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Abstract

The ubiquity of GPS-enabled devices, mobile applications, and intelligent transportation
systems have enabled opportunities to model the world at an unprecedented scale. Urban
environments, in particular, have benefited from new data sources that provide granular rep-
resentations of activities across space and time. As cities experienced a rise in urbanization,
they also faced challenges in managing vehicle levels, congestion, and public transportation
systems. Modeling these fast-paced changes through rich data from sources such as taxis,
bikes, and trains has enabled prediction models capable of characterizing trends and forecast-
ing future changes. Data-driven studies of urban mobility dynamics have been instrumental in
helping deliver more contextual services to cities, support urban policy, and inform business
decisions. This dissertation explores how novel algorithmic architectures and techniques
reveal and predict business trends and urban development patterns.

The research informing this dissertation harnesses principles from network science, modeling
cities as connected networks of venues. Building upon a foundation of research in complex
network theory, urban computing, and machine learning, we propose algorithms tailored for
three computing tasks focused on modeling venue dynamics, characteristics, and trends. First,
we predict the demand for newly opened businesses using insights from movement patterns
across different regions of the city. Through this analysis we demonstrate how temporally
similar areas can be successfully used as inputs to predict the visitation patterns of new
venues. Next, we forecast the likelihood of business failure through a supervised learning
model. We analyze the value of varying features in predicting business failure and explore
their impact across new and established venues and across different cities worldwide. Finally,
we present a deep learning architecture which integrates both spatial and topological features
to predict the future demand for a venue. These works highlight the power of complex

network measures to quantify the structure of a city and inform prediction models.

This dissertation leverages vast amounts of data from spatio-temporal networks to model
venue dynamics. The research puts forward evidence to support a data-driven study of
geographic systems applied to fundamental questions in urban studies, retail development,

and social science.
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Chapter 1
Introduction

From nancial transactions and medical sensors to transportation systems and satellite im-
agery, in this day and age large volumes of data are continuously generated across numerous
domains. An infographic assembled by Raconteur showed that daily an average of 500
million tweets are created, 294 billion emails are sent, and 95 million Instagram photos and
videos are shared Bg. At the current pace, 1.5 quintillion bytes of data are produced each
day [111]]. This data and the information it encodes offer opportunities to characterize and
understand systems. Machine learning algorithms have emerged as models that are able
to detect patterns in large datasets. Their insights surpass traditional metrics as machine
learning models can build sophisticated representations of the world and inform decisions not
only in the eld of technology but also in policy, media, and retail, among others [62, 110].

Over the past decade, mobile applications, including social media outlets and ride-sharing
platforms, have emerged as valuable sources of data for urban environments. The ubiquity of
GPS-enabled devices, in conjunction with sensor-powered mobile applications, has facilitated
the study and understanding of the social and geographical movements of individuals at an
unprecedented scale. Location-based social networks (LBSNs) are popular systems that allow
their users to connect and interact online in relation to real-world places such as businesses
and landmarks117]. As millions of users interact on LBSNs they generate sequences of
digital traces with high spatio-temporal granularity. The movements of these users elucidate
numerous insights such as the connectivity of different areas of a city, their characteristics at
varying times of day, and their growth patterns over time [188, 189].

A broad range of stakeholders can bene t from these types of insights, including gov-
ernment agencies, non-pro t organizations, and private entities. Prior academic work has
shown that businesses in particular bene t from insights that enable them to predict future
demand trends and, in turn, future pro 89 171]. Moreover, there are a plethora of other
use cases for these datasets within the context of businesses. Financial transaction data, such
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as information on deliveries, payments, and invoices, are used to build pricing mbdgls [
Social media data, including tweets, posts, and check-ins, are used to predict future con-
sumer behavior]05. Crowd-sourced reviews from a variety of applications such as Yelp,
TripAdvisor, and Google Maps, are used to inform trends in customer perceptions [70].

Historically, businesses collected data via surveys and their individual transaction infor-
mation [BQ]. These datasets, however, are limited as they provide a singular view of a venue
without contextual data from bordering businesses and neighborhoods; these approaches
are also often subjective in methodology and narrow in sc@p8.[ This was similarly
the case in urban studies, which in this context refers to a eld exploring the development
and growth of cities. Historically, urban studies heavily relied on the use of conventional
population surveys and individual interviewi)[l]. These methods are generally expensive,
time-consuming, and provide a static view of the systéB#]. In contrast, more recent
data from sensors and social media provide an objective, large-scale, and often real-time
perspective§9]. Unlike theoretical and survey-based approaches, empirical data-driven com-
putational methodologies also have the potential to quantify our understanding of complex
systems.

The past decade has seen a surge in research around and applications of machine learning.
These algorithms re t and improve their representations of data over training intervals;
therefore, a key requirement is vast quantities of data. As large datasets have become
increasingly available and access to cloud computing has become increasingly accessible,
machine learning has risen to prominen8&][ These models have proven superior in
many contexts as they do not require hard-coded strict rules as expected by some previous
models [170].

In parallel, network theory has proven to be a versatile tool to model the complexity
of systems. Network theory is the study of graphs as a representation of relationships
between discrete objectdd]. Networks are found naturally in community structures,
transportation routes, and biological organis28 [L69. As such, network science has been
applied broadly beyond graph theory because of its ability to capture complex interconnected
relationships. There is tremendous potential to integrate network approaches with machine
learning techniques to generate innovative models. However, research in this space is still
very much in its nascency and further work building methodologically novel architectures
and models is imperative to identify new patterns, associations, and insights in data. These
models must be contextual and consider differences in attributes across domains. This is
the focus of the research in this dissertation. It presents machine learning methodologies for
urban environments. Speci cally, it focuses on spatio-temporal models built using techniques
from network science.
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This dissertation advances the thesis that the study of urban areas through location-
based networks can enhance our understanding of human mobility and enable us to model
complex venue dynamics. Using mobility and business popularity data, we build unique
and contextual prediction models of the popularity of new venues, the likelihood of failure
of existing venues, and the future demand of existing businesses. This work builds upon
prior research in this space and demonstrates the value in spatio-temporal machine learning
models of venue activity. Insights from this work aim to inform new policy, methodologies,
and further research efforts. In the following sections we present the thesis (Section 1.1) and
contributions (Section 1.2) of this dissertation.

1.1 Thesis and Substantiation

As discussed above, the recent proliferation of urban datasets, especially those related to
mobility, offers unique opportunities to model and understand the complex movements of
individuals at the level of a city and across different cities worldwide. Within this context, this
dissertation seeks to advance the eld of urban computing using innovative machine learning
architectures and techniques to offer methodologies as well as insights into human mobility
patterns and their impact on business dynamics. It incorporates insights from network science
by modeling cities and businesses as individual entities within a connected system. The thesis
of this dissertation is thahe spatio-temporal study of urban areas through location-based
analytics and complex network theory can advance our understanding of human mobility
and enable us to model venue dynamics.

