1, the term µI(t) represents the recovery rate of the process I → R and the
integral describes the infection process. The activation rate of susceptible nodes into
a cluster of size s is represented by asS(t)P (s) and the probability that a susceptible
node activated in a cluster of size s becomes infected by one of the remaining s− 1
individuals of the cluster is represented by

[
1− (1− λI(s))s−1

]
. The integral is

calculated over all possible cluster sizes. The stability of the solution where all
nodes are susceptible (i.e. S = 1, I = 0, and R = 0) can be studied by linearization.
Specifically, by linearizing the second of Eq.s 4.1 we can analyze the stability of the
solution. In particular, the linearization gives

∂tI(t) = (−µ+ aλ〈s(s− 1)〉)I(t). (4.2)

with 〈s(s − 1)〉 =
∫
s(s − 1)P (s)ds and the solution with I = 0, R = 0 and S = 1

is stable only if µ > aλ〈s(s− 1)〉 and the basic reproduction number reads: :

R0 =
aλ〈s(s− 1)〉

µ
. (4.3)

Determining the parameters in Eq. 4.3 can be challenging, but the expression for
R0 can be used to make a preliminary assessment of the impact of changes in net-
work connectivity on the spread of the epidemic. The equation states that R0 is
proportional to the number of connections within the system. However, it should be
noted that this approach does not take into account the correlations and memory
effects that are present in real-world temporal networks, as it randomly reshuffles
the individuals in a cluster at each time step, which is a simplification commonly
used in activity-driven models. Eq. 4.3 can be used to compare the basic reproduc-
tion number among different phases, such as the closing, partial opening, and total
opening phases (as shown in Fig. 5.4). By analyzing the effect of the different size
distribution P (s) in these phases, we can estimate the change in R0 from the closing
to the partial opening phase:

R0,PO

R0,C

=
〈s(s− 1)〉PO
〈s(s− 1)〉C

≈ 2.63 (4.4)
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while going from the partial opening to the total opening phase implies:

R0,TO

R0,PO

=
〈s(s− 1)〉TO
〈s(s− 1)〉PO

≈ 13.03 (4.5)

It is clear from our analysis that the ratio of the basic reproduction number
between the total opening phase and the partial opening phase is much larger than
the ratio between the partial opening phase and the closing phase. This suggests
that while tracing measures may be effective in controlling the spread during the
transition from the closing phase to the partial opening phase [69], they may not be
as effective in the transition to the total opening phase. However, it is important
to note that during the total opening phase, a significant portion of the population
had been vaccinated (about 80% in Italy) and access to University buildings was
restricted to only those who had been vaccinated or tested. These additional mea-
sures, along with the use of masks and social distancing, were crucial in limiting
the spread of the virus in the total opening phase, due to the significant increase in
potentially dangerous contacts. We found that our estimates for the ratios in Eq.s
(4.4,4.5) remain consistent when using different time intervals to define the simplices
in our dataset. Specifically, when using a time interval of 5 minutes, we obtain ratios
of 2.91 and 12.36, and when using a time interval of 30 minutes, we obtain ratios of
2.78 and 12.47 for the ratios in Eq. (4.4) and (4.5) respectively. This confirms the
robustness of our results.

4.4 Access Points daily links

So far, we have analyzed the sizes of groups that form in the University and compared
the distributions in the three phases with different restrictions. This data can also be
used to identify the most critical areas in the University where large gatherings are
more frequent. However, it is important to note that the formation of large groups
is not the only relevant information to determine if an AP is critical. For example, if
large gatherings are due to face-to-face lessons, we expect that the groups are stable
for the entire duration of the lesson and that the contagion can be effectively traced
(e.g. in the partially open period, an online seats reservation procedure was active).
On the other hand, there could be places (such as an atrium) where small groups
form but they are continuously reshuffled. These places are typically dangerous
because they host a high number of different contacts which are very difficult to
trace.

To address this, we introduce a different characterization of the APs to identify
places where a large variety of contacts may occur. In particular, we define the
“daily links” li of an AP as the number of contacts per day formed for more than 15
consecutive minutes between two different users in the same location. The index i
labels the different APs. In this framework, if two users meet two or more times at
the same point but at a different time, this is counted only once. Again, in counting
users pairs, we have considered only the working time.

This new characterization of APs will help in identifying not only the places
where large groups are formed, but also the places where a high number of different
contacts may occur, which are typically difficult to trace. This information can be
used to inform public health policy and decision-making during pandemics and to
better understand how different populations are affected by restrictions.
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To evaluate the effectiveness of the simplex size and daily link measures in iden-
tifying critical locations, the study focuses on two specific APs; one located in a
classroom of the teaching building and the other in the atrium of the Physics De-
partment. Panel c of Fig 4.8 shows that in the partial opening period, the size
distribution of the two APs, Pi(s), is similar. However, the average number of links,
〈s(s− 1)〉i, at the atrium is about 50

On the other hand, in the partial opening phase, the distribution of the number
of different links per day, P̃i(l), is very different in the two APs. In particular, the
average number of links per day is almost four times larger in the atrium than in
the classroom. This highlights the much more variable behavior of contacts in the
atrium. Panels g and h also show that in the atrium, the occupancy is almost
constant during working hours, while in the classroom, people assemble mainly
during lessons.

The data also indicate that people use the two areas differently in the periods
examined. In the atrium, the average link number grows from 〈l〉i ≈ 73 in the
closure period to 〈l〉i ≈ 270 in the partial opening phase, reaching 〈l〉i ≈ 445 in the
total opening phase. In contrast, in the classroom, the average link number rapidly
grows from 〈l〉i ≈ 0.7 in the closure period to 〈l〉i ≈ 70 in the partial opening phase
and then up to 〈l〉i ≈ 2030 in the total opening phase.

The fact that different locations are used differently in the different restriction
regimes is further confirmed in Figure 4.9, which plots the distribution of the dura-
tion of daily contacts between pairs of individuals in the different restriction regimes
in the atrium and the classroom. All distributions display a typical exponential de-
cay with a characteristic timescale and, as expected, the contacts in the atrium are
typically shorter than in the classroom. Furthermore, as restrictions are removed,
the duration of the connection in the classroom increases, as one would expect due
to the larger number of lessons; however, in the atrium, the contact time becomes
shorter, highlighting a potential problem in monitoring gatherings in common areas.

4.5 Space monitoring and resource optimisation

The analysis of group sizes and daily links provide different insights into identify-
ing critical areas during the Covid-19 pandemic. To effectively monitor potential
hotspots, it’s important to consider both measures. In order to find the areas that
need to be monitored first, we characterized each access point (AP) by the average
number of different links per day, 〈l〉i, and the average number of links present in
groups, 〈s(s− 1)〉i. In figures 4.12 and 4.13 we show the APs with the highest 〈l〉i
and 〈s(s − 1)〉i in the partial and total opening period, respectively. This ranking
highlights the importance of considering both measures, as there are cases where
an AP’s position changes significantly between the two rankings. For example, the
atrium of the Physics Department ranks 16th according to 〈s(s − 1)〉i and 9th ac-
cording to 〈l〉i, while a classroom moves from 24th to 60th position with the link
ranking.

The classification by average daily links of the APs appears to be the most rele-
vant for determining the critical areas on the university campus, as a high number
of daily links implies a continuous reshuffling of users that could lead to super-
spreading events. It’s also worth noting that the location of critical APs completely
changes between the partial and total opening phases, due to the fact that some
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Figure 4.8: Comparison between different APs of the simplex size and
daily links measures. We compare the group size and daily link distributions of
two APs installed in different types of areas: one placed in a classroom, and the
other in the atrium of the Physics Department. In panels a and b, the group size
distribution and daily link during the closing phase are plotted for the AP placed
in the classroom. It shows that small groups are formed due to restrictions. Panels
c and d show the distributions obtained during the partial opening phase for the
same APs. The group size distribution is similar for both APs, but the daily link
distributions are different, indicating that the groups in the classroom are more
stable than in the atrium, where groups are continuously reshuffled. Panels e and f
show that large gatherings are formed in the classroom due to the return of face-to-
face lessons. Panels g and h show the time evolution of the group size for the two
APs during a typical working day in the partial opening and total opening phases
respectively. It’s worth noting that for small groups with size s < 6 the group size
is set to 0.
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Figure 4.9: Contact time distribution. The probability, P (t), that two users
are in contact for a time t during working hours per day is plotted in Panel a
and b for the AP placed in the atrium of the Physics Department and classroom
respectively, for the three different restriction regimes. The distribution of contact
time is found to have an exponential decay, f(t) ∝ e−t/τ , but with different constants
τ . For the contact time distributions related to the AP in the atrium of the Physics
Department, the constants are τC = 49±2,m, τPO = 41±1,m and τTO = 38±1,m,
while for the AP placed in the classroom, the constants are τC = 39± 5,m, τPO =
56± 4,m and τTO = 80± 7,m. It is noteworthy that the contact time decreases as
the restrictions are removed in the atrium of the Physics Department while in the
classroom the contact duration becomes longer in the opening periods.
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teaching activities were still held remotely during the partial opening period. This
is highlighted in Figure 4.10, where university buildings are color-coded according
to the number of critical APs present in figures 4.12 or 4.13 for the partial and total
opening periods. This information can be used to effectively target resources and
interventions to the areas that need it most.

Figure 4.11 illustrates the distribution of 〈l〉i and 〈s(s− 1)〉i among the different
APs in the university. Both quantities have been normalized by their average value
across all APs, in order to allow for comparison on the same scale. The data shows
that there is a slow decrease in the distribution at large values, which correspond
to the critical APs identified in Figures 4.12 and 4.13, as indicated by the vertical
dashed lines in the figure. These critical APs correspond to locations with high
numbers of daily links and/or large groups, which are potential risk factors for the
spread of infection. Overall, the distribution of data in Figure 4.11 highlights the
importance of monitoring both the average number of different links per day and
the average number of links present in relevant groups in order to effectively identify
the critical areas on the university campus.

4.6 Beyond simplicial temporal networks

The basic reproduction number R0 that we estimate in section 4.3 is based on a
temporal network model that utilizes simplices and a mean field approach without
memory [69, 87]. This means that the model assumes that all the s(s − 1)/2 links
formed in a group of size s occur between distinct individuals, with a complete
reshuffling of connections at each time step. However, our data indicates that links
between the same users tend to repeat at the same location (i.e. AP) and may
also occur at different locations, leading to an overestimation of the number of con-
tacts. Additionally, we have observed that the repetition of links exhibits different
timescales in various restriction regimes and across different locations. In light of
this, contact reshuffling may play a significant role in the spread of epidemics, even
when comparing different phases of restrictions.

In the previous section, we analyzed the distribution of links formed between
individuals at each access point (AP) on a university campus. This information
gives us insight into the number of unique pairs that form connections at a specific
location over a period of time. However, to fully understand the impact of contact
reshuffling across different phases, it’s important to also consider the total number
of unique pairs formed across the entire university on a daily basis. This data, which
has been calculated by the university’s ICT services, is presented in Sec. 2.3.

When comparing the average number of unique pairs formed per day during the
partial opening phase to the closing phase, we find:

〈Ld〉PO
〈Ld〉C

≈ 3.70 (4.6)

The ratio of these averages is larger than the ratio of total links formed in the same
comparison. This suggests that not only are group sizes smaller during the closing
phase, but there is also a more limited diversity of contacts. This could be due to
the reduced presence of students and the resulting decrease in inter-departmental
interactions and use of common areas. On the other hand, staff members tend to
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Figure 4.10: Geographical map of buildings with critical APs. Map of Parma
with the University buildings color-coded based on the number of critical APs inside.
In panel a, the buildings are ranked based on the APs in Figure 4.12 during the
partial opening period. In panel b, the buildings are ranked based on the APs in
Figure 4.13 during the total opening period. Buildings with no critical APs are
represented in light blue, buildings with one or two critical APs are represented in
yellow, and buildings with more than two critical APs are represented in red. The
return of face-to-face lessons has a significant impact on the location of critical APs,
with buildings such as the Economics department becoming a critical area.
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Figure 4.11: Links distribution among the different AP. The plots depict the
distribution of the average number of different links per day, denoted as < l >i, and
the average number of links present in groups, denoted as < s(s− 1) >i, among all
the available APs. To facilitate comparison, both measures are normalized by their
overall average across all APs. The critical APs, as identified in Figures 4.12 and
4.13, can be identified as the APs with values above the threshold indicated by the
dashed lines. Panel a illustrates that the distribution of the data is notably different
during the closing phase compared to the opening phases, emphasizing that groups
tend to be more stable during the closing phase.

