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Abstract

The United Nations estimates that the world population will continue to grow,
with a projection indicating a world population of up to approximately 8.5 billion
people in 2030, 9.7 billion in 2050 and 10.9 billion in 2100. In addition to the
phenomenon of population growth, the United Nations also estimates that in
2050 about 70% of the total world population will live in cities. These conditions
increase the complexity of the services that public administrations and private
companies must provide to citizens with the aim of optimising resources and
increasing the level of quality of life. For an adequate design, implementation and
management of these services, an extensive effort is required towards the design
of effective solutions for data collection and analysis, applying Data Science and

Artificial Intelligence techniques.

Several approaches were addressed during the development of this research thesis.
Furthermore, different real-world use cases are introduced where the presented

work was tested and validated.

The first thesis part focuses on data analysis on data collected using crowd-
sourcing. A real case study used for the analyses was a study conducted in
Sheffield in which the goal was to understand people’s interaction with green
areas and their wellbeing. In this study, an app with a chatbot was used to ask
questions targeted to the study and collected not only the subjective answers
but also objective data like users’ location. Through the analysis of this data,
it was possible to extract insights that otherwise would not be easily reachable
in other ways. Some limitations have arisen for less frequented areas, in fact,

not enough information has been collected to have a statistical significance of the

vil
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insights found. Conversely, more information than necessary was collected in the
most frequented areas. For this reason, a framework that analyses the amount
of information and its statistical significance in real-time has been developed. It
increases the efficiency of the study and reduces intrusiveness towards the study
participants. The limit that this approach presents is certainly the low sample of

data that can be acquired.

In the second part of this thesis, a move on to passive data collection is done,
where the user does not have to interact in any way. Any data acquired is
pseudonymised upon capture so that the dictates of the privacy legislation are
respected. A system is then presented that collects probe requests generated by
Wi-Fi devices while scanning radio channels to detect Access Points. The system
processes the collected data to extract key information on people’s mobility, such
as crowd density by area of interest, people flow, permanence time, return time,

heat maps, origin-destination matrix and estimate of the locations of the people.

The main novelty with respect to the state of the art is related to new powerful
indicators necessary for some key services of the city, such as safety management
and passenger transport services, and to experimental activities carried out in
real scenarios. Furthermore, a de-randomisation algorithm to solve the problem

of MAC address randomisation is presented.
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Chapter 1

Introduction

This chapter introduces the thesis contents. In the rst part, the general context
and the motivation of the study are presented, then the research aims and ob-
jectives are stated to highlight the main contributions of this work. This chapter

ends with a brief thesis outline and a summary of the contents of each chapter.

1.1 General Context

As highlighted in numerous United Nations reports [1], world population will
continue to grow rapidly, with estimates of about 8.5 billion in 2030, 9.7 billion
in 2050 to reach 10.9 billion in 2100. At the same time, the urban population
(percentage of people living in urban areas) in Europe will increase from today's
estimate of 75% to 80% in 2050 [2]. This process is not only present in Europe,
the United Nations estimates that by 2050 about 68% of the world population will
live in cities [3]. Clearly, with more population concentrated around urban areas,
the complexity of managing cities will increase proportionally. It is therefore,
necessary to develop tools that make it possible to improve the quality of services
o ered to citizens by public administrations and private companies. In addition,
such tools would also allow the e cient use of resources \to achieve a better and
more sustainable future for all", which is one of the key sustainable development

goals de ned by the United Nations.
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New technologies will enable a transformation into real smart settlements, from
the smallest and rural cities to the largest and most organised ones. In fact,
the European Commission de nes them as \cities that using technological solu-
tions improve the management and e ciency of the urban environment"[4]. Six

di erent aspects of a smart city that need to be developed have been identi ed:

Smart People: people (citizens) must be involved, bottom-up (from bottom to

top) decision-making and participatory policy need to be integrated.

Smart Governance: the administration must give priority to human capital,

environmental resources, relationships and community assets.

Smart Economy: the economy and urban commerce must be aimed at increas-
ing productivity and employment within the city through technological in-
novation. An economy based on participation and collaboration and which

focuses on research and innovation.

Smart Living: the level of comfort and wellbeing that must be guaranteed to
citizens linked to aspects such as health, education, safety, culture, etc., are

also of top importance.

Smart Mobility:  intelligent mobility solutions, from e-mobility to sharing mo-
bility to other forms of mobility management, must look at how to reduce

costs, reduce environmental impact and optimise energy use.

Smart Environment:  sustainable development, low environmental impact and

energy e ciency are priority aspects of the city of the future.

Each of these aspects requires abundant and reliable data on which to make de-
cisions, in order to make informed decisions to achieve the desired outcome. This
thesis presents novel ways of acquiring and analysing data employing cutting edge
machine learning and data science techniques. These methods aim to maximise
the insight gained from studies conducted in urban areas. The contributions
of this thesis are detailed in the following subsections while shortcomings and

research gaps in previous works are indicated speci cally in each chapter.
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1.2 Research Motivation

The collection of data showing the interaction of people with the urban envi-
ronment is a complex task, with many existing studies showing the limitations
[5]. For example, there are privacy-related restrictions on the data acquisition by
crowds in public spaces, the di culty of building temporary experimental setups
that realistically represent real-life scenarios, and ethical constraints regarding the
creation of stressful experimental environments. In this work di erent technical

solutions are presented, most of them customised to the application context.

The rst part of the work is a social study in collaboration with the Human
Research Centre, where data on the interaction of citizens with green areas in a
city had to be collected and analysed, in order to obtain insights regarding the
impact of this type of interaction on citizens' wellbeing. The data was collected
through an ad-hoc smartphone app where the study participants interacted and
sent their comments and/or pictures through a chatbot. The app made it possible
to collect not only the subjective data uploaded by users but also the objective
data extracted from the phone's sensors. Having these two categories of data

collected, data fusion helped us obtain di erent levels of analysis and comparison.

Before the analysis and the extraction of insights, it was necessary to nd ways
to address incomplete data, lack of data, or incorrect data which could a ect the
statistical signi cance of the study. This step enabled us to learn how to perform
large-scale social studies and to develop useful analysis techniques. The results
obtained from subjective and objective data include certain behaviour patterns
of citizens with their surroundings. Some limitations of this approach have also
become evident. The questions sent by the chatbot were the same each time
and sent indistinctly to some random people who entered inside the areas under
examination. This methodology led us to collect data with a low ratio of answers
number over insights obtained. An example is that the data about popular areas
of the investigation was more than that required to nd insights, while for less
frequented areas insu cient data was collected. That means the methodology was

intrusive in all the cases where the insight threshold was reached and ine ective
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for areas where the threshold was not achieved.