In this dissertation we substantiate this statement with three core research themes. First,
we explore how identifying clusters of temporally similar areas in a city can forecast the
weekly popularity dynamics of a new business. Next, we demonstrate how mobility-derived
features can predict the failure of an existing business. Lastly, we introduce a novel deep
learning framework to model the future popularity of existing businesses. In the next section,
we detail the contributions of this dissertation and discuss how they are linked to the research
themes described here.

1.2 Contributions and Chapter Outline

This dissertation makes several novel contributions to the eld of urban computing with
machine learning. The contributions are detailed in the following chapters:
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Chapter 3: New Venue Demand Prediction

The research in this chapter harnesses mobility data from Foursquare, a LBSN, to build
proxies for urban activities and understand how new venues become popular with time. Esti-
mating revenue and business demand of a newly opened venue is paramount as these early
stages often involve critical decisions such as rst rounds of staf ng and resource allocation.
Traditionally, this estimation has been performed through coarse-grained measures such as
observing numbers in local venues or businesses at a similar location. We propose a novel
prediction framework able to use characteristic temporal signatures of places together with
k-nearest neighbor metrics to capture similarities among urban regions. This methodology
forecasts the weekly popularity dynamics of a new venue. We also show the model is capable
of forecasting the popularity of a new venue one month following its opening by using local-
ity and temporal similarity as features. We demonstrate that temporally similar areas of the
city can be used as inputs for predictions of the visit patterns of new venues, with an improve-
ment of 41% compared to a random selection of wards. Our models have the potential to
impact the design of location-based technologies and decisions made by new business owners.

Chapter 4: Modeling Business Closure

We build a supervised prediction model to investigate whether mobility-derived features can
foretell the failure of retail businesses, over a six-month horizon, across 10 cities spanning
the globe. As in the previous chapter, we use data from Foursquare to model business
dynamics. We hypothesize that the survival of such a retail outlet is correlated with not
only venue-speci ¢ characteristics but also broader neighborhood-level effects. Through
careful statistical analysis of mobility data we uncover a set of discriminative features which
include a neighborhood's static characteristics, venue-speci ¢ customer visit dynamics, and
a neighborhood's mobility dynamics. Our contributions are not only in building the model
but also in identifying and analyzing a range of features to demonstrate the predictability
of survival of Food and Beverage businesses. We demonstrate that classi ers trained on
our features can predict survival with high accuracy. We achieve AUCs of 0.85 and 0.90
for Singapore and New York respectively with corresponding precision/recalls8a¢a

These results represent a 10-15% improvement in accuracy over past work in this space. We
also show that the impact of such features varies across new and established venues and
different cities. Besides achieving a signi cant improvement over past work on business
vitality prediction, our work demonstrates the vital role that mobility dynamics play in the
economic evolution of a city.
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Chapter 5: Studying Business Growth

We propose a novel deep learning framework that aims to model the popularity and growth
of urban venues. We create a novel architecture with a Graph Convolutional Network (GCN)
that integrates both spatial and topological features into a temporal model which predicts the
demand of a venue at the subsequent time-step. Our experiments demonstrate that our model
can learn spatio-temporal trends of venue demand and consistently outperform baseline
models. Our experiments conducted using Foursquare data demonstrate that our model can
learn spatio-temporal trends of venue demand and consistently outperform baseline models.
Relative to state-of-the-art deep learning models, our model reduces the Root Mean Square
Error by 28% in London and 13% in Paris. Our approach demonstrates the power of
complex network measures and GCNs in building prediction models for urban environments.
The model has numerous applications within the retail sector to better estimate venue demand
and growth. More broadly, the methodology and results can support policymakers, business
owners, and urban planners to develop models to characterize and predict changes in urban
settings.

1.3 Publication List

Included below are the academic publications which make up the research conducted to
substantiate this thesis. These consist of my efforts and technical contributions but would
not have been possible without the support and guidance of my collaborators. Some of the
publications are directly related to this dissertation. In particular, Chapter 3 draws ##§m [
and {6], Chapter 4 is based o4, and Chapter 5 builds on work currently under review.

Works related to this dissertation

* [49] If I build it, will they come? Predicting new venue visitation patterns through
mobility data. Krittika D'Silva, Anastasios Noulas, Mirco Musolesi, Cecilia Mascolo,
Max Sklar.In Proceedings of the ACM International Conference on Advances in Geo-
graphic Information Systems (SIGSPATIARedondo Beach, CA, USA. November
2017.

* [46] Predicting the temporal activity patterns of new venues. Krittika D'Silva, Anasta-
sios Noulas, Mirco Musolesi Cecilia Mascolo, and Max SklafEPJ Data Science.
May 2018.
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* [44] The Role of Urban Mobility in Retail Business Survival. Krittika D'Silva, Kasthuri
Jayarajah, Anastasios Noulas, Cecilia Mascolo, Archan MisrBroceedings of the
ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies (IMVWA&Iyme
2, Issue 3. Ubicomp 2018. Singapore. October 2018.

* Modeling Urban Dynamics with Multi-Modal Graph Convolutional Networks. Krittika
D'Silva, Jordan Cambe, Cecilia Mascolo, and Max Sklar. Currently under review.

Other publications:

» A Generative Machine Learning Framework For Synthesizing Symptomatic ECG
Astronaut Health Data. Eleni Antoniadou, David Belo, Krittika D'Silva, Brian Wang,
Brian Russell, Frank Soboczenski, Annie Martin, Graham Mackintosh, and Tianna
Shaw.In NASA Human Research Program Investigators' Worksi@gdveston, Texas,
USA. January 2020.



Chapter 2

An Overview of Urban Modeling

This dissertation builds machine learning prediction models of venue dynamics using data
from location-based networks. The previous chapter provided an overview of these research
themes. This chapter explores prior literature and the current state-of-the-art modeling human
mobility and place dynamics. We also discuss the role of machine learning and applications
of network science.

The structure of this chapter is as follows. In Section 2.1, we outline research in human
mobility demonstrating that trends in populations often follow a universal distribution. In
Section 2.2, we present past work using machine learning for prediction tasks in urban
environments. These include models applied to transportation systems, public services, and
business dynamics, among others. In Section 2.3 we provide an overview of network science
and network metrics. We summarize prior research using network structures in machine
learning prediction tasks for urban environments. Finally, we summarize the chapter in
Section 2.4 and discuss the contributions of this dissertation in its research community.

2.1 Modeling Human Mobility

Cities are complex systems that are constantly changing over time. With public transporta-
tion and commuters following routine mobility patterns and visitors and tourists quasi-
stochastically traveling between different neighborhoods, urban environments have tremen-
dous potential to be modeled and analyze2ly. Characterizing human mobility in urban
environments has numerous applications. It is especially valuable when considering the sus-
tained trends towards urbanization in recent history. Rapid urbanization has had a dramatic
impact on cities worldwide [83].

A recent report from the United Nations showed that the percentage of the world's
population living in urban areas increased from 30% in 1950 to approximately 55% in
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2018 [L15. These trends are expected to continue in the near term and have implications
for resource allocation, urban planning, and economic growth. They introduce both new
challenges and opportunities. On one hand, rapid urbanization can result in higher rates of
air pollution, energy consumption, and traf c congestia07]. Conversely, urbanization

can also result in increased job opportunities and access to educational, health, and cultural
resources]85. The ability to quickly model and interpret these changes can inform urban
governance and mitigate potential issues.