Andrea Guizzo 37



Chapter 4

Daily links ranking Group sizes ranking

1
Architecture 16

Outdoor area

Mechanical Engineering 235

Common area

2
Mechanical Engineering 235

Common area

Architecture 16

Outdoor area

3
Library of Medicine 1

Study room

Medicine 187

Classroom

4
Mechanical Engineering 112

Common area

Library of Medicine 1

Study room

5
Mechanical Engineering 236

Common area

Mechanical Engineering 112

Common area

6
Library of Medicine 3

Study room

Mechanical Engineering 236

Common area

7
Chemistry 191

Study room

Chemistry 191

Study room

8
Medicine 48

Classroom

Pharmacy 239

Indefinite

9
Physics 227

Common area

Chemistry 171

Common area

10
Library of Medicine 36

Study room

Economics 230

Study room

11
Mathematics 215

Common area
Chemistry 251

12
Medicine 187

Classroom

Library of Medicine 3

Study room

13 Civil Engineering 228 Indefinite
Medicine 48

Classroom

14
Pharmacy 238

Common area

Chemistry 222

Common area

15
Economics 230

Study room

Mechanical Engineering 247

Common area

16
Civil Engineering 221 Common

area

Physics 227

Common area

17
Architecture 15

Common area

Pharmacy 238

Common area

18
Mechanical Engineering 235

Common area

Mathematics 215

Common area

19
Mechanical Engineering 247

Common area

Pharmacy 228

Common area

20
Civil Engineering 223

Classroom

Physics 216

Classroom

Outside top 20 Outside top 20

Figure 4.12: Rankings during partial opening phase. Comparison of the top
twenty APs in the ranking by average daily links and the ranking by average group
size during the partial opening phase.
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Figure 4.13: Rankings during total opening phase. Comparison of the top
twenty APs in the ranking by average daily links and the ranking by average group
size during the total opening phase.
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primarily interact with those within their own labs, leading to a more stable pattern
of contacts.

When comparing the total opening phase to the partial opening phase, the ratio
of average number of unique links per day is:

〈Ld〉TO
〈Ld〉PO

≈ 12.98. (4.7)

This is similar to the ratio observed in the total number of links formed, indicating
that the effect of link reshuffling versus link repetition is consistent across these
phases and that there is only a general increase in the total number of contacts.
We also observe that during these phases, the presence of students and face-to-
face lessons dominates, leading to a similar usage of university spaces. However, as
previously noted, during the closing phase, laboratory activity tends to result in a
more stable pattern of link formation.

Our results indicate that the time interval used to define simplices does not
significantly affect our conclusions. The estimates for the ratio of the average number
of different pairs and average number of different links per day in the two periods
remain robust even when the time interval is changed. For example, when a 5-
minute interval is used, the ratios in Eq. (4.6) and (4.7) are still 3.56 and 12.50
respectively, and when a 30-minute interval is used, the results are still 3.64 and
13.33. This further supports the validity of our findings.

Furthermore, our analysis of the distribution of links among the different APs
further supports the conclusion that the closing phase is characterized by a distinct
behavior compared to the opening phases. Figure 4.11 illustrates that the distribu-
tion among the different APs are very similar in the two opening phases, indicating
that different areas are occupied in a similar way and that the reshuffling mechanism
is analogous. However, in the closing period, the distributions in Figure 4.11 are
significantly different even after the global rescaling. This confirms that the closing
phase is characterized by a much more stable pattern of contacts as the reshuffling
mechanism is significantly suppressed. Additionally, the fact that the location of
critical APs changes drastically in the two periods, as shown in Figure 4.10, further
highlights the distinct behavior of the closing phase.
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The control of epidemics in large
gathering

In this chapter, we propose a model that seeks to understand the spread of a con-
tagious disease, such as SARS-CoV-2, on a network of individuals. The model is
based on a compartmental model, which accounts for the main stages of a contagious
disease, including asymptomatic and presymptomatic transmission. The model also
takes into account the temporal dynamics of social contacts and the higher-order
nature of interactions by modeling the gatherings as ”simplices” . Additionally,
the model considers an adaptive behavior in which symptomatic individuals are im-
mediately isolated and unable to participate in gatherings, thus preventing them
from propagating the infection. The text that follows describes the details and as-
sumptions of the model and the results obtained through its application. In the
previous chapter, we introduced a new formalism for monitoring the use and for-
mation of groups within public environments. Using the results obtained in the
previous chapter, we test our results on synthetic simplex size distributions and on
an empirical dataset for gatherings in a University Campus.

5.1 Epidemic model

In this model, individuals are represented as nodes in a temporal network. They
interact with one another by participating in gatherings, which are modeled as ”sim-
plices.” Each node in a gathering is in contact with all the other nodes, creating a
fully connected cluster. The network evolves in discrete time steps, with simplices
activating at a rate of a, known as the ”simplex activity.” When a (s − 1)-simplex
(i.e. a group of size s) is active, s nodes are randomly chosen to participate, result-
ing in s(s − 1)/2 interactions. Then, the links between nodes are broken and the
process is repeated. The size of the simplices, s, is determined by a distribution
Ψ(s), which models the diversity in the size of gatherings. Interactions between
pairs of individuals correspond to simplices with s = 2. This activity-driven simpli-
cial temporal network model [70,86,105] takes into account the temporal dynamics
of social contacts and the higher-order nature of interactions [11, 18, 87]. The pro-
posed model for understanding the spread of disease is an enhanced version of the
Susceptible-Infected-Recovered (SIR) model. In addition to the standard SIR clas-
sifications, this model includes further distinctions based on the stage of infection.
These distinctions are made according to whether an individual is presymptomatic
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Figure 5.1: The epidemic compartmental model with and without tracing.
The first model a, is a representation of the spread of disease without considering
contact tracing. The second model b, builds upon the first model by including the
effects of forward, backward and sideward contact tracing. The rates of infection
and contact tracing are discussed in further detail in the accompanying text and
supplementary information.

(P ), symptomatic (I), or asymptomatic (A). The pathogen spreading dynamics
without tracing is shown in Fig. 5.1b. If we consider the cantact tracing mechanism,
we have two new stages of infection AT and AQ, which are traced asymptomatic and
quarantine asymptomatic respectively. The allowed transitions among these states
are shown in Fig. 5.1b. The model also takes into account changes in social behavior
depending on the health status of individuals. We do not consider here memory [102]
nor burstiness effects in the dynamics [70].

5.2 Contact tracing mechanism

In this model, we consider a traditional, non-app-based contact tracing (CT) pro-
cess [68] on gatherings (or simplices) with the goal of identifying infected asymp-
tomatic individuals. Asymptomatic individuals A are the most difficult to track
since, as they have no symptoms, they may continue to have contact with other
nodes (people) and to detect them it is necessary for a susceptible contact S to
go into a presymptomatic P or symptomatic I state. It’s important to note that
since individuals in state I are instantaneously isolated, they do not participate in
gatherings. Only individuals in state P or A may spread the infection. When a
presymptomatic individuals develops symptom P → I, the contact tracing mecha-
nism is activated.In this case, each gathering he/she has participated in during the
previous TCT days is traced as a whole, with a probability ε(s). Each node belonging
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to a traced gathering is tested, and if found in the asymptomatic infected (A) state,
is isolated.

The probability of successfully tracing a gathering (or simplex) can depend on its
size s, as people typically only remember some of the gatherings they have joined.
Some gatherings are easily fully traced (e.g. school classes, workplace meetings)
while others are not easily reconstructed (e.g. interactions on public transportation,
shops, restaurants). The dependence of ε(s) on the gathering size s allows for
modeling tracing strategies targeted at groups of a given size.

To account for CT in the model, two additional compartments are introduced for
asymptomatic individuals (Fig. 5.1b): traced asymptomatic (AT ) and quarantined
asymptomatic (AQ). An AT node is asymptomatic and infective, just like an A
individual, but has been identified as having been in contact with a presymptomatic
individual who remembers the gathering where the contact took place. When the
presymptomatic develops symptoms, the AT node enters quarantine and becomes
an AQ node, which is isolated and hence does not participate in gatherings.

For simplicity, it is assumed that tracing and isolation occur instantaneously after
the presymptomatic node becomes symptomatic. Hence the transition AT → AQ
occurs with the same rate γP as the appearance of symptoms.

In this work, in addition to the forward and backward CT mechanisms, already
in place for pairwise interactions [16, 32, 61, 68], contact tracing is reinforced by a
third tracing mechanism called sideward CT, which is specific of simplices traced as
a whole.

• Forward CT. This CT mechanism is activated when a presymptomatic indi-
vidual develops symptoms and goes on to detect all asymptomatic individuals
infected when the activating node of the tracing was in the presymptomatic
state (see Fig. 5.2a). If infection events occur, the node switches from the
susceptible state S to the asymptomatic state AT and is traced.

• Backward CT. The process of backward contact tracing (CT) is activated
when an asymptomatic individual infects a susceptible individual, making
them presymptomatic (see Fig. 5.2b). In this scenario, the asymptomatic
individual is traced, becoming a traced asymptomatic individual (AT ), along
the contact that produced the infection. However, the tracing goes in the
opposite direction of the infection event, as the asymptomatic individual is
already infected when they enter the simplex. This means that the tracing oc-
curs after the infection event and after the individual has potentially infected
other nodes.

• Sideward CT. Sideward contact tracing (CT) is a mechanism that identifies
asymptomatic individuals who have been infected by other asymptomatic in-
dividuals, by utilizing the presence of a third node that develops symptoms
(as seen in Fig. 5.2c). This CT mechanism requires the presence of at least
three nodes in the simplex: an asymptomatic A (or traced asymptomatic AT )
node that infects a susceptible node that will become asymptomatic, and at
least one other susceptible node that will become presymptomatic due to con-
tact in the simplex. When the presymptomatic individual develops symptoms
and moves into the symptomatic state, the CT mechanism is activated and
the asymptomatic individual is tracked. The process of sideward CT requires
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Figure 5.2: Contact tracing mechanisms in simplices: forward, backward
and sideward CT. a Scheme of the forward CT. b Scheme of the backward CT.
c Scheme of the sideward CT:The CT process can be activated in cases where the
infected node is either A or AT . In addition, in this scenario, backward CT may
also occur on node A when activated by S → P , but this process is not shown
in the scheme for simplicity. Additionally, sideward CT can be activated if the
asymptomatic and symptomatic infections are caused by different asymptomatic in-
dividuals (or traced asymptomatics) who participate in the same simplex. While
this process is considered in the model and produces a term that is quadratic in
the density of asymptomatic nodes, for simplicity, only the first-order term is con-
sidered in the scheme, which is the only one that survives the linearization for the
calculation of the epidemic threshold. d Summary of the main features of the three
CT mechanisms.
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a minimum of three individuals in a simplex, and is only activated when the
simplex size is equal to or greater than 3. This type of contact tracing does not
involve tracing the direct transmission of an infection, but rather identifying
asymptomatic individuals who may have been infected by other asymptomatic
individuals through the presence of a third node that develops symptoms. It is
important to note that in the same simplex, backward CT can also be activated
on the infector if they are an infected asymptomatic A.

In Appendix A, we have derived mean-field equations for the evolution of an epi-
demic with pre-symptomatic and asymptomatic transmission on simplicial activity-
driven networks. In the linearized mean-field equations, the forward, backward and
sideward CT are described by the following equations:

CForward = λ(1− δ)a〈ε(s)s(s− 1)〉P (t) (5.1)

CBackward = a
〈
ε(s)s

[
1− (1− λδ)s−1

]〉
A(t) (5.2)

CSideward = λ(1− δ)a
〈
ε(s)s(s− 1)

[
1− (1− λδ)s−2

]〉
[A(t) + AT (t)] (5.3)

These are the three terms given by the three contact tracing mechanisms, in partic-
ular sideward CT is described by a term composed of multiple factors. In eq. 5.3 in
the linearized regime, a is the simplex activation rate, the probability to take part
to the simplex for the susceptible node is proportional to s and, (s−1)[A(t)+AT (t)]
is the probability that among the remaining (s− 1) nodes there is an asymptomatic
(or traced symptomatic) node. The term λ(1 − δ) represents the probability that
the infection occurs and is asymptomatic, while the term

[
1− (1− λδ)(s−2)

]
is the

probability that at least one of remaining (s−2) nodes is infected with manifestation
of symptoms.

We obtain a set set of 5 linearized equation and it can be written as:


∂tAQ(t)
∂tI(t)
∂tP (t)
∂tA(t)
∂tAT (t)

 = J


AQ(t)
I(t)
P (t)
A(t)
AT (t)

 (5.4)

J is the Jacobian matrix of this set of 5 linearized equation:

J =


−µ 0 0 0 γP
0 −µI γP 0 0
0 0 −γP + β β β

0 0 ∆
(

1− 〈ε(s)s(s−1)〉〈s(s−1)〉

)
−µ+ ∆− Γ− Φ ∆− Φ

0 0 ∆ 〈ε(s)s(s−1)〉〈s(s−1)〉 +Γ + Φ −µ− γP + Φ

 (5.5)

J =

[
A(2x2) C(2x3)
O(3x2) B(3x3)

]
(5.6)
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where:

Φ = λ(1− δ) n

〈s(s− 1)〉
〈
ε(s)s(s− 1)

[
1− (1− λδ)s−2

]〉
Γ =

n

〈s(s− 1)〉
〈
ε(s)s

[
1− (1− λδ)s−1

]〉
β = λδn

∆ = λ(1− δ)n.