The limitations of the rst study have shaped and informed the second part of
the research work in this thesis. The goal was to submit the questions more
precisely, in order to increase the statistical signi cance of the collected answers
and minimise the intrusiveness created by the chatbot querying the users. The
whole system was then redesigned, using a more intelligent and reactive approach
in selecting the questions to be sent to users. The rst step was to design a new
app using arti cial intelligence (Al) so that the chatbot can change the order of
the questions asked in order to maximise knowledge gain. However, the chatbot's
Al does not have a complete view of the system and of the responses collected
globally, thus it has to interact with the server where the data is analysed on

arrival and where the study's global results are updated in real-time.

Depending on the results collected and the relative statistical signi cance, the
system decides which questions should be sent and to which users, giving instruc-
tions to the chatbot which, through its Al, decides which questions to submit
to the user. The result is an interactive data analysis framework for urban en-
vironments. This system is then tested on the previous case study, creating a
simulator that reproduces the arrival of information to the server in the same
way as it happened with the static system previously used. The di erences be-
tween the two approaches will then be analysed, and the signi cant improvements
of the solution that uses Al in data analysis will be appreciated. At this point

another important research question arose:

Is it possible to obtain similar insights without the need to involve directly people
and thus obtain data from all the people that interact within a certain area instead

that only from a sample of them?

A paradigm shift was therefore made, passing from active to passive data acqui-
sition. The active approach has in fact the main disadvantage that users must
play an active role in data collection because they must at least install the app
and, in some cases, also provide the requested input. Furthermore, this approach

often requires awarding prizes to the users involved in order to obtain minimum
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user samples. The passive approach, on the other hand, does not require users to
actively participate and is, therefore, less intrusive and the data collected takes
into account almost all the people present in the under-examined areas. Over the
past 15 years, a signi cant research e ort has been made on locating people using
sni ng of packets sent by devices using Wi-Fi technologies. This system plays
an important role thanks to its low implementation costs but nevertheless, this
research eld requires signi cant e orts in order to obtain practical, robust and
accurate solutions. In particular, one needs to devise adequate processing that,
starting from the raw data, can generate the information required to address the
challenges of the city. Furthermore, the data collection form should respect the

privacy of the persons being monitored.

In the second part of this thesis, the design, development and test of the data ac-
quisition and analysis system were carried out by sni ng the packets sent by the
Wi-Fi interfaces of smartphones. Respecting privacy and all GDPR [6] require-
ments, this data enables tracking and locating people, deducing key information
on crowd mobility. Exploiting the weakness of the Wi-Fi protocol allowed the
extraction of insights and data from each device located in the monitored area.
A global architecture is necessary, from the acquisition, where is important to de-
velop speci ¢ sensors able to detect the di erent messages sent from devices to the
access point and vice-versa, to the data analysis where a speci ¢ pipeline cleans
the data and makes complex computations in order to discriminate between the

di erent devices.

An entire chapter is dedicated to the work done in the design and implementation
of this framework while in the appendix there is an extract of the journal paper
sent, and currently under review, relating to the work necessary to solve the
problem of randomisation of the MAC address. The de-randomisation algorithm
extends the work reported in this thesis bringing it to be fully exploitable. In fact,

it allows, within the area under examination, to acquire and analyse all messages
sent through the Wi-Fi protocol even if the MAC address randomisation is used.
In general, despite the remaining limitations, this approach is very e ective in

extracting insights on urban mobility.
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The next interest point addressed concerns the integration of di erent data sources
which is still necessary to obtain more objective and above all more complete in-
sights, as it is not always possible to identify di erent phenomena with a single
data source. In the last part of this thesis work, a pilot study is presented where
a large dataset of mobility traces is analysed, generated by 98 tra ¢ sensors scat-
tered around the city, and operational since 2016 which have been available from
the municipality of Cagliari as open data on their website. In this part of the
research work, the cleaning and data processing methodology is not simply in-
troduced, but the impact that the Covid-19 pandemic has had on urban mobility

during the year 2020 is also reported.

The results obtained are rich and while some were intuitively predictable (drastic
reduction in tra ¢ volumes during the quarantine), some interesting insights have
emerged. For example, it has been noted that following an initial tra ¢ reduction
of 76% at the rst lockdown (March 2020), subsequent restrictions have led to less
drastic changes. Also, while the absolute tra c volumes have roughly followed the
evolution of the pandemic, the weekly tra ¢ patterns have drastically changed
over time, while the daily ones have maintained greater consistency. The trac
traces were also compared with the o cial tourist presence data, which made it

possible to identify the tra ¢ stations most a ected by the mobility of tourists.

1.3 Research Aims and Objectives

This thesis aims to study how data science techniques can improve data collection

and analysis in urban contexts. This topic leads to the following research goals.

" To propose a novel way of analysing data from social sciences studies in-

volving huge numbers of people.

" To improve the collection of statistically signi cant subjective data and

reduce intrusiveness in active data collections via smartphone apps.

" To design a passive analysis data collection framework using the Wi-Fi

protocol.
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" To propose a custom pipeline to clean up the data collected by tra ¢ sen-
sors and to extract information that could be used as another source of

information to be merged into a global data acquisition framework.

To validate all previous points in case studies where data were collected

from real-life scenarios.

To propose a de-randomisation algorithm to identify the probes sent from
the same device even if the MAC address change randomly every few packets

solving the present limitation in passive data collection through Wi-Fi.

1.4 Major Contributions of this Research Study

1. A novel way of analysing data from social sciences studies involving huge
numbers of people is proposedExploiting the data collected through a
smartphone app, the objective data coming from the smartphone sensors
and the subjective data coming from users input are fused in order to extract
insight about the social study. The resulting work was published in two

conferences [7, 8] and at \IEEE Access Journal"[9].

2. In active data collections via smartphone apps, the collection of statistically
signi cant subjective data was improved and the intrusiveness was reduced.
Using arti cial intelligence (Al), objective and subjective data are anal-
ysed in real time to examine the subjective data test matrix. Through this
analysis, it is possible to determine which action maximises the informa-
tion gain. For example by avoiding submitting questions for which enough
answers have already been collected to be su ciently meaningful and ask-
ing for others for which there are not yet enough. The resulting work was

published at\IEEE Access Journal"[10].

3. A novel analysis is proposed in passive data collection exploiting the Wi-Fi
protocol. The MAC address sent by the devices in the probe request during
the active scan for the discovery of the access point has been collected.

