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ABSTRACT

cial source of data for understanding user behavior and preferences. Mining data

from these platforms has emerged as a significant research focus due to its potential
to study patterns in user activities and preferences. The proliferation of LBSN-based
applications generates vast datasets that yield valuable practical insights in areas such
as public transport analysis, route optimization, disaster management, and location rec-
ommendations. The interactive features of these platforms allow users to share interests,
activities, and multimedia content, producing rich datasets. These services capture and
store user information alongside real-time data, enriched with metadata, textual content,
multimedia, and geo-locations, facilitating comprehensive research into various aspects
of user behavior patterns.

The dissertation first introduces a three-step analytical framework that combines
statistical, temporal, and spatial modeling to analyze LBSN data. Previous related anal-
ysis approaches typically focus on single application domains, such as venue popularity,
this dissertation introduces a comprehensive framework incorporating the three-step
modeling across multiple domains, applied through case studies with analysis of user
behavior in Shanghai using from Sina Weibo (Weibo), a famous LBSN in China. To
enhance the accuracy of activity pattern study, Kernel Density Estimation (KDE) is
implemented for anomaly detection and employs point pattern analysis to examine venue
proximity effects. This approach reveals relationships between different venue types and
enables detailed investigation of specific user categories, such as patterns in individuals
associated with educational institutions and restaurants, providing deeper insights into
activity patterns.

To address the limitations of traditional LBSN analysis, researchers either acquire
domain-specific data or manually filter through millions of records. This dissertation
presents Machine Learning (ML) approaches and develops Deep Learning for Location
classification (Deep-Loc) models for venue classification and prediction. The proposed
ML models achieve significant accuracy of 85-93% in tourism venue prediction, while the
Deep-Loc methods demonstrate 99% accuracy in venue classification. These results help
in find common reasons behind the specific behavior (previously addressed in literature
as “maybe” or based-on assumptions). Furthermore, the study includes a hybrid group
recommendation model that integrates collaborative filtering with context-aware fea-
tures. This model, validated using Gowalla data, outperforms existing methods across
different metrics, establishing a robust framework for LBSN data analysis applications.

I n today’s digital age, Location-Based Social Networks (LBSNs) have become a cru-
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The research methodology encompasses detailed documentation of the implementa-
tion stages, platform specifications, design, and is supported by comprehensive pattern
analysis and empirical validation using case studies with real-world datasets.
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CHAPTER

INTRODUCTION

his chapter is an overview of the research work undertaken within the scope of
this Ph.D. in ’‘Communication and Information Systems’ research dissertation.
The choice of a significant research problem domain is defended by an extensive
literature review to support the goal. Previous studies that motivated the devised
research are presented in detail in the next chapter. The hypothesis and key objectives
are then introduced, pertinent to Ph.D. level research and investigation, followed by
future research in the same domain. This chapter provides the thesis organization for

the following chapters in this dissertation as well.

1.1 Research Domain

1.1.1 Background

Most high-tech applications implemented today take the form of online communication
a set of heterogeneous, discrete, interdependent systems interfaced with individual
diverse mobile devices, laptops, or desktops. These LBSNs generate data enriched with
metadata including multimedia content, textual information, and geo-locations, along
with demographic elements such as age and gender [1]. The complexity and richness of
LBSN datasets make their qualitative and quantitative modeling particularly valuable
for researchers. This research has significant implications across multiple domains,

especially in the development of intelligent applications and Smart City.
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CHAPTER 1. INTRODUCTION

1.1.2 Context of Study

The diverse attributes of user data, including gender, demographic information, and
temporal patterns, enable researchers to explore behavioral patterns across both in-
dividual users and larger populations. Current online technologies generate Big Data
at unprecedented scales, containing complex patterns and relationships within their
structure. This data complements traditional information-gathering methods such as
surveys and questionnaires, providing opportunities to investigate novel patterns in user
activities, interests, and preferences. These insights, when properly analyzed and pre-
sented, support practical applications across multiple domains such as venue popularity
analysis for restaurants and tourist attractions, recommendation system development,
smart city planning, and urban infrastructure optimization and many more [2].
Therefore, modeling the rich contextual data from LBSNs provides insights not only
into users’ overall behavior but also into specific categories like transportation, educa-
tion, and tourism. In modern cybernetic environments, data mining reveals complex
interactions and behavioral patterns that can be analyzed across multiple temporal refer-
ence points. LBSN databases now extend beyond simple numeric and alphabetic values,
offering opportunities for patterns, trend analysis, and behavioral traits and variations.
When properly modeled, these patterns can rapidly identify significant events, anoma-
lous behaviors, and previously unobserved trends. These analytical insights contribute
to improved venue management, event planning, and transportation optimization, ulti-
mately supporting the development of intelligent solutions for modern urban challenges.

Some of the important terminologies are given in Table 1.1 along with their definitions.

Table 1.1: Important Terminologies

Term Definition

A PC/mobile-based online social networking which utilizes and stores loca-

Location-based Social Network . .
tion information.

A user confirms his/her location on the LBSN while engaging in an activity
Check-in at a specific location or automatically shares location information when
sending a message on LBSN.

Density The degree of compactness of things.
Venue The Point of Interest (POI) or location from where the users’ check-in.
Spatio-temporal The analysis with respect to space and time.

A multivariate method that uses random sample data for estimating the

Kernel Density Estimation .
density.




1.1. RESEARCH DOMAIN

This thesis explores the following, which are proven to be merits of the proposed

research methodology.

e For LBSN data significance, this research provides evidence of more efficient data
sources in various fields.

* The classification of data into relevant groups makes it more efficient for re-
searchers by eliminating the filtering of thousands of venues individually.

* Our proposed classification model can provide a baseline for further research in
this domain.

* Venue prediction methods can be used in recommendation systems and research in
to specialized domains.

* For data analysis, we present an effective three-step (Spatial, temporal and class
based) analysis method to explore various valuable patterns within the data.

¢ (City planners and activity related personnel can benefit from the knowledge about
the activities and preferences of residents and tourists within the city.

* Integrates location, time, and personality for user-specific, context-aware sugges-
tions.

* Leverages external data (e.g., social networks) to recommend POIs for new users
and places.

* Combines CF and contextual features for better recommendations.

¢ Utilize individual preferences for cohesive group suggestions.

1.1.3 Analytical Challenges and Proposed Framework

The LBSN data analytics in this thesis addresses multiple analytical challenges and re-
search problems. Firstly, the modeling of multi-user and multi-class data aims to identify
common population characteristics, providing two key benefits: uncovering previously
undetected patterns and validating datasets through confirmation of established human
behavioral norms [3]. While existing research literature supports spatial and temporal
analysis for pattern extraction, such studies often either present only a broad overview
of human behavioral patterns or reduce multi-class data analysis to single-class observa-
tions [4]. This research begins with the overall activity trends and extends venue based
analytics for finding the effect of different venue types on overall patterns. Secondly,
designing a computational model that verifies the significance of each variable considered
within the available data used for analysis before preceding to the implementation to

show the efficiency of using LBSN data for such analysis.
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CHAPTER 1. INTRODUCTION

Thirdly, the development of machine learning model that classifies users into cate-
gories based on their activities, eliminating the need to repeatedly filter through vast
amounts of heterogeneous LBSN data. This approach enables the extraction of multi-user
data and analysis of relationships between different venue types across various datasets.
The classification system addresses a key limitation in current research by enabling
targeted analysis of specific domains: for instance, allowing educational research to focus
exclusively on data from educational venues, or transportation studies to analyze data
specifically from transport locations. This proposed framework provides a template for
domain-specific feature extraction, representing a substantial improvement over existing
LBSN analytical approaches. Finally, using the proposed approaches as components
for designing an enhanced group recommendation model for LBSNs taking into count
the contextual information, temporal and spatial features along with commonly used
collaborative filtering (CF) techniques.

This work proposes enhancement and efficiency in pattern analysis using LBSNs
data, not limited to the overall abstract patterns in population but with proper spec-
ified classes critical to the progressive way of life in modern research.The enhanced
approach enables more precise and targeted analysis, supporting evidence-based smart
city planning and development. This research primarily focuses on developing analytical
models, classification systems, recommendation system and observation of methodology
in the case study of LBSN analysis. The importance of this research domain reflects
the multidimensional nature of LBSN datasets, which capture diverse user interactions
across multiple platforms. The study presents a systematic analysis of LBSNs datasets,
examining behavioral trends across spatial and temporal dimensions. The findings reveal
both common and some interesting distinctive patterns, demonstrating the significance
of this analytical approach for understanding user behavior in LBSN contexts.

This research project, "A Study on Data Analysis of Spatio-temporal Modeling in
Location-Based Social Networks" presents a comprehensive analysis of LBSN-generated
Big Data analytics. The dissertation explores the conceptual, theoretical, and prac-
tical frameworks for extracting actionable insights from LBSN data with real-world
implications and applications. The feasibility and significance of the project, with rela-
tionship between this study and the wider field of LBSN studies is mapped in Figure 1.1,
highlighted as the research domain.



1.2. RESEARCH GAPS AND OBJECTIVES

Platform Data Research Areas Research Topics
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Figure 1.1: Scope of Research

1.2 Research Gaps and Objectives

The comprehensive literature review identifies critical gaps in current methodologies,
clarifies research objectives, and outlines potential advantages of the proposed approach.
These findings, detailed in the following subsections, serve as benchmarks for developing

the research framework.

1.2.1 Research Gaps

The analysis, classification, and modeling of Big Data extracted from LBSNs addresses
key research requirements identified through a systematic literature review. The follow-

ing sections detail these critical aspects.

¢ Need for validation of LBSN data patterns against established human behavioral
trends.

* Role of enormously generated LBSN data and its efficiency instead of manually
collected data.

* Analyzing and Develop analytical models to uncover latent patterns within LBSN
Big Data.
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* limited studies on integration of anomaly detection models with density-based
methods for optimization and accuracy.

¢ Need for robust venue prediction methods for domain-specific venue information
extraction.

¢ Limited understanding of user preferences through spatiotemporal analysis various
venues types.

* The need to filter thousands or sometimes millions of records to find subject specific
data.

¢ Finding users preferences with the help of spatiotemporal analysis of historical
check-ins.

¢ limitations in robust integration of multidimensional contextual factors having

limited support for group recommendations in LBSN environments.

1.2.2 Research Questions

Based on the identified gaps in LBSN Big Data analysis and pattern recognition, the
following research questions have been formulated to guide this investigation. These
questions are structured to address specific aspects of data validation, pattern analysis,

classification, and contextual integration within LBSN environments.

* How can LBSN data patterns be effectively validated against established behav-
ioral trends?

* What is the comparative efficiency of LBSN-generated data versus manually col-
lected data?

* How can the reliability of LBSN based big data patterns be systematically verified?

¢ What is the optimal integration method for anomaly detection and density-based
approaches?

* Which methods can be used to efficiently extract domain-specific information from
large-scale LBSN datasets?

¢ What methods best facilitate accurate classification of venues into different classes?

e How can filtering mechanisms be optimized for large-scale data processing in
recommendation systems?

* How can multiple contextual factors be effectively integrated into LBSN analysis?

* What methods best support group recommendations while maintaining individual

preference consideration?



1.3. RESEARCH CONTRIBUTION

1.2.3 Hypothesis and Proposed Methods

Analysis of research gaps leads to the hypothesis: "The modeling of spatial and temporal
data from Location-based Social Network Big Data across classified categories can
enhance analytical capabilities and implementation effectiveness across diverse research
domains including recommendation systems."

Therefore, this research presents a comprehensive three-step framework incorpo-
rating classification, statistical analysis, and density estimation to extract meaningful
patterns and anomalies from LBSN data. The methodology integrates Multiple Linear
Regression (MLR) for data verification, Machine Learning models for activity-based
venue classification, and the development of an LBSN group recommendation system.
Additionally, the research validates the effectiveness of Kernel Density Estimation (KDE)
for geo-tagged data analysis through comparative assessment of famous density methods,
providing a robust approach to pattern identification with anomaly detection in LBSN
datasets.

* Implementation of Multiple Linear Regression for data verification.

* Representation of spatio-temporal analysis methods based on real data.

¢ Anomaly detection framework development using KDE with DBSCAN.

* Development of comparative analysis frameworks namely Point Density and KDE.

¢ Creation of efficient classification mechanisms with the help of ML.

* Development of activity-based venue classification models i.e. Deep-loc.

* Development of user preference modeling systems with Collaborative Filtering.

* Implementation of context-aware suggestion system for LBSN.

¢ (Creation of group recommendation frameworks.

1.3 Research Contribution

The contribution of this research as a part of the Ph.D. degree is to develop models
for the effective utilization of data for research and analysis and modeling of data
patterns defined in the research using LBSN. The patterns are then interpreted and
explained in accordance with examined trends (actual events based on the case studies of
Shanghai), which are identified from the data under consideration during this research.

The abstracted items are:

* Development and validation of LBSN data modeling frameworks for user behavior
analysis, incorporating spatio-temporal analysis to extract multi-dimensional user

preferences.
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* The research presents statistical models demonstrating the significance of these
datasets for behavioral pattern analysis.

¢ Comparative analysis of methodological approaches, establishing the feasibility of
the proposed framework and proposing classification models beneficial for LBSN
applications, particularly in venue recommendation systems.

¢ Implementation of ML models for venue classification and prediction, enhancing
the accuracy of location-based analytics.

¢ Creation of a hybrid recommendation framework for LBSNs that incorporates
multi-dimensional contextual factors, advancing the capabilities of location-based
recommendation systems.