5.3 The effects of contact tracing strategies in the

epidemic threshold

In the previous sections, we introduced a new epidemic model based on SIR model
on activity-driven network. Three different CT methods were added to this model:
forward, backward and a new method called sideward CT. The purpose of contact
tracing is to mitigate the spread of the epidemic by tracking and isolating infected
individuals. The three different mechanisms contribute differently to limiting the
epidemic and their effects depend on the structure of the interaction, i.e. the dis-
tribution of simplices. In this section, we will compare the results and performance
of these three methods. For this comparison, we assume that the probability to be
traced is equal for simplices of any size, i.e. ε(s) = ε, ∀s. Additionally, we assume
that the number of average contacts per individual and per time unit n = a〈s(s−1)〉
is constant, so that different distributions Ψ(s) correspond to the same number of
interactions, arranged in simplices of different size. We evaluate the impact of each
contact tracing CT strategy by calculating the epidemic threshold when only symp-
tomatic individuals are isolated, then when each CT mechanism is active separately,
and finally when all CTs are active. In Figures 3a-3b, we consider all simplices to
have the same size s, with Ψ(s) = δ(s− s). In Figures 3c-3d, we use an exponential
distribution Ψ(s) ∼ e−βs, for s ∈ [2,∞). Lastly, in Figures 3e-3f, we use a power-law
distribution Ψ(s) ∼ s−(ν+1), as observed in real systems [97], with s ∈ [2, sM ].

The effectiveness of isolation of symptomatics and forward CT does not depend
on the distribution of simplex sizes Ψ(s), while the effectiveness of backward and
sideward CT is highly dependent on it. Sideward CT is most effective in large
simplices, where there is a higher chance of lateral infection, while it is not effective
for pairwise interactions (s = 2). In large simplices, sideward CT can trace and
isolate all new asymptomatic individuals at the time of infection, preventing the
spread of the epidemic and explosive outbreaks of SSEs. Conversely, backward CT
is more effective in small simplices, as in large clusters with many contacts, it only
traces the source of infection and other simultaneous contagions may go undetected.

When all CT mechanisms are active, the combination of backward and sideward
tracing results in a non-monotonic behavior as a function of simplex size. The epi-
demic threshold exhibits a maximum, where CT is most effective. In networks with
a single simplex size or with a sharp exponential distribution, the size correspond-
ing to this maximum is around 100 nodes. However, for broader distributions with
large clusters dominating transmission even at small average simplex sizes, tracing
is most effective when the average simplex size is around 10. The position of this
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Figure 5.3: The effects of forward, backward and sideward contact tracing.
Analysis of the impact of contact tracing on the epidemic threshold. The ratio of
the epidemic threshold λC with symptomatic isolation and CT activated to the non-
adaptive case threshold λNAC is plotted as a function of s for a constant simplex size
distribution (Panel a and b), an exponential distribution (Panel c and d) and a
power-law distribution (Panel e and f). The activation of each CT mechanism alone
and all mechanisms combined is also shown. The average simplex size is varied by
changing β and ν in the exponential and power-law distributions, respectively. The
probability of tracing a simplex is held constant at ε(s) = 0.3 for all simplex sizes.

maximum also depends on the fraction of asymptomatic nodes, with a larger frac-
tion being more effectively traced through sideward tracing and a smaller fraction
through backward tracing.

5.4 Contact tracing in a real setting: Parma Uni-

versity Campus as case study

The spread of an epidemic, in the presence of large simplices, is mainly driven by
SSEs events with many infections in a few but large groups. This suggests that
we should focus the tracking mechanism in places where large groups are formed,
such as concerts, cinemas or public spaces. In particular, the university represents
a public space where every day, thousands of students and staff gather to work or
teach. In this section we will quantitatively test these hypotheses by comparing
the impact of the three CT mechanisms in the real case of the University of Parma
(Italy). Our findings suggest that a focus on large simplices may be an effective
strategy for reducing the spread of the epidemic.

We use the probability distribution Ψ(s) measured empirically, using data ob-
tained from WiFi network, described in detail in the previous chapter in Sec. 4.2.
The WiFi network, by measuring the number of simultaneous connections to Access
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Points (APs), represents a good proxies for the gatherings. We focus on gatherings
that have been deemed epidemiologically significant, lasting for more than 15 min-
utes as per guidelines by the ECDC [33]. It is known that indoor transmission of
SARS-CoV-2 can occur within the spatial range covered by WIFI access points [41],
making WIFI data a useful tool in supporting traditional contact tracing meth-
ods [21]. To this end, we analyzed WIFI data from the University of Parma and
calculated two separate distributions of Ψ(s). The distributions of Ψ(s) for the two
time periods, obtained from WIFI data at the University of Parma, are heteroge-
neous as seen in other datasets [97]. The distribution during the closure period has
a smaller upper limit due to restrictions on activities with many people, such as
in-person classes. This is reflected in an increase in the probability of simplices with
s = 0 or s = 1 (i.e. 0 or 1 individual connected to the AP). The changes in the
distribution of simplex sizes, as represented by Ψ(s), have a significant effect on the
epidemic threshold. When only isolating symptomatic individuals is implemented,
the epidemic threshold increases during a period of restricted activities (e.g. closure)
by a factor

λclosureC

λopeningC

=
〈s(s− 1)〉closure
〈s(s− 1)〉opening

' 2.63, (5.7)

so that λclosureC /λNAC ' 5.35. This reduction in activities comes at a cost of stopping
most teaching and working activities. Contact tracing aims to maintain activities
while still controlling the epidemic. We evaluate the effect of the contact tracing
strategies during the partial opening period and compare the mitigation achieved
through tracing with that achieved through closure.

We investigate the effectiveness of different contact tracing (CT) strategies by
modeling them through different values of ε(s). One strategy focuses on large sim-
plices, with size s ≥ s∗, and is represented by ε(s) = θ(s − s∗), where θ(x) is the
Heaviside step function. This approach is compared with a uniform tracing strat-
egy, where all simplices are traced, and a strategy that targets only small simplices,
represented by ε(s) = θ(s∗ − s). We keep the resources allocated for tracing con-

stant by setting the average fraction of traced nodes to ε∗ = 〈ε(s)(s−1)〉
〈s−1〉 . Results in

Fig. 5.4b show that targeting large simplices is the most effective strategy, as it
requires tracing only a small fraction of nodes to achieve a significant increase in
the epidemic threshold. In contrast, tracing only small simplices requires tracing
almost all gatherings to achieve a comparable result. Tracing efforts targeted at
large gatherings can produce similar results to full closures if ε∗ & 0.47, as shown in
Fig. 5.4b. This requires tracing at least all simplices with s ≥ 6, representing 16.1%
of simplices with s ≥ 2. Full closures may be a more drastic measure than necessary,
particularly in the case of a highly transmissible variant, with a basic reproduction
number of R0 ≈ 4.5, even in the presence of additional mitigation measures such
as the use of face masks [24, 26, 99, 109, 111, 112]. A partial reopening of activities
while implementing targeted tracing efforts on large gatherings can still effectively
control the spread of the virus.

As illustrated in Fig. 5.4b, to keep the epidemic below the threshold, it is suf-
ficient to trace on average a manageable fraction of nodes per simplex, specifically
ε∗ & 0.27, which corresponds to tracing all simplices with s ≥ 9, representing only
6.2% of simplices with s ≥ 2. The lower panels of Fig. 5.4 demonstrate the various
contributions of forward, backward and sideward CT for the different strategies. It
is evident that backward tracing provides the most significant increase in the thresh-
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Figure 5.4: Tracing strategies on empirical University gatherings data. a
We plot the distributions Ψ(s) obtained via WIFI data for the University of Parma
during the partial opening and closure periods. The main plot is in log-log scale,
while in the inset the same distributions are plotted in linear scale. b We plot the
ratio λC/λ

NA
C as a function of ε∗ = 〈ε(s)(s−1)〉

〈s−1〉 , where λNAC is the epidemic threshold
in the non-adaptive case and λC is the threshold when isolation of symptomatic
individuals and CT are activated. We consider the empirical Ψ(s) during the partial
opening period and the three CT strategies. The three horizontal lines are: the
ratio λopeningC /λNAC ≈ 2.04 when only symptomatic individuals are isolated during
the partial opening period (dotted); the value of R0 = λ/λNAC = 4.5 for a variant of
SARS-CoV-2 (dashed); the ratio λclosureC /λNAC ≈ 2.63λopeningC /λNAC ≈ 5.35 when only
symptomatic individuals are isolated during the closure period (dot-dashed). In the
inset it is plotted s∗ as a function of ε∗ for the two targeted tracing strategies. c We
plot the ratio λC/λ

NA
C as a function of ε∗ for symptomatic isolation and activating

progressively all CT mechanisms, considering Ψ(s) ∼ s−(ν+1), with s ∈ [2, 200]
and ν = 1.5 and implementing a tracing strategy targeted at large simplices. d
Same of panel c with the empirical distribution Ψ(s) during the partial opening
and implementing a uniform tracing strategy. e Same of panel d implementing a
tracing strategy targeted at small simplices. f Same of panel d implementing a
tracing strategy targeted at large simplices. In all panels the parameters are fixed
as discussed in Methods.

Andrea Guizzo 49



Chapter 5

old. However, in the strategy targeted at large simplices, sideward CT also plays
a significant role in controlling the spread of the epidemic, particularly when large
simplices are driving transmission. It’s worth noting that during the partial opening
period, several restrictions were still in place, such as reducing the maximum capac-
ity of a classroom by a factor of 4 [106], which explains the relatively small cut-off
sM ≈ 60 in the Ψ(s) distribution. For broader distributions with larger cut-off
(corresponding to a full opening of the University), sideward tracing is expected to
provide the primary contribution, as shown in Fig. 5.4c, where we plot the different
contributions to targeted tracing for a power-law distribution Ψ(s) ∼ s−(ν+1), with
ν = 1.5 and a cut-off sM = 200.
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Data-driven prediction of public
transport use

So far, we have presented the results for the mathematical modelling of social dy-
namics in public settings and for the development of a new activity-driven epidemic
model with contact tracing mechanism. These studies occurred due to the onset
of the Covid-19 pandemic, which coincided with the start of this PhD cycle. Now
that the situation is returning to normal, we have returned to the mathematical
modelling of urban mobility. In this chapter, we present the work of my last year
of my PhD, which took place in collaboration with the Sustainable Cities group of
Sony CSL Rome led by Vittorio Loreto.

In this chapter, we propose a data-driven framework to estimate the use of public
transport in the metropolitan area of Parma by citizens, estimate the number of
users for each single bus ride and find situations where the public transport service
offered is not very efficient, such as cases of bus overcrowding. This model, has the
possibility of creating scenarios to evaluate the impact of certain interventions, such
as new bus routes or new bus schedules, to improve the public transport service,
limit service costs and, above all, limit overcrowding during peak hours.

6.1 Data description

The model exploits several open data and private data sources to build a baseline
scenario representing a typical day of commuting in the Parma Metropolitan Area.
In this paragraph, we present all types of data needed for the public transport
occupancy simulation model.

6.1.1 Parma metropolitan area

First of all, we need to define the area of interest for the study of public transport
in Parma. TEP, the company that provides the public transport service, operates
throughout the province of Parma with two different types of lines:

• urban buses, which operate only within the municipality of Parma:

• interurban buses, which connect the city to the entire provincial territory.
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Parma metropolitan area

Figure 6.1: Parma metropolitan area. In the figure we can see the metropolitan
area of Parma highlighted in blue and delimited by the black line. As can easily be
seen, the zone covers the municipality of Parma some neighbouring municipalities.

The aim in this chapter is to evaluate the impact of commuting users on public
transport in the city of Parma. Many people live in the municipalities bordering
the city but have their workplaces in the city, leading to the creation of commuting
flows into the city in the morning rush hour and outflows from the city in the
evening. For this reason, limiting ourselves to assessing the model only in the
municipal area is very limiting and the entire commuting territory of the city must
be analysed. We decided to use the metropolitan area of Parma defined by OECD1

as the area of interest for the model Fig. 6.1. OECD defines the metropolitan area
of a city as the union of two zones: the first is the city (or city centre) and the
second is the commuting zone, i.e. the zone integrated socioeconomically with the
city. The metropolitan area was subdivided into zones in order to construct an
Origin-Destination matrix M of trips that will be determined by a careful statistical
analysis of the HFLB data. We therefore divided the territory into 21 zones (see in

1https://doi.org/10.1787/9789264174108-en
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Fig. 6.2); 20 zones were defined by the province of Parma by subdividing the city
into macro-areas each of them self-sufficient, while one zone was inserted specifically
for the location area of the University Scientific Campus. This zone was inserted
specifically since the objective of this work is to predict the use of public transport
to the campus.

6.1.2 Census data and economic activities

To reconstruct the Parma Metropolitan Area’s socio-economic structure, we used
data from the ISTAT, the Italian National Statistical Institute. The data we col-
lected comes from the 2011 national survey that mapped the population and the
economic activities. The mapping is at the level of census areas, i.e. small territo-
rial units varying in dimension to have an almost uniform population with respect
to one another. The number of employees of each economic activities is recorded
within each census areas. Moreover, economic activities are divided according to
the ATECO (ATtività ECOnomiche) code that can be used to identify the kind of
activity (e.g., manufacturing, agriculture, finance). We aggregated the 1321 census
areas contained in the metropolitan area into 21 defined in the previous paragraph.
This aggregation is necessary in order to obtain datasets from different types of data
that can be combined with each other.