Several new key insights into people's mobility were extracted from that
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data such as crowd density by area of interest, the ow of people, residence
time, return time, heat maps, origin-destination matrices and estimation
of the location of people. The resulting work was published at \Journal of

Cleaner Production"[11].

4. A custom pipeline is proposed to clean up the data collected by tra c sensors
and extract information from it. Taking into account a large dataset of
mobility traces by open data, a signi cant e ort was required to pre-process
the raw data, which otherwise would not be directly used due to problems
arising from the data collection and transmission process. Then a di erent
perspective is shown, focusing on tra ¢ volume, patterns and information
relating to tourists. The resulting work is accepted at \2021 IEEE loT

Vertical and Topical Summit for Tourism"[12].

5. To address the randomisation problem, a de-randomisation algorithm is pro-
posed to derive which probes are sent by the same device even if the MAC
address change randomly every few packets. addition to the MAC ad-
dress, the values relating to the di erent information elements sent are also
collected within the probe request. With a complex analysis of these elds,
it is possible to identify a ngerprint for each device and understand its
behaviour over time. The resulting work was published at \IEEE 25th
International Workshop on Computer Aided Modeling and Design of Com-
munication Links and Networks (CAMAD)"[13].

1.5 Thesis Outline

In Figure 1.1 is shown how this research thesis work is structured and the relative

chapters where each part is described deeply.

Chapter 2 introduces how it is possible to apply data science techniques in social
studies, acquiring objective and subjective data from an app to derive insight

useful to improve the quality of city services and people wellbeing.

Chapter 3 introduces the work done to improve the statistical signi cance in the
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Figure 1.1: Research work and thesis ow.

data acquired using the active way through an app.

In Chapter 4 a di erent approach is presented, which exploits the Wi-Fi protocol

to acquire more data in a passive way with less intrusiveness.

In Chapter 5 the pipeline to clean and analyse the tra ¢ data coming from Open

Data is shown.

Finally, Chapter 6 concludes the work by discussing the potential future directions

for the work presented in this thesis.

In addition, in appendix A the algorithm to solve the problem of MAC addresses

randomisation is presented.
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Introduction




Chapter 2

Mapping Citizens' Interaction

with Urban Areas

The advances in the Internet of Things and crowd-sensing enabled the collection
of vast amounts of urban data, allowing researchers to better understand how
citizens interact with cities and, in turn, improve human wellbeing in urban
environments. In vast urban areas, collecting statistically signi cant data is a
daunting task: new data-collection methods are needed, along with processes
for fusing objective (heterogeneous) datae(g. people location trails and sensors
data) with subjective (perceptual) data (.g. the citizens' quality of experience
collected through feedback forms). In collaboration with the Human Research
Centre of University of Derby, as part of the IWUN project[14], in this chapter

Is presented a pilot study carried out in She eld (U.K.) which aims a better

understanding of the interactions between citizens and urban green spaces.

With the help of a smartphone app, both objective and subjective data were
collected. Location tracking was recorded as people entered any of the publicly
accessible green spaces. This was complemented by textual and photographic in-
formation that users could insert spontaneously or when prompted (when entering

a green space). By employing data science and machine learning techniques, the
main features observed by the citizens through both text and images were identi-

ed. In addition, the time spent by people in the parks and the areas of greatest

11
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interaction was also analysed. This chapter allows us to gain an overview of cer-
tain patterns and the behaviour of the citizens within their surroundings and it

proves the capabilities of integrating technology into large-scale social studies.

Contributions The material presented in this chapter is related to joint work
involving the Data Science Research Centre (in the people of Laura Erhan,
Maryleen Ndubuaku, Enrico Ferrara and Antonio Liotta who was the centre coor-
dinator), the Human Sciences Research Centre (in the person of Miles Richardson,
David She eld, Fiona J. Ferguson) and the Department of Landscape Architec-

ture represented by Paul Brindley (PB).

The Human Sciences Research Centre, which was directly involved in the IWUN
project, has contributed to the work in several ways. First, they conceptualised
the app used in the study, then implemented by the developers of Furthermore
Ltd. Secondly, they evaluated the social and psychological aspects of the results
obtained through the analyses carried out by the Data Science Research Centre.
PB, also directly involved in the IWUN project, was of fundamental importance

to correctly interpret the starting data and the functioning of the app.

As for the analyses carried out by the Data Science Research Centre, the work
in its entirety was carried out as a team. The individual analyses were instead

developed separately, writing the code necessary for the speci ¢ analysis, to then
be merged again and analysed in teams for global insights. Speci cally, the author

of this thesis dealt with the data pre-processing and the space-temporal analyses.

2.1 Introduction

Human interaction with cyber-physical systems [15] is an important issue which,
thanks to the Internet of Things and the consequent digitisation of the physical
world, have prompted researchers to carry out several multidisciplinary studies.
A paradigm centred on the social side of the 10T [16] emerges thanks to the desire

to harmonise the interaction between society and smart objects.

Although operating with an increasingly stringent administrative budget is a
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primary constraint, the main goal remains to provide a better use of public in-
frastructures and a better quality of services to the citizen with consequent im-
provement in the quality of life [17, 18]. Thanks to these key interventions it is
possible to directly in uence urban health and wellbeing and this chapter presents
how data science and machine learning techniques can be used to improve social
studies. In the past, this type of study was almost always based on data collected

manually through paper diaries or self-administered forms [19].

Processing the resulting data was complex, required long processing times and
took into account only the subjective data collected. In one of these studies [20],
using statistical techniques, S. Ruiz-Correa et al. analyse the perception of young
people of a developing country, relative to the city in which they live. Instead, the
presented work uses data science tools to discover patterns and create correlations

that may not be easily identi ed with traditional statistical tools.

In addition, objective data is also collected, using the Shmapped smartphone app
created ad hoc in the context of the IWUN project, where the aim was to monitor

the interaction of citizens with green spaces within the urban context.

The study involved 1,870 people around the She eld area (UK), where 760 green
spaces of interest to the study were identi ed. For 7 and 30 days (2 di erent ver-
sions of the study) the people involved used the application that collected both
objective data such as position and type of activity carried out, and subjective
data, as thanks to the presence of a chatbot, all the user was asked to indicate
various parameters (wellbeing, personal feelings, type of social interaction, users'
observations on the surrounding environment). The user could also upload texts
and images freely throughout the day. This app, therefore, works not only as a
data acquisition, but also as an intervention tool, as it pushes the study partici-

pants to notice, photograph and describe what they saw in the surroundings.