Amongst the rst works on large-scale analyses of human mobility was in 2006 when
Brockmann et al.23] tracked American dollar bills as a proxy for human movements around
the United States. The researchers created an online game \B4ike@'s Georgahat
allowed users to input the serial number of selected dollar bills into their database with details
on where that bill was found. Through this game, Brockmann et al. gathered millions of
trajectories of bills around the United States and subsequently modeled movement patterns
nationally. The authors showed that the distributions of an individual's traveling distance
decay following the power law. Speci cally, the probability of traveling a certain distance
for a certain time interval followe®(r) p r (1*2) whereb = 0:59.

In 2008, Gonzalez et al6f] examined the trajectories of 100,000 mobile phone users
over a six-month period. Their analysis of the data found that human movements contained a
high degree of temporal and spatial regularity. The regularity was so apparent that the authors,
after correcting for differences in travel distances, found that individual travel patterns could
be modeling with a single spatial probability distribution. Similarly, Noulas etldl7][
looked at trajectories of mobility using Foursquare data from cities around the world. They
conducted this study with over 10 million transitions from 34 cities. Their work described a
rank-distance model that estimated the probability of transitioning from one place to another
is inversely proportional to the power of their rank, de ned as the number of intervening
opportunities between those two places. Song etléb [showed that the movements of
individuals have a periodicity as users tend to frequently revisit locations and often are
at venues of signi cance such as their work or home. Works such as these highlight the
predictability of certain types of human movements.

Other research has explored the regularity of urban mobility as users follow their daily
routine 123 152. Pappalardo et al.1R4 used mobile phone and GPS data to identify
trends in the travel distances of individuals. Their work found two distinct mobility pro les,
returners and explorers. Returns limit their mobility to a few regularly frequented locations.
Conversely, the mobility of explorers consisted of a broader range of locations which could be
characterized as having their recurrent and overall mobility being very dissimilar. Their work
created a gravity model which distinguished the two separate classes of mobility. Pappalardo
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et al. showed that the two classes also had a strong impact on social interactions. Speci cally,
their work found that individuals tended to engage in social interactions with others of the
same pro le.

Cho et al. B3] also conducted research using cell data to model large scale movements.
They proposed a model of human mobility, based on check-ins, using separate spatial and
temporal Gaussian components. The work looked at spatial, temporal, and social trends
and found that social relationships can help explain between 10% to 30% of movements
while periodic behavior explained between 50% to 70%. The authors built a model to predict
future movements of individuals which incorporated both of these insights. Their model
more accurately predicted mobility patterns over their baselines by a factor of two.

Giannotti et al. 4] modeled mobility using GPS receivers placed on-board tens of thou-
sands of cars. From the trajectory patterns of these cars, the authors extracted mobility trends
and insights. This work found subgroups of vehicles characterized by similar movements
that informed theimobility atlas a catalog of the mobility behaviors of an area.

The studies described above conducted large-scale analyses of human mobility. These
studies produced many insights, including showing that trends in human mobility often
follow a universal distribution. They demonstrated that the predictability of human travel can
be used to build models of urban mobility and identify characteristics of different cities and
neighborhoods within cities. Harnessing data to model urban trends forms the backbone of
this dissertation.

2.2 Urban Spatio-Temporal Machine Learning

There are countless applications of new datasets to urban studies. Data sources such as
social media, transport, and nancial records each portray cities from a different perspective.
These data are especially important within the contesneért citieswhere urban areas are
supported by computer-aided systems and sen&8($ [The data collected ismart cities
are used in a broad range of applications, including optimizing the ef ciency of operations
and supporting urban planning. Insights from the data can also help support the development
of services such as transportation systems, trash collection, and ambulance deployment.
While insights from these data are crucial to answer many important questions, there
are limitations associated with the data. Firstly, while speci c demographics vary based
on application, users of LBSNs tend to be biased towards individuals who are younger and
technologically inclined2]. As such, LBSN data generated by older individuals or those in
more rural or poor areas can often be more limited and under-represented. In these cases,
it can be helpful to incorporate many different types of data into the model including those
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that are from both passive and active sensing modalities. In addition to demographics, the
type of data input into LBSNs can also be biased. For example, users may prefer to checkin
to certain types of venues over others or prefer not to post about their movements based on
privacy or security concerns. These are important considerations to make when extrapolating
from the data and inferring trends. Lastly, an inherent limitation of these data is that they only
represent the online experiences of individuals which can differ from their of ine experience.
These limitations in the data highlight the importance of understanding each dataset and the
contextual limitations associated with it.

The research in this dissertation uses datasets from urban environments to create machine
learning methodologies. We next explore prior research in spatio-temporal urban modeling
using machine learning in conjunction with contextual insights from cities for a broad range
of applications.

Transportation Systems: As cities have seen a rise in urbanization they have faced chal-
lenges that include managing vehicle levels, congestion, and public transportation systems.
Modeling these changes with data from sources such as taxis, bikes, and trains has enabled
prediction models capable of characterizing trends and forecasting future changes [3].

Li et al. [L03 examined the trajectories of users of a bike-sharing system to predict
changes in the distribution of bikes in the city. The authors spatially clustered bike stations
and then used a Gradient Boosting Regression Tree to predict the total number of bike
check-outs in the city and the rent proportion for each cluster of bikes. Their work used
correlations in the temporal pro le of stations together with variations in the weather patterns
of the city as features of the model. It more accurately predicted check-out percentages
across bike stations over baseline approaches with up to a 0.23 reduction in the Error Rate.
Chiang et al. 32] applied a similar approach to taxi data. They used the locations of taxi
bookings in Singapore to estimate the future spatio-temporal distribution of bookings. Their
model divided the city into grid cells and subsequently used a Poisson process to model the
daily rate of bookings in each cell. The authors used a Gaussian Mixture Model to predict
the demand for taxis within each individual cell. Chiang et al. showed that this model can be
used to detect deviations in trends based on events such as concerts or large festivals in a
given area.

Dai et al. B8] used data of the in ow and out ow of individuals to a metro station
in Zhengzhou City, China to predict future passenger demand patterns. Their framework
combined outputs from k-nearest neighbors and Adaboost models into a Random Forest
Classi er. This approach harnessed both spatial and temporal clustering to analyze trends.
Speci cally, they aggregated origin-destination pairs based on their time interval and location
and subsequently generated in ow and out ow characteristics for each station. These features
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were fed into their machine learning model to predict future demand. Models such as these
have the potential to support metro authorities' decision processes from day to day and aid in
emergency management situations.

Integrating anomalous data or real-time events is often crucial to accurately model the
uncertainty of real-world systems. However, early detection of anomalies in transportation
data is a research question in itself. Zhang etldd3] created a similarity-based algorithm
that incorporated an anomaly score for each region and time of the city using the road network,
taxi, and bike datasets. The anomaly scores were fed into a Support Vector Machine to detect
anomaly patterns across the cities. Kong et] fleveloped an anomaly detection algorithm
for traf ¢ ow which correlated anomalies of similar temporal and spatial segments and fed
them into an ensemble machine learning model. Their model input data from road networks,
taxi mobility, and metro usage to detect regional irregularities across a city. These works
exemplify the value of using data from many types of transportation systems in informing a
prediction.