6.1.3 Open Street Map Data

Open Street Map (OSM) data gathers much geographical information that can be
used for multiple purposes [46]. In this work, we exploited OSM in a twofold way.
Firstly we used OSM collected OSM Points-of-Interest in the Parma Metropolitan
Area. We assigned to each POI a label p based on the category it belongs to between
restaurant/leisure/services/health, discarding the others. In the following, we will
refer to the category of a POI with kpoi ∈ {restaurant, leisure, services, health}.
Secondly, we used the OSM street network and Open Source Routing Machine
(OSRM) [54] to compute travel times on foot between public transport stops.

6.1.4 GTFS data

TEP has provided the metropolitan area’s public transportation data in General
Transit Feed Static (GTFS) format. GTFS is a standard for public transport sched-
ules developed by Google2 to encourage administrations and public transport com-
panies to release data in a uniform format. GTFS data contains all the trips (T )
performed by public transport services within an area, a trip representing a bus,
tramway or metro train performing its services between a starting stop s and end-
ing stop s∗. Trips are divided in connections (C), i.e. a public transport vehicle
moving from one stop to another. TEP’s data covered all the public transport
services within the Metropolitan Area, including extra-urban buses.

2https://developers.google.com/transit/gtfs/
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Zones

Campus zone

Figure 6.2: Parma commuting zones. The first figure shows the subdivision of
the metropolitan area, while in the second figure we can see a detail of the area
containing the science campus.
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Census areas

Figure 6.3: Census area. The census areas contained in the metropolitan area
are shown in the figure. These areas have been aggregated between loso in order to
obtain the same subdivision used in Fig. 6.2.
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Figure 6.4: Bus users temporal distribution. Time trends of users of the urban
public transport service in Parma during a working day. We can see that there is a
high volume of users in the morning and at lunchtime caused by students going to
school or university.

6.1.5 Bus access data

TEP’s administration has collected information on the number of users who use
public transport as a means of transport. In 2015, it started collecting data on the
number of people getting on and off at each stop and on each urban bus route on
working days from 6 a.m. to 8 p.m. TEP provided us with two different datasets:

• total number of travellers on each run of each city line. For each urban bus
line l, this dataset provide N(l, t), where N is the number of users who took
the route l that started its journey at time t;

• daily number of check-ins and check-outs on each stop of each urban bus route.
For each urban bus line l, this dataset provide r(l, s) and d(l, s) are respectively
the users boarding and alighting on line l at stop s.

From these two datasets, we can obtain the time distribution of public transport
users on a typical working day. In Fig. 6.4, we can see that there is high bus
utilisation during the morning rush hour (7-9 am) and during the lunch break. In
the case of the morning, the high volume of users of the public transport service
is due to the combination of users going to work, combined with the high number
of students going to school or university. On the other hand, the peak of users at
around 1.30 p.m. is given solely by students returning home once their teaching
activity has ended. It is easy to see that in the peak hours of the evening, the time
when people usually return home, the volume of users is much lower than in the
morning. This leads us to think that the largest users of the service are students,
while workers tend to prefer the primary means of transport for commuting trips.
These two datasets were provided for two uses: the first to go through the process of
calibrating the model, the second to go through the validation of the model’s result.
This will be discussed in the following paragraphs.

56 Andrea Guizzo



Chapter 6

Hexagons tessellation

Figure 6.5: Parma hexagons tessellation. We can see that the public transport
service with its stops (red dots) does not cover the entire territory. However, after
checking with ISTAT population data, only 8% of the population is not reached by
any bus line provided by TEP.

6.1.6 Citychrone++

The model is based on the subdivision of the territory into hexagons to generate
scenarios. This subdivision is carried out by the Citychrone++ platform and divides
the metropolitan area into hexagons of equal size, this size being defined by the user
as an input parameter for the code. The algorithm, creates a tessellation of hexagons
of the territory and only keeps the hexagons that are reachable by public transport
or on foot from the nearest stop with a maximum walking distance defined by the
user. This distance is defined by the user by setting the maximum walking time
and the average walking speed. For the Parma area, we defined a maximum walking
time of twalking = 10min and an average walking speed of vwalking = 5km/h. In
addition to these parameters, the Citychrone++ algorithm requires as input the
GTFS data and the size of the hexagons set as hexside = 200m. In output we have
an ordered dataset of hexagons: for each hexagon we know the bus stops contained
within it and all other neighbouring prime hexagons. Fig. 6.5 shows the tessellation
of the metropolitan area with hexagons obtained as output from Citychrone++ and
it can be seen that not in all the area the transport service is guaranteed. In fact,
there are many suburbs in agricultural areas where buses do not run with the risk
of not providing the service to many users who would then be forced to use private
transport. For this reason, we verified that the population outside the hexagons (not
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served by buses) is a negligible percentage compared to the population served. By
cross-referencing the hexagon dataset with the ISTAT population dataset, we found
that only 8% of the population living in the metropolitan area are not provided
with public transport services to their homes, so we can say that the coverage of
bus stops is very good throughout the area.

6.2 Mathematical model

The aim of this model is to predict the occupancy level of public transportation in a
city in the real case and in new scenarios where some of the input parameters of the
model were changed. For example, one could assess the impact of smartworking, the
impact of changing bus routes or schedules. This model predict the occupancy at the
connection level c, where we use the term “connection” to indicate a movement of
a public transport vehicle between two scheduled stops, without intermediate stops
where passengers can get it or out. Connections can, in a sense, be therefore seen
as the “atoms” of which public transportation schedules are made of.

The first step for constructing scenarios is to reproduce a baseline model repre-
senting the system’s functioning in normal conditions. The final result of the model
is a set of multi-modal trajectories on public transport, whose purpose of the trip is
know. Conceptually, our approach can be articulated in two steps:

1. First, we generate a synthetic/simulated population of public transportation
users, each with its own origin and departure zones, departure time, and pur-
pose of the journey.

2. We calculate for each of them the shortest path from origin to destination,
using a slightly modified version of Connection Scan Algorithm (CSA) [13,
27] as implemented in Citychrone++ framework, which has been developed
between 2018 and 2021 by Sony CSL Paris and Sapienza university of Rome.

Once we have the paths, expressed as lists of connections, it becomes trivial to
calculate how many passengers there are on every connection, how many get in each
stop, and so forth. In this way, we can obtain a double information:

• Individual behaviour: from each trip, we can identify the best-performing
route once origin, destination and departure time have been defined, identify
points where a change of line is needed and the theoretical arrival time.

• Collective behaviour: for each connection c between two consecutive stops
we have the number of users, the time course of the number of users on a
typical working day.

In Fig. 6.6 we can observe a schematic representation of mathematical model. In blue
square we represent all empirical data from HFLB and TEP dataset. A calibration
step, necessary to eliminate outliers, will be introduced to the model.

6.2.1 Input data

The characteristics of the simulated users’ population are to be derived from empiri-
cal data. To this end, the following four input dataset are required for the generation
of synthetic journeys with public transportation:
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Figure 6.6: Mathematical model scheme. Diagram of the mathematical model
for generating synthetic trips. The parameters in blue are empirically derived data
from the various datasets available, the parameters in red is a user-chosen parameter,
and in green is bus data. Included in the diagram is the calibration step that will
be introduced later.

1. The OD matrix M of the interest area, i.e. a matrix where, assuming a
division of the city into a number of zones, element i, j denotes a number of
journeys between zone i and zone j. Only a relative weights matter, because
the model allows the user to fix the total volume to a desired value and rescale
the matrix accordingly.

2. The activity profiles τ(i, j, t) of the city, i.e, assuming a division of the city
into zones (which may be different from the ones where the OD matrix is
defined), the fraction of users traveling between i and j for every pair of zones
i, j as a function of time t. In Fig. 6.10 we can see and example of activity
profile between the Campus zone and other zones.

3. The scope distributions of the city, where by “scope” we denote the purpose
of the journey, described by attaching a Point-of-Interest category label to
the starting and ending points. In other words, given a pair of zones, the
probability distribution that a journey between the two will have given starting
and ending POI labels. Again, the zone division does not need to be the same
as the other datasets.

4. The schedule of the city’s transportation services.

We calculate the first three element using High Frequency Location Based Data
(HFLBD) obtained from Cuebiq. To do this, we consider only relevant users (users
with almost 10 acitivty days) and only the journeys during the working day, all
trips data from weekend journeys were discarded. Although the goal of the model
is to describe trips by public transportation, the trajectory dataset holds contains
all trips that occur by all types of transportation because from the HFLB dataset
available to us, it is not possible to determine the mode of transportation by which
the trip was made. Note that, in principle, the input 1 and input 2 could be simply
combined in a time-dependant OD matrix. The OD matrix that we derived from
the HFLB data, was obtained from all trips that are made by the most active users
that occur on weekdays. Thus, the OD matrix also takes into account the trips of
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Outgoing journeys

103

104

Figure 6.7: Outgoing journey obtained from GPS data In this figure we have
shown the number of trips starting from zone i to one of the remaining zones obtained
from the analysis of GPS trajectories. It can be seen that the highest number of trips
start from the city centre, while in the suburbs the trip statistics drop dramatically.

users living outside the Parma metropolitan area who come to Parma for study or
work. In Sec. 3.3, we verified that the algorithm for determining the stop location
defined as “home” succeeds in identifying the population in the different zones of
metropolitan area and these data agree with the census population data with a
Pearson correlation coefficient r2 = 0.78. This correlation allowed us to verify the
good representation of the population data but this does not allow us to say that
the data obtained for the OD matrix of trajectories has the same proportionality of
representation. For this reason, combined with the problem of commuters outside
the metropolitan area, the OD matrix data were not rescaled with the population
bias but we considered. In Fig. 6.7 we have plotted the 21 zones with a colour
according to the number of trips to destinations in other zones. As can be seen, the
largest number of trips from the HFLB data analysis starts in the city centre, while
there is less traffic in the neighbouring areas. However, the areas we are considering
have very different population densities: in the city centre, where there is a high
population density, it is easier to have a high number of trips, whereas in the suburbs
with fewer users, the number of trips recorded by the data drops significantly. To
test how population density affects the statistics of the GPS data, we normalised
the number of outgoing trips obtained from the HFLB data with the population of
each zone obtained from the census data (see Fig. 6.8). The data, normalised with
population, show that population density does not affect the travel statistics too
much. The only exception concerns the Campus area: here the number of trips is
much higher than the number of people living in that area. This effect is certainly
due to the activity that takes place within the university, which attracts a large
number of students every day.
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Outgoing journeys
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Figure 6.8: Normalized outgoing data. In this figure we have shown the number
of trips starting from zone i to one of the remaining zones obtained from the analysis
of GPS trajectories. It can be seen that the highest number of trips start from the
city centre, while in the suburbs the trip statistics drop dramatically.

In fig. 6.9 the OD matrix elements of column j = Campus zone were reported,
i.e. all trips from all zones to the University Campus zone. In Fig. 6.10 we can
see and example of activity profile between the Campus zone and other zones, in
particular the city center zone and the zone where the train station is located. We
can immediately see how the campus is a centre of attraction in the morning during
peak hours. In contrast, in the evenings, there is a high flow of trips leaving the
campus and heading to the centre or the station. Fig. 6.9 shows the elements of the
OD matrix with destination j = Campus zone. The main flows to the campus come
from the city neighbourhoods, with the largest flow coming from the centre. On the
other hand, flows from the peripheral areas of the metropolitan area are close to zero.
In Fig. 6.10 we can see and example of activity profile between the Campus zone and
three other zones: city centre, the area containing the train station (San Leonardo)
and a residential district (Lubiana). In all cases, we can see that the temporal
distribution of incoming trips to the campus, has a peak during the morning rush
hour 7-9 a.m., while at other times of the day there is an even distribution. In
contrast, outbound trips from the campus to their respective areas are more likely
to occur in the evening, from 5-7 p.m. From these distributions, we can see that
the campus area is an area of attraction for work or school activities and, moreover,
with a volume of residents within it compared to the volume of student workers.

Once the input parameters derived from the empirical data have been defined,
the user must define the number of daily users Ud, i.e. the number of trips by public
transport. This number should be obtained from empirical data and/or chosen to
improve the agreement between model and realty. In our case, we obtain the daily
numbers of journeys from the checkins dataset provided by TEP described in section
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Figure 6.9: OD matrix element with destination the Campus area. In this
figure we plot the activity profiles between Campus zone and other three zones: the
city center, the zone with train station (San Leonardo) and another neighborhood.
The green line represent the temporal distribution of journeys to Campus, on the
other hand the orange line is the outflow from Campus zone. For each zone, we
can observe an high volume of journeys to Campus during the rush hours in the
morning.

6.1.5 and corresponds to the integral of the curve in Fig. 6.4.

6.2.2 Journeys generation

The OD matrix is then rescaled accordingly, and the number of journeys between
each pair of zones is fixed. These are generated by calling the Citychrone++ library,
using a slightly modified CSA algorithm [27]. While the basic version merely requires
that a user can arrive at the departure stop before departure time in order to be
able to get a connection c, our modification introduces a vehicle-dependent buffer
time ωt, i.e. the user must arrive a few minutes earlier to be able to catch a bus ωBt ,
metro ωMt or tram ωMt . In metropolitan area of Parma, public transport is only by
bus, so we have defined a buffer time only for bus ωBt = 10minutes. This choice was
made after experimenting with the algorithm as a penalty for bus line change. In
fact, changing the line is a loss of time caused by bus delays, traffic or other external
factors that are not considered in the theoretical GTFS schedules.