According to some studies [21, 22] being in contact with nature and noticing the
details can improve people's wellbeing. Therefore, if on the one hand it is possible
to improve the wellbeing of people, stimulating them to contact with nature itself,

on the other hand it is possible to collect their interactions and sensations, and
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by using suitable frameworks it is possible to manage cities in a more intelligent

way, improving the quality of life [23, 24].

The biggest challenges with such frameworks are the complex processes involved
in planning, collecting and analysing large amounts of data. These processes
can then be improved by using a large-scale 0T infrastructure [25]. The work
presented therefore exploits the personal smartphone as an loT object and in
which through the app it is possible to collect objective data (sensor information)
and subjective data (user interactions), thus improving the traditional collection

of data in social science studies. In fact, by merging these data, it is possible to

discover di erent ways of interacting by the citizen with the urban environment.

One of the substantial di erences from traditional analysis is that it is possible
to monitor at the moment of interaction, collecting both subjective and objective
information on the speci c moment. For each subjective information collected,
speci ¢ objective information from the sensors are associated and are used to
de ne the interaction times within the urban space under analysis, the speed of
movement and other parameters. By this approach it is possible to automate the
collection and analysis of data, increasing the size of the study and the collection

of information from more people, magnifying the sample subject to the study.

The system presented includes an initial phase of collecting and pre-processing
the data generated by users, subsequently these data are processed, analysing the
observations and photos sent by users as well as making a careful analysis on the

paths and times of spent inside the study's areas of interest.

Part of the investigation was to map observations into topic groups against pre-
vious research topic categories to notice good things in nature [26]. With regard
to the traces created by the localisation points of users, the time spent by the
di erent areas is calculated and compared with the information extracted from
the analysis of subjective data. This leads to e ective data fusing, which enables
added value on the information relating to the interaction of users with the sur-
rounding environment. Having this information, it is therefore possible to take

action to improve services and quality of life for citizens more e ectively.
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In Section 2.2 an overview of the related work is provided; Section 2.3 describes
the methodology; Section 2.4 characterises the dataset used; Section 2.5 outlines
features noticed by users; Section 2.6 examines the time spent by users in green
spaces; in Section 2.7 an analysis of the use of the park based on gender and age

is presented, and the key results of the study are reported in the Section 2.8.

2.2 Related Work

2.2.1 Data challenges in social science studies

Most de nitions and studies of Big Data in cities are limited by the volume
attribute of Big Data. It has become a trite de nition that anything which
does not t into an Excel spreadsheet or cannot be stored in a single machine
is Big Data [27]. For instance, the study in [28] analysed half a million waste
fractions to identify ine ciencies in waste collection routes. In [29], Anantharam
et al. analysed social textual streams comprising 8 million tweets to extract
tra c events in the city of San Francisco Bay Area. Though this study may
not t the volume bracket based on the number of participants of the study, it
copes with other inherent characteristics of Big Data which make it challenging
such as its variety (composing of structured and unstructured data), exhaustivity
(attempts to capture all the population), scalability (can rapidly expand in size),

and relationality (has common elds that can be correlated) and messiness [30].

2.2.2 Mining Objective and Subjective data

Acquiring data remains one of the most demanding and complex tasks, as there
is a myriad of possibilities both for the acquisition method and for the data itself
chosen. In fact, objective data can be obtained when IoT devices are interrogated
that generally report physical phenomena in the digital world while subjective

data must, in any case, be acquired by people using the di erent systems.

The choice of which devices and data to obtain is clearly in uenced by the type of

study to be carried out; for example, in [31] Fujiki et al. collected accelerometer
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data to evaluate the user's metabolic activity. A study more focused on smart
cities, in which urban mobility was monitored in real-time is certainly the study by
Calabrese et al. [32] where GPS position data of buses, taxis and pedestrians were
collected. The data collected through sensors however su er from data quality
problems such as uncertainty (sensor accuracy, missing readings), inconsistency
and redundancy in the data [33]. They also do not take into account the human
component, understood as a given subject by human beings in interaction with

smart objects present within smart cities [34].

With the massive spread of social networks, it is easier to collect subjective data
such as, for example, tweets relating to certain [35] events. It is therefore possible
to collect speci ¢ subjective data for the interest of the research eld, limiting
the volume of data collected but improving the analyses and making them richer,

more diversi ed and complementary for smart cities [36].

In this chapter, a hybrid approach is used in data collection: objective data from
GPS and sensors is gathered, and at the same time, subjective data such as
textual information and images are collected, entered via the app by the partic-
ipants. Similar approaches have been used by MacKerron et al. in [37] where
participants were asked to indicate their wellbeing levels at random times over
a 24 hours period, and at the same time the data relating to the users' location
was also acquired. Here, also the integration of the text analysis relating to the
observations on the environment, the analysis of the images uploaded by the user,

and of elements related to the time spent and position in a certain area are done.

2.2.3 App-based studies on the connection wellbeing-nature

With 10T and smartphones, it is now possible to automatically collect large sam-
ples of both subjective and objective data. This is more cost-e ective and involves

larger datasets and, in turn, yields more statistically robust ndings [38].

Mappiness [37] is a social App designed as an intervention tool to enhance hap-
piness as an element of wellbeing. In Mappiness, participants are asked to report

their wellbeing at random times during the day, whilst having their location



Chapter 2. Mapping Citizens' Interaction with Urban Areas 17

tracked. Urban Mind [39] is another social App, designed to examine how expo-
sure to green spaces impacts mental wellbeing in real-time. In that study, there
were seven prompts a day for assessing wellbeing in urban areas. The set of ques-

tions the users had to answer was dependent on their location (indoors/outdoors).

In both cases, most of the collected data was done when the participants were
indoors, as they only spent at most 14 percent of their time outdoors, making

it challenging to collect the data in green spaces, where the reported level of
happiness is actually higher. This was seen as a major limitation in these two
Apps. In an attempt to address this issue and optimise Shmapped for data
collection, the green spaces were structured into geofences and the users were
prompted to observe their environment upon entering one. Thus, the reliability

of the study concerning the interaction with nature is improved as people are

prompted to give details of their experience when in green spaces.

In general, it is possible to state that previous research work was done focusing
only on objective or subjective data. In cases where both were considered, the
observation period and the monitored geographic area were short. The work
presented here wants to Il this research gap, applying the analyzes both on

objective and subjective data, over a period and in an extended test area.