Public Services:In addition to transportation systems, machine learning has proven to be
valuable when applied to public services. Use-cases include modeling waste collection, crime
prevention, and environmental changes, among others. We next discuss applications machine
learning to support public services in cities worldwide.

Zimmerman et al. [192] used machine learning to monitor air quality. Their model took
in data from low-cost sensors that track the concentrations of different air pollutants such
asCQO;CO,, andNO,. The authors created a machine learning model using random forest
techniques to build calibration models capable of improving the performance of low-cost
air quality sensors. Chou et aBj] monitored and predicted the water quality levels in
numerous reservoirs across Taiwan. Their work used data collected over ten years from 20
different water reservoirs. The data included attributes of the water such as the pH level and
phosphorus concentration. The authors worked to use these data to predict the Carlson's
Trophic State Index of the water, a common metric of water quality. Their architecture
consisted of an ensemble neural network model based on a tiering methodology. These works
demonstrate the value in sensor data in conjunction with machine learning to predict trusted
metrics such as that of water or air quality.

Puissant et al.][34] used satellite imagery and object-based image detection to build a
random forest model capable of predicting the number of urban trees. Their work mapped
and monitored changes in urban green spaces which is valuable because of their impact on air,
climate, and water quality. The authors' model build machine-generated features for different
segments of an image and then computed a metric to quantify the level of urbanization of
a plot of land. Vermeiren et allf2 similarly used satellite imagery to model the city of
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Kampala, the capital of Uganda. They modeled the growth of the city and predicted future

growth patterns and the potential impact of that growth on the quality of life of citizens.
Johnson et al.g6] used a gradient boosting tree to model waste collection across the city

of New York. Their model trained on historical weather and waste tonnage data to predict

future waste generation. It accurateR2(> 0:88) forecast weekly waste generation data for

all of the 232 areas of New York City across different types of waste taking into consideration

seasonal variations, weather events, and holidays. Models such as these can help inform the

development of and changes to many types of services in a city.

Venue Dynamics:Modeling urban venue characteristics and dynamics is an active area of
research93, 137]. Check-ins, where users register a visit to a speci ¢ venue, are rich sources
of data to model the dynamics of businesses and venues more broadly [7].

Lichman et al. 109 predicted the spatial distributions of check-in and geolocation data
from two popular LBSNs, Twitter and Gowalla. Their kernel density estimation method
captured and predicted individual and population spatial patterns applied across the state
of California. Scellato et al.1[50 built a prediction framework of the number of future
visits to a venue as well as the duration of stay of those visits. The model determined the
signi cant locations of users based on their movements and then applied a nonlinear time
series analysis to predict their future movements. Baumann dSatgdmbined attributes
from 18 prediction algorithms to predict the likelihood of a transition occurring between
two places in a city. The authors used a heuristic method based on majority voting which
created not only a highly accurate model but also one which included con dence metrics of
the outputted predictions. Kwon et al.Jd used reviews and tips from Foursquare and Yelp
to predictuser churnthe percentage of users who stop using the service. The authors found
distinct engagement patterns of users who leave the service which they used to inform a deep
learning prediction task to distinguish churning users from those who stay.

Lu et al. [L09 developed a framework to characterize the lifecycle of Points of Interest
(POIs) by incorporating urban geographic features and human mobility dynamics. Using
this data, they formulated a classi cation task to predict the life status of POIs, determining
whether the arbooming decaying or stable Yang et al. 178 proposed LBSN2Vec, a
hypergraph embedding approach for LBSN data. Their model improved the performance
of friendship and location prediction tasks through automatic feature learning (i.e. learned
node embeddings). Their hypergraph included user-user edges, such as friendships, and
user-time-POIl-semantic hyperedges, such as check-ins.

These works exemplify how traditional machine learning algorithms can be applied
to urban environments to better predict trends and characteristics. Data representing the
dynamics of a city can be helpful in not only predicting movements within a city but also in



2.3 Network Theory 13

helping to understand or characterize a neighborhood or area within the larger city. A popular
tool to model the interconnectedness of cities it that of network science which we discuss
next. The research in this dissertation uses network science as a framework for modeling
venue dynamics by characterizing the relationships between different areas of a city and their
different levels of interconnectedness.

2.3 Network Theory

Over the past decade, networks have become an adaptable tool to represent systems with
interacting components, from brain pathways in living organisms to online social net-
works [29, 169]. Network science is valuable in the context of urban environments because
it captures their complexity and numerous interconnected areas. It also enables abstractions
from the inherent complexity of these systems while providing a robust framework to model
interactions between the different constituents. In computer science, network theory is
de ned as the study of graphs in which the graphs are composed of sets of many connected
nodes that vary in characteristics and which interact in different wk3js Networks are

found naturally in nature, including social networks, information networks, and biological
networks. These networks can either be directed, where edges link two vertices symmetri-
cally, or undirected, where edges link two vertices asymmetrically. The edges between nodes
can also be weighted in which a number (i.e. a weight) is assigned to each6&ligehere

are numerous types of networks, a few of which are brie y described below:

» Spatial network: A spatial network is one in which the nodes are embedded in a metric
space and the edges are associated with a distance, such as Euclidean diSfance [
A pair of nodes in the network is therefore connected if the distance between the
pair of nodes is smaller than a set radius. Numerous examples of spatial networks
emerge in the real world, including public transportation journeys, air travel routes,
and mobile phone networkd(, 67]. All of these examples involve systems in which
the underlying space is relevant.

» Social networks: A social network is one in which the vertices are representations of
social interactions between the nod@g][ A pair of nodes is connected if the two
nodes have an interaction within a given time frame. Examples of social networks
abound, including organizational arrangements in companies, criminal networks, and
community structureslid4, 87]. For each, the social connection between the different
nodes in the networks is a crucial attribute.
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» Temporal networks: Temporal networks are unique in that the links between nodes
are only active at certain time pointgg. The attributes that de ne edges between
the nodes can be any characteristic of the network. Examples of temporal networks
include neural connectivity of the brain, disease proliferation, and communication
networks P2, 48]. Temporal networks are frequently used to model the dynamics of
systems.

» Multi-Layer networks: A multi-layer network is one in which there are numerous
different types of relations between nodes in the netwatks95, 53]. Each layer
contains a set of intra-layer connections of a speci c attribute and the network as a
whole also contains inter-layer connections as wél| L66. For example, given a
network of cities in the world, one layer could include air travel routes between the
cities while another layer could encode postal delivery systems between the cities. This
multi-modal approach can often create a more sophisticated representation of a system.

The network science approach described above provides an opportunity to utilize net-
work metrics such as centrality, connectivity, and betweenness to quantify attributes of
the system15, 14]. Measures such as clustering, neighbor degree, and assortativity help
characterize trends within the dataset. As one example, modularity can detect community
structure that exists within the network. This dissertation uses network theory with large
urban datasets to harness network features and properties to glean novel observations about
venues and cities worldwide. These speci ¢ properties are described in more detail next.