The generation algorithm performs the following steps in sequence:

1. the number of trips for each zone pair is rescaled with the total number of
trips Ud;
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Figure 6.10: Activity profile between campus and other zones. In this figure
we plot the activity profiles between Campus zone and other three zones: the city
center, the zone with train station (San Leonardo) and another neighborhood. The
green line represent the temporal distribution of journeys to Campus, on the other
hand the orange line is the outflow from Campus zone. For each zone, we can observe
an high volume of journeys to Campus during the rugh hours in the morning.
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2. for each O-D zone pair, the following steps are iterated for each trip::

(a) chosen with uniform probability distribution, a starting stop among all
stops within the O-zone with uniform probability distribution;

(b) chosen with uniform probability distribution,an arrival stop among all
stops within the O-zone with uniform probability distribution;

(c) chosen the starting time ti from the activity profile τ(O,D) between O-D
zones extracted from HFLB data;

(d) chosen the scope of trips from the scope distribution σ(O,D, ti) between
O-D zones extracted from HFLB data;

(e) calculates the fastest route between the two stops with the Connection
Scan Algorithm;

3. return a list of journeys.

The simplified scheme in Python of the synthetic trip generation algorithm is
defined as follows:

def j ouney s gene ra to r ( t i m e d i s t r , s c o p e d i s t r ,\
t o t a l t r i p s ) :

s y n t h e t i c j o u r n e y s = [ ]
for O, d in zones (Parma ) :

journeys = t o t a l t r i p s ∗ normal ized OD matrix
for i in range ( journeys ) :

o r i g i n s t o p = np . rand ( s tops (O) )
d e s t i n a t i o n s t o p = np . rand ( s tops (D) )
s t a r t t i m e = np . cumsum( t i m e d i s t r (O, D) )
scope = np . cumsum( s c o p e d i s t r (O, D, s t a r t t i m e ) )
jounery = CSA( o r i g i n s t o p , d e s t i n a t i o n s t o p ,\

s t a r t t ime , scope )
s y n t h e t i c j o u r n e y s . append ( journey )

return s y n t h e t i c j o u r n e y s

Note that, in case of journeys that begin and end in the same zone, or happen
between neighboring zones, the shortest path may simply be walking from origin
to destination. Since the total number of journeys and the input distributions are
meant to represent the users of public transport, in this case the journeys is rejected
and another one is generated.

The final output of the procedure is a table with the following information for
each journey: origin and destination zones (in terms of all the zone divisions in-
volved: OD matrix, activity profiles and scopes), origin and destination stop, time
of departure, scope, connections and check-ins. The connections are a list of ids,
which can be used to retrieve information about each connection (departure and
arrival times, departure and arrival stops, route, operating agency and so forth)
in the Citychrone++ output files. The check-ins are a list of every time the user
checks into a new line. This is not useful for computing metrics, but it is useful for
validating against empirical data, as it can be compared with ticket validation data.
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6.2.3 Model calibration

Dataset obtained from TEP discused in Sec. 6.1.5, contains all the check-ins and
check-outs of urban lines in Parma obtained from measurements carried out in 2015.
These allow us to perform a very precise comparison between the model’s results and
real data. While there seems to be a clear linear relationship between predicted and
real chek-ins (see next section), there are many outliers, even in important/crowed
station like bus stops in train station. Under assumption that HLFB data are
representative of the real travel volumes, we must conclude that the distributions
obtained from them do not fully capture the behavior of public transportation users.
In order to improve the agreement, we therefore define a calibration procedure as
follows.

To start, we define a set of contraints, derived from real data. A constraint
consist of a boolean function of journey (for example: whether the journey passes
through a certain stop or certain bus route), and a target Ti of journeys for which
the function must evaluate to true. The constraint i is satisfied if:

ri =
Ti −Xi

Xi

< 5% = tol (6.1)

where Xi is the observed number in the model output. The user can choose a
different tolerance value if desired. The model framework supports user-defined
constraints by inheriting from the Constraint class defined in the code. When ri <
−tol, we say that a constraint is over-represented. Likewise, a constraint is under-
represented when ri > tol.

Calibrating the system is an iterative process, where at each iteration, journeys
are replaced with new ones, generated as to not alter the existing distributions:
if a certain amount of journeys between zones O and D is removed, the replace-
ments will have the same origin and destination zones, new departure/arrival stops
in those same zones, and new departure time and scope chosen from the same dis-
tributions. The user can stop the process when a certain number of iterations has
been performed, or when a certain number of constraints are satisfied.

The general idea is that the journeys we want to replace are the ones that
contribute to underrepresented ones. During each iteration, we start by calculating
the following delete score for each journey J :

DJ =

〈
γi(J)

[
1−min

(
1,
Ti
Xi

)]〉
i|γi(J)=1

(6.2)

where γi(J) is 1 if J participates to i, 0 otherwise, and DJ defaults to 0 if J par-
ticipates to no constraint. We then mark each journey for deletion (but do not
delete it yet) with a probability given by DJ . This means that contributing to
an over-represented constraints increases the probability of deletion, by an amount
proportional to how much the constraint is over-represented.

We then turn our attention to the underrepresented journeys. For each of them,
we look at the journeys contributing to it, and note the set Si of OD zone pairs
they are defined on. Then, we consider the set SJi of all journeys whose origin
and destination zone pairs are in Si, and which contribute to no underrepresented
constraint. We randomly choose Ti − Xi of them and mark them for deletion. In
case the size of SJi is less then Ti − Xi, all the journeys in are marked. If SJi is
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empty, the constraint is deemed unsatisfiable and is removed from the constraint
list. It is clear that a journey might be marked for deletion multiple times. this is
intended and beneficial, as it would mean that multiple constraints can be improved
by replacing a single journey. Finally, the set of journeys marked for deletion is
replaced with another set of newly generated journeys.

In our case study, from real check-ins data provided by TEP, we defined two
different types of constraints:

• constraint on the total number of passengers for each bus line;

• constraint on the total number of users for each stop.

In the first constraint, a total number of users per bus line is set, i.e. the number
of users taking a given bus line without taking into account the stop where check-in
takes place. In the second constraint, on the other hand, a total number of check-ins
per stop is imposed, without taking the bus line into account. Other constraints
could be imposed, such as those on the number of check-outs, but in order not
to impose too many constraints, it was decided to start the calibration with only
these two types of constraints and add further constraints later if necessary. We
therefore have a total of 358 initial constraints, 35 of which are unsatisfiable and
were therefore removed from the list and we iterated the calibration operation 40
times. Our constraint definition turns out to be very weak and does not allow
for a fine tuned travel calibration. There may be several ways to achieve a fine-
tuned calibration, such as using commuting data and census data to do a coefficient
expansion analysis of the OD matrix. Using these datasets could go a long way
toward improving the performance of the calibration process and could allow us to
satisfy more data. These analyses were not carried out during my thesis because
I had access to the commuting data at the end of the project and did not have
time to derive the expansion of OD coefficients derived from the HFLB data by
using the census data merged with the commuting data to derive the OD matrix
from them. However, this analysis option remains a possible solution for a future
implementation of the model. The results are reported in the following section.

6.3 Scenario definition

So far we have been concerned with reproducing the behaviour of the the real system
in normal conditions. Beyond that, we are interested in simulating what-if scenar-
ios, especially in relation to the impact of the Campus on public transport. With
the creation of new scenarios, it is possible to modify the public transport service
offered (such as schedules or bus routes) or change the university lecture timetable
in order to better distribute the arrival of students and evaluate how these measures
affect the filling of each bus route. Another interesting study could be the eval-
uation of scenarios during the COVID-19 pandemic or similar future events, and
public transport is a place where many infections can occur. Indeed, during the
pandemic period, limiting gatherings was one of the non-pharmaceutical measures
implemented to limit the spread of the virus. With the creation of what-if scenarios,
it is possible to assess the distance between users in the buses and check whether
the social distance of 1.5m introduced by the government at the beginning of the
pandemic.
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POI category Discard ATECO Codes
Tranports 1 H, N, S
Leisure 1 I, R, S
Groceries 1 H, I
Public Services 1 D, E, O, P, Q, S, U
Education 1 P, M
Private Services 1 D, E, F, G, H, J, K, L, M N, S, T
Health 1 Q
Shop 1 G, H, I, S
Religion 1 S
Industries 1 A, B, C, D

The easiest way to define a new scenario is to “switch off” certain classes of
points, either completely (e.g. complete closure of schools) or partially (partial
closure or forcing restaurant to close at 10 p.m.). This is achieved by post-processing
the calibration results to:

a) change of journey time for a part of journeys with a certain scope given by the
POI of arrival;

b) delete those journeys that are no longer possible since their starting/ending
POI category is no longer active;

c) in case of POI categories that are only active during part of the day, moving
the journey to time when POIs are active.

Let us consider a new scenario in which we define the strategies to be imple-
mented, such as changing the start time of lessons. To each POI category defined
in Sec. 3.2.4, we assign a series of ATECO codes (used by the ISTAT to categorize
economic activities) in the following way: where the middle columns of the table
defines the probability of discarding a journey to/from POI category. The corre-
spondence between POI and ATECO codes is included in order to assess the impact
of smartworking introduced for certain categories of workers during the COVID-19
pandemic. For each of them, we can introduce a fraction of home workers, using
data from the Italian government. In addition to defining the rejection probabil-
ity, we can define different scenario bands, specifying variations in opening/closing
times:

• Band 0: No variation.

• Band 1: Postpone 25% of journeys to education POIs starting between 7:30
a.m. and 9 a.m. by one hour.

• Band 2: Postpone 50% of journeys to education POIs starting between 7:30
a.m. and 9 a.m.: 25% by one hour and 25% by two hours.

• Band 3: Postpone all journeys to education and leisure POIs by two hours.

Further bands can be defined, these are the ones we have tried to apply so far.
Once the probability of discarding and different bands have been defined, the

synthetic trip dataset obtained after calibration is modified by removing or moving
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Figure 6.11: Urban bus lines in city center We plot the route of all urban lines
of Parma public transportation. In particular, the campus is connected to the city
centre by only two lines (blue and black lines) which have a very similar route.

the selected trips. In this way, it is possible to evaluate the filling of the means of
transport and assess how the changes have affected public transport.

In the cases just described, scenarios are generated by modifying the trip dataset
obtained after calibration. An alternative to have new scenarios is to change the
public transport service, such as the timetable or the addition of new trips or new
lines. In this case, the creation of new scenarios is more complicated because it
means going to modify the GTFS files to re-evaluate all the routes of journeys
generated by the CSA [27] using the new connection dataset. The implementation
of these scenarios is currently only theoretical and will be defined more precisely in
the next step of the research activity.

6.4 A case study: Parma mobility prediction

In this section, we apply the model to the metropolitan area of Parma and present
the results obtained. The work is not yet complete, at the moment we have only
stopped at the step of calibration and validation of the set of synthetic trips.

We have applied the model to the metropolitan area defined in Sec. 6.1.1, within
which there are both urban and suburban bus lines. The urban lines are depicted
in Fig. where each different colour represents a different line. In particular, we are
interested in mobility by public transport to the Campus. The Campus is connected
to the city centre by only two lines, the “7” and the “21” (see Fig. 6.11), which are
the two lines to which we will refer in more detail. The algorithm generates a set of
200,000 public transport trips from empirical data obtained from the HFLB data of
the GPS signal of mobile devices. As an output, we obtain a dataset of trips, each
of which is given the departure time, departure and arrival zone, connection list (i.e.
list of connections between two successive stops) with the corresponding bus line.
From this dataset, and in particular from the list of connections for each trip, it is
possible to derive the route taken for each trip generated, to know the bus line on
which the user boarded and whether any line changes were made during the trip.
Fig. 6.12 shows four examples of trips, two of which have the University Campus
as their destination and two of which have a change of line. The dot indicates the
starting stop, while if the line is represented by two colours, it means that the user
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Generic journey Journey with bus line change

Journey to the periphery Train station-campus journey

Figure 6.12: Synthetic journeys generated by the algorithm. In this figure
we plot four example of synthetic journeys generated by the algorithm before the
calibration process. The black point represent the starting stop, while if the trips is
represented by two colours, it means theat the user had to make a bus line change.
In particular, the bottom right panel shows a typical trip to the University Campus
from train station with bus line “ 7”. In the top right panel shows a journey from

had to make a line change. In Fig. 6.12, the panel at the top right shows that the
fastest trip by public transport from the eastern periphery of Parma to the Campus
requires a change of line, an operation that results in an extension of travel time.
The university campus is a hub for thousands of users who come from all over the
urban (and extra-urban) area of Parma but is only served by two bus lines that do
not manage to cover the entire urban territory, forcing users to change lines with a
consequent loss of time (as in bottom right panel in Fig. 6.12). From the dataset
of synthetic journeys, we understand that one of the possible scenarios that could
be created would be one in which there are more than two urban lines leading to
the Campus and that would improve the coverage of the city’s urban territory and
verify whether more direct trips to the campus would be created without the change
of line, in order to offer a more efficient service.