Besides the theoretical knowledge and research skills, this Ph.D. journey has yielded the

following practical implications:

¢ Exhibit a clear understanding of up-to-date critical thinking in big data analytics
and state-of-the-art methodologies in analysis and processing actual data.

¢ Developed specialized expertise in Big Data analysis techniques, Machine Learning
applications for 3D image processing, Human Pose Estimation and recommendation
system for LBSNss.

® Acquired proficiency in modern development platforms and tools essential for
advanced research implementation.

¢ Created innovative data description, analysis methods for real-world applications.

¢ Internalized and applied ethical principles in the conduct of independent research.

1.4 Thesis Organization

After the introduction in this Chapter 1, this dissertation presents a comprehensive
literature review in Chapter 2, followed by a detailed study design outlining research
areas, data sources, and methodologies. Chapter 3 explores the implementation and
comparative analysis of spatio-temporal methods for LBSN data in Shanghai, focusing
on KDE with anomaly detection. Chapter 4 examines classification approaches and
analyzes the impact of venue types on city dynamics. Chapter 5 proposed Machine
Learning models for venue classification and specific venue class prediction. Chapter 6
details of the hybrid group recommendation system for LBSNs, combining the CF and
Singular Value Decomposition (SVD), which incorporates context-aware modeling and
group recommendation capabilities. The thesis concludes in Chapter 7 with a summary

of the research and future directions.



1.4. THESIS ORGANIZATION

Domain of Research
Research Objectives
Learning Outcomes
Research Contribution

YV VY

Big Data Analysis
LBSN and Weibo Check-in Analysis
Machine Learning and Classification
Venue Prediction

YV VYV

Spatiotemporal Analysis of LBSN data
Point Density and KDE Comparison
Anomaly Detection with Venue Clustering
Density Estimation

O
YV VYV

Venue Classification

Clustering-based Point Pattern Analysis
Nearest Neighbor Distance

Spatial Analysis with Venue Types

YV VYV

Machine Learning and Deep-Loc

Venue Classification

Classification Into Multiple Venue Types
Predicting Single Class Venues

YV VY

Spatiotemporal Context
Venue Based Group Clustering
Collaborative Filtering

Group Recommender System

e
(r 4
YV VY
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» Research Outputs and Activities
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Figure 1.2: Chapters’ Contributions and Connections



CHAPTER

BACKGROUND STUDY

ata analytics has been one of the most popular and focused topics among re-

searchers in recent decades. The top enterprises in the world, such as Amazon,

Google, and Facebook, emphasize on using big data analysis for decision making
can prove to be significantly beneficial and is believed to be of value to most analysts,
managers and executives [5]. Smart decision making based on analysis is considered as
the first step of a data-driven society which provides a vital role in the development and
effective advancement of organizations. Several benefits of big data have been described
by McAfee [6][16], considering the role of bid data in smart decisions and predictions
based on actual data rather than intuition which proved to be more beneficial for the
organizations in competition against rivals with the examples of digital enterprises like
Google already taking advantage of using the big data analytics. They found that these
organizations show 5% more productivity and 6% more profit than others by performing
better due to matching the needs of their customers based on evident data. LaValle et al.
[7] presented that the best performing organizations use data not just for decisions about
finance and operations but for other fields, including marketing, customer experience,
customer care and many more. According to De Mauro et al. [8], ‘Big Data’ has gained
value by creating partitions of population in different groups for customization, iden-
tifying preferences, finding trends, enhanced business models, services, and products.
Therefore, we can conclude that ‘Big Data’ is not just a fancy word, even not simply a
reference to volume but a valuable asset that helps enterprises for better understanding

their environment, employees and customer’s needs, behavior, activities, and companions.
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2.1. SPATIAL-TEMPORAL DATA ANALYSIS

2.1 Spatial-Temporal data analysis

The rapid advancement in technology has resulted in the exponential growth of 'Data’
at a remarkable speed. This made the handling of such huge piles of data much more
difficult, mainly due to its growing volume in contrast with the development of com-
puting resources. The term 'Big Data’ has always been considered a part of Computer
Science since early computing. The basic definition of ‘Big Data’ states that it’s the data
that cannot be processed using traditional tools. The formal definitions of 'Big Data’
still include the term "Structured data" however most researchers are considering and
utilizing the huge amounts of unstructured data as a source of extracting some of the

most interesting and valuable information in different research domains.
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Figure 2.1: Evolution of LBSN Data Research

In the last few decades, the interest of researchers in big data has increased expo-
nentially and research into big data, compared to other fields of computer science, has
gained tremendous attention, as shown in Figure 2.1 1. The term itself and articles like
"Big data is opening doors, but maybe too many" [18] and "Big data: the greater good
or invasion of privacy?" [19] suggest a perception of volume; however, there are more
features to be considered regarding big data, such as complexity, structure, behavior,
tools, techniques, and technologies used to process and analyze it. Dumbill discussed
three different dimensions of big data: "volume", "velocity" and "variety" of contents
[20]. Providing the insight that big data analysis is not that simple, Mayer-Schonberger
and Cukier highlighted the three main challenges of big data: populations instead of
samples, messy instead of clean data, and correlation instead of causality [21]. The

authors first explained that big data is always the collection of as much data as possible

lref: [9-17]
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and suggested that collecting, storing and analyzing massive data will be allowed in real
time for data scientists with the advancements in technologies. They called the sampling
an outdated deterrent and the method of using population for big data analysis to get
patterns claiming that the “random sampling of the bouts might have failed to reveal it.”
However, it seems quite beneficial to use all the data for analysis. However, even with
today’s technological power, it is difficult to capture all the data of all times. Another
dimension of big data discussed by the authors is "Messy" meaning measurement error
that is an obstacle for data scientists and the main concern of any data science. The
authors argued that the use of data analytics would allow analysis of more aspects
related to the problem hence leading to better results, but we must relax the standard for
accepting measurement errors. However, they failed to explain the difference between
precision and validity, as analysis of huge amounts of data may be precise but not valid
because of the use of systematically biased data.

The authors finally talked about the “Correlation” predicting that “big-data correla-
tions will routinely be used to disprove our causal intuitions, showing that often there
is little if any statistical connection between the effect and its supposed cause” in the
future. The authors believed that causality is based on correlation; we can find the cause
of an action or an event in a pattern by finding the correlation between the data related
to the action/event. This may not entirely be true as bias can easily alter the actual
causal effect. Additionally, Miller and Goodchild defined big data as data that cannot
be analyzed using traditional tools. The authors wrote that due to the potential impact
of data sciences, scientists are paying a great deal of attention to the methods used for
data-driven analysis. In 2013, Ovadia and Librarian emphasized the importance of big
data for social scientists and librarians and suggested that it is much too important to be
ignored, as most social science research is based on huge amounts of data and enormous
datasets [16].

2.1.1 Trajectory Data

As a central focus for many study fields, including time and space geography, urban
functionalities, human mobilities and more, big data analysis is a vast research field
that was initially studied using statistical data from surveys, interviews, travel diaries,
questionnaires and other manual collections of datasets [22]. Statistical data collection
may not be an efficient way to determine patterns in said fields and related studies.
Therefore the data from mobile devices, smart cards, GPS navigators, and location-based

and online APPs containing users’ activities with geo-locations are widely used and have
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been found to be more efficient for such studies [23]. The rapid advancement of mobile
technologies and excessive use of mobile devices, it is easy to track users’ locations from
their devices and activities. For example, Gonzalez et al. [24] introduced a dataset that
contained data from 100,000 users over six months, arguing that despite the variety
in individual human travel records, following reproducible and simple patterns. These
similarities in travel trends can be critical such as in urban planning, agent-based
modeling, and epidemic/pandemic prevention to emergency response. Although the data
only contained the nearby location of the mobile phone towers from where the phone
call originated, it still proved to be very helpful in estimating the approximate locations
of users with a certain margin of time and was subsequently used in the prediction of
human movement [25] where the authors used Entropy because it is the most basic
probabilistic measure that captures predictability patterns in time series data. The
goal was to find an answer to a very fundamental question, that is, What is the extent
to which we can predict human behavior, using mobile communication to foresee the
mobility and whereabout of individuals. The authors concluded that by using suitable
data-mining algorithms can be used to calculate the actual mobility predictions.
Various properties of Geographical Information Systems (GIS) functionalities with
the potential role in urban mining research were reviewed through a discussion on
how GIS data can be utilized to analyze, visualize, report and mine the temporal or
spatial or features for urban land use, its cover charges, and future possibilities [26]. The
modern digitized world allows researchers to conduct quantitative analysis of activity
patterns and related factors, like living areas, social contacts, and personal references.
Chang et al. used police crash data, loaded it with X and Y coordinates and applied
the suggested methods to study the spatial distribution of road crashes in Shanghai
[27]. Huo et al. categorized user activity into three different sections, namely location
prediction, trajectory mining, and location recommendations [28]. These authors also
emphasized its role in the understanding of user activity patterns and how it can be

beneficial in many areas like traffic control, disaster relief, marketing, and city planning.

2.1.2 Temporal Data

The research on human mobility and activity analysis initially took place as early as
1885, referring to the publication by E.G. Ravenstein [29]. The research was based
on census data for analyzing patterns in human migration motivated by the negative
and conflicting statement by Dr. William Farr, who stated that there appears to be no

definitive law or similarity pattern in human migration [30]. The author based his claims
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on millions of records of census data about the migration to analyze patterns in the
British, Irish and Scottish all over the United Kingdoms. The conclusions included three
main statements that are: the majority of migration are over short space, longer are
mostly to urban regions, and human migration is increasing with the development in the
economy. This research opened new doors in understanding human mobility and activity
studies using empirical data by highlighting patterns in human movements, such as the
effect of distance and economy on travel preferences.

The research direction was followed by many researchers in order to understand,
model and analyze patterns in human activity and mobility along with their traits in a
large number of behavioral studies [31]. The datasets used in these studies were collected
manually and therefore provided a static view of patterns in human mobility. This kind
of research can be helpful with insights about a city or county of users or even some
spatial information about the mobility of individuals, however, the census data can never
provide the exact time of each and every visit to the smaller granularity. Therefore, the
data acquired through census are considered to suffer from limited granularity with
respect to temporal and spatial features to describe human activities. Despite that,
the census data can provide useful information about the overall patterns in human
mobility on a large scale; however, it fails to capture a large portion of important short-
term or daily based movement and activities within small distances, especially in the
case of urban environments and studies based on developed urban cities where people
have several activities on a regular basis which is important to understand human
behavioral studies, urbanization, and smart cities. Some of the main challenges produced
by modern urbanization include planning and management of transportation and other
administrative services based on the use and movement of people within the city [32].

The most common method for studies related to the human population has been
representative surveys which made the acquisition of information possible about the
origin, transportation, and destination of each trip within a city [33]. These survey-based
studies of the mid-1970s laid the foundation of modern urban mobility theories with a
huge impact on similar studies today. With the deployment of Second Generation (2G)
technologies in the early 1990s changed the source of communication and this kind of
study immensely. This made the tracking of the movement over a small period of time
even up to great granularity, like within seconds, with relatively high precision in terms
of geography, population and time. Among the first large scale study of human mobility
using Call Record Detail (CRD) was published in the year 2008 [24]. Even if the CRD

records made it possible to predict the location of given users with 93% accuracy [34],
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however, this accuracy is based on a threshold of a few hundred meters approximation.
Therefore, it was a big step from the manual survey but failed to capture the exact
movement, as stated earlier, in urban environments and short distances. This led to the
need for data sources with the exact locations (latitude/longitude) at any specific time,
which is provided by the modern LBSNs, along with other valuable records with much

greater information potential.

2.2 Location-based Social Networks

Online social networks are considered as some of the most significant sources for data
analysis because of their widespread and ever-growing use in almost every part of the
globe. To show the importance of understanding human mobility patterns, Cohn et al.
analyzed the behavior of about 10,000 different LBSN users considering the types of
visited places and the observation in time, proving that combining temporal similarities
of user behavior is more beneficial in various applications [35]. LBSNs enable users
to post their interests , activities, and locations,(Figure 2.2 [36]) creating data that
researchers can analyze across multiple fields.

In some famous early article, Alrumayyan et al. studied peoples’ patterns related to
various venue categories in the capital city of Saudi Arabia, Riyadh, with the support
of Foursquare data [37]. They used sentiment analysis and Latent Dirichlet Allocation
(LDA) model for finding the popularity of venues with positive comments and low ratings.
The study was more focused on the Food’ category because people are more interested in
sharing their experiences and leaving comments while visiting food venues. Similarly,
A study by Lin et al. in San Francisco New York, and Hong Kong, from check-ins of
about 19,000 Swarm (an APP of Foursquare) users, discussed the user preferences and
associations between different venue categories in different cities, at different times of
the day [38]. They concluded the common human behavior among all three cities by
correlating the data on venues with respect to time. LBSN data is used in several critical
domains such as Graham et al. [39] studied the importance of LBSNs in assisting local
governments by conducting a survey of more than 300 government officials from the
United States. They discussed the contribution of LBSNs for managing a crisis, resulting
in positive relationships with the ability of users to control the crisis situation. Other
similar studies highlighting the ability and use of LBSN tools in crises include articles
on the wildfires in California [40], suggesting that people from society will use any avail-

able source for information according to their needs and actions while facing disaster,
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presenting the case study of Hurricane Sandy and evaluating the initial emergency
response based on Twitter along with government response in the face of disaster, and
the earthquake in Haiti which evaluated that how the social networks can be additional
source of data for disaster management [41].