2.3.1 Network Properties

Networks have numerous attributes that can be calculated to analyze the characteristics of
nodes or subsets of nodes in the network. We next give an overview of traditional network
properties which are throughout this dissertation.

» Size: The size of a network refers to the number of nodes in the network.

» Density: The density of a network is de ned as the number of existing edges divided
by the total number of possible edges. This metric characterizes how tightly connected
the nodes in a network are to each other.

» Degree: The degree of a node is de ned as the number of edges connected to it.
Naturally, the degree of a network is the average degree of all nodes within the network.
In a directed network, this metric can be extended to calculate in or out degree by
measuring the total number of incoming or outgoing edges. In weighted networks, the
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edge weights can be incorporated and normalized to create a weighted degree metric.
At the level of an individual node, this indicates the importance of a node.

 Distance: Network distance is de ned as the length of a path from a given node
to another node. For a weighted graph, this can incorporate the weight of the edge
between a pair of nodes. This metric is used as a basis for many other metrics de ned
below.

» Shortest path length: The shortest path length for a pair of nodes is the shortest
distance between those two nodes. The average shortest path length for a network
is de ned as the average shortest path between all pairs of nodes. This metric is an
indication of how closely connected nodes in the network are to each other.

* Clustering coef cient: The clustering coef cient is measured as the ratio of existing
links connecting a node's neighbors to each other to the maximum possible number of
links. It provides an indication of the tendency of a given network to form triangles,
that is to gather locally into fully connected groups. It varies between 0 and 1 with
higher values implying a higher number of triangles in the network (& for more
details). The clustering coef cient for a network re ects how tightly connected or
overlapped neighborhoods of nodes are to each other.

» Closeness centrality:The closeness metric is a measure of how “near” a node is to
all other nodes in the network. It is calculated by measuring the sum of the shortest
distances between a node and all other nodes. It accounts for the tendency of categories
to be close to each in terms of shortest pailid]. It varies between 0 and 1 where a
higher closeness centrality score for a node suggests higher proximity to other nodes
in the network.

* Modularity: Modularity is a metric that indicates how well-de ned communities
are within the network3?2]. Networks with high modularity have dense connections
between nodes in modules but sparse connections between nodes in different modules.
Modularity values fall within the range -1 and 1, with greater positive values indicating
greater presence of community structure.

2.3.2 Machine Learning in Urban Network Science

The rise of ubiquitous computing in the past decade has generated many works that use
networks to model the intricacies of urban environments, from individuals moving between
venues to neighborhood connectivity changing over tig& 47]. We next explore past
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research using machine learning to model cities with network science.

Traf ¢ Prediction: Traf c prediction is a popular application for complex networks. Dong

et al. 43] used network properties to model congestion, showing how temporal pro les of
freeways can be used to better predict traf c ow rate. Their model also examined how
factors, such as spatial trends from neighboring areas, contributed to variations in traf ¢
ows. Sole-Ribalta et al. 164 used networks to identify traf c hotspots on road networks.
Their methodology identi ed traf ¢ junctions that are susceptible to high levels of congestion
if mobility demand were to increase in those areas. Liu etl@d[proposed a method to
represent the trajectory of moving vehicles on road networks by using topic modeling to
reveal their spatial interaction patterns. These works help to not only understand the ow of
traf c on the road but also to quantify the impact of real-world events on the surrounding
area.

Venue Dynamics: Complex networks have also been applied to model the dynamics and
characteristics of individual venues. Prior work has looked to predict the ideal location
for a business as well as whether or not it will succeEID[62]. Numerous works have

also explored whether a transition or a link will occur between a pair of locatB83)4.74.
Others have explored which spatial features are most likely to attract individuals to a given
venue [19. Fortuna et al. $5] used a Foursquare network of venues and users to predict
the existence of a check-in between a user-venue pair in a city. Chen &@jahddeled

the evolution of different neighborhoods in a city using the urban transport network. Noulas
et al. [L19 used Foursquare transitions within the city of London and worked to predict
whether a transition from a given venue to another was likely to occur at the next time
step. Their work looked at a number of network properties, including common neighbors,
degree centrality, and neighbor overlap, as features for the link prediction task. Their results
showed that a gravity model, which incorporates geographic distance, interaction quantity,
and mobility dynamics, best predicts the likelihood of a new link appearing.

Urban Spatial Structure: There is a large body of literature using network analysis to
characterize and model the structure of urban environments. Zhong 88@ldgscribed

how the spatial structure of a city changes over time relative to its connectedness. They
utilized the network properties of a city to identify the structure of city hub, centers, and
borders by constructing a weighted directed graph from these travel records. They discussed
the concept opolycentrality suggesting that Singapore is becoming progressively more
polycentric over time as new subcenters and communities emerge as the city grows. Zhong et
al. [189 similarly worked to detect the urban spatial structure of functional centers by using
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transportation data of individuals. Their model used a centrality as well as attractiveness
index to detect functional centers and the impact those centers have on transportation and the
movement of individuals in the city.

Capponi et al.26] examined the attractiveness of local businesses to their neighborhoods
based on the time of day and day of the week. The authors modeled the demand for venues
using complex network metrics such as closeness centrality to build features for a supervised
learning prediction task. Their machine learning model substantially outperformed traditional
urban metrics in analyzing the popularity of a business. Work by Ratti et4l] [ised
12 billion phone calls from across Great Britain as proxies of human interactions. Their
model used spectral modularity optimization, a network metric that partitions nodes, to unveil
spatial structures and visualize different regions of the country. Their work also quanti ed
the impacts of partitioning different regions Great Britain by the potential disruption it
would have on the human network. Williams et dl77] re ned typical spatial network
properties, such as centrality and reachability, from a temporal perspective. Their work is
relevant because, as in many real-life systems, interactions between nodes are generally
non-instantaneous and involve a component of time. The authors applied their metrics to a
number of mobility datasets, from students interacting with each other as they move around
a college campus to ight patterns as planes travel around the world.

Multilayer Models: Multilayer networks have been applied to a number of real-world
systems from massive online multiplayer games to disease propadg&4id6g, 5, 76]. In
particular, multilayer networks have been used to model urban characteristics and dynamics
as they provide the ability to analyze cities a from multidimensional perspeci®eb,[60].

Work conducted by Aleta et al6] pursued the former, building a model using the bus, metro,
and tram data from nine cities of varying sizes. The authors found a number of interest-
ing universal properties related to the underlying structure of the cities. Their multilayer
transport network showed the noticeable impact that transport changes, such as new lines
or disruptions to existing lines can have on the mobility of individuals in a city. Hristova et
al. [77] quanti ed the social and geographic brokerage of Foursquare venues and used that
knowledge to characterize the social diversity of a location. The authors built a multilayer
network using Foursquare check-ins and Twitter connections to build both a social as well as
spatial graph. This enabled them to model venues that seakid@ng role while others that

serve abondingrole.