2.3 Methods

2.3.1 Shmapped

In order to acquire data from people involved in the study, the Human Science
Research Centre conceptualised an app then implemented by the developers of
Furthermore Ltd. Using that app, all the data were acquired and lately analysed
as explained in this chapter with the aim to understand how people interact with
green areas within the urban context. The app name is \Shmapped" which is
the contraction of \She eld Mapped" as the study was located in the urban area

of the city of She eld. Shmapped interacts in a friendly and engaging way with

users, through a chatbot and it is used as a dual utility tool.
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The app is used as an objective data collection tool, gathering the position when
the user enters the green areas of interest, identi ed through geofences. Using
data from device sensors, one can distinguish the type of activity and classify it
with di erent labels (stationary, running, walking, etc.). Along with objective
data, the app through the chatbot also collects subjective data through textual
observations and images uploaded independently by the user. In addition, it
works as an intervention tool by pushing users located inside the geofences to

notice the surrounding environment, through questions asked by the chatbot.

In a rst version, the study lasted 30 days but having seen a drastic decrease in
user interaction with the app, the trial period was reduced to 7 days, in which
the participant was asked to interact with the app. spontaneously or at least to
answer the questions the chatbot asked. One of the most relevant data in any
interaction is the level of wellbeing, which wants to be monitored to understand

how much the interaction with urban green areas a ects daily wellbeing.

To monitor and measure both wellbeing and the connection with nature, three
di erent questionnaires are administered (again digitally through the app). The
rst is administered at the start of the study, where demographic data and the
assessment of individual di erences and wellbeing are checked; another after 7
days upon completion of the study, and a third at follow-up (1 month for the
7-day version or 3 months for the 30-day version). Through these questionnaires,

one can understand the wellbeing variation of participants in this study.

2.3.2 Data collection

There are two main types of data gathered from users: Subjective Data and Ob-
jective Data. GPS locations of participants were tracked within digital geofences
(circular areas comprising the green spaces of interest as shown in gure 2.1),
with data then being recorded once participants entered the more detailed ge-
ography of publicly accessible green spaces (provided by She eld City Council).
The use of the geofences allowed phones to be woken from standby alongside

more accurate GPS recording. Speci ¢ information about the data collected are:
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Figure 2.1: Preview of the extracted geofences.

" Locations (Objective Data)

{ GPS Data. Location and speed data is used to infer users' dwelling

time in green spaces.

{ Derived Data. The information provided by sensors is used by the App
to evaluate user activity, like ismoving and activity type (classi ed

into four main categories: still, on foot, in-vehicle and unknown).

" Observations (Subjective Data)
During the study, the App asks users to mention \good things they noticed"
around them. When inserting a comment, the App asks for additional

information in order to assess their experience. Data collected includes:
{ Comment about what they noticed;
{ Picture (optional);
{ Why they are in that place (‘whyThere");
{ With whom they spend time (‘whomWith');
{ How built-up the place is ("howMuch’);

{ How they feel in the moment ("howFelt').
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2.3.3 Data cleaning and pre-processing

One of the rst steps done at the beginning of the interaction with the dataset
is data cleaning. Parts of the collected data were irrelevant for the study and
problem at hand. For example, there were users who registered and took part
in the study but were not living in She eld, UK. As the study was focused on
this speci c city, their data had to be Itered out. The subjective user responses
included free text, images, or a mix of both, but also controlled input such as:
whom they were with, how they felt, why they went there, how built-up the
environment was. The information were fused through a mix of semantic text
and image analysis as well as correlating the whom, why and how. The objective
data includes mainly the location points and other sensor information, which were
used as the starting point to infer things like dwelling time and type of activity.
The types of cleaning or Itering which were undertaken are shortly described

below based on the category of data they belong to.

Users

For the study, participants were split into two categories: green (70%) and built
(30%). The former group was prompted to notice good things about nature.
The latter group recorded their observations regarding the built environment, a
condition which was included by the psychology researchers as a control group.
For this analysis, parts of the data were split according to the built/green criteria,
with an emphasis on the green. This is due to the focus on gaining insight into
the citizens' interaction with the natural surroundings. The total number of
registered users in the App was 1870. Out of these, 580 were part of the built
group and 1290 of the green group (69%). It is important to note that the
numbers of unique users in the di erent types of analysis turned out to be lower.
This is because not all people who registered went on to use the App or provide
data. Furthermore, some of the users who signed up were not living in She eld.

They were Itered out by using the postal code provided at registration.
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Observations

Observations are referred to the text comments and the images taken by the
users. It is important to note that only 418 entries out of 5626 had a timestamp
associated, meaning that they were recorded at the time of the observation (when
the user was prompted to notice the surroundings and input the data). The rest
were entries made later during the day, mainly in the evening after the reminder
given by the App. The App asked the users to manually input their location, but

in most cases, the eld was left blank. Some of the earlier analysis conducted was
focused on these 418 entriese. the parks with the most registered observations.
No optimal way was found to reconnect the rest of the observations with their
location. Possible ways of achieving this could be: looking at the comments to
check if a location is mentioned and see what parks were visited by the users
during the day. Problems arising are required knowledge on the park names
and the possible variations, multiple parks visited in one day, as well as general

comments or information which cannot be tied to one speci c area.

For the textual analysis, the data provided by the green group were analysed and

it is 4226 entries from 718 users. Location was not taken into account here as
the focus was rather on classi cation and feature extraction. To have a better
clustering performance, the text to only include the green users was Itered. The
data used to train the model for text classi cation was speci cally about nature,
hence it was necessary to Iter out the observations which were conducted for
built users. The number of images used for analysis was 1641; 1020 belonged to

the green group and 621 to the built group.

Location points

Users were tracked while inside green spaces. In the app 949 green spaces were
mapped, falling within 760 geofences. First, the location data points falling
within the circular geofence but outside the actual green spaces were lItered out,
while trying to avoid excessive ltering (e.g. people walking along the paths
surrounding the green space were kept). To select the location, points with an

accuracy lower than 10 meters were selected, including edge cases.
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The location data was used to infer the dwelling time in the green spaces. For
the time analysis, only the green spaces contained within the 5 kilometres radius
circle centred in the She eld city centre were counted, as shown in Figure 2.2.
This resulted in 539 green spaces being analysed, corresponding to approximately

78 square kilometres and 1184702 location points.

Figure 2.2: The study area for time analysis.