Various studies and analytical methods focusing on human activities derived from
mobile data have been explored in a number of article [42]. Myers et al. studied human
mobility patterns from datasets of two LBSN’s refer not to share their location while
checking-in from various places due to multiple reasons, raising a concern that the LBSN
data may not be suitable for human mobility studies [43]. However, it was followed by
various studies about activity patterns from LBSN data [44], proving the significance
of using check-in data from LBSN. Ezequiel et al. presented personalized geo-social
recommendations based on LBSNs by using two different datasets (Foursquare and
Gowalla) and observed similar patterns in both datasets by studying the privacy pre-
served personalized geographical influence of locations [45]. Wang et al. conducted a
broader study by using data collected from Foursquare and Yelp to identify factors that

help to uncover the reasons for venue popularity [46].
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Figure 2.2: LBSN Data Generation

The popularity of a venue was calculated based on the frequency of check-in from
various users at the specific venue. 2.2 demonstrates the concept of Check-ins where
a) represents the users, b) locations and c¢) Check-ins. It was concluded that there are
three main reasons influencing the popularity of a venue; 1) venue profile information,
as venues with complete profile information are undoubtedly more popular; 2) venue

age, as people tend to visit known and famous places and 3) venue category, as venues
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under the 'Food’ category were found to have the highest number of check-ins. Nowa-
days, social network applications are commonly used, and the generated data implies a
significant and certain trace of useful information for the analysis of urban dynamics.
This demonstrates the opportunities; how the massive sources help to acquire a better

understanding of social dynamics and can be used in urban interferences [47].

2.2.1 Weibo (LBSN) Check-in Analysis

Lots of research has been done uncovering different features in and from LBSN data in
the last few years. Most of the previous researchers studied information from LBSNs
like Twitter and Foursquare to investigate a variety of patterns, like user activity and
mobility, urban planning, and venue categorization. Weibo is a famous LBSN in China
and has proven to be an efficient source of data for this type of analysis. Long et al.
used human mobility and activity patterns based on Weibo along with transit smart-
card data to analyze the growth of urban boundaries for the city of Beijing [48]. It was
accomplished by developing three measures: by quantifying the effectiveness of urban
growth boundaries with user activities, the correlation between planned population and
human mobility, and urban activities. Rizwan et al. used Weibo data from early 2016 to
observe check-in behavior and gender differences [49]. The authors identified different
parts of the city preferred by either gender at different times. The key contribution of
the article was identifying the density of people all over the city using KDE. Our paper
[50] covered a similar task with the additional classification of the venues to identify the
major influence of user preferences within the city using Weibo dataset.

Hu et al. used Weibo check-ins for detecting urban hotspots and commercial venues
[51]. The authors detected the commercial areas by clustering the hotspots using geo-
distribution metrics and calculated the rough boundaries of the commercial hotspot by
calculating the center of the hotspot along with the distribution of an ellipse around it,
with is further processed by a proposed algorithm to find the actual boundaries of the
commercial hotspot. The method was further tested with time sequenced data of Wuhan
city from Weibo for extraction and detection of the commercial hotspots. Fang et al. [52]
presented a framework for analyzing the impact of disaster through LBSN data and
use of Weibo messages for analysis of response and recovery in a case study of Wuhan,
in flood and rainstorm disaster in 2016 . The temporal analysis was done using word
frequency in the messages along with the major impacts of that disaster, and created
hotspots using the spatial data of major flood sites, showing the effectiveness of LBSN

analysis for disaster studies and recovery in the mega city. Another article by Zhao et
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al. [53] considered the significance of LBSNs, specifically Weibo, in disaster situations
and proposed a similar framework for physical and emotional damage assessment in
a network environment in real time. The model captures detailed messages related to
disaster and assess them in real time to estimate the damage losses by using natural
language processing and semantic analysis for identifying the scale and duration of the
damage during a disaster by making use of a large amount of LBSN data.

Another famous method that can be used for LBSN data analysis is called The
Density-Based Spatial Clustering of Applications with Noise (DBSCAN). This is a no-
table anomaly detection providing a robust approach inspired by Garcia-Rubio et al., who
used DBSCAN with k-means clustering for anomaly detection [54]. It is a sophisticated
and widely used clustering method recognized for the ability in detecting clusters of
different sizes and shapes. Unlike other conventional algorithms including k-means, DB-
SCAN does not impose the pre-specified number of clusters, presenting a more adaptive
and flexible method for clustering various datasets. While DBSCAN offers flexibility in
discovering arbitrarily shaped clusters and automatically identifies noise points, it re-
quires careful parameter tuning (epsilon and minimum points), which can be challenging
in high-dimensional LBSN datasets. Conversely, k-means is computationally efficient
and easy to implement but assumes spherical clusters and needs the number of clusters
predefined, limiting its adaptability to complex urban mobility data. Both methods have
distinct advantages and limitations, suggesting hybrid or adaptive clustering strategies
may better capture diverse spatial patterns inherent in LBSN data.

The DBSCAN method is an important and famous approach in cluster analysis. Many
studies in LBSN studies used DBSCAN such as Yu et al. [565] proposed a recommenda-
tion model named NGPR which implements DBSCAN and Node2Vec technique along
with integration of the preferences, geographical distances and POI’s popularity for the
suggestions . In another study Karagoz et al. used DBSCAN algorithm for finding the
starting point for their graph based recommendation system by predicting the trust score
of LBSN users for recommending venues based on the users’ previous check-ins and their
social networks [56]. Similarly, Xia et al. studied clustered check-ins by implementing
DBSCAN on combination of study from two different datasets i.e., combining mobile
phone data with LBSNs data to understand the activity of the users representing the
population at an urban level with big data fusion in Shanghai [3].

In the fam noticed article by Karayazi et al., they developed a novel approach by com-
bining multi-source data i.e., heritage data, supporting data such as attraction, museum,

shopping etc. and LBSN data to explore attractiveness of tourist locations and their
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attraction characteristics. The authors also conducted cluster study with DBSCAN to
detect POIs [567]. Hu et al., [568] identified the mobility patterns of tourist by combination
of three methods. Firstly, collecting Twitters check-in data posted by tourists. Then, they
applied the DBSCAN for retrieving clusters of the tourist data and finally, implemented
an analysis method including indegree, outdegree, and association degree to retrieve
popular venues. Cantero et al. proposed the methodology to identify patterns both indoor
and outdoor users’ activities using LBSN data through clustering with respect to time
using DBSCAN for analyzing their daily activities with minimum infrastructure [59].
In a more recent study, Li et al. used linear regression on a dataset acquired from
Weibo to show the positive relationship between the officially reported cases of COVID-19
and Weibo posts in the Hubei province of China which were also predictive of the cases
COVID-19 percentage increase. People started talking about “unknown virus pneumo-
nia” at the beginning of the outbreak, and when the virus was officially announced, the

73

terms “Wuhan coronavirus” began to emerge and rapidly evolved to"“novel coronavirus"
or "COVID-19". The study demonstrates the role of Weibo during the progress of the

pandemic and the trends among people on social media [60].

2.2.2 LBSN and Machine Learning

A major sources of data used in different kinds of analysis is LBSN with the help of ML
methods requiring huge datasets. It is a valuable research field considered as the center
of a variety of research domains like geography analysis, human behavior, activities,
preferences etc. This kind of research initially used manual data collection approaches
like surveys, interviews, questionnaires, and other statistical methods [22, 61]. However,
with progressing time, the manual collection of data is not deemed appropriate due to
the requirement of big data in the true sense for finding significant patterns within
the data. The data collection method evolved into the use of global positioning systems
coordinates, location-based online services and smart cards with the developments in
mobile technology [20, 21].

As communication devices became more and more portable, the data collected about
the user activities through these devices became easier and more accessible to re-
searchers. One of the earlier research studies conducted by Gonzalez et al. [24] used
data from about one hundred thousand users. It was the early-stage introduction of
portable devices, and the technology to pinpoint the exact location of users was not
mature enough; however, it provided a reasonable approximation of the users with the

nearest base tower while making a call. The importance of using location-based data for
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user behavior and activity patterns is discussed by numerous researchers, including the
article [62]. The user activity analysis then shifted to use of LBSNs as a major source of
data because portable mobile devices became more readily available almost everywhere
in the world [35]. The facility of posting activities and preferences with locations provided
by the online services not only interests users to share their life with friends but also
works as a tool for generating large amounts of data which is used to find patterns in the
general user behavior by exploring the similarities and differences in these activities as
discussed in the article [63]. Many research articles are published comprising the study
of users’ behavior, including user mobility, geo-social recommendations, recommendation
systems based on studies of two different cities in the United Kingdom [64] etc.

One of the major research fields in the study of LBSN is exploring patterns in the
data with respect to venues [65]. In an earlier study, an enormous dataset was used by Li
et al. [66] containing about 2.4 million sites in 14 different countries from Foursquare to
find the popularity features of venues. The authors concluded three core features: venue’s
profile, age and nature of the activities as the most influential factors in the popularity
of venues. Similarly, Bawazeer et al. [37] conducted a study about 'Food’ venues and
the common users’ behavior in the capital of Saudi Arabia, Riyadh and suggested that
people share their experiences more frequently from food venues as compared to other
venues. A study based on Foursquare containing nearly 19,000 users from New York,
San Francisco and Hong Kong was conducted by Xie et al. [38] for the purpose of finding
out preferences among various types of venues during different times of day.

Most of the above-mentioned literature is based on data from mobile phones or some
of the most famous LBSNs used almost all over the world, such as Twitter, Foursquare
etc. The study of patterns within the LBSN data is based mostly on these internationally
recognized platforms, which represent most of the common users’ behavior and trends
[67]. However, these renowned applications are not commonly used in China. One of the
most frequently used LBSN in China is called Sina Weibo (or Weibo), which is utilized
by the majority of people and, therefore, famous amongst researchers for LBSN data
analysis. Some examples of studies based on Weibo include finding the attraction feature
of famous tourism venues in Shenzhen [68], the research on human mobility and activity
patterns for analysis of urban borders [69], sentiment analysis of users’ opinions from
within the contextual data for finding tourism attraction features and many more. In our
work, we used similar Weibo check-in data for analysis of user behavior with respect to
time and venues, the contribution of different types of venues in city dynamics with the

user preferences and the comparative analysis of the behavior of residents and tourists
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within the Shanghai city [50, 70, 71].

The automated data collection and analysis can provide more efficient ways for the
exploration of big data. Some of the significant applications of ML in exploring differ-
ent aspects of web based data include disease diagnosis using IoT, web mining, data
extraction on webpages, mobile localization in 3D wireless sensor networks, channel
propagation, socio-technological analysis of cybercrime, cyber security detection and
many more [72]. However, Previous research studies in the LBSN data analysis domain
are based on huge data collected online automatically in order to get more insights, but
the classification of data into multiple activities or venues has been done manually by
searching through thousands or millions of records of users’ data which takes a lot of
time and effort by the researcher. Therefore, in this study, we propose different imple-
mentations of various ML methods for venue classification into multiple classes and
predicting a desired class using the same data from Weibo for Shanghai applied in our
previous research. Although machine learning enables automated venue classification,
several challenges remain. Social media data is often noisy and imbalanced across venue
categories, which can bias models toward dominant classes. Additionally, labeled training
data is costly and scarce, limiting supervised learning effectiveness. Model generalizabil-
ity across different cities or LBSNs also poses difficulties due to varying user behavior
patterns. Future directions include semi-supervised learning, data augmentation, and

hybrid approaches to improve robustness and scalability in venue classification.

2.2.3 Venue Class Prediction and Analysis from LBSN

In today’s era, urban tourism takes place in a variety of venues throughout a city, like
theme parks, historic places, and museums, and also extends to shopping malls, local
neighborhoods, markets etc. [73]. Modern cities are multi-functional in nature, and
various users, including tourists and residents make use of different facilities like trans-
portation, accommodation, and restaurants; that are not exclusive for tourists. The
major problem of the past in data collection and lack of knowledge can be solved by
the availability of LBSN, which has proved to be a valuable resource for knowledge
discovery in many fields. Vassakis et al. discussed the significance of using data from
LBSN for extracting tourists’ behavior and presented a case study of Crete in Greece
from posts, nationality, reviews, place ranking, photos and engagements [74]. Dietz et al.
combined data from multiple sources, including Foursquare data about 23,418 trips from
77 countries, and calculated various metrics to ensure the validation and significance

of the considered data for extracting patterns in tourists’ behavior. The focus of this
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research was on identifying the countries that are visited in a single trip, the seasonal
visits to different countries and the duration of travel in each country [4]. Two different
groups classified as foreign and domestic tourists were compared by Maeda et al. to
identify the preferences of both groups based on Foursquare and Twitter data in Japan
[75]. The authors defined the tourist destination as an area that attracts tourists, for
example, a theme park, a historical place, resultant or hotel. By comparing the data of
local and foreign tourists in both temporal and spatial features, the authors concluded
that foreigners prefer that nightlife spots should be located near the tourist hotspots.

In most cases, tourists and residents are not isolated and rather mostly share same
venues and facilities in a city, as observed by analysis and comparison of the spatio-
temporal patterns of both groups within the city [76]. Vu et al. [77] presented a model for
extracting geographical data from geotagged images from LBSN and used the geo-data
to examine tourist travel patterns in different tourist destinations in Hong Kong. They
conducted a more specific analysis by identifying several key areas of interest for tourists,
mostly situated in the areas near the downtown. Tourists’ behavior was examined by
Talpur and Zhang through sequential pattern mining for mining trends and establishing
patterns for future predictions in tourism activities using Foursquare data in Singapore.
The authors focused on finding the similarities between the activity of different tourists
in order to identify the regularities in the patterns for better planning and management
of these more consistent activities at various tourist attractions [78].