Graph Neural Networks: Graph Neural Networks (GNNSs) are a class of deep learning
algorithms that extend neural networks to process data represented in a graphical struc-
ture [149 148 184. The goal of a GNN is to learn a state embedding which encodes
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information of the neighborhood of each node. Numerous algorithms have been proposed
to create graph embeddings all of which aim to represent similarity in the embedding space
that approximates similarity in the original network. Generally, these models train in an
unsupervised manner using only the graph structure. DeepWalk is popular algorithms which
uses random walks to inform the loss functidi3]]. The DeepWalk algorithm rst per-

forms random walks on the nodes in the graph to generate node sequences. It then runs
the skip-gram algorithm to learn the embedding of each node based on the generated node
sequences. This approach mirrors the word2vec algorithm used in natural language process-
ing. GraphSage was proposed as a more generalizable and inductive approach to building
graph embeddings7]]. The GraphSage algorithm aims to incorporate the aggregation of
each node in its neighborhood into the representation. It has a three-step approach through a
mean aggregator, LSTM aggregator, and pooling aggregator. GNNs have increasingly been
applied to a wide range of domains, including text reasoning, disease classi cation, and
image segmentatiorip4, 16, 143. Although very recent, there is a growing body of work
using GNNs for urban applications.

Yu et al. 180 used a GNN to model time-series data of traf c ow in Beijing and
California. The authors presented a deep learning architecture with two gated sequential
convolution layers and one spatial graph convolution layer in between. This approach enabled
them to incorporate the nonlinearity and complexity of traf c ows by aggregating spatial
and temporal features across both their datasets. Zhao &8@Is|milarly forecast traf c
patterns through GNNs. Their two-part model rst aggregated data from different time
windows to gather spatial features and then fed those features into a multi-graph model
that found non-Euclidean correlations among different spatial areas. ChaiZfddu(lt a
multi-graph convolutional neural network model to predict available bike numbers at stations
across a city. Their model enabled a ne-grained analysis at the level of individual stations
by constructing multiple graphs of the bike-sharing system: a distance graph, an interaction
graph, and a correlation graph. Their algorithm then merged the graphs together into one
fused representation which incorporated many learned features of the individual stations.

Previous work has demonstrated the power of network representations to model urban
dynamics and properties. Our work in Chapter 5 presents a novel approach to modeling
time-series data with GNNs with an architecture that combines long short-term memory
(LSTM) neural networks with GNNSs to integrate both spatial and topological features into a
temporal model for venue demand prediction. Exploration through new frameworks and deep
learning algorithms is imperative as they reveal new insights and properties of real-world
systems. One of the novel contributions of this thesis is the development of innovative
spatio-temporal networks models that use machine learning architectures to characterize and
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predict future venue dynamics. This is discussed in further detail in the following section
where the contributions and future outlook of this dissertation are presented.

2.4 Present Dissertation and Future Outlook

This chapter reviewed current research modeling human mobility and place dynamics. This
is a fast moving area of research with continued advances in machine learning architectures,
network models, and computational capacities. In this chapter, we began with an overview of
human mobility examining a variety of ways in which mobility patterns were modeled prior

to the advent of machine learning aligy data We subsequently presented applications of
research that used machine learning to model urban environments. We then gave an overview
of network science and network metrics and reviewed prior research using networks in
machine learning prediction tasks for cities.

This dissertation builds upon prior research and takes steps towards building a deeper
understanding of and prediction tools for venue dynamics in urban environments. In Chap-
ter 3, we harness the temporal popularity patterns of venue categories to predict the weekly
temporal pro le of a newly established venue. Our approach is based on two key principles.
First, we exploit the fact that despite their differences, neighborhoods in a city can exhibit
a high degree of temporal synchronicity, even if they are geographically located far from
one another. Second, we make use of the principle of locality that suggests that the temporal
pro le of venues in the same neighborhood are highly correlated as individual movements
in a city tend to be constrained by distance. We combine the properties of synchronicity
and locality into a prediction framework that uses the characteristic temporal pro le of
neighborhoods in a city in conjunction with k-nearest neighbor metrics to capture similarities
among urban regions. It used a Gaussian Process model to forecast the weekly popularity
dynamics of new venues using spatial and temporal features. This work focused on one city,
London, and speci cally on all venues in the city that were newly opened. In Chapter 4,
we expanded the venues considered to include retail venues from 10 cities worldwide. As
the analysis included both new and established retail venues, the models had a more robust
set of data to learn from. First, we identify and analyze a range of features and perform a
comprehensive study to demonstrate the predictability of survival or failure of a business
in the subsequent 6-month period. We next the generalizability of our approach, modeling
multiple cities worldwide as well as differences between newly founded and established
venues. We build supervised learning models to predict the likelihood of closure of retalil
venues. The models created a set of discriminative features that impacted the likelihood of
survival of retail businesses. Finally in Chapter 5, we expanded the scope of the analysis



20 An Overview of Urban Modeling

to include all categories of venues. This provided a rich dataset to train a deep learning
model to predict the popularity and growth of urban venues. We created a novel architecture
using two Graph Convolutional Network (GCNs) We employ two GCNSs that build spatial
and topological characteristics respectively. Spatial features represent the location of venues
relative to others and topological features represent the connectivity of a venue to other
venues. These are then fed into a long short-term memory (LSTM) network which predicts
the demand of a venue at the subsequent time-step.

One of the biggest challenges in modeling is that models can often be overly-simplistic,
considering only a small subset of data types and attributes. This dissertation presents novel
methodologies for existing data taking into account complex attributes of cities and their
dynamics. The intersection of machine learning and network science has numerous valuable
applications, which we highlight through the work in the subsequent chapters.



Chapter 3

Predicting the Temporal Activity
Patterns of New Venues

Following an introduction in Chapter 2 to research on human mobility, machine learning, and
complex networks, this chapter introduces a model which uses machine learning to predict
the future demand of new venues. Speci cally, this chapter demonstrates the potential in
using Gaussian Processes in conjunction with temporal similarity metrics to build urban
forecasting models.

The main contribution of this chapter is a prediction framework able to use characteristic
temporal signatures of places together with k-nearest neighbor metrics to forecast weekly
popularity dynamics of a new venue establishment in a city. We show that temporally similar
areas of a city can be successfully used as inputs of predictions of the visit patterns of new
venues, with an improvement of 41% compared to a random selection of wards as a training
set for the prediction task. We apply these concepts of temporally similar areas and locality
to the real-time predictions related to new venues and show that these features can effectively
be used to predict the future trends of a venue. Our ndings have the potential to impact the
design of location-based technologies and decisions made by new business owners.

3.1 Introduction

Cities are complex systems that constantly change over time. From city dwellers that
commute to work on a weekday morning to visitors who arrive in town for business or leisure,
the urban landscape is transforming at a fast pace. The way in which city neighborhoods
become popular over time has been a fundamental area of study in traditional urban studies
literature as it is critical to city governancg9, 18]. The rise of mobile technologies and



22 Predicting the Temporal Activity Patterns of New Venues

collective sensing in the last decade has contributed to the generation of large datasets that
describe activity dynamics in cities and has created new opportunities for research in the area;
for example, several works have proposed the use of cellular data to understand collective
mobility dynamics and inform planning decisiorisip, 25, 140, 20, 85]. Beyond cellular

data, the increasing popularity of services like Twitter and Foursquare has yielded new inputs
for capturing theneartbeatof a city [57, 159 187]. Further, trends in credit card transactions
have also been used to study human patterns across space and time [160].