2.3.4 Text analysis

The comments uploaded by users are obviously personal and di er in nature and
content. In the rst phase, the K-means clustering algorithm was used to create
groups using the dominant terms in comments. A number of K = 40 clusters
was obtained experimentally, to t the distribution of the observations them-
selves (created using the Euclidean distance between sentences obtained from a
similarity measure). Gathered in 40 groups, the labels of the study on human
connection with nature conducted by [26] were used to cluster all the observa-
tions received into 11 themes using content analysis, a systematic technique used
to encode large volumes of data [40, 41]. Table 2.1 shows both the themes and
a brief description, and the distribution of the theme within the dataset. The
association of the observation to the theme was made through the Fasttext API
which solves the [42] multi-label problem. Both labels and probability are then

extracted and only those that have an accuracy of at least 50% are considered.
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Table 2.1: Labels from training data [26].

S/IN  Theme Description Example No.
Sam-
ples

1 Specic part When an example of a A bumblebee; Bluebell wood; 100

of nature speci ¢ plant, animal or  Bright rainbow; Beach
feature of nature was
given with no or very
little context
2 Animals being When animals were dis- Pigeons walking in a group to- 109
active in their  cussed in terms of some gether like a family; A buzzard
habitat activity in their habitat ~ being mobbed by crows; watching
2 birds dance together; Squirrels
running up a tree together

3 Animals in- Reference to animals Pigeons walking in a group to- 47

teracting engaging in an activity gether like a family; A buzzard

together with at least one other being mobbed by crows; watching
animal such as play- 2 birds dance together; Squirrels
ing/chasing/hunting running up a tree together

4 Sensation of Items which focus on Sun on my skin; Birds tweeting 159

nature the sensations of na- in the trees; Sound of long grass

ture; smell, sound (in- in the wind; hearing the birds

cluding bird song) or singing to one another

touch.

5 Colour Items which had a spe- Bright pink blossom on the trees; 76

ci ¢ emphasis on colour The slug that | removed from my
sage plant had quite a fetching or-
ange belly

6 E ect of When the weather has The breeze in the trees; Sunlight 93

weather on an eect on a plant or streaming in through my window;
something another aspect of the The long grass on the bank if
environment the stream had been attened be-
neath the weight of the raindrops

hanging from it this morning

7 Growth/temporalReference to new buds, The soft new leaves emerging on 124

changes things in coming into our beech hedge; Purple owers
bloom and changes as- starting to bloom; Budding leaves
sociated with the sea- on the trees outside my window
sons at work; Regeneration across the
seasons

8 Re ections on Judgement/observation How nice the weather was; dra- 72

the weather on the weather or a re- matic hail storm this morn-
ection on the dynamic ing; The constantly changing
weather weather, from rain to bright sun-

shine and back

9 Beauty/ Iltems which refer to The beauty of a magnolia tree in 98

apprecia- beauty or a specic someone's garden; Mist shroud-

tion/wonder landscape the person ing the trees rst thing in the

of a particular  appreciates. Expression morning; Cow parsley in the

landscape of the wonder of nature grass verge lining the road for

or aspect of or the resilience and di- miles on my way home

nature versity of nature

10 Good feelings  Reference to nature cre- Walking by the brook at uni- 40
ating positive feelings versity was very peaceful; The
or state of mind sun was shining, walked past the
park, everyone was smiling
11 Other Statements that didn't A nice house made of wood. The 20

t into themes but
didn't form a theme of
their own

beautiful wood texture and its
functions are so great; The threat
of rain in the air
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2.3.5 Image analysis

For the analysis of the images uploaded by users, the Google Cloud Vision [43]
APl was used. Through these APIs, the content of each image has been classi ed
by returning its labels and accuracy, an example of classi cation is shown in Ta-
ble 2.2. Subsequently, an analysis of the labels was carried out, eliminating the
redundant ones or the composite ones and evaluating the number and frequency
of labels present both for the control group (built areas) and for the test group
(green areas). For composite labels that contained another label within them, the
shorter label was kept, considering it as the \root" label. An example can be seen
in the Table 2.2 where the labels \ owering plant” and \annual plant" contain
the label \plant" and which have therefore been eliminated. There are also labels
with similar meanings that could be further compressed through meaning anal-
ysis using speci c dictionaries (such as, for example, \WordNet") or by manual

categorisation. In this work, this step is not applied.

Table 2.2: Example of labelling for an image.

plant: 0.98

ower: 0.96
owering plant: 0.89
ora: 0.79

garden: 0.77
shrub: 0.75

annual plant: 0.69
herb: 0.67
groundcover: 0.65
yard: 0.59
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2.3.6 Time Analysis

One of the goals for the present analysis was to compute the time spent by the
users inside the green spaces. In order to achieve this, further Itering of the
location points was required. The procedure used is described in the following.
First, all the points inside the green spaces were selected, discarding which were
outside. Then for each area and for each user, a check was done about if two
consecutive recorded points in a day were created within a time limit of ve
minutes. It has been assumed that if two consecutive locate points are farther
apart in time, it would be incorrect to consider that the user spent time there.
This is because while in a green space, a user's location should be continuously
recorded within a small time span. Furthermore, some parks are very small and
the crossing time is very low, requiring a threshold for the minimum time distance
between two consecutive location points. An example for this is Dial Way Garden

depicted in Figure 2.3 covering an area of 37 square meters.

The ve minutes imposed check helps us to correctly discriminate user presence in
the determined park. The points satisfying the imposed condition were considered
relevant. Based on this, the associated counters are increased that detect the time
spent by the user within that area, the number of visits within the di erent parks
and the number of days in which users were tracked. The procedure is repeated
for each user within all the areas considered. This made it possible to obtain the
data for the entire time elapsed. After this phase, data was grouped and ltered
to obtain di erent overviews, such as the total time spent by users in the di erent

areas, the parks with the most time spent inside, etc.

Figure 2.3: Dial Way Garden: one of the smallest green spaces in the study.
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2.4 Dataset characterisation

This section presents information about the users participating in the research.
In the rst questionnaire provided by the app at the beginning of the trial period,

the user is asked to Il in a form to have the background for each of them in terms
of wellbeing and demographic characteristics. An overview of all this information

is reported in the following sections.

2.4.1 Participants' description

The age distribution of the study participants is shown in Figure 2.4. The dis-
tribution is immediately unbalanced to young age, given by the massive partici-
pation of students in the study. The age range of the participants is between 18
for the youngest user and 72 for the oldest user. The rest of the work focused on
three age groups consisting of young people (ages 18 - 35), middle-aged people
(ages 36 - 53) and the elderly (ages 54 - 72). Each group has an equal width in
terms of age (18 years). Having di erent amounts of participants in each group,

all the results were normalised to be able to have comparable results and reduce
the distortion of the data among the di erent groups. Table 2.3 illustrates the
gender distribution of the participants. Again, in the carried analysis the results

were normalised as to have a fair comparison between the two categories.