The efficiency of check-ins from Foursquare for analyzing the tourists’ and residents’
behavior, instead of surveys and other traditional methods, was presented by Silva et al.
[79] with the application of such analysis for the most famous cities from four continents,
namely, Landon, Tokyo, New York and Rio de Janeiro. The results of the analysis identi-
fied locations that are more correlated with tourists and some related to residents along
with the most frequently visited locations by both the tourists and residents within the
cities. A study of users in eight European cities conducted by Garcia-Palomares et al.
[80] proved the high concentration of tourists’ activities at tourist hotspots as compared
to the residents’ activities by comparing LBSN data from Foursquare containing images
and GPS information. They also found the patterns within the eight cities and concluded
that some of the cities with world famous tourist destinations, like Paris and London,
have more dispersed tourist as compared to the other considered cities. Paldino et al.
[81] and Kotus et al.[82] also stated that tourists are mostly active in central areas of
the city, whereas residents are active in socializing places like squares, parks, and sports

facilities by comparing both the tourists’ and residents’ data. Paldino et al. used different
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datasets validating the findings from a source other than the geo-information provided
by the LBSN. The dataset contained about 100 million publicly shared images collected
over the period of 10 years, and all the images were labeled as tourists, residents or
unknown to America and Europe. While the article of Kotus et al. considered Poland
for a similar study, with the goal of finding the patterns in the development of tourism
related structures and the tourists’ behavior in comparison with the residents.

These studies analyzed tourist behavior based on data from various LBSNs in differ-
ent parts of the world. At the same time, Weibo has been considered by many researchers
for such kind of analysis for Chinese tourists. For example, Gu et al. [66] explored dif-
ferent tourism spots attraction features using check-in data from Weibo in a mega-city
China called Shenzhen. They concluded that theme parks from early 90s were observed
to be more popular compared to the latest established parks, geographic accessibility
effects the number of check-ins significantly from the different hotspot and that the
results from data analysis provide more useful insights for tourism management and
marketing strategies. In urban tourism, the activities of tourists and residents are not
only unevenly distributed in space but also in time [83].

The study of Chinese tourist activities in Lijiang, China, by Li et al. [84] based on
a famous LBSN platform, including photos of 356 Chinese tourists of about 8 years
and used geo-information to perform statistical analysis in order to determine various
patterns of tourist mobility and tourist hotspots all over the city. A similar study was
conducted for tourists by [84] Tang & Li in the Chinese city of Xi’an to examine the
patterns in tourist flow behavior, and function of traveled areas using users data [85].
The study revealed that tourism aggregation in some specific areas of the city and hier-
archical features in these patterns classified the travel nodes and routes into different
categories based on their spatial distributions. A more recent study from Liu & Shi about
Chinese tourism in Hangzhou city by using check-ins from Weibo analyzed the influence
of intercity high-speed trains on tourism the community in the region. The authors
concluded that travel accessibility and tourism are highly correlated with each other by
using the temporal and quantitative analysis of the data along with other factors like
weather, and proximity of nearby cities [86]. Another study by Wang et al. used Weibo
data to mine the tourism crowd in Shanghai [87]. This study initially analyzed Weibo
data to find the popularity of tourism venues, followed by sentiment analysis of tourist
opinions from Weibo contextual information.

The application of Weibo data for tourists’ travel patterns through LBSN data anal-

ysis with a case study of Chinese tourists in Australia, five popular analysis methods
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are discussed by Chen et al., including Geographic Information Systems, Gravity Model,
Markov Chains Model, Sequential Rule Mining and Social Network Analysis [88]. The
history of visited tourist destinations and the sequence of tours are very important and
crucial for tourism management and planning, especially in helping to predict the route
choices and travel demand of various tourist spots. Hasnat & Hasan used Twitter data
to analyze the tourist choice from the longitudinal travel data of the tourists for the
study area of Florida [89]. They used the Conditional Random Field method on the
sequence of locations visited by the tourist to predict the next expected destination. The
authors further explained the possibility of expansion of this method by adding more
content-based characteristics to get more flexible and accurate predictions. A valuable
opportunity for prediction through big data analysis is provided by the extensive use of
LBSN by the tourism community. One of the most common methods used by researchers
for the prediction of tourists’ next location based on their preferences is the Markov
model. For example, Liu & Wang proposed a recommendation system by applying Markov
Model to the data acquired from Weibo for predicting the next Point of Interest (POI)
based on patterns in historical travel data of the tourists and their preferences while
considering their current locations [72]. While LBSN data offers valuable insights, inte-
grating mobility data has the potential of complementing LBSN data for exploring the
activities residents in urban environment. Cagliero et al. proposed a multi-dimensional
approach that characterized urban activities in locations, time, and data source type
that allows for a comprehensive analysis of urban activities. By mining common activity
trends in both LBSN and mobility data, a deeper understanding of urban activities
can be achieved [90]. To gain a more extensive understanding of patterns in travel and
location attractiveness, Pezenka et al. provided the linkage of geo-tagged images with
reactions from users. Geo-tagged images offer insights into user travel behavior, while
likes and comments act as proxies for user awareness of common locations, providing a
more holistic view of travel patterns [1]. These articles provide evidence of using LBSN
data for activity analysis. However, our research extends these studies by analysis into
the contribution of venues in the activity patterns with the help of ML models.

The application of LBSN data in tourism research has emerged as a valuable tool
for studying long-term assessments of tourism. LBSN data provides a rich source of
long-term data used for studying tourism-related activities and tourist flows. According
to an article by Senefonte et al., geo-tagged data from platforms like Twitter and Flickr
can be leveraged to extract spatial signatures, enabling study of the spatial distributions

of city tourism and assessing tourism development over time [91]. Similarly, a study

24



2.2. LOCATION-BASED SOCIAL NETWORKS

by Senefonte et al. states that comparing LBSN data with official tourism data has
demonstrated a high correlation, particularly in representing the global tourism network.
LBSN data, particularly the platforms like Foursquare, can effectively capture the actual
tourism flows, making LBSNs a valuable sources for understanding global tourism [92].

In specific urban contexts by Wang et al. and Terzi, LBSN data has been utilized to
quantify and categorize cultural attractions from tourist preferences and travel trajecto-
ries. By analyzing LBSN data, such as Instagram geotags, researchers have identified
clusters of cultural attractions of tourism and presented typologies for historical and
contemporary based features. These categorizations enhance our understanding about
tourist preferences and present valuable insights for destination management [76]. The
relevance of social data, including LBSN data, has been explored by Bhatt and Pickering
in countries with low income, which rely on tourism, like Nepal. Analysis of metadata
related to pictures on platforms such as Flickr, researchers can study spat-temporal
patterns in tourism, identify specific tourism attributes, and evaluate tourist sentiments
and satisfaction. This research discussed about the understanding about how social
media data can effectively be utilized in developing countries for tourism research [93].
These studies use tourism related data by going through the heterogeneous data provided
by the LBSNs and don’t provide powerful and efficient machine learning. Therefore, we
proposed machine learning models for prediction and classification of LBSN data.

The past decade has seen a surge in research on urban tourism using various innova-
tive analytical approaches and data sources. An recent article demonstrated the utility
of geo-tagged social media data in exploring tourism flows, with one study presenting
an approach involving the weighted inclusion of comments and likes [1]. Another study
used geo-tagged social media records for analyzing the spatial behavior and distribution
of tourists in Tokyo’s major tourism sites [94]. These research findings highlight the
value of social media which is rich resource for information about tourism patterns
and behaviors. Significantly, studies have used LBSN data to provide an overview of
tourist activity and mobility in urban environments. This approach allows researchers
to monitor changes in city tourism geography over time. Interestingly, the application
of LBSN data in a sustained manner has been found to inform urban planning and
design in tourism destinations [91]. Research has also ventured into the interpretation
of tourism intensification using innovative concepts. For instance, one study used frac-
tals and fractal dimension to explore tourism boosting patterns in Lisbon and Oporto,
revealing significant associations between the dimensions and tourism intensification

across urban spaces [95].
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Table 2.1: COVID-19 Era Research Topics and Questions

Consumer Behavior

1. Identifying how consumer preferences are changing in relation to the reliability, cleanliness, and safety of a location
or service provider.

2. Improving our knowledge of consumer and employee psychology to comprehend how they perceive risk and behave
when faced with it.

3. Comparing consumer attitudes and behavior between hotels and Airbnb before and after COVID-19.

4. Using evolutionary psychology to comprehend and explain how short- and long-term effects of the pandemic on
tourism include disease dangers, social isolation, and economic hardship.

5. Examining the need for travel as the most important need in Maslow’s hierarchy.
6. Investigating how travelers manage uncertainty in their trip plans.

7. Measuring and monitoring shifts in the perception of the destination (some places are riskier than others due to
poorer hospitals, stricter sanitary regulations, etc.).

8. Recognizing the pandemic’s contribution to the rise in stereotypes, xenophobia, and ethnocentrism.
9. Analyzing visitor motivations and travel habits, as well as the growing significance of rural tourism.
10. Highlighting the significance of tourists’ impressions of crowded places.

11. Examining how the epidemic has affected global attitudes of tourism.

12. Analyzing locals’ perceptions of the influx of tourists to less inhabited rural areas.

13. Determining that domestic or non-traveling tourism is a result of a financial crisis, a conscious decision to lessen
tourism’s harmful effects (on the environment and in the case of a pandemic), or both.

Performance Modeliné

1. Analyzing the effect of COVID-19 on revenue, employment, demand, company transformation, career change, pay,
and benefits.

2. Analyzing the impact of COVID-19 on the socioeconomic circumstances of a destination.
3. Evaluating destinations’ regional disparities in their COVID-19 resilience.

4. Evaluating COVID-19’s geographical effects at multiple spatial scales, including the national, state/provincial,
municipal, and site levels.

5. Analyzing how (geo)politics affect destination management and policy.

6. Examining how tourism demand in the future may be shaped by the rise of adaptive workspaces (such as digital
nomads).

Forecasting

1. Predicting demand for tourism in the face of serious public health emergencies like COVID-19.
2. Investigating more economic and judgmental approaches to scenario forecasting.

3. During COVID-19, there will be a greater emphasis on tourism forecasting. It is crucial to know when visitors
intend to return so that hotels and other service providers may be better organized and use the appropriate methods.

4. Analyzing booking patterns using big data from social media, travel websites, and search engines.

Destinations|

1. Investigating whether touristic establishments, like hotels, may be redesigned as multipurpose buildings that can
be converted into healthcare facilities.

2. Increasing tourism stakeholders’ and destinations’ resilience.

3. Increasing familiarity, loyalty, and trust between travel locations and their guests as a way to combat rising travel
risk perceptions.

IT

1. Evaluating the effects of technological advancement on business success and employment.
2. Evaluating the effects of technological advancement on consumer satisfaction and safety.
3. Examining the potential use of blockchain technology and cryptocurrencies for global travel.

4. Examining how e-tourism and digital media might provide opportunities and solutions in a world afflicted by a
pandemic.

Investigating how machine learning and artificial intelligence could improve the actual travel experience.

Improving online interactions, such as through augmented reality excursions and online social interactions.

Sustainability

Analyzing the shift in emphasis towards the welfare of customers, residents, and employees.

Researching sustainable and safe tourism development.

5.
6.
1.
2.
3. Better balancing the needs of residents, visitors, and vacationers.
4. Promotion of environmentally and socially responsible tourism products that is intelligent, not ideological.
5. Investigating the expanding significance of health tourism.

6.

Downplaying the importance of tourism research that primarily intends to promote mass tourism with negative
environmental effects.
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In the wake of COVID-19, the focus has shifted towards exploring the future of
tourism. A study presented for developing an reference for post-COVID-19 tourism
analysis, soliciting expert opinions on potential future topics, existing research areas
of relevance, and recommendations for data collection [96]. Moreover, research has ex-
amined the impact of increasing tourism flows on cities. Another study focused on the
transformation of the Vila de Gracia neighborhood in the Barcelona, exploring residents’
attitudes toward changes in tourism oriented businesses, housing market prices, socio-
demographic changes, and the use of public space and nightlife activities [97]. However,
due to COVID-19 restrictions and suspension, most of the tourism venues were closed
and to the best of our knowledge, not many articles as compared to normal days were
published during the pandemic in LBSN and tourism domain. According to Assaf et al.
[96], the possible and suitable research topics during the pandemic vary in nature and
suitable directions are listed providing insights to the significant research in tourism
analysis effected by the COVID-19 pandemic [97, 98]. The list of topics and questions
attracting the interest of researcher [99, 100] for this era is given in the Table 2.1.

In short, the reviewed articles highlight the increasing importance of LBSNs as a
source of data for activity analysis and extracting useful patterns into various research
domains such as tourism. LBSN data offers long-term insights into tourism, comple-
ments other data sources like mobility data, and provides valuable information on travel
patterns, location attractiveness, and tourist preferences. However, the most common
drawback in most of these articles is extracting data of specific category for research
into different research domains like restaurants, parks etc. manually. Therefore, this
thesis presents Machine Learning approaches for LBSN data classification and predic-
tion, along with density estimation with anomaly detection, and a unified framework
for spatio-tempral analysis and tourism. A brief description experimental design of the
proposed methodology and devised solutions for class based LBSN analysis in the domain

of communication and information systems is provided in the following section.