On the venue level, temporal dynamics and the spatial con guration of urban activities
has helped decide where to geographically place new retail faciliiés91] as well as to
power mobile applications such as local seat] by exploiting place temporal dynamics.
Nevertheless, little work has looked at predicting what happens after a new venue opens in a
city neighborhoodwill it become popular?and moreoverat which times of the week should
the owner of a retail facility expect high volumes of customer trafldf?s information is
important during the early stages of a new business when staf ng levels must be decided,
supplies bought, and opening times established.

In this chapter, starting from the premise that mobility in a city is driven by local urban
activities, we provide an analytical framework that captures the popularity dynamics of urban
neighborhoods. We then exploit these temporal patterns across areas to predict the popularity
dynamics of newly established venues. The primary data input we use for our study is a
longitudinal dataset from location-based service Foursquare describing mobility in terms of
usercheck-insat public venues in the city of London. Our approach can be summarized as
follows:

» Temporal characterization of urban activities across regions¥First, we show how

the temporal pro le of an area in terms of the number of mobile users that visit over
the course of a week varies signi cantly from neighborhood to neighborhood. These
temporal pro les are shaped by the daily and weekly circadian rhythms of moving
populations as well as their choice of speci ¢ urban activities at key times. Further, we
demonstrate how the popularity dynamics of venue categories give rise to the temporal
patterns of the urban areas that contain them, highlighting how urban activities and
population levels at a neighborhood are inherently interconnected temporal processes.

* Predicting the popularity dynamics of newly established venues\ext, we harness
the temporal popularity patterns of venue categories to predict the weekly temporal
pro le of a newly established venue. Our approach is based on two key principles.
First, we exploit the fact that despite their differences, neighborhoods in a city can
exhibit a high degree of temporgynchronicity even if they are geographically located



3.1 Introduction 23

far from one another. For example, the city of London includes neighborhoods such as
SoHo and Camden Town, both of which attract a young late-night crowd. These shared
traits could mean these neighborhoods are likely to become popular at similar times.
Second, we make use of the principldatality that suggests that the temporal pro le

of venues in the same neighborhood are highly correlated as individual movements in
a city tend to be constrained by distance. We combine the propertssdfironicity
andlocality in a novel k-nearest neighbor model to determine similarities between
neighborhoods in cities and use this understanding to predict the characteristic demand
curve of a new venue. We use classic Gaussian Processes along with a k-nearest
neighbor approach to build a model which predicts a new venue's popularity temporal
pro le. Our results perform signi cantly better than our random baseline, decreasing
the normalized root mean square error by 41%.

» Real time demand prediction of new venuesFinally, given a new venue, our goal
becomes to predict how the demand changes as that venue matures over time. With
each progressive month of growth for a new venue, it is to be expected that some
venues ourish and grow in popularity over time while others may be less successful
and see their demand decline over subsequent months. Although sparsity can be an
issue when working at a ne spatial granularity, making the formulation of a regression
problem challenging, we show that it is possible to improve the prediction of expected
levels of visits for the next time step by using an approach based on neighborhood
synchronicityandlocality. We train a Gaussian Process model on the month to month
trends of check-ins to other venues and wards and use these as inputs to forecast
the popularity of a new venue. In doing so, we incorporate recent changes in urban
mobility which could arise, for instance, due to the presence of new events nearby or
other anomalies such as transport disruptions.

This approach enables a ne-grained dynamic estimation of activity for new venues.
Obtaining analytics in this context can help can business owners predict demand in dynamics
for their business and therefore plan better the provision of services to their customers.

The remainder of the chapter is organized as follows. In Section 3.2, we motivate our
work and introduce the related work in the area. Section 3.3 gives an overview of our
approach and Section 3.4 introduces a formalization of our framework. Section 3.5 reports on
our temporal analysis of venues and neighborhoods in London. In Section 3.6, we describe
a method for predicting the characteristic temporal pro les of a set of new venues using
a batch-learning approach, whereas in Section 3.7 we present an analysis of the real-time
extension of this approach. We conclude the chapter with Section 3.8 discussing our results.
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3.2 Related Work

The ubiquity of GPS sensors on mobile devices as well as the introduction of the mobile
web have been game changers with respect to the scales and types of data available about
human mobility. The rise of services such as Foursquare and more generally applications
that rely on geo-tagging technologies (e.g. Twitter, Instagram, Flickr) combined with the
accessibility to the corresponding APIs have offered novel views to collective mobility
activity in cities [L18 122. This has led to more granular representations of urban activities
across space and timg7, 187, 159, and has been used to characterize cities in terms of their
urban growth patterngJ/] and cultural boundaries in terms of their culinary patted&].
Additionally, such location-based technologies have signi cantly improved the quality of
experience for mobile users as they navigate the city. Foursquare's data science team exploited
the weekly temporal visitation patterns of venues to power its local search eddie [
Google Maps recently incorporated the featpopular timesthat appears when search
results about places are shown to uség, [while Facebook launched its in-house place
search servicegl]. The commercialization potential of such services has naturally expanded
beyond the realm of location-based technologies and has contributed to coining the term
location intelligencevhen referring to business intelligence relying on geospatial data. In
this direction, several works have appeared on retail optimization in cities, including the
identi cation of the best location to open a new sh8g,[91] or the ranking of areas according

to their real estate value [59].

Before datasets from location-based services became available, those collected from
cellular networks paved the way for understanding the collective dynamics of urban activities.
Ratti et al. in [L4Q present one of the rst works that demonstrates how urban landscapes
transform in real time as populations move around the city. Beyond dynamic visualizations,
the authors in142, 25] characterize in statistical terms urban activity variations and provide
interpretation on the observed patterns in terms of the underlying urban activities, such as
transport and residential land uses, which drive population volumes regionally. Becker et al.
in [20] use cellular data to characterize mobility trends across different metropolitan areas,
while the authors ing5] propose using cellular data as an alternative to travel surveys so
that more accurate spatio-temporal representations of mobility ows are obtained. Urban
transport data has often been another source for capturing city dynamics [146, 162].

While in many of the works mentioned above, information on the temporal visitation
patterns of users to locations has been used as input, none has looked at predicting the
temporal signatures of visits to venues per se. This is where the primary novelty of the
present chapter lies. Considering the temporal patterns of user visits at newly established
venues as our main prediction task we are hoping to offer new insights on location-based
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analytics for business owners that would empower them to make more informed choices
on staf ng, provision of goods, resources in the early days of their new business. We
also envision the use of similar approaches to inform several tasks that are applicable in
the urban domain. These may include the spatial deployment of taxi eets and pooling
services [12, 147] or the allocation of police or ambulance resources [138, 156].