Table 2.3: Gender distribution.

Gender | No. of users | Percentage
Female 894 64.64%
Male 489 35.36%

2.4.2 Participants' interaction with Shmapped

One of the questions the users had to answer when prompted was \who they
were with". Overall, 5626 entries were taken into consideration. The distribu-
tion of social interaction types is shown in Figure 2.5. It is indicating that the
majority of participants were either alone or with \friends & family”. The group
\Other" comprises also free-text responses or a multiple selection, of which the

most common was \with friends, family or partner" and \pet".
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Figure 2.4: Age distribution of the sample dataset.

Figure 2.5: Participants' companionship / social interactions.
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Figure 2.6: How the participants felt while interacting with their surroundings
on a scale from 5 (positive) to 1 (negative).

Besides the question regarding social interaction, the users were also grading their
interaction with the surrounding environment, namely how they were feeling in
the situation. The histogram in Figure 2.6 shows the aggregated answers. It can
be noticed that the interaction was mainly positive. Figure 2.7 shows a part of
the area under examination, also including suburban parks. It shows the density
of the grades they assigned. The feelings of the participants are represented by

using a colour scale that varies from blue (medium) to red (high).

Figure 2.7: Heat-map represents the density of the users' feelings and the associ-
ated grades. The scale varies from blue (medium) to red (high).
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2.4.3 Participants' wellbeing

Participants' wellbeing was evaluated based on a specialised psychometric scale
which quanti es the response for each item on the scale. As a result, each user
has an associated wellbeing score. The number of participants was restricted
to those who completed the initial and the after-study questionnaires. As a
result, the number of users decreased from the initial of 1870 to 403, because the
participants either chose not to complete the after study form or they disengaged
with using the app. To give an overview, for the 403 participants at the beginning
of the study, 22% had wellbeing classed as clinical cases, while the rest of 78%
had wellbeing above the threshold. The impact of noticing the good things in
urban nature on wellbeing is reported in di erent works, however, statistical
analysis revealed clinically signi cant improvements in mental health for clinical
cases along with signi cant improvements in mental health for the whole sample,

demonstrating the importance of this research.

2.5 Features noticed by the users

To nd out which elements of nature attract users' attention, the observations of
the participants; i.e. the text entries and images that were uploaded to the app

were analysed.

2.5.1 What do the images say?

As described in Section 2.3.5, an initial Itering and analysis procedure was per-
formed on the images, obtaining the labels that represent the elements captured
by the participants during the study. Table 2.4 summarises the total and a unique
number of labels obtained before and after Itering for each of the two groups.
Taking into consideration the 10 most frequent unique labels for each group, it is
possible to see what the distribution was for the two groups, trying to understand
if there are di erences in the elements noticed by the users of the di erent groups.
Again, the data were normalised by dividing the number of occurrences by the

total number of images in the category.
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Figure 2.8 shows the 10 labels most present in both groups with an indication
for the di erent groups. The order is given by the sum of the total observations
between the two groups. For both groups, among the rst 10 observations there
are the labels \tree", \plant”, \sky" and \grass", therefore being common, adding
the rst 10 observations of both groups, the total amounts to 16 labels and not
at 20. Being in the study required to note elements of nature, for both groups
the labels \tree" and \sky" are predominant and this indicates that despite the
group to which nature is salient and signi cant for people, as well as being the
natural elements easier to notice even in the city. The di erence between the
two groups is however also noticed when they are analysing the total labels, for
the control group, there are images with labels relating to constructions such as
\buildings", \houses", etc. For the images of the test group, on the other hand,

the labels always have a reference to nature such as \ ora", \ owers", etc.

Table 2.4: Number of labels for participant categories.

User | No. of No. of No. of labels | No. of unique labels
group | labels | unique labels | after ltering after ltering
Green | 9610 804 8450 676

Built 5630 640 5012 530

Figure 2.8: Top 10 labels for each category of images.
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2.5.2 What does the text say?

As explained in Section 2.3.4 the app during the day asks users to enter ob-
servations relating to the nature that surrounds them. However, when the app
requests it, it is possible to postpone the response to the evening. This specic
option was meant to be a way to meet users and give them the opportunity to
respond calmly at a later time. A drawback was that the position associated with
the answer was stored by the app when the user entered the answer in the app
and this generated not georeferenced information and for which it is not possible
to understand to which green area they refer, in fact only 418 observations out

of the total are recorded when they are requested by the app.

Fortunately, at least part of the observations explicitly reported the name of the
area in question and it was, therefore, possible to georeference them manually.
Once these corrections were made, an analysis of the texts reported in the users'
comments was performed, the text clustering was performed by using a text
clustering API [44]. Table 2.5 shows examples of the observations inserted, the
number of observations falling in that cluster, the cluster label and the dominant

term.

A subset of the clustered data is shown in Figure 2.9 where particular and di er-
ent insights were obtained thanks to clustering, some observations were grouped
by position, such as clusters 32 and 34 which were observations concerning parks,
including some explicitly indicated as Weston Park, Meersbrook Park and Hills-
borough Park. Other observations were clustered based on the type of activity
they were doing, for example, clusters 0 and 7 referred to the type of walk they
were doing. Interesting groups, on the other hand, concern the biodiversity of the
park, including for example the terms \bird", \duck", \ ower" etc. or elements

of the park such as, for example, in group 4 where the central theme is the way in
which the ow of the river is seen by users. Although there is a limit to inserting
the observation at a later time, part of the text itself indicates a temporal com-
ponent, several observations using words such as \morning" or \evening". As the

study progressed, a correspondence was also found between the clusters obtained
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Table 2.5: Text clustering.
Cluster | Dominant No. Example Text
term Obser-
vations
1 General 1324 Shepherd wheel moss
10, 27 tree 395 Trees in nether edge
34,37 park 302 Nice park (weston park)
29 birds 195 Loads of birds in the park
20 garden 192 Insect life in our garden
0,7 walk 186 Went for a walk to devonshire green
28 saw 158 Saw a heron in ight
2 love 152 Flowers are lovely
9 sky 126 The sky when not fully dark
26 ower 124 My honeysuckle owers coming out
18 green 122 Green grass instead of brick or concrete greys
38 morning 113 Morning dew on the grass
13 leaves 112 Rain droplets on leaves
39 duck 93 Ducks eating carrots is pretty awesome
23 beautiful 91 Beautiful at landscapes
19 river 68 Light dappled on the river
31 singing 55 Birds singing in the trees
15 autumn 54 | admired the autumn leaves on the trees
11 eld 52 Sheep in the elds
25 weather 48 Nice weather, breezy not rainy and not too cold
35 peak district | 41 Beautiful views over the peak district
12 sunset 37 The sunset when i woke up was beautiful
30 morning 36 Birds making noises in the morning
17 city 29 City centre greenery in the rain
3 heather 20 Heather covered in snow
14 showdrops 19 Snowdrops are starting to appear
36 nest 9 Saw a nest of birds in a big tree
4 owing 7 Fast owing river
8 - 1 -
6 - 1 -
5 - 1 -
16 - 1 -
21 - 1 -
37 - 1 -
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from this study and the recurring themes cited in the Richardson study [26].