2.3 Hybrid Recommendation System

The research on efficient recommendation engines is becoming more and more necessary
as LBSNs emerge as a primary platform for real-world user interactions. LBSNs present
unique recommendation challenges by integrating contextual factors such as user loca-
tion, check-in timing, and personal preferences, extending beyond traditional user-item

interaction models. The CF approaches widely used in most recommender systems [101],
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excel at generating similar based recommendations tailored with user behaviors. How-
ever, the contextual aspects inherent in LBSNs, when the user preferences dynamically
shift with location and time, presents significant limitations for traditional CF techniques.
Traditional CF methods face significant challenges in LBSNs due to the sparse user-POI
interaction matrices, which limit recommendation accuracy. Incorporating contextual
factors such as time, location, and social trust improves personalization but increases
model complexity and computational cost. Hybrid recommendation systems attempt
to balance these issues but often struggle with scalability in large, dynamic LBSNs.
Moreover, multi-criteria preferences and evolving user behavior demand adaptive models
that remain active research areas.

The complexity of LBSNs has motivated research into integrating contextual infor-
mation to enhance recommendation accuracy and relevance. While CF techniques have
been successfully applied across domains like media streaming and e-commerce [102],
their direct application to location-based networks remains challenging. Matrix factor-
ization methods, including SVD, have improved CF effectiveness by reducing user-item
interaction matrix dimensionality and uncovering hidden factors. Nevertheless, the data
sparsity problem in LBSNs, where users visit few POlIs, creates substantial gaps in
interaction matrices [103]. These constraints underscore the necessity of developing inno-
vative recommendation methodologies that can effectively capture real-world contextual
features and manage sparse data environments.

To address limitations in conventional CF for large-scale social networks, context-
aware recommendation systems have been proposed by researchers like E. Ezin et al.
[104]. These systems integrate external contextual factors such as user time and location
into recommendation mechanisms. LBSN users typically prefer locations spatially closer
to their current position, making geo-influence a critical system component. As discussed
by Yuan et al. [105], users visit different places at varying times, establishing temporal
factors as essential in LBSN recommendations. Some studies have expanded contex-
tual considerations beyond spatial and temporal parameters. For example, individual
personality differences significantly impact location preferences extroverted individuals
might seek active environments, while introverted users prefer calmer settings [106]. For
instance, people with different personality traits like extroverted individuals typically
gravitate toward vibrant environments, while introverted people seek serene settings.
Researchers like Hossein [107] and Arab [108] discusses integrating personality traits
can enhance recommendation, potentially improving overall user satisfaction in LBSNs.

LBSN research shows social connections as a valuable information source for im-
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proving recommendation quality. Social network analysis, as discussed by Wang et
al. [109], can be integrated into LBSNs to leverage user relationships, particularly in
scenarios with limited user-item interaction data. The authors suggested that users’
preferences are significantly influenced by their social circles, friends, coworkers, and
contacts can inform and shape location choices. Social trust-based models, introduced by
researchers like Kanfade et al. [110] and Bhaumik et al. [111], extend traditional Collab-
orative Filtering by incorporating trust scores between users, enabling more nuanced
preference generalization. Wang et al. [112] proposed a circle-based recommendation
system that generates suggestions by grouping friends into distinct circles, focusing on
preferences within these social networks. Recent developments in recommender systems
increasingly recognize that user preferences in LBSNs are shaped by multiple factors
beyond traditional user-item interactions. Recently, Decision-making in these systems
now incorporates multi-criteria considerations such as cost, ambiance, accessibility, and
user reviews. Multi-criteria rating systems (MCRS) [113] enable more complex, detailed
recommendations compared to traditional collaborative filtering techniques. Unlike the
conventional CF approach by Nian et al. [114], multi-criteria CF [115] extracts multiple
dimensions of user preferences to capture the trade-offs users consider when selecting
locations. In LBSNs, this approach allows users to prioritize criteria like distance, re-
flecting the nature of location-based decision-making.

Since traditional CF methods are do not consider handle contextual features, leading
to the development of hybrid recommendation approaches that combine multiple strate-
gies to enhance overall performance [116]. These hybrid systems integrate advantages
from CF, context-aware modules, and content-based strategies to mitigate individual
method limitations. CF and context-aware approaches, including SVD, are frequently
used to capture complex interactions between users and items. This approach is es-
pecially vital in LBSNs where user-item interactions are typically sparse and latent
factors can mask user-POI relationships [117]. The increasing trend of collaborative
destination planning has shifted focus from individual to group recommendation sys-
tems [118]. Group recommendation systems face the complex challenge of satisfying
multiple users’ preferences, often complicated by conflicting individual desires. Various
grouping methods have emerged to address these challenges, including social preference
analysis and voting processes. These aggregation techniques aim to compute group-level
recommendations while carefully balancing individual preferences [119]. By incorpo-
rating contextual and social aspects, group recommendation algorithms become more

sophisticated in suggesting relevant choices for a group along various venue categories.
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Therefore, the limitations of traditional CF in handling sparse data and contextual
factors like time and location in LBSNs, advances in hybrid systems integrating CF
and social trust modeling have improved personalization but still face challenges in
combining contextual and social dimensions, especially for group recommendations. In
line with these findings, propose a hybrid recommendation framework that not only
leverages CF and SVD for handling data sparsity but also integrates contextual factors
such as time and location.

This section provides the framework and brief description of the study design for
this research, from the study area, and data collection to processes and outputs. Each of
the methods presented in this chapter is explained in detail in the following chapters,
along with their implementation and results. The dataset is collected from Weibo, one of
the most popular micro blogs in China, using a Python based Application Programming
Interface (API). The extracted data is preprocessed, and the proposed methodologies
are implemented, yielding to our findings that are presented here in this thesis. In the
initial stages, the dataset is explored using traditional statistical methods to show its
efficiency for further analysis. We repeatedly used multiple linear regression and other
famous methods such as ANOVA, adjusted R square and others (explained where used),
appropriate at each stage of our research for showing the efficiency and finding suitable
variables for different types of analysis presented in the current thesis.

The statical modeling is also used to find the frequency of user check-ins, highlighting
multiple aspects of trends within the dataset. Some of these aspects include the tendency
of users with respect to time, including daily, weekly and frequencies in longer time
periods, i.e., six months or the whole year. We further expanded our study by finding
check-in patterns with respect to space with the help of density estimation. For this
research, we studied two famous methods called point density and kernel density es-
timation comparatively and found that kernel density provides more insights about
the check-in patterns and therefore used it in the following studies. Another research
problem that we addressed was finding the effect of various types of venues on city
dynamics with the help of spatio-temoral analysis of check-in from multiple venue types.
We initially classified the data manually (a very tiresome and time-consuming process),
which led to our next research problem, i.e., how to use machine learning to classify
the data into multiple studies for such research and predicting single venue types for
specialized studies such as Tourism, thus leading to the last chapter of the thesis in
which we utilized our proposed models in a real-world use case. The overall framework

for this research is shown in Figure 2.3.
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Study Area This study of spatio-temporal modeling was conducted on Weibo data
taken from Shanghai, China, which is situated on the Yangtze River between 30%40°-
31*53'N and 120*52-122*12°E, with a total area of 8359 square kilometers, as shown
in Figure 2.4. In 2016, Shanghai was divided into 16 districts and one county, namely

Baoshan, Changning, Fengxian, Hongkou, Huangpu, Jiading, Jingan, Jinshan, Minhang,

Pudong New Area, Putuo, Qingpu, Songjiang, Yangpu, Xuhui, and Chongming (which

was not included as it is rarely visited by people) [120].
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Figure 2.4: Study Area

As the economic city of China, Shanghai connects China to the global economy. The
total Gross Domestic Product (GDP) of Shanghai in 2016 was 2.7 trillion Chinese Yuan,
with an average 7.4% increase over the past 5 years, and the per capita GDP reached up
to 15,290 USD (103,100 Yuan). With an average population of 3,854 people per square

kilometer in urban areas, Shanghai has become the first city in China and fifth in the

world regarding its population, with around 0.66 million people moving in annually. Its

population reached from 16.74 million to 23.02 million during the last decade from 2000
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to 2010, increased by 37.53% with more than 24 million residents at the end of 2015.
The main reason for this growth is the large number of migrants and tourists, which
made up 39% of the total population of Shanghai in 2010. The recent master plan greatly
emphasizes on providing more facilities regarding development and administration for
the betterment of tourists and residents of Shanghai (Shanghai Master Plan (2016-2035)
[121]. Shanghai is a world-famous tourist destination with many renowned attractions,
such as Oriental Pearl, Lujiazui, Century Park, Yu Garden, Jing’an Temple, Nanjing
East Road, and the Bund etc., mostly situated in the city center, while there are more
than 800 parks in different parts of the city.

Data Source: The data used in the current study are from one of the most popular Chi-
nese microblogs, Weibo. Facebook and Twitter are the most popular LBSNs in the world.
In China, Weibo, a hybrid of Facebook and Twitter, is one of the most dominant LBSN's
[63]. It has become a major platform, enabling users to share their activities, opinions,
preferences, and locations along with audio, images, and videos through checking and
writing posts, alongside communicating with their friends. Since Weibo was launched
on 14 August 2009, the number of users, check-ins, and activities has increased rapidly.
Weibo provides different types of geo-spatial resources; three of the main resources
include user-profile locations, places mentioned in posts, and sharing real-time locations
through check-ins. By the end of 2018, the total number of users increased to over 500
million, reaching 462 million monthly active and 200 million daily active users. Weibo
launched an international version in March 2017 and claims to have users in more than
190 countries [122]. Figure 2.5 shows information about Weibo according to the famous

information provider Wikipedia [123].

Current

Sina Weibo (¥T/Ef{1#) |Type of Business| Type of Site |Available in| owner URL Launched Status
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English

Figure 2.5: Characteristics of Data Source

Data Acquisition: The primary inspiration for the use of LBSN is to share interests
and activities and thereby build new and close social relationships, enabling researchers
to discover patterns in users’ activities and preferences from the big data generated

by the LBSN. The data source for this research is Weibo, one of the biggest and most

33



CHAPTER 2. BACKGROUND STUDY

popular micro blogs in China, which allows users to ’check-in’ using their mobile devices.
According to the Weibo press release, the number of monthly active users in China

reached 462 million by December 2018, about one third of its entire population.
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Figure 2.6: Data Acquisition Process Using Weibo API

Weibo provides a python based public Application Programming Interface (API) to
search and download the geo-tagged data, which can be used for analysis of spatio-
temporal patterns. We used the API to collect data in specific areas of China, specifically
Shanghai, for 2017 (the year of my enrollment in Shanghai University). There were
approximately 3.5 million check-ins of about 2 million users. The data was in the Java
Script Object Notation (JSON), which was preprocessed for analysis to Comma-Separated
Values (CSV) with the help of MongoDB for the current study, as shown in Figure 2.6.
Following Table 2.2 shows the sample of the dataset.

Table 2.2: The Sample of Attributes in Initial Dataset

User ID Gender Check-in Date Check-in Time Origin Location-ID Latitude Longitude Location Name

56xxx20 f 5/8/2017 2:23:12 Shanghai B2xxx9A 31.29164 121.31098 Nanxiang Hospital
16xxx62 m 4/27/2017 12:17:47 Shanghai B2xxx93 31.314793 121.45629 Lingnan Park
34xxx42 f 8/16/2016 15:44:45 Beijing B2xxx9B 31.281199 121.507732 Siping Cinema
15xxx44 m 1/2/2017 15:22:32 Shanghai B2xxx98 31.28861 121.537 Yanji Library

Spatial Density Estimation (Point Density vs KDE):

The density of total check-ins and the impact of various venue kinds on density estima-
tion have been examined using geo-data on the map of Shanghai city. Spatial analysis
is carried out utilizing the map characteristics and shape files of map features. streets,
districts, metropolitan regions, and others. For the spatial analysis, we first compared
the two commonly used methods called Point Density and KDE in our study. KDE pro-
vides more precision and smoothness. While Point Density offers a straightforward and
computationally efficient way to estimate check-in concentrations, it suffers from abrupt
boundary effects and sensitivity to the choice of radius, which can lead to misleading

hotspots. In contrast, KDE applies smoothing via a kernel function, producing continuous
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density surfaces that better capture underlying spatial patterns. However, KDE can
be computationally expensive on large datasets and is sensitive to kernel bandwidth
selection. Despite these limitations, KDE generally provides superior spatial insight
for LBSN data with complex, overlapping user activity zones. Nevertheless, a hybrid
approach or adaptive bandwidth KDE could be explored further to balance precision and

computational efficiency, a research gap this thesis begins to address.

2.4 Summary

To sum up the discussion, the goal of this dissertation is to provide suitable models for
the analysis, classification, and modeling of the data. And to analyze and extract the
patterns of LBSN (Weibo) data for Shanghai, China, using various suitable temporal
and spatial analysis techniques along with different check-in venues for the proposed
real-world applications. Our research explores the use of LBSN data by examining the
association between time, frequency of check-ins, user preferences and venue classes
based on contribution and city’s characteristics and a general framework for feature
extraction of different venue classes. The extensive literature review helped us find
the research gaps that include the need to propose a framework for data analysis as
different research uses a variety of methods for the same kind of analysis. Also, most
of the researchers use KDE for spatial analysis without comparison to other density
estimation methods, such as point density, as presented in our research. Furthermore, to
avoid filtering millions of check-ins to find the related venue type which are considered
for various research, as there are hundreds or thousands of venues available within
the data led to our proposed spatio-temporal analysis with anomaly detection, deep
learning-based classification models and, finally, application in recommendation systems.