After generating the first dataset of trips, without a calibration step, we com-
pared the time distribution of the trips obtained from the dataset of real checkins,
with the dataset of checkins from the dataset of trips generated by the model. In
Fig. 6.14 we immediately notice that the two distributions differ from each other:
the model underestimates morning users by about 2000 travellers, underestimates
the number of users taking the bus during the lunch hours and overestimates users
making commuting trips during the evening rush hour by about 3000. The cali-
bration step, which replaces the trips that do not meet the imposed constraints,
improves the output of the model, almost completely eliminating the underestima-

Andrea Guizzo 69



Chapter 6

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
t (hour)

0

1000

2000

3000

4000

5000

6000

Jo
ur

ne
ys

TEP vs uncalibrated model temporal distribution
model checkins
TEP checkins

Figure 6.13: Temporal distribution of synthetic journeys before calibra-
tionIn this figure, the distribution of actual trips (taken from tep data) is compared
with the time distribution of synthetic trips before calibration. We can see that the
model underestimates users during the morning and lunchtime peak hours, while it
predicts a peak of users from 5 p.m. to 7 p.m. in disagreement with the real data.

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
t (hour)

0

1000

2000

3000

4000

5000

6000

Jo
ur

ne
ys

TEP vs calibrated model temporal distribution
model checkins
TEP checkins

Figure 6.14: Temporal distribution of synthetic journeys after calibration In
this figure, the distribution of actual trips (derived from the tep data) is compared
with the time distribution of synthetic trips after calibration. We can see that
calibration improved the prediction of passengers in the hours where the model
underestimated the number of users, while it continues to overestimate users in the
evening hours.
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tion of users during the 7-9 a.m. and 12.30 p.m. to 2 p.m. time slots. However, even
after calibration, the model still overestimates the number of people using public
transport as a means of transport during the evening peak hours. This discrepancy
between model and reality leads to an error in the prediction of bus line occupancy
during the evening, finding overcrowding situations that do not occur in reality. The
difference between model and real data could be due to three different error factors:

1. Error in checkins measurements made by TEP. Measurements of checkins and
checkouts were carried out in a manual manner during working days in an
undefined period of 2015. This measurement was done in a punctual manner
by taking measurements of checkins on different lines on different days. No
statistics were made on multi-day access, which could lead to an underestima-
tion of public transport users during the evening rush hour. A measurement
of checkins on several days, resulting in a calculation of average accesses could
limit the effects of daily fluctuations of users.

2. Error on empirical data derived from HFLBD data. All empirical data derived
from the HFLB data used as input in the generation model were carried out
by performing a statistical analysis on the entire trip dataset. However, the
model only deals with the generation of public transport trips. The overall
dynamics of trips may not correspond to the dynamics of public transport
trips and this could be one of the factors for the difference between the actual
and synthetic time distribution.

3. Real data from checkins and the HFLD data refer to two different years, 2015
and 2017 respectively. From 2015 to 2017, the collective behaviour of com-
muting travellers may have changed to make greater use of public transport
for journeys home in the evening.

Of these three points, the only thing that can be done in a short time is to review the
statistical analysis performed on the travel dataset from the HFLB data. The idea
I am developing is to create a process of analysing the empirically obtained trips
to determine the means of transport by which they occur. In this way, it is then
possible to select the subset of only those trips that were associated with the use
of public transport and obtain a new OD matrix and temporal distribution for this
specific dataset. This process is under development and very complicated, requiring
careful analysis of HFLB data to create a universal workflow.

In addition to the problems just described for the temporal distribution of syn-
thetic trips, we nevertheless continued the analysis of the data obtained and analysed
the effectiveness of the calibration process. The aim of calibration is to improve the
agreement between actual data and model output. To verify the performance of the
calibration, I performed a comparison between the checkins data provided by TEP
and the checkins data given by the model for each bus stop. Fig. 6.15 shows two
scatter plots comparing real data and model data, the first with the data before
calibration, the second after calibration. We immediately notice how the scatter
plot before calibration shows that the real and synthetic checkins data are very well
correlated with each other with a Pearson correlation coefficient r2 = 0.58. After
calibration, on the other hand, there is a good correlation between observed data
from the model dataset with the target values set with the constraints, in which case
the Pearson correlation coefficient becomes r2 = 0.91. From this we can see that
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Figure 6.15: Observed vs target checkins for each stop Scatter plot of the
number of checkins per bus stop between real data and data obtained from the
synthetic dataset. In the top panel, we have the comparison between TEP data and
data before calibration, while in the bottom panel the comparison is between real
data and post-calibration data. It can easily be seen that calibration but greatly
improve the correspondence between the model and reality for stops with a high
number of checkins.
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Figure 6.16: Bus route filling in morning rush hour. The picture shows the
model’s prediction of the number of passengers on the “7” line leaving at 8.10 a.m. in
the direction of the University Campus. It can be seen that before the train station,
the model predicts about 10-15 people, while after the station the predicted number
of people increases by a factor of 10 (the colorbar is represented on a logarithmic
scale) until the end of the run.

the calibration process is very efficient and should not require further development
steps.

To conclude, at the moment we have only verified on a few runs how the number
of passengers varies within the buses along the entire line. An example is shown
in Fig. 6.16 where the number of users per connection on the 8.10 a.m. run of
the line “7” in the direction of the University Campus is shown. In this case we
see a very borderline case with an overcrowded situation with more than 120 users
simultaneously expected on the route between the railway station and the University
Campus. This number of users is too high for the capacity of the bus and therefore
in the real case some users would have to wait for the next bus. Furthermore, the
overcrowding would lead to people not maintaining the interpersonal distance that
was introduced by the government during the Covid-19 pandemic. Another detail
that can be noted is that the bus is partially crowded before arriving at the stop
near the train station, which leads us to think that the users of this particular route
arrive in Parma from neighbouring cities and regions on their way to the Campus.
Better management of the bus and its timetable based on train schedules with a
high number of people could improve the efficiency of transport.
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At the moment, work on this line of research has stopped at this point. We
are trying to refine the statistical analysis of the HFLB data in order to find the
subset of trips by public transport, to see if we can get a better match with the time
distribution obtained from the TEP surveys. The next step will be to implement
the algorithm for creating the scenarios and the analysis of them.
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Conclusion

This thesis work focused on the study of data-driven approaches for the study and
modeling for the reconstruction and prediction of patterns of mobility and interac-
tions in social environments, with a particular focus on the study of social dynamics
occurring on the university science campus in Parma.

In the first part of this thesis, we reviewed the fundamentals of the theory and
application for data-driven use of the two main types of data that we had avail-
able to develop the scientific research presented in this paper: data from the WiFi
network and High-Frequency-Located-based (HFLB) data. We initially introduced
the data that can be obtained from WiFi network, describing their characteristics,
advantages and disadvantages of using this type of data to monitor social dynamics.
We saw that WiFi network can be found installed in a wide type of environments,
particularly in public environments such as the University. Finally, we described the
dataset at our disposal provided by the University of Parma related to the Covid-19
pandemic period, its preprocessing steps to eliminate sensitive data and to filter out
incomplete or unnecessary data for our goal.
Next, we reviewed the foundations of High-Frequency-Located-Based data, the ad-
vantages and disadvantages of these data for the empirical description of human
mobility. We introduced techniques used to perform an initial analysis of geoloca-
tion data with the goal of including a process to filter noise and to be able to enrich
GPS data with other datasets such as, POIs data obtained from Open Street Map.
This introduction was followed by a brief analysis of the dataset that Sony CSL
provided to me related to the province of Parma dating back to the year 2017.

In the second part of the thesis, we formulated a set of general strategies to
monitor the presence of users, the formation of groups, and their temporal evolu-
tion in restricted areas using only WiFi network connection data. We introduced
two different quantities: the typical group size and the average number of links be-
tween different users formed in areas reached by the WiFi signal through Access
Points (APs). These quantities allow us to classify areas according to the size of
the groups formed in them and according to the reshuffling that occurs during a
working day. We applied these measures to study the number of attendances, social
dynamics and use of spaces within the University of Parma and, in particular, the
Scientific Campus. The available dataset allowed us to perform the analysis during
the Covid-19 pandemic in which there were three phases with three distinct con-
tainment measures. We classified the areas of the Campus to determine the areas
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that are potentially more dangerous due to the risk of infection. In addition, we
used measures of group size and average number of links to effectively monitor the
different use of spaces by different classes of users, such as students and staff.

Within an approach to epidemic spreading on simplicial temporal networks, using
the size distribution of the simplices as an input parameter to the theory, our analysis
provides a specific estimate of the dramatic increase in the value of the reproduction
number that occurs in the fully reopened phase of the University due to the increase
in contacts.

In addition to application to epidemic models, WiFi data provide an easy-to-
use tool for obtaining the structure and evolution of groups of people moving and
connecting in the same environments. In particular, the measurements obtained
from WiFi make it possible to find the presence of more complex sub-structures
nested other than fully connected simplices.

Then, we considered a compartmental model on simplicial activity-driven net-
works, specific for transmission of the SARS-CoV-2 pathogen, based on an SIR
model which takes into account asymptomatic and presymptomatic transmission.
We developed this compartmental model and extended it by introducing manual
contact tracing mechanisms. The proposed model, allows us to clearly estimate the
effect of CT mechanisms on reproduction number, going to show that efficient con-
tact tracing allows us to limit the spread of the disease. We used empirical data
of the simplex size distribution, obtained from connections to the WiFi network of
Parma University, as input to the epidemic model and analyzed the effects of CTs
an application of the model on a real case.

In the final part of the thesis, we set out the research carried out in my last year
after the end of the pandemic. We introduced a new data-driven model for predicting
urban mobility using public transportation. The model makes it possible to describe
individual behavior by going to determine the trajectories of the individual user who
moves on the public transport network and collective behavior by going to see the
filling conditions of each means of transport. We applied the model in the Parma
metropolitan area, with the aim of describing the effect of the Science Campus on
the filling of bus routes. We found that the high number of people using the campus
lead to bus overcrowding during peak hours. The model is still under development
but was formulated to be able to create alternative scenarios to find strategies to
improve the efficiency of public transportation.

This model has some critical issues due to the input parameters empirically
derived from actual trajectories. Parameters were derived from a complete set of
trajectories, in which bicycle, walking, and private transportation trips are included.
Improving the trip analysis by including a process for determining and selecting the
mode of transportation would greatly improve the model and its description of urban
mobility with public transportation.

The approach proposed in this thesis, in the study of social dynamics, urban
mobility and epidemic models, opens up promising new directions in the study of
complex systems and the use of data-driven method to apply models in real cases.
Promising prospects are in the direction of modeling trajectories inside the Univer-
sity Campus, creation of scenarios for improving public transportation, and modeling
and incentivizing car sharing to make urban transportation more sustainable.
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Derivation of epidemic threshold
via mean field approach

In this chapter we present the evaluation of the epidemic threshold derived from the
derivation of the mean field equations for the epidemic model described in chapter
5, evolving on an adaptive-driven network in the presence of simplicial interactions.
The containment measures are implemented as contact tracing of asymptomatic
nodes with its forward, backward and sideward implementations. The epidemic
model proposed is a Susceptible-Infected-Recovered (SIR) model, with further dis-
tinctions for the stage of the infection. The distinctions are based on the presence
of symptoms (P - infected presymptomatic, I - infected symptomatic, A - infected
asymptomatic), on tracing and isolation (AT - asymptomatic traced and AQ - asymp-
tomatic quarantined) and they model changes in social behaviour depending on
nodes’ health status. We do not consider here memory [102] nor burstiness effects
in the dynamics [70]. The allowed transitions among these states are shown in Sup-
plementary Fig. A.1, which coincides with Fig. 5.1b of the main text and which we
reproduce here for simplicity.

The infection and CT events are discussed in the main text, together with the
CT mechanisms. An individual can be infected with a probability of δ to develop
symptoms or (1 − δ) without symptoms. A manual implementation of contact
tracing (CT) is also considered [68], where all the individuals in the gathering that
a symptomatic individual participated in are traced and the tracing is effective with
probability ε(s) depending on the size of the gathering. The text further explains the
specific conditions under which infections and tracing transitions take place within
a gathering

Considering the necessary and sufficient (minimum) conditions for them to occur
in a simplex, the transitions of infection and tracing are described below.

P + S
λδ−→ P + P (A.1)

P + S
λ(1−δ)ε−−−−→ P + AT (A.2)

P + S
λ(1−δ)(1−ε)−−−−−−−→ P + A (A.3)

A susceptible node S can be infected by a presymptomatic node P in a vari-
ety of ways. If the infection is symptomatic, the susceptible node will become a
presymptomatic P as per Eq.(A.1). However, if the infection is asymptomatic, the
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AT AQ

S A

P I

R

Figure A.1: Epidemic model with contact tracing. We plot the scheme of the
compartmental epidemic model together with the transitions for CT. The rates for
the infection events and for the CT mechanisms are not indicated here but they are
detailed in the text.

contagion can be traced through the use of forward CT activated by the infector P ,
and the susceptible node will become a traced asymptomatic AT as per Eq.(A.2).
In the event that the simplex is not traced, the susceptible node will become an
asymptomatic A as per Eq. (A.3).