3.3 Our Approach at a Glance

In this section, we describe how our approach to the prediction of visitation patterns to new
venues harnesses temporal similarities of urban neighborhoods. Our analysis revolves around
the concept of a characteristic weekly temporal pro le, a time series representing typical
changes in demand of a given entity over the course of a week. We explore characteristic
pro les of venues, which uctuate based on user mobility patterns, and neighborhoods that
are composed of venue pro les.

We begin with the premise that venue categories have different characteristic weekly
temporal pro les. These pro les represent variations in demand based on a user's propensity
to visit that category at a given hour of the week. For example, the category of Travel &
Transport is likely to correlate with changes in rush hour traf ¢ while Food could instead
be dependent on typical meal times. Different neighborhoods in a city have characteristic
weekly temporal pro les which are made up of contributions from different categories. We
posit that neighborhoods which have similar temporal pro les or similar contributions of
venues to their temporal pro le could be predictors for each other. We apply this idea towards
the analysis of new venuegiven a new venue in a given neighborhood in a city, can we
use the the demand pro le of venues in temporally similar wards as predictors for our new
venue of interestFor new venues opening up in a city, often no prior information is known
about the expected popularity or demand dynamics. The ability to approximate and better
understand these metrics can be crucial for the success of a new business owner.

This characteristic temporal curve provides a static representation of the typical changes
in demand of a venue over the course of a week. We build upon our analysis of new venues by
dynamically predicting how the demand of a venue will change. Starting from one week after
a venue has opened, we show that we can use data from venues with similar characteristic
curves to more accurately predict the changes in demand at the next time step.
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3.4 Notation and De nitions

3.4.1 Dataset

LBSNs have recently experienced a surge in popularity, attracting millions of users around
the world. The widespread adoption of these services in addition to location-sensing mobile
devices has created a wealth of data about the mobility of humans in cities. Foursquare, a
popular location-centric media platform, enables users to check into different locations and
share that information with their friend group. As of August 2015, Foursquare had more than
50 million active users and more than 10 billion check-ins [176].

In this chapter, we use a longitudinal dataset describing urban mobility and activity
patterns in Greater London that spans three years and millions of check-ins. For each venue,
we have the following information: geographic coordinates, speci ¢ and general category,
creation date, total number of check-ins, and number of unique visitors. The speci ¢ and
general categories fall within Foursquare's API of hierarchical categories. A full list of the
categories can be found by querying the Foursquare API. General categories are overarching
groups to one of which each speci c category is assigned. Examples of general categories
could includeFood or Travel & Transportwhile examples of speci ¢ categories could be
Chinese Restaurants Italian Restaurantswhich both aptly fall under the category Bbod
In addition to data about venues, the dataset also cortainsitionswithin London. A
transition is de ned as a pair of check-ins by an anonymous user to two different venues
within the span of three hours. A transition is identi ed by a start time, end time, source
venue, and destination venue. Our dataset includes 18,018 venues and 4,000,040 transitions
for Greater London. The dataset comprises of check-ins from December 2010 to December
2013. This dataset was obtained through a collaboration with Foursquare.

3.4.2 Formalization

In this section, we introduce a formalization of our model. Electoral wards are the main
building blocks of administrative geography in the United Kingdom; Greater London consists
of 649 electoral wards and these spatial units uniquely identify London borodghswWe
use wardsv 2 W as a means of subdividing Greater London. We also consider verug's
A venue has a precise geographic location in a ward. A vensieepresented with a tuple
v=< loc;g;s> whereloc is the geographic location of the venggis general category and
Sis its speci ¢ category.

We de ne atime intervalt as the intervaltD; (t + 1) D] of durationD. For example the
time intervalt = 0 indicates the intervd0; D], the time intervat = 1 indicates the time
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interval[D; 2D] and so on. In our work, each time interval represents distinct hours and do
not overlap.

De nition 1: Temporal Pro le of a Ward. Similarly we de ne the temporal pro le of
a wardw in an interval[0; T] as the following sequence (i.e, time series):

CY[o;T]=fdg'g with t=0;1;:::T 1 (3.1)

wherec!" is thetotal number of check-ins in the wakd during the time intervatl.
De nition 2: Temporal Pro le of a Venue. We de ne thetemporal pro le of a venue
in an interval[0; T] as the following sequence (i.e, time series):

C'[0;T]=fc/g with t=0;1;:::T 1 (3.2)

wherec is thetotal number of check-ins to venweduring the time interval.

De nition 3: Aggregate Temporal Pro le of Venues of a Generic (Speci c) Category
in a Ward. We then de neV,, as the set of the venues @énericcategoryg in a wardw.
Similarly, we de neVs,, as the set of the venues gjfeci c categorysin a wardw.

Therefore, theaggregate temporal pro lef venues ofyenericcategoryg in a wardw in
atime interval0; T] is de ned as the following sequence (i.e, time series):

CVow[0;T]= fc?Vg with t=0;1;:::T 1 (3.3)

wherec?" is thetotal number of check-ins to venues of general categpirythe wardw
during the time interval. The temporal pro le of venues of a speci ¢ category in a ward can
be de ned similarly.

3.5 Temporal Patterns of Mobile User Activity

Having formally de ned the concept of temporal pro les, in this section, we discuss temporal
trends of wards within Greater London and demonstrate how the composition of those
wards plays a crucial role in creating a characteristic pro le for that ward. We begin with
an examination of all wards at one particular point in the day, highlighting that different
categories dominate different wards at any given point. We then analyze more closely
the characteristic temporal pro le of two wards in London and discuss how their different
category types contribute to their different overall pro les. We then quantify the similarity
between the overall temporal pro le of the 15 most popular wards in London and discuss how
similarity in temporal visitation patterns could inform predictions for the temporal pro le of

a new venue.
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3.5.1 Regional Temporal Activity Patterns

Fig. 3.1 The most popular category in each ward at 10ghtlife Spotsare represented in
red, Travel & Transportin green,Foodin blue, andOutdoors & Recreatiom grey.

Looking broadly at all wards within the city of London, we choose one hour of the day to
highlight the idea that the popularity patterns of different neighborhoods can be dominated
by different categories. Figure 3.1 shows the most popular category in each ward in London
in the time intervat = 17whereD= 1 (i.e., between 5 to 6pm). For certain wards, this time
of the day could be dominated by transport traf ¢ as individuals commute towards home.
For others, the most signi cant contributor could be nightlife, as individuals head to the pub
for an evening drink. Similarities in the contribution of different categories to the overall
temporal trend of a ward could be an indication that those wards attract individuals with
similar demographics or have similar characteristics. An analysis of these similarities can be
harnessed to better model, characterize, and pro le different wards in a city.

Looking more closely at category types, Figure 3.2 presents the characteristic temporal
pro le of three categoriesNightlife SpotsColleges & UniversitiesandGymsor Fitness
Centers Each pro le is a direct function of a users's propensity to visit at a given hour of
the day and day of the week (T = 168). The pro les of different venue categories in a ward
establish the overall pro le of that venue. A close examination of different wards within
the city of London and of the categories which make up those wards present a number of
interesting insights on how those vary in terms of their temporal visitation patterns.
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