While numerous analytical techniques have been applied to LBSN data, each presents
unique advantages and drawbacks. Statistical and spatial methods provide foundational
insights but may lack scalability or granularity. Clustering algorithms like DBSCAN
improve anomaly detection but require careful parameterization. Machine learning
enables scalable classification but demands extensive labeled data and robust feature
engineering. Hybrid recommendation systems address contextual challenges but intro-
duce complexity and scalability trade-offs. This critical evaluation highlights the need for
integrated frameworks that balance accuracy, efficiency, and interpretability, motivating
the novel hybrid approaches developed in this thesis.

This chapter further contains a brief description of the study design of this thesis. We
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started with the overall framework of this research depicting the sections and parts of
analysis formulating the tourism analysis. The methodologies for the analysis explained
in each following chapter are also described here, starting with an introduction of the
study area, Shanghai, and some facts about this famous city in China. The details
about the dataset and data acquisition process from Weibo, along with the attributes
and records included in this study. The following chapters are based on the analysis
and detailed studies of the proposed methodologies presented in the overall research
framework including temporal and spatial methods, along with different methods used
for our research. We provide the analysis methods used explored in this thesis, starting
with temporal analysis, venue categories for the study of the contribution of venue types
in city dynamics, defining ML models used for prediction and classification of venue
categories, the MLR model used to access the feasibility of variables, and the spatial
analysis mainly related to the KDE, proposed machine learning models, and finally the
application of these contextual features with collaborative filter to develop an efficient

group recommendation system for LBSNs.
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CHAPTER

ANALYSIS OF SPATIO-TEMPORAL MODELING OF
LOCATION-BASED SOCIAL NETWORK DATA

he aim of the study in chapter is analyzing patterns using temporal and spatial

analysis techniques within LBSN data from Shanghai, China. The research

examines relationships between time and check-in frequency, considering both
user behavior and urban characteristics. Statistical models and comparative spatial
methods demonstrate the significance and effectiveness of the methodological approach.
Results are presented through statistical visualizations, tabular data, and spatial heat-
maps. The analysis is carried out with the help of SPSS for temporal analysis and Kernel
Density Estimation (KDE) using ArcMap and OpenStreetMap for spatial analysis. The
findings reveal diverse patterns in user check-ins across multiple dimensions: hourly,
daily, and six-month periods, incorporating gender analysis, frequency distribution, and

check-in density patterns throughout Shanghai.

3.1 Introduction

The analysis of spatio-temporal data has emerged as a crucial research focus, driven by
the popularity of LBSNs. These platforms generate extensive user-generated content that
provides valuable insights for practical applications. The extracted information supports
diverse applications, including public transit flow analysis, location recommendation

systems, population density mapping, route optimization, disaster management response

37



CHAPTER 3. ANALYSIS OF SPATIO-TEMPORAL MODELING OF LOCATION-BASED
SOCIAL NETWORK DATA

and many more [1]. Social networking platforms encourage users to share activities and
interests within their social networks, generating rich datasets that enable researchers
to analyze user behavior patterns and preferences more accurately. These platforms
capture and store user information with real-time location data, producing comprehen-
sive datasets enriched with multimedia content, textual information, geo-location data,
and metadata. This multi-dimensional data enables detailed investigation into various
aspects of human behavioral patterns.

Researcher are increasingly focused on analyzing and modeling human activities
through spatio-temporal data analysis [37]. Check-in data from LBSNs has become
most frequently used data source in research studies, despite the fact that they pose
sampling problems, such as biases in gender, age, and social classes. A ’check-in’ occurs
when users either manually confirm their location during an activity or automatically
share their location through messaging or posting contents online [124]. The exponential
growth of location-based services across platforms like Facebook [125], Twitter [126],
Foursquare [127], and Weibo[128] specifically in China, has enabled extensive research
into user behavioral patterns. These studies examine relationships across various aspect
of user activities, including gender, educational backgrounds, and age groups, revealing
functional characteristics both within and across cities.

Weibo is not only famous among users but also among researchers, as the check-in
data from Weibo can be utilized to carry out various kinds of studies in order to extract
useful information based on the geo-location data it provides. For example, some recent
studies have analyzed road crashes in Shanghai [129], investigated the growth of urban
boundaries in Beijing [130], and analyzed tourism venue attraction features by using
LBSN data from the period 2012—2014 [68]. Most of these studies have covered the
check-ins of specific users or specific application fields, such as tourism, city boundaries,
road crashes, spring festival rushes, gender etc. However, to the best of our knowledge,
there is no comprehensive study based on the Weibo data of Shanghai combining both
temporal and spatial analysis while considering the characteristics and nature of the
check-ins from different venues. Therefore, we performed different kinds of analyses
on check-in data from Weibo for six months (January 1st, 2017, to June 30th, 2017)
in Shanghai, covering spatio-temporal analyses with distinct venue classifications and
various aspects of the users’ check-in data.

This Chapter makes Four key contributions. First, we present a temporal analysis
from hourly to weekly patterns, and for the total study period (180 days), of check-in data
acquired from the most famous Chinese LBSN, Weibo, and consider more than 220,000
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check-ins gathered over six months. Second, we show the significance of our dataset
using the proposed MLR model. Third, we show the effectiveness of using KDE instead of
using Point Density by estimating density for our dataset. And finally, we developed and
applied KDE with anomaly detection by combining the KDE with DBSCAN algorithm to
uncover different patterns in check-ins including anomalies and outliers. The temporal
analysis was carried out by using IBM SPSS 25, which is popular among researchers, to
discover various patterns in the data with respect to time. We present both graphical
charts and statistical results with detailed discussions for a clear understanding of the
research findings. For the spatial analysis, we used ArcMap, the KDE technique [131],
and geospatial data (Shape Files) from OpenStreetMap [132].

3.2 Dataset and Methodology

This section of the thesis includes the dataset and methodologies used in the spatio-
temporal analysis. The details starting with the dataset, framework of the research,
temporal patterns, statistical modeling, comparative analysis of density estimation

methods, anomaly detection and spatial analysis using KDE as given below.

3.2.1 Dataset

This study mined check-in patterns and estimated the density for spatio-temporal data
from Weibo in Shanghai from 1st January 2017 to 30th June 2017, including 222,525
check-ins from 166,898 users. The sample of the data attributes and variables used in

this research is given in the Table 3.1.

Table 3.1: Sample Variables

User ID Gender Check-in Date Check-in Time Latitude Longitude Location Name
56xxx20 f 5/8/2017 2:23:12 31.29164 121.31098 Nanxiang Hospital
15xxx44 m 1/2/2017 15:22:32 31.28861 121.5837  Yanji Library

3.2.2 Methodology

The overall framework of the methods and contribution of this chapter is given in Figure
3.1.

Temporal Patterns: The temporal check-in analysis further consists of three parts: a)
daily patterns, b) weekly patterns, and c) check-in patterns for 180 days (the study period

of our research). It can be implemented in Python, as shown in the following Figure 3.2.
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Statistical Modeling: The statistical modeling in this research is based on multiple
linear regression, through which we present the significance of our dataset and the
preference of using KDE using the same dataset to study the 10 districts of Shanghai. as
published in our article [2]. To find the significance of the dataset, we used Equation 3.1
for our model. The following Equations 3.2 represent the fitted value equations for our
MLR model.

Y = Bo + B1Baoshan + f2Changning + fsHongkou + f4Huangpu
+ Bsdingan + fgMinhang + f7PudongNewArea + fgPutuo 3.1)
+ ﬁgthui + ,BloYangpu +€

Y = by + b1Baoshan + boChangning + b3Hongkou + b4Huangpu
+ bsdingan + bgMinhang + b7PudongNewArea + bgPutuo (3.2)

+ bgXuhui + bigYangpu +¢€
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Comparison of Point Density and Kernel Density Estimation: = We demonstrate
the efficiency of our spatial method by comparing the KDE with another commonly used
method called Point Density. It can be implemented in Python, as shown in the following

Figure 3.3.
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Figure 3.3: Kernel Density Estimation and Point Density

The point density method used in the current study calculates the frequency of the
event intensity (density) within the neighborhood of a given point, accounting for a
geo-spatial projection. The number of points per unit area at each location throughout an
area of interest is referred to as the Point Density function. A “neighborhood” is defined
for each point to calculate this density surface, usually by specifying a bandwidth (or
search radius); the total number of points within the neighborhood is divided by the total
area of the neighborhood. The point density function is expressed as Equation 3.3:

n
Ma,b) = al (3.3)
where A is the point density at a location (a,b), the number of events is represented by n,
the area of the neighborhood is denoted by |A|, and A(a,b) is the unit of users per unit
area. When neighborhoods overlap, the results are summed to indicate a higher density
of users.

The KDE method is used for plotting more accurate and smooth density. The KDE
can be defined as Equation 3.4, let D be the dataset used in the study and D = {d’,...,d"},
where d' = (x,y) is the geo-location of each check-in from 1 < i < n, at the time ¢.

12 ~
fro(@|D,h) = — i_ZlKh(d, d") (3.4)
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where;

1

(27h)2
where A in Equation 3.5 is the bandwidth, which depends upon the resulting density

, 1 1 : .
Kj(d,d) = ———exp —é(d— d)'zi(d-d") (3.5)

estimation as shown in Equation 3.4, which generates a smooth density surface around
d on check-in [133].

Proposed Anomaly Detection Method: The proposed method for grouping the venue
categories is based on DBSCAN. Considering the density of points, a dataset is grouped
into clusters using this famous technique. In contrast to other clustering methods, such
as k-means, it may find clusters of any shape and does not need the exact number of
clusters to be specified beforehand. The neighborhood of a data point can be studied by
determining its radius using the e-Neighborhood or Epsilon (¢) distance threshold. The
smallest number of points (MinPts) that must be situated in a point’s e-neighborhood in
order for it to be classified as a core point. Hence, if a point’s e-neighborhood contains
at least the MinPts, then it is the core. A border point is inside the e-neighborhood but
has less than MinPts within it. The condition for clustering is that two points p and ¢
are in same clusters if there is a chain of points p1,...,p, such that p; = p, p, = q and
pPi+1ENg(p) for1<i<n.

To find clusters and outliers inside the high-density zones, we use a clustering
technique based on DBSCAN. The approach will group data points into clusters accord-
ing to density. These groups indicate locations that have a high check-in density over
time, which are probably preferred locations or events. Unlike spherical assumption
approaches like k-means, proposed method can locate clusters of any shape. It identifies
outliers by successfully separating noise points from clusters and is mainly affected by ¢
and MinPts, which can be adjusted depending on specific circumstances.

Spatial Analysis: The spatial analysis is carried out with the help of map attributes
collected from OSM to observe with geo-data on the map of Shanghai city. The shape
files of these map attributes are used on ArcMap with a built-in Python interface to
investigate the density of overall check-ins and the contribution of venue types in density
estimation. OSM is a popular geo-information platform with multiple attributes, i.e.,
districts, streets, metro etc., used in geo-spatial modeling and research. For the spatial
analysis, we first compared the two commonly used methods called Point Density and
KDE in our study. The Point density is calculated as the number of points in a specified
area called the radius. The calculated points and its neighbors are then divided by the

total area to find the density of check-ins on the map. The results and comparison are
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provided in Chapter 4 of this thesis. The proposed density estimation method is devised
by combining the KDE with anomaly detection based on DBSCAN algorithm to find

anomalies outlier.

3.3 Analysis and Discussions

With the advancements in online services, wireless communication, mobile devices, and
location-sharing technologies, LBSNs such as Facebook, Foursquare, Twitter, and Weibo
are attracting researchers’ attention due to the huge amount of data generated by these
LBSNs. The data can be used to extract very useful information for urban planning, crisis
and disaster management, and other fields of study involving big data with a high spatio-
temporal resolution. The current study had three different aspects of analysis: temporal,
check-in venue classification, and spatial analysis of the Weibo data for Shanghai. This

section includes results and discussion of these three aspects.

3.3.1 Temporal Patterns

The temporal check-in analysis is an important part of the pattern analysis as it re-
veals patterns with respect to time. There are different preferences of users when it
comes to the utilization of LBSN in various parts of the day involving different crucial
circumstances such as job, work, home and school routine and many more. The temporal
patterns of user check-ins in our dataset are discussed as follows.
Daily Patterns: To investigate the check-in frequency pattern of the Weibo users, we
observed the distribution of check-ins for 24 hours of the day, as shown in Figure 3.4. It
can be observed that routine activities have a profound impact on the number and time
of check-ins. For instance, the frequency of check-ins starts rising in the early morning, is
considerable after 10 a.m. and is highest after 12 p.m., while the check-ins start declining
after midnight. The peak of check-ins was 10 p.m. to 12 a.m., a typical time frame for the
social activities of many people.

We can see in the Figure 3.4 that on the time scale from midnight to midnight (00 to
24 hours), the check-in frequency is more skewed towards the right, showing more check-
ins in the afternoon, evening, and before midnight. The figure demonstrates a normal
data distribution , shown by the kurtosis having a nearly normal value of 3. There are
less check-ins after midnight and in the early morning because of the sleeping routine of

Shanghai residents. As one of the most developed cities in China, the check-in frequency
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Figure 3.4: Check-in Frequencies for 24 Hours

of both male and female users is almost the same, but the number of check-ins differs
because of the different numbers of males and females in our dataset. The frequency
is normal until the afternoon because the people are mostly at work, and it increases
as they finish work and as they meet their friends and families or visit places before
eventually decreasing for the night period.