Another interesting result is shown in Figure 2.10 which illustrates the visual
output of the text classi cation in the eleven themes, as described in the 2.3.4
section. The \specic aspect of nature” theme was found to be the dominant
theme regardless of the threshold used. For a threshold above 50%, the \theme
of active animals in their habitat" is the second-highest. The top 5 themes with
a probability greater than 50% in this study correspond interestingly to the rst

5 themes of the study in [26] collected from a traditional and time-consuming

approach to content analysis.

Figure 2.9: Clusters produced by k-means clustering (k=40) of textual observa-
tions. Legend captures 25 clusters.

One can state therefore that it is possible to carry out a social study of this
magnitude, automating both the collection and analysis of data, optimising the

study and for example being able to extend it without an additional contribution
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of forces. The only dierence to underline is that, unlike Richardson's study
which has the theme \sensations of nature" as its dominant theme, this study

has as its main theme \the speci c aspect of nature".

Figure 2.11 instead shows the distribution of the text classi cation of user com-
ments, discriminating for each age group. Themes 1 and 9 appear to be the most
popular in each group as predicted by the general ranking. For the younger group,
there is less interest in the activity of animals in their habitat than in other age

groups, as growth and temporal changes seem to be more interesting to them.

Figure 2.10: Classi cation of the textual observations into the themes of Table
2.1 with the FastText algorithm.

In Figure 2.12 the result of the text classi cation is instead reported, discriminat-
ing by gender. The results are very similar, showing a slightly greater interest in
the female gender to some themes like the sensations of nature, colour and beauty.
With the details obtained from this study, it is possible to understand how it is
possible to use tools like these to help connect people with the surrounding envi-
ronment and consequently improve their wellbeing. In fact, targeted interventions

based on the sex and age of users are possible.
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Figure 2.11: Age classi cation of textual observations.

Figure 2.12: Gender classi cation of textual observations.
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Table 2.6: Average time spent in parks by user.
User | Period | Tracked | No. Visit Visits No.Parks Total Avg Daily | Avg Visit
Study Days for Day Time Time Time
1 35 Days 30 106 4 10 5 days 20:40:01 04:41:20 01:19:37
2 70 Days 23 64 3 14 2 days 00:31:09 02:06:34 00:45:29
3 38 Days 20 47 2 7 1 days 07:22:15 01:34:07 00:40:03
4 8 Days 7 25 4 6 0 days 08:17:29 01:11:04 00:19:54
5 11 Days 11 48 4 11 0 days 12:54:22 01:10:24 00:16:08
6 43 Days 19 37 2 8 0 days 21:55:20 01:09:14 00:35:33
7 69 Days 24 37 2 7 1 days 03:19:41 01:08:19 00:44:19
8 114 Days 41 168 4 8 1 days 20:00:32 01:04:24 00:15:43
9 122 Days 74 154 2 26 3 days 04:23:51 01:01:57 00:29:46
10 24 Days 16 94 6 25 0 days 16:18:26 01:01:09 00:10:25
Table 2.7: Average time spent inside green spaces by park.
Rank | Park Tracked | No.Visit | No.Users | Visits Visits Total Avg Daily | Avg Visit
Days for Day | for Device Time Time Time
1 Endcli e Park 124 358 68 2.89 5.26 10 days 19:28:10 02:05:33 00:43:29
2 Whiteley Woods 71 111 23 1.56 4.83 2 days 20:24:10| 00:57:48 00:36:58
3 Weston Park 149 807 170 5.42 4.75 5 days 19:31:05| 00:56:11 00:10:22
4 Botanical Gardens 97 191 39 1.97 4.90 2 days 22:46:01| 00:43:46 00:22:14
5 Ponderosa Park 82 231 46 2.82 5.02 2 days 00:13:41| 00:35:17 00:12:32
6 Hillsborough Park 52 165 29 3.17 5.69 1 days 02:24:19| 00:30:28 00:09:36
7 Hallam Square 117 287 56 2.45 5.13 1 days 09:53:09| 00:17:23 00:07:05
8 Crookes Valley Park 90 246 76 2.73 3.24 0 days 23:20:11| 00:15:33 00:05:42
9 St. Georges Lecture Park 109 310 76 2.84 4.08 0 days 20:05:13| 00:11:03 00:03:53
10 | Peace Gardens 135 334 91 2.47 3.67 1 days 00:09:48, 00:10:44 00:04:20
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2.6 Time spent in green spaces

In this section, the time users spent in the green spaces computed as described

in Section 2.3.6 is reported.

2.6.1 Top users and parks based on average time spent in

green spaces

Tables 2.6 and 2.7 o er a view of the top 10 users and parks, focused on the
average time spent. It is important to note that, although the study period
was de ned, users were able to continue using the app for longer due to follow-
up requirements. Therefore, the total time spent for di erent users cannot be
directly compared, so an average time had to be considered in the study. For
Table 2.6 the column \Period Study" presents how many days the users were
part of the study, while the column \Tracked days" identi es the number of days
the users were using the app and had location data recorded, meaning days in

which there were associated entries.

What is interesting here is the number of parks which users interact with. Con-
sidering that the average number of parks where the participants spent their time

is 7, this indicates that throughout their daily routines, people tend to interact
with a variety of green spaces. Therefore, it is important to o er a high variety of
parks, such as number, size and location with which citizens can interact, rather
than having only large suburban parks. The average daily time spent in green
space by a user is calculated as the average of all the time spent values for each

day in which users have some interaction with a park.

This analysis was carried out taking into consideration only the days in which
the person actually interacted with the parks, shown in the tables as tracked
days, which actually means that only the days where there were location points
recorded for the speci c user have been taken into account. On average the users
spent around 20 minutes in green spaces for every day in which they interacted

with at least one park.
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