A+ S
λδε−−→ AT + P (A.4)

A+ S
λδ(1−ε)−−−−→ A+ P (A.5)

AT + S
λδ−→ AT + P (A.6)

A susceptible node S can be infected by an asymptomatic A (or traced asymp-
tomatic AT ) node with symptomatic infection and thus becomes presymptomatic
P . The asymptomatic infector can be traced by backward CT, activated by the
newly infected P , becoming traced asymptomatic AT (Eq. (A.4)), otherwise if the
simplex is not traced the infector does not change status (Eq. (A.5)). In principle
also a traced asymptomatic infector can be traced with backward CT but this has
actually no consequences (Eq. (A.6)). In the event of Eq. (A.4) both individuals
change state.
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A+ S
λ(1−δ)ε−−−−→ A+ AT if in the same simplex exists A+ S

λδ−→ A+ P
(A.7)

A+ S
λ(1−δ)(1−ε)−−−−−−−→ A+ A if in the same simplex exists A+ S

λδ−→ A+ P
(A.8)

A+ S
λ(1−δ)−−−−→ A+ A otherwise (A.9)

AT + S
λ(1−δ)ε−−−−→ AT + AT if in the same simplex exists AT + S

λδ−→ AT + P
(A.10)

AT + S
λ(1−δ)(1−ε)−−−−−−−→ AT + A if in the same simplex exists AT + S

λδ−→ AT + P
(A.11)

AT + S
λ(1−δ)−−−−→ AT + A otherwise (A.12)

Finally, the spontaneous transitions are:

P
γP−→ I A

µ−→ R I
µI−→ R (A.13)

AT
γP−→ AQ AT

µ−→ R AQ
µ−→ R (A.14)

which account for spontaneous recovery, spontaneous symptoms development and
isolation of traced individuals.

We apply a mean-field approach, which is exact since local correlations are con-
tinuously destroyed because of link reshuffling. Therefore, the epidemic thresholds
of the SIR and SIS (Susceptible-Infected-Susceptible) models coincide [102]. This
allows us to determine the threshold by considering the mean-field equations for the
SIS version of the dynamics.

The probability of a node belonging to a specific compartment of the epidemic
model, as outlined in Supplementary Fig. 5.1b, is analyzed. Equations for the
time-based progression of these probabilities are developed, considering the network
dynamics, epidemic spread, and CT dynamics. Using a mean-field approach, the
epidemic dynamics is portrayed through the use of probabilities, which are:

• P (t) for a node to be infected presymptomatic at time t;

• I(t) for a node to be infected symptomatic at time t;

• A(t) for a node to be infected asymptomatic at time t;

• AT (t) for a node to be asymptomatic traced at time t;

• AQ(t) for a node to be asymptomatic isolated at time t;

• S(t) = 1− P (t)− I(t)−A(t)−AT (t)−AQ(t) for a node to be susceptible at
time t.

The network dynamics is described by the activation of simplices, which occur
at a Poissonian rate of a. The size of each simplex is determined by the distribution
Ψ(s). Additionally, each node (individual) is assigned an attractiveness parameter
bi, which determines their likelihood of participating in social interactions. As a
result, nodes join active simplices with probability based on their attractiveness
pbi ∝ bi [67, 68,89]. To simplify the problem, the following assumptions were made:
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• All susceptible nodes have the same attractiveness bS = b. In this way, they
participate equally in active simplices;

• symptomatic and quarantined asymptomatic are isolated and do not partici-
pate in simplices (bI = bAQ

= 0);

• presymptomatic, asymptomatic and traced asymptomatic, behave like suscep-
tible nodes (bP = bA = bAT

= bS = b);

• we consider the problem in thermodynamic limit.

The probability P (t) that a node is in the presymptomatic state evolves according
to the following equation:

∂tP (t) = −γPP (t) +

∫
dsΨ(s)asPS(t)Zs(t)δ (A.15)

On the right-hand side of the equation there are two terms: the first term takes into
account the process of symptom development, the second term takes into account
the process of infection of susceptibles. In particular, the latter is given by the
product of the activation rate a of a simplex of size s, the probability sPS(t) that
one susceptible node participates in it, the probability Zs(t) that at least one of the
other (s−1) nodes infects the susceptible one and the probability δ that the infection
is symptomatic. Both terms are averaged over the size of the simplex

∫
dsΨ(s).

Let X be one of the compartment states of the model, the probability that a
node of a simplex belongs to compartment X is:

PX(t) = X(t)
bX

b(t)
(A.16)

Therefore PI(t) = PAQ
(t) = 0 ∀t and PX(t) = X(t)

S(t)+P (t)+A(t)+AT (t)
forX = S, P,A,AT .

The probability Zs(t) of at least one of the other (s − 1) nodes infecting the
susceptible node is

Zs(t) = 1− ξ(t)s−1 (A.17)

where ξ(t) is the probability that a node in the simplex does not infect the
susceptible one. We can rewrite this quantity as

ξ(t) = PS(t) + (1− λ)[PP (t) + PA(t) + PAT
(t)]

= 1− λ P (t) + A(t) + AT (t)

S(t) + P (t) + A(t) + AT (t)

(A.18)

Thus, the complete equation for the time evolution of P (t) is:

∂tP (t) = −γPP (t) + a
S(t)

S(t) + P (t) + A(t) + AT (t)
·

· δ

〈
s

[
1−

(
1− λ P (t) + A(t) + AT (t)

S(t) + P (t) + A(t) + AT (t)

)s−1]〉 (A.19)

where we indicate with 〈f(s)〉 =
∫
dsΨ(s)f(s): the first term on the right hand side

accounts for spontaneous recovery and the second term for symptomatic infections
in simplices.
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The equation for the probability I(t) that a node is in the symptomatic infected
state is trivially (eq. A.20) and contain one term for the spontaneous recovery and
one term for spontaneous symptoms development.

∂tI(t) = −µII(t) + γPP (t) (A.20)

In the other hand, the equation for the probability A(t) to be in the untraced or
non quarantined asymptomatic state is the most complex:

∂tA(t) = −µA(t) +

∫
dsΨ(s)asPS(t)Zs(t)(1− δ)

−
∫
dsΨ(s)CForward

s (t)

−
∫
dsΨ(s)CBackward

s (t)

−
∫
dsΨ(s)CSideward

s (t).

(A.21)

The equation on the right hand side accounts for the dynamics of the epidemic model.
The first term represents the rate at which individuals recover spontaneously. The
second term represents the rate of contagion in active simplices, taking into account
the activation rate a, the probability that a susceptible node PS(t) participates in the
simplex, and the probability that at least one other node in the simplex infects the
susceptible node. The third, fourth, and fifth terms represent the rates of forward,
backward, and sideward CT, respectively. All terms are averaged over the size of
the simplex, using the distribution Ψ(s). The evaluation of each CT term is similar
to the evaluation of the infection term. After we evaluate separattely each term.

A.1 Forward CT

The forward CT, as previously discussed, traces an asymptomatic individual who
was infected by a presymptomatic node that will develop symptoms and activate
CT. Therefore, the forward CT term accounts for the activation rate a of a simplex of
size s, the probability sPS(t) that a susceptible node participates in the simplex, and
the probability Fs(t) that at least one of the other (s−1) nodes is a presymptomatic
node P who infects the susceptible node with an asymptomatic infection (1 − δ).
The simplex is traced with probability ε(s).

Fs(t) = 1− k(t)s−1 (A.22)

is the probability that at least one of the other (s− 1) nodes is presymptomatic and
infects the susceptible one. k(t) is the probability that a node in the simplex is not
in the presymptomatic state or, if they are presymptomatic, they do not infect the
susceptible node.

k(t) = PS(t) + PA(t) + PAT
(t) + (1− λ)PP (t) = 1− λ P (t)

S(t) + P (t) + A(t) + AT (t)
(A.23)
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Thus, we obtain:

CForward =a
S(t)

S(t) + P (t) + A(t) + AT (t)
(1− δ)·

·

〈
ε(s)s

[
1−

(
1− λ P (t)

S(t) + P (t) + A(t) + AT (t)

)s−1]〉 (A.24)

A.2 Backward CT

CBackward =

∫
dsΨ(s)asPA(t)ε(s)Ws(t) (A.25)

The backward CT term accounts for the probability that an asymptomatic individual
who infects a susceptible node and produces a symptomatic infection will be traced.
This is determined by the activation rate a of a simplex of size s, the probability
sPA(t) that an asymptomatic node participates in the simplex, and the probability
Ws(t) that at least one of the other (s−1) nodes is a susceptible node who is infected
by the asymptomatic individual with a symptomatic infection. The simplex is traced
with a probability

Ws(t) = 1− φ(t)s−1. (A.26)

The backward CT term accounts for the probability that at least one of the other
(s − 1) nodes in a simplex of size s is a susceptible node that is infected by an
asymptomatic individual with a symptomatic infection. The probability that a node
in the simplex is not a susceptible node infected with a presymptomatic infection is
represented by φ(t).

φ(t) = PP (t) + PA(t) + PAT
(t) + (1− λ)PS(t) + λ(1− δ)PS(t)

= 1− λδ S(t)

S(t) + P (t) + A(t) + AT (t)

(A.27)

Thus, we obtain:

CBackward =a
A(t)

S(t) + P (t) + A(t) + AT (t)
·

·

〈
ε(s)s

[
1−

(
1− λδ S(t)

S(t) + P (t) + A(t) + AT (t)

)s−1]〉 (A.28)
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A.3 Sideward CT

CSideward =

∫
dsΨ(s)asPS(t)(1− δ)Hs(t)ε(s)Ks(t) (A.29)

The sideward CT traces an asymptomatic individual who is infected by another
asymptomatic (or traced asymptomatic) individual, in the presence of a susceptible
node that is infected with a symptomatic infection and subsequently activates CT.
The sideward CT term accounts for the activation rate a of a simplex of size s, the
probability sPS(t) that a susceptible node participates in it, the probability Hs(t)
that at least one of the remaining (s − 1) nodes is infected asymptomatically (or
traced asymptomatically) and infects the susceptible node with an asymptomatic
infection (1− δ), and the probability Ks(t) that among the remaining (s−2) nodes,
at least one of them is a susceptible node infected with a symptomatic infection in
the simplex. The simplex is traced with probability ε(s), similarly to the cases of
forward and backward CT:

Hs(t) = 1− h(t)s−1 (A.30)

where h(t) is the probability for a node of the simplex not to infect the susceptible
node unless he/she is P .

h(t) = PS(t) + (1− λ)(PA(t) + PAT
(t)) + PP (t)

= 1− λ A(t) + AT (t)

S(t) + P (t) + A(t) + AT (t)

(A.31)

Analogously

Ks(t) = 1− φ(t)s−2 (A.32)

where φ(t) is given by Eq. (A.27).
Thus, we obtain:

CSideward = a
S(t)

S(t) + Y (t)
(1− δ)·

·

〈
ε(s)s

[
1−

(
1− λA(t) + AT (t)

S(t) + Y (t)

)s−1][
1−

(
1− λδ S(t)

S(t) + Y (t)

)s−2]〉 (A.33)
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where Y (t) = P (t) + A(t) + AT (t).
For the evolution of A(t), the complete equation is:

∂tA(t) =− µA(t) + a
S(t)

S(t) + P (t) + A(t) + AT (t)
(1− δ)·

·

〈
s

[
1−

(
1− λ P (t) + A(t) + AT (t)

S(t) + P (t) + A(t) + AT (t)

)s−1]〉

−a S(t)

S(t) + P (t) + A(t) + AT (t)
(1− δ)·〈

ε(s)s

[
1−

(
1− λ P (t)

S(t) + P (t) + A(t) + AT (t)

)s−1]〉

−a A(t)

S(t) + P (t) + A(t) + AT (t)
·〈

ε(s)s

[
1−

(
1− λδ S(t)

S(t) + P (t) + A(t) + AT (t)

)s−1]〉

−a S(t)

S(t) + Y (t)
(1− δ)·〈

ε(s)s

[
1−

(
1− λA(t) + AT (t)

S(t) + Y (t)

)s−1][
1−

(
1− λδ S(t)

S(t) + Y (t)

)s−2]〉
(A.34)

where the first term on the right-hand side accounts for spontaneous recovery, the
second term accounts for asymptomatic infections in simplices, and the third, fourth,
and fifth terms account respectively for forward, backward, and sideward contact
tracing. The equation for the probability of being in the asymptomatic traced state
(AT (t)) is:

∂tAT (t) = −(µ+ γP )AT (t) + CForward + CBackward + CSideward (A.35)
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Thus substituting:

∂tAT (t) =− (µ+ γP )AT (t)

+ a
S(t)

S(t) + P (t) + A(t) + AT (t)
(1− δ)·

·

〈
ε(s)s

[
1−

(
1− λ P (t)

S(t) + P (t) + A(t) + AT (t)

)s−1]〉

+a
A(t)

S(t) + P (t) + A(t) + AT (t)
·

·

〈
ε(s)s

[
1−

(
1− λδ S(t)

S(t) + P (t) + A(t) + AT (t)

)s−1]〉

+a
S(t)

S(t) + Y (t)
(1− δ)·

·

〈
ε(s)s

[
1−

(
1− λA(t) + AT (t)

S(t) + Y (t)

)s−1][
1−

(
1− λδ S(t)

S(t) + Y (t)

)s−2]〉
.

(A.36)

Finally, the probability of being in the quarantine asymptomatic state is given
by the following equation

∂tAQ(t) = −µAQ(t) + γPAT (t) (A.37)

where we can observe two terms: first term accounts for spontaneous recovery and
the second term account for isolation of traced asymptomatic nodes.