Weekly Patterns: This section analyzes the weekly rhythm of check-ins. Weekly pat-
terns suggest that the user check-ins are predominant on the weekends when compared
to the weekdays. The full view of the total number of check-ins for each day of the week
is shown in Figure 3.5. It can be seen that most user check-ins took place on Saturday
and Sunday, suggesting the behavior of people using LBSNs on the holidays. Users tend
to increase their social activities after work on Friday, Saturday, and Sunday, and this
increase sometimes lasts until night on Sunday; therefore, more activities occur from
Friday night until Monday morning. This figure illustrates that the frequency of check-
ins on Saturdays and Sundays is the highest, followed by Friday and Monday. Tuesday,
Wednesday, and Thursday show the minimum number of social activities throughout the

week.
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Patterns by Date: This section represents the daily trends of the total number of Weibo
users for 180 days (1st January 2017 to 30th June 2017) in Shanghai.
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Figure 3.6: Check-in Frequencies for 180 Days

Figure 3.6 presents the variations of check-in frequencies for both males and females
during the study period. Figure 3.6 demonstrates that the maximum number of check-ins
occurred in the first two weeks of April 2017. Some of the main reasons for this include
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Shanghai Fashion Week, the Shanghai Formula 1 Grand Prix, the Shanghai Ballet
Company’s ‘Swan Lake’ and Easter, all from the ‘Entertainment’ category, which had
the highest impact and was also due to the number of venues related to this category in
the dataset. The least number of check-ins occurred in the last two weeks of January
2017 and the first two weeks of February 2017 because of the periodic vast migration of
people around the Chinese New Year or Chinese Spring Festival [134], wherein a massive
number of Shanghai residents move back to their hometowns on vacation, accounting for
39% (in 2010) of the total population of Shanghai. The results also reveal that people
tend to share their activities using LBSNs more on such occasions as visiting places and

meeting with friends compared to being physically present at home or work.

3.3.2 Statistical Analysis

In this section, we present the significance of our dataset and the preference of using
KDE using the same dataset to study the 10 districts of Shanghai. To find the significance
of the dataset, The following Table 3.2 represent the fitted value equations for our MLR
model. It can be observed that from the p-value of the model with regards to the inference

of F score, the overall model seems significant [135].

Table 3.2: Regression Summary

Residual Degrees of Multiple Adjusted F-scoere p-Value
Standard Error Freedom R-Squared R-Squared
1.19 10299 0.3916 0.3951 397.3 <2.2x107°

As the model is developed with the highest Adjusted R-Squared, as shown in Table
3.2, some of the values do not show high significance.

The tables 3.4 represent the model’s coefficients, showing that with each unit incre-
ment in the value, the number of user check-ins increases by about 1.6%, having very
low p-value for Baoshan; similar increase can be seen for Huangpu, Putuo, Minhang,
and Xuhui, approximately 1.5%, 0.8%, 1.5%, and 0.9%, respectively and low p-value

indicating their significance.

3.3.3 Comparison of Point Density and Kernel Density

Estimation

We demonstrate the efficiency of our spatial method by comparing the KDE with another

commonly used method called Point Density.
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Table 3.3: Final Multiple Linear-Regression

Summary Statistics

Min 1Q Median 3Q Max
-23.7348  -0.6238  0.2834 0.8349 2.0153
Coefficients Estimate Std. Error t Value Pr(>1tl) Significance
Intercept 4.8421088 0.0164305 294.703 <2x10716 Hk
Baoshan 0.0159932 0.0029441 5.432 5.69x107%8 ok
Changning 0.0079145 0.0024644 3.056  0.002245 G
Hongkou 0.0080145 0.0019644  3.211 0.001325 o
Huangpu 0.0147966 0.0019293 7.669 1.88x 10714 ok
Jingan 0.0016087 0.001976  0.814  0.415602 ik
Minhang 0.014982 0.0028092 5.333  9.86x 1078 ok
PudongNewArea 0.0039008 0.0013275 3.717  0.003307 i
Putuo 0.0084851 0.0022825 3.717  0.000202 ok
Xuhui 0.0091736 0.0019475 471  2.50x 1076 ok
Yangpu 0.0089936 0.0021494 4.184 2.89x107° ok
"Significance Codes: *** (p-value: [0, 0.001]), ** (p-value: [0.001, 0.01])."
Table 3.4: ANOVA
Df Sum Sq MeanSq F Value Pr(>F)
Baoshan 1 72382 7238.2  5109.7946 <2.2x10716 #Ex
Changning 1 1251 1251 883.1285 <2.2x10716 #Ex
Hongkou 1 307.7 307.7 217.2498 <22x10716  wEx
Huangpu 1 339.1 339.1 239.3547 <22x10716  #Ex
Jingan 1 35.9 35.9 25.3324  4.91x1077  wwE
Minhang 1 77.7 77.7 54.8639  1.39x 10718  #x
PudongNewArea 1 34.2 34.2 24.1414  9.09x 1077  ®x
Putuo 1 31.7 31.7 22.3638  2.29x1076
Xuhui 1 30.4 30.4 21.4392 3.70x 1076 %
Yangpu 1 19.9 19.9 14.068 0.0001773  ##*

"Significance Codes: *** (p-value: [0, 0.001]), ** (p-value: [0.001, 0.01])."

The Figure 3.7 represents the density estimation using point density and DKE for

the check-ins in the dataset. The above figure demonstrates the point density of user
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check-ins in the study area. It can be observed that although point density provides
an overall view of the density showing the tendency of users in various areas within
the city, however, it lacks the details about the areas where the check-ins are denser as
compared to others. To address this issue, we used KDE to plot the density of check-ins

more clearly, as shown in Figure 3.8.
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Figure 3.8: Comparison Between Density Methods: (a) Point Density (PD) and (b) Kernel
Density Estimation (KDE).

Although the parameters for both the density estimation methods are kept default
(The same) and both Figure 3.8.a and Figure 3.8.b shows higher density of check-ins in
the center of town and lower density away from it. However, we can observe the details

of the locations with fine granularity using KDE as compared to the Point Density. So,
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we can identify more accurate density at specific areas rather than just the whole picture

with abstract information.

3.3.4 Anomaly Detection with Venue Clustering

The proposed method for anomaly detection is based on DBSCAN for clustering the
venue categories. It is a popular algorithm that groups a data into clusters by calculating

the density of data points. It is explained as follows.
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with Venues

Select Initial Neighborhood Repeat for All Form Clusters
Point Query i Unvisited Points and Anomalies

Label Noise

Figure 3.9: Venue Clustering Steps

e-Neighborhood or Epsilon (¢) is a distance threshold which identifies the radius near

a data point to study its neighborhood as given in the Equation 4.1.
Ne(p)={qeD |dist(p,q) <€} (3.6)

where D is the dataset and dist(p,q) is a distance metric.
The minimum number of data points (MinPts) involved within the (¢)-neighborhood
of a point to be considered as the core point. So, a point is core if its e-neighborhood has

at least MinPts. The point p is a core if it follows the following condition as Equation 3.7.

INe(p)l = MinPts 3.7

A border point lies within the e-neighborhood of a core but has less than MinPts
neighbors in its own e-neighborhood. Any point that is neither a core point nor a border
point is classified as noise. The condition for clustering is that two points p and q are
in same clusters if there is a chain of points p1,...,p, suchthat p;=p,p, =9 and
pi+1 € Ne(pi) for 1 <i < n. First we estimate the density of check-ins at different

locations by applying KDE to the check-in data for creating density as in Figure 3.10.
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Figure 3.10: Venues Clusters

This map Identifies the clusters or hot spots where check-ins are concentrated. We
use KDE to identify areas where the density is above the threshold. These high-density
areas will be the focus of the clustering algorithm. We apply clustering algorithm that
uses DBSCAN to identify clusters and outliers within the areas. The algorithm will
classify data points into clusters based on density as shown in Figure 3.10. These clusters
represent areas with a consistently high density of check-ins, likely popular spots, or
venues. The presented algorithm is capable of finding clusters of arbitrary shapes, unlike
spherical assumption methods like k-means. It effectively separates noise points from
clusters, identifying outliers and is primarily influenced by € and MinPts, which can be
tuned based on domain knowledge. Anomalies or outliers are locations that deviate from
the general clustering pattern, representing unusual or rare check-in behaviors, and it

will also identify outliers or anomalies as presented in Figure 3.11.
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Figure 3.11: Clustering with Outlier Detection

Combining KDE with anomaly detection allows for a nuanced analysis of check-
in data, identifying both the general trends (through KDE) and specific clusters and
anomalies (through DBSCAN). This approach can help uncover areas of consistent
popularity, as well as unusual or unexpected check-in behaviors, providing a richer
understanding of the spatial patterns in your data. The parameters of both KDE and
DBSCAN (like bandwidth for KDE and epsilon for DBSCAN) can further be fine-tuned to

get the most meaningful and accurate results based on datasets and research objectives.

3.3.5 Density Estimation

The check-in patterns are further investigated by estimating the density of Check-ins
all over Shanghai city. Therefore, we used KDE for finding the check-ins density using
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ArcMap. The process of density estimation for the Weibo check-in data in Shanghai is
given in Figure 3.12.
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Figure 3.12: Density Estimation for Check-ins in Shanghai
The density estimation is calculated using KDE with the help of heatmaps to show

different patterns of user activities and check-ins within Shanghai City. We calculated
the density based on the check-ins by all users, providing us with more accurate results
for further analysis, as presented in Figure 3.13. The following figure plots the density
distribution of check-ins in various regions of Shanghai. Red represents the highest
density and white represents the average, which eventually dissolves into the base color
of the map according to the type of data. Check-ins that did not satisfy the minimum
criteria in our dataset were not considered; thus, such data does not appear on the map.

This Figure 3.12 clearly indicates that check-ins in the city center are denser as
compared to the regions away from the center of the city (as expected). The areas of
Hongkou, Huangpu, and Jingan are the most dense areas as compared to the other
districts. The spatial analysis was conducted by comparing weekly density for the first

two weeks of April (having the maximum number of check-ins) with the last week of
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Figure 3.13: Density of Check-in Data

January and the first week of February (containing the minimum number of check-ins),
as presented in Figure 3.14. The figure shows the density of check-ins in four weeks. Two
of them (Figure 3.14a and Figure 3.14b) have the maximum number of check-ins (17,344
in the first week and 14,920 in the second week of April), and two (Figure 3.14c and
Figure 3.14d) have the minimum number of check-ins (4699 in the last week of January
and 5952 in the first week of February). It can be observed that, although the density
varies in different areas all over the city, the downtown area remains the denser area
even with a smaller number of user check-ins throughout the weeks of January and
February; however, the overall check-in distribution covers a larger area during different
periods of time.

It is important to consider that the downtown area is considered to be the commercial
center of Shanghai; therefore, these areas have more facilities in almost every way,
including transportation, food, shopping malls, government offices, and nightspots. How-

ever, as Shanghai is a considerably developed and modern city with lots of parks and
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diverse Educational and Residential venues, the check-in clusters can be observed in
different places throughout the city.

The analysis shows that data from Weibo are an efficient resource for analyzing the
distribution of user activities and preferences in terms of spatio-temporal aspects. One of
the benefits of using LBSN data for spatio-temporal analysis is that we can extract and
visualize large-scale information for a megacity such as Shanghai in more detail. Some
areas in downtown Shanghai are crowded, while other suburban areas have less visitors.
This study intended to observe the behavioral traits of users by providing evidence that
the dynamics of a megacity can be influenced by various facilities and the contribution of
the nature of different venues.

We explored the spatio-temporal patterns in the check-ins to show the distribution of
users in Shanghai. In this study, we performed an empirical analysis of check-ins using
graphs, tables, and density maps based on LBSN data. The spatio-temporal patterns

were studied from various perspectives, including hours, days, and venue categories.
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From the chronological perspective, the results verified the frequency of check-ins rising
from the middle of the day until late at night and the obvious increase in weekend
activities as compared to weekdays. From the spatial point of view, the level of spatial
intensity of users in the city center was higher in the downtown area, as this is the

center of activity for most of the activities.

3.4 Summary

The study was carried out to look at four different aspects of analysis: a temporal analysis
to reveal the patterns based on time, a model to show the significance of the data (MLR
Model), a comparison of spatial analysis methods and spatial analysis using (KDE), by
combining DKE with DBSCAN algorithm for anomaly detection, resulting in a clear
observation of results through mapping. For the analysis presented in this chapter, we
used check-in data from Weibo to analyze geo-spatial data to uncover various temporal
and spatial patterns throughout the most famous places in Shanghai.

The findings demonstrated that LBSN data proves to be an efficient source for human
behavior analysis. Specifically, people tend to use LBSNs more in the evening instead of
the morning and workdays. We also observed that KDE is more accurate as compared to
Point Density. Though many of the results are similar to what we expected, we obtained
some interesting facts about the use of LBSNs. For example, the density extends to
suburban areas more rapidly as compared to other areas within the city. The use of
anomaly detection using DBSCAN with the KDE enables us to find the outlier within
the data and also can be used to identify anomalies when applied to unseen data for
highlighting the points that do not follow the observed common established patterns and
not part of the existing clusters.