To conclude, we obtain a set of 5 coupled differentaial non-linear equations:

∂tP (t) = −γPP (t) + a
S(t)

S(t) + Y (t)
δ

〈
s

[
1−

(
1− λ Y (t)

S(t) + Y (t)

)s−1]〉
(A.38)

∂tI(t) = −µII(t) + γPP (t) (A.39)

∂tA(t) = −µA(t) + a
S(t)

S(t) + Y (t)
(1− δ)

〈
s

[
1−

(
1− λ Y (t)

S(t) + Y (t)

)s−1]〉
− CForward − CBackward − CSideward

(A.40)

∂tAT (t) = −(µ+ γP )AT (t) + CForward + CBackward + CSideward (A.41)

∂tAQ(t) = −µAQ(t) + γPAT (t) (A.42)
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with

CForward = a
S(t)

S(t) + Y (t)
(1− δ)

〈
ε(s)s

[
1−

(
1− λ P (t)

S(t) + Y (t)

)s−1]〉
(A.43)

CBackward = a
A(t)

S(t) + Y (t)

〈
ε(s)s

[
1−

(
1− λδ S(t)

S(t) + Y (t)

)s−1]〉
(A.44)

CSideward = a
S(t)

S(t) + Y (t)
(1− δ)·

·

〈
ε(s)s

[
1−

(
1− λA(t) + AT (t)

S(t) + Y (t)

)s−1][
1−

(
1− λδ S(t)

S(t) + Y (t)

)s−2]〉
(A.45)

where S(t) = 1−P (t)− I(t)−A(t)−AT (t)−AQ(t) and Y (t) = P (t)+A(t)+AT (t).

This set of equations allows for an absorbing state where the entire population is
susceptible. To determine the conditions under which the absorbing state is stable,
we perform a linear stability analysis around it. We use λ as a control parameter
and the epidemic threshold is represented by λC .

To simplify the analysis, we disregard second-order terms in probabilities, result-
ing in a set of 5 linearized differential equations:

∂tP (t) = −γPP (t) + λδa〈s(s− 1)〉[P (t) + A(t) + AT (t)] (A.46)

∂tI(t) = −µII(t) + γPP (t) (A.47)

∂tA(t) = −µA(t) + λ(1− δ)a〈s(s− 1)〉[P (t) + A(t) + AT (t)]

− CForward − CBackward − CSideward

(A.48)

∂tAT (t) = −(µ+ γP )AT (t) + CForward + CBackward + CSideward (A.49)

∂tAQ(t) = −µAQ(t) + γPAT (t) (A.50)

where the linearized CT terms:

CForward = λ(1− δ)a〈ε(s)s(s− 1)〉P (t) (A.51)

CBackward = a
〈
ε(s)s

[
1− (1− λδ)s−1

]〉
A(t) (A.52)

CSideward = λ(1− δ)a
〈
ε(s)s(s− 1)

[
1− (1− λδ)s−2

]〉
[A(t) + AT (t)] (A.53)

We will consider the average number of links established by an individual per
unit time n = a〈s(s − 1)〉 as a constant. By exploding this term in the linearized
equations, we obtain

∂tP (t) = −γPP (t) + λδn[P (t) + A(t) + AT (t)] (A.54)

∂tI(t) = −µII(t) + γPP (t) (A.55)

∂tA(t) = −µA(t) + λ(1− δ)n[P (t) + A(t) + AT (t)]

− CForward − CBackward − CSideward

(A.56)

∂tAT (t) = −(µ+ γP )AT (t) + CForward + CBackward + CSideward (A.57)

∂tAQ(t) = −µAQ(t) + γPAT (t) (A.58)
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where the linearized CT terms are:

CForward = λ(1− δ)n〈ε(s)s(s− 1)〉
〈s(s− 1)〉

P (t) (A.59)

CBackward =
n

〈s(s− 1)〉
〈
ε(s)s

[
1− (1− λδ)s−1

]〉
A(t) (A.60)

CSideward = λ(1− δ) n

〈s(s− 1)〉
〈
ε(s)s(s− 1)

[
1− (1− λδ)s−2

]〉
[A(t) + AT (t)]

(A.61)

The set of linearized equations can be written as:
∂tAQ(t)
∂tI(t)
∂tP (t)
∂tA(t)
∂tAT (t)

 = J


AQ(t)
I(t)
P (t)
A(t)
AT (t)

 (A.62)

J is the Jacobian matrix of this set of 5 linearized equation:

J =


−µ 0 0 0 γP
0 −µI γP 0 0
0 0 −γP + β β β

0 0 ∆
(

1− 〈ε(s)s(s−1)〉〈s(s−1)〉

)
−µ+ ∆− Γ− Φ ∆− Φ

0 0 ∆ 〈ε(s)s(s−1)〉〈s(s−1)〉 +Γ + Φ −µ− γP + Φ

 (A.63)

J =

[
A(2x2) C(2x3)
O(3x2) B(3x3)

]
(A.64)

where

Φ = λ(1− δ) n

〈s(s− 1)〉
〈
ε(s)s(s− 1)

[
1− (1− λδ)s−2

]〉
Γ =

n

〈s(s− 1)〉
〈
ε(s)s

[
1− (1− λδ)s−1

]〉
β = λδn

∆ = λ(1− δ)n.

The condition for the stability of the absorbing state, where all individuals are
susceptible, is determined by analyzing the eigenvalues of the Jacobian matrix, J .
This matrix is separated into two blocks, A and B, and it is sufficient to study the
eigenvalues of the latter block because the eigenvalues ξ1 = −µ, ξ2 = −µI of block
A are all negative. The threshold for the stability of the absorbing state is obtained
by numerically diagonalizing the B matrix and ensuring that all eigenvalues are
negative. The threshold value is represented by λC .

A.4 Limit case

In this section we have derived the mean filed equations for epidemic model for
a general case, with an arbitrary Ψ(s) and with a completely general ε(s). This
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generalisation, allows to introduce complex effect s such as heterogeneity in simplices
size and CT strategies.

Determining the epidemic threshold λC requires solving the stability conditions
numerically, as the conditions are complex in structure. However, some limit cases
can simplify the equations and allow for the explicit calculation of the threshold in
analytic form. It is important to note that even if ε(s) = 1 for all s, the epidemic
threshold remains finite due to the presence of presymptomatic infections and the
delay in isolating traced nodes.

A.4.1 Non-adaptive case (NA)

In the non-adaptive scenario, we assume that infected individuals do not change
their behavior and continue to interact with others as if they were susceptible, with
bI = bS = b. This means that there is no CT implemented and ε(s) = 0 for all
simplex sizes. Additionally, we set γP/µ = 1. With these assumptions, we can
derive the critical condition through the following equation:

−µ+ λa〈s(s− 1)〉 = 0

In this case, we obtain an explicit form for the epidemic threshold λC and repro-
duces the results obtained previously in [87]:

λNAC =
µ

a〈s(s− 1)〉
=
µ

n
(A.65)

For only pairwise interactions, this results, reproduces the results obtained in [67,
68,89].

A.4.2 Isolation of only symptomatic nodes

Here we consider the scenario where only symptomatic individuals are isolated upon
symptom onset, meaning that no contact tracing is implemented. As a result, ε(s) =
0 for all s, and bI = 0. Under these assumptions, we obtain the following equation
for the critical condition

−γPµ+ λn(δµ+ (1− δ)γP ) = 0

So we obtain an explicit form for the epidemic threshold λC :

λsymptoC = λNAC

γP
µ

δ + (1− δ)γP
µ

(A.66)

We note that, for pairwise interactions Ψ(s) = δ(s− 2), this results reproduces the
results obtained in [68], and for γP/µ = 1 it reproduces the NA case (Eq. (A.65)).

A.4.3 Homogeneous case

Here we consider the case in which the size of simplices is homogeneous, i.e. Ψ(s) =
δ(s−s), with a constant probability for a simplex to be traced with CT, i.e. ε(s) = ε.

88 Andrea Guizzo



Chapter A

If we set s = 2, meaning only pairwise interactions, we obtain a quadratic equation
in λ for the critical condition.

λ2

µ2
n2δ2ε+

λ

µ
n

(
δ + (1− δ − δε)γP

µ

)
− γP

µ
= 0

The equation can be solved and we obtain the same results obtained in [68]:

λs=2
C = λNAC

2γP
µ

δ + (1− δ − εδ)γP
µ

+
√

(δ + (1− δ − εδ)γP
µ

)2 + 4δ2εγP
µ

(A.67)

In the case with s→∞, it means to consider only the activation of simplices in
wich all node partecipate, we obtain a linear equation in λ:

λ[δµn(γP + µ) + nγP (1− δ)(µ+ γP (1− ε))]− γPµ(µ+ γP ) = 0

The equation can be solved and we obtain:

λs→∞C = λNAC

γP
µ

(γP + µ)

δ(γP + µ) + γP (1− δ)(1 + γP
µ

(1− ε))
(A.68)

The maximum epidemic threshold λmaxC is obtained when all simplices are consid-
ered and all individuals are traced at their infection. This is achieved when s→∞
and ε = 1. In this scenario, both asymptomatic individuals infected by A or AT
and those infected by P are traced through sideward and forward CT respectively.
However, the epidemic threshold is still finite as traced individuals are isolated with
a delay of τP and because of the presence of presymptomatic infections.

λmaxC = λNAC

γP
µ

(γP + µ)

γP + δµ
(A.69)
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[104] J. L. Toole, M. Ulm, M. C. González, and D. Bauer. Inferring land use from
mobile phone activity. In Proceedings of the ACM SIGKDD International
Workshop on Urban Computing, page 1–8, 2012.

[105] E. Ubaldi et al. Asymptotic theory of time-varying social networks with het-
erogeneous activity and tie allocation. Sci. Rep., 6(1):35724, Oct 2016.

[106] University of Parma. Coronavirus: all information for the university commu-
nity upyeard in real time. https://www.unipr.it/coronavirus, 2020. accessed
on: 07-17-2021.

[107] C. Viboud, O. N. Bjørnstad, D. L. Smith, L. Simonsen, M. A. Miller, and B. T.
Grenfell. Synchrony, waves, and spatial hierarchies in the spread of influenza.
Science, 312(5772):447–451, 2006.

[108] R. Vickerman. Will covid-19 put the public back in public transport? a uk
perspective. Transport Policy, 103:95–102, 2021.

[109] E. Volz, S. Mishra, M. Chand, J. C. Barrett, R. Johnson, et al. Assessing trans-
missibility of sars-cov-2 lineage b.1.1.7 in england. Nature, 593(7858):266–269,
May 2021.

[110] B. Wang, L. Cao, H. Suzuki, and K. Aihara. Safety-information-driven human
mobility patterns with metapopulation epidemic dynamics. Scientific Reports,
2(1):887, Nov 2012.

[111] World Health Organization. Report of the who-china joint mission on
coronavirus disease 2019 (covid-19). https://www.who.int/docs/default-
source/coronaviruse/who-china-joint-mission-on-covid-19-final-report.pdf,
2020. accessed on: 06-29-2021.

[112] World Health Organization. Tracking sars-cov-2 variants.
https://www.who.int/en/activities/tracking-SARS-CoV-2-variants/, 2021.
accessed on: 06-29-2021.

98 Andrea Guizzo

https://www.unipr.it/coronavirus
https://www.who.int/docs/default-source/coronaviruse/who-china-joint-mission-on-covid-19-final-report.pdf
https://www.who.int/docs/default-source/coronaviruse/who-china-joint-mission-on-covid-19-final-report.pdf
https://www.who.int/en/activities/tracking-SARS-CoV-2-variants/


Bibliography

[113] A. J. Yeganeh, R. P. Hall, A. R. Pearce, and S. Hankey. A social equity
analysis of the u.s. public transportation system based on job accessibility.
Journal of Transport and Land Use, 11(1):1039–1056, 2018.

[114] J. Yuan, Y. Zheng, and X. Xie. Discovering regions of different functions in a
city using human mobility and pois. In Proceedings of the 18th ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining, KDD
’12, page 186–194, New York, NY, USA, 2012. Association for Computing
Machinery.

[115] Y. Zheng, Q. Li, Y. Chen, X. Xie, and W.-Y. Ma. Understanding mobility
based on gps data. In Proceedings of the 10th International Conference on
Ubiquitous Computing, page 312–21, 2008.

[116] Y. Zheng, Y. Liu, J. Yuan, and X. Xie. Urban computing with taxicabs.
In Proceedings of the 13th International Conference on Ubiquitous Comput-
ing, UbiComp ’11, page 89–98, New York, NY, USA, 2011. Association for
Computing Machinery.

[117] Y. Zheng, L. Zhang, X. Xie, and W.-Y. Ma. Mining interesting locations and
travel sequences from gps trajectories. In Proceedings of the 18th International
Conference on World Wide Web, page 791–800, 2009.

[118] M. Zhou, M. Ma, Y. Zhang, K. SuiA, D. Pei, and T. Moscibroda. Edum:
Classroom education measurements via large-scale wifi networks. In Proceed-
ings of the 2016 ACM International Joint Conference on Pervasive and Ubiq-
uitous Computing, UbiComp ’16, page 316–327, New York, NY, USA, 2016.
Association for Computing Machinery.
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