Data from LBSNs can play a strategic role in both the development and improvement
of various aspects of mega cities’ “smartness”. The possibility to analyze the activities of
urban agents has completely modified the representation of the relationship between
activities and spaces. This can assist in urban planning by providing the tools to attain
objectives of sustainability and make mega cities livable and more efficient. This study

is further expanded in the next chapters.
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CHAPTER

INVESTIGATION OF THE EFFECT OF VENUE TYPES ON
CitY DYNAMICS

he main purpose of research undertaken in this chapter is to study the classifi-

cation of venues into various groups and the effect of these venue types on the

density distribution of users and model check-in data from LBSN for the city of
Shanghai, China by using combination of multiple temporal, spatial and visualization
techniques after classifying users’ check-ins into different venue categories. This chapter
expands the research discussed in the previous chapter by exploring the relation between
time, frequency, place, and category of check-in based on location characteristics and
their contributions. The venue categorization is based on the nature of the physical
locations within the city, and an effective model is presented for venue classification. The
results of usage patterns from hours to days, venue categories and frequency distribution
into these categories as well as the density of check-in and proximity between different
venue types and contribution of each venue category in its diversity, are thoroughly
demonstrated. Our findings uncover various benefits of studying the effects of different
types of venues on the city in many aspects, which can be applied in studying individual

venue types, predictions, recommendation systems and other interactive applications.
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4.1 Introduction

The mining of LBSN data for useful patterns and insights has become an important and
interesting topic among researchers in recent decades. Because of the huge number of
applications based on LBSNs nowadays, an enormous amount of data is generated that
is analyzed for extracting valuable information, particularly from a practical point-of-
view, e.g., in areas including public transit flows, route planning, disaster management,
etc. [136]. The online features of these applications encourage users to add and share
their interests, activities, pictures, videos, etc., with their friends within the network,
resulting in a massive amount of data that enables scholars to identify user activities
and preferences more accurately through analysis. The online services provide and
store user information along with their real-time locations, and the collected data is
generally enriched with metadata, text, multimedia and geo-locations that can be applied
to perform further research regarding several characteristics of human behavior.
Various studies have been conducted for analyzing and modeling human activities
from geo-data. Most recent research to find the relationship and obtain patterns among
users such as female and male, educated or less educated classes, age groups, etc., utilize
data from internationally renowned LBSNs such as Facebook, Twitter, Foursquare,
etc.[146]. Despite the exponential growth of Facebook, Twitter, etc. In countries around
the world, most of these LBSNs are blocked or have limited use in China. Therefore,
Chinese citizens tend to use national micro blogs, i.e., Weibo and hence check-in data
from Weibo may be suitable for LBSNs data analysis here in China. These patterns
include activity behavior, mobility, density, and also reproduce functional attributes
in the city and between different cities. The word ’Check-in’ represents a user who
confirms her/her location using an LBSN application by performing an activity or sharing
location with someone in a message. Weibo is famous not only among users but also
in many scientists as they carry out numerous types of studies to extract valuable
information from the geo-data provided by Weibo, e.g. some recent studies such as
analysis of road accidents in Shanghai, analysis of the attraction features of the tourist
hot spots through the data from Weibo, spatiotemporal analysis by gender for Beijing,
etc. [147]. These studies are mostly based on check-in data analysis for particular users
or specified application areas like tourism, road crashes, estimating urban boundaries,
spring-festival rush, gender, etc. For gaining more useful insights, there is a need to
relate these spatiotemporal patterns to the nature of venues from where the user check-

in, and to the extent of our understanding, it has not been discussed previously by
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INVESTIGATION OF THE EFFECT OF VENUE TYPES ON CITY

DYNAMICS
Table 4.1: Research Contributions
Attributes Studies Research Topic Gaps Our Contribution
Veerandi et al., "Measuring Urban Deprivation
[137] from User Generated Content"
Spatiotemporal "Visualization. Spati .
’ , Spatiotemporal . Higher temporal reso-
Analysis . Patterns, and Directional Daily or Weekly lution reveals nuanced
Rizwan et al., . . trends without . e
Analysis of Urban Activities . behaviors, critical for
[138] . . finer-grained .
Using Geolocation Data temporal analvsis urban dynamics and
Extracted from LBSN" P Y planning
"Construction and Adaptability
. Analysis of User’s Preference
Lietal, [139] Model Based on Check-in Data in
LBSN"
"Spatiotemporal Analysis to
Observe Gender Based Check-in
Muhammad et . . . .
al., [140] Behavior by Using Social Media
? Big Data: A Case Study of
Guangzhou, China"
"Extracting Urban Functional
Gao et al., [141] | Regions from Points of Interest
Venue and Human Activities on LBSNs"
Classification L.
Venue categorization
"Venue Classification and Single Type Venue/ | allows for a finer-
Li et al., [66] Exploring Venue Popularity in Activities not grained analysis of
Foursquare" classified social dynamics and
venue popularity
"The Geographies of Expatriates’
Cultural Venues in Globalizing
Feng et al., [65] Shanghai: A Geo-Information
Approach”
Enhanced spatial
" . . analysis  capability,
Nearest Senefonte et al., Reglop .a I Influences on Tourists User Preferences / crucial for identi-
Mobility through the Lens of . . . .
Neighbor [142] . o Density Estimation | fying clusters and
Social Sensing’ . .
Distance understanding social
gathering patterns
"Deepmove: Predicting Human
Feng et al., [143] Mobility with Attentional
Recurrent Networks"
"Revealing Spatial Preferences
Zha{xﬁ:}c al., Embedded in Online Activities: A
Density Case Study of Chengdu, China"
Estimation

Rizwan et al.,
[120]

"Big Data Analysis to Observe
Check-in Behavior Using
Location-Based Social Media
Data. Information"

Xia et al., [145]

"Spatiotemporal Residual
Networks for Citywide Crowd
Flows Prediction"

KDE used without
Anomaly Detection

Combining DBSCAN
with KDE for spa-
tial analysis and out-
lier detection offers
a novel approach, en-
riching LBSN data
analysis
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other researchers. Therefore, we focused on three different aspects of the analysis of
Weibo’s check-in data for the period of one year, i.e., July 01, 2016 to June 30, 2017 from
Shanghai City, for uncovering spatiotemporal patterns with venue classification, and
density estimation. So, the current study presents two key aspects of the analysis as our
contribution to the existing knowledge in this area of research. Which is the Classification
of the dataset and study of 10 venue categories and applying the spatiotemporal analysis
for modeling and density estimation of each category for a better understanding of typical
check-in concentrations based on each venue category, demonstrating the role of venues
in the diversity of users in Shanghai and presenting a model for future studies in these
different venue types.

The studies presented in the previous research including these in Table 4.1 the
integration of diverse LBSN data into the user activity studies framework provides
unique perspectives into human mobility and social behavior., thus opening new ways of
understanding user activities and preferences. Our study based on Weibo check-ins gives,
therefore, an enriched view of urban life in Shanghai based on Weibo data with respect
to the commonly used Foursquare or Twitter datasets, especially in China. As compared
to previous studies, which are generally quite coarse-grained in temporal analysis,
usually general daily or bias weekly timing, in the current chapter, we present a more
comprehensive investigation with statistical analysis with hourly, daily, weekly, and
long-term patterns to provide a more fine-grained description of city life preference. An
improved time resolution of the data could shed light on even more detailed trends. The
venue classification is improved with the proposed significant classes, which comprehend
social dynamics well and help in estimating venue-related activities in a comprehensive
manner. The spatial analysis is extended significantly due to the implementation of
nearest neighbor distance to understand spatial clustering and our capability to recognize
patterns in human activities and interaction more accurately. Moreover, the proposed
method of high-resolution KDE-based density maps present a detailed explanation of the
hot spots of spatial activities, which provided useful information for expanding studies
about the effect on city dynamics and LBSN based urban studies. Such integration
with KDE method for density estimation and anomaly detection was a useful kind of
combination providing spatial analysis with the ability to examine more patterns and

outliers at a higher level of detail within density estimation.
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4.2 Analysis Framework

The overall analysis and contribution presented in this chapter are given as a framework
for research, as shown in Figure 4.1. The methods used in this analysis are presented
here starting with the method for venue classification, going through Spatial Clustering
for showing the diversity of check-in as well as the density estimation based on the

defined venue classes.
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Figure 4.1: Analysis Framework

The accessibility and proximity of different services and facilities, from residential
to entertainment venues, affects not only the quality of life but also the social and
economic aspects of cities. Studying these spatial relations is critical for urban planning,
development, and community services. This research extends our existing research on
the effect of venue types by studying spatial correlations to investigate the relationship
between various types of venues. The point pattern analysis is carried out by the proposed
method that used point clustering with Nearest Neighborhood Distance for finding the
spatial clusters. We start with a random unvisited point in the dataset, which is followed
by neighborhood query, stating that for the current point, retrieve its e-neighborhood
and identify the points within this radius. We then move to the Cluster Formation in
which there are two iterative steps. Firstly, if the e-neighborhood of the current point
contains at least MinPts, create a new cluster, and add all reachable points to this
cluster. Secondly, if the e-neighborhood contains fewer than MinPts, label the point
as border points. These steps are repeated for the whole dataset, creating the desired
point clusters. The next step in the point pattern analysis method is finding the nearest

neighbor distance in which the distance between points from different categories is
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calculated to analyze the spatial correlation between different venue types. For this
purpose, the k-dimensional tree is utilized for effective nearest neighbor searching.

In spatial analysis with venue Types, we applied the KDE for spatial analysis with
the help of point density estimation. The point is to calculate the density of the defined
venue classes including ‘Educational’, ‘Entertainment’, ‘Food’, ‘General Location’, ‘Hotel’,
‘Professional’, ‘Residential’, ‘Shopping & Services’, ‘Sports’, and ‘Travel’ and compare
them in order to find the effect of these venue types on the density and diversity of data
points showing the preferences and trends in activities of users within the city based on

the type of venues.

4.2.1 Venue Classification

There has been rapid development in mobile technology, wireless communications, online
and location-based services in the past few decades. Therefore, services based on these el-
ements i.e., LBSN such as Twitter, Weibo and Facebook, etc., are drawing more and more
scholars to analyze the massive data collected by these services. The analysis proved
to be very helpful to extract useful patterns about crucial jobs like crises and disaster
management, urban planning, development of smart cities and other fields involving big
data. Along with the previously discussed spatiotemporal analysis, the effect of venue
classes or types are presented via statistical results and density estimation.

We filtered the dataset acquired from Weibo to find the most suitable variables for
the current research. The filtered dataset used in this study includes 441,471 check-ins
by 144,582 users from 20,171 venues. We initially classified the data manually based on
their names and the nature of activities performed at each venue in order to analyze the
effects of the venue types and the importance of the classification.

Our effort is to show the importance of venue classification. Although these venue
categories were assigned by filtering through the data with the help of key words such as
“School”, “Bank”, “Airport” etc., using MS Excel, an example of the step-by-step process
of venue filtering according to the classes is given in the Figure 4.2.

Although the model performs well, it still needs enhancements to be able to im-
plement. As we can see that the model successfully classifies the data into 10 groups;
however, this is a work in progress, and as a collaborative research student at the
University of Technology Sydney, we will try to explore more methods and evolution
methods in future work to show its significance. Although the model works, it still needs
more work to be implemented in real-time. Nevertheless, this proposed model and the

following analysis open many doors for researchers to do more efficient research in this
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Figure 4.2: Venue Filtering Process

domain using ML instead of manual classification. After the classification, the detailed

characteristics of the dataset are given in Table 4.2.

Table 4.2: Attributes of Categories

Educational 2535 12% 52645 20.76726 11948 6955 18902
Entertainment 2547 19% 79471 31.20181 16750 7964 24714
Food 2675 4% 22747 8.503551 3235 1746 4981
General_Location 1119 8% 23033 20.58356 5280 3084 8364
Hotel 1101 4% 16568 15.04814 3189 2523 5712
Professional 3030 7% 40527 13.37525 7760 5264 13024
Residential 2945 24% 98221 33.35178 19491 11919 31410
Shopping&Services 2263 12% 62155 217.4675 16494 7310 23804
Sports 594 4% 19590 32.9798 3309 3165 5474
Travel 1362 7% 26514 19.46696 4728 3469 8197

A major advantage of using LBSN data is the ability to find the location of the check-
in activity, along with its purpose. Each check-in provides the latitude and longitude of
the actual venue by the LBSN (e.g., Weibo). When searched for in the LBSN data, the lat-
itude and longitude give a specific location on a geo-referenced map. This data about the
location can be utilized to get other information about the visited venue. We use only the
most general types of the hierarchy, containing 10 different venue types: ‘Educational’,
‘Entertainment’, ‘Food’, ‘General Location’, ‘Hotel’, ‘Professional’, ‘Residential’, ‘Shopping
& Services’, ‘Sports’, and ‘Travel’. The categories and examples of the check-in locations
are given in Table 4.3.

This presented venue filtering algorithm defines keyword lists for each of the 10
venue categories and uses a function categorize_venue() to assign each venue to the

appropriate category based on whether its name contains any of the keywords in the
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Table 4.3: Check-in Venue Categories

Concert_Hall, Daning_Theatre

Entertainment
Cinema_Shanghai_Paragon_Studios
. Tongji_University_South_Campus
Educational
Cao_Yang_Second_Middle_School
Tang_Lian_Hot_Spring_Restaurant
Food

Starbucks_(Gubei_Store)

Wanda_Square
Changle_Road
Three_Star_Yunfeng_Hotel

General Location

Hotel
Five_Star_Shanghai_Fujian_Hotel
. HSBC_Court_Buildings
Professional
Ping_An_Bank_Headquarters
. . Residential_Area_Yonghe_Sancun
Residential
Xinli_Greenland_Apartments
. Shopping_Mall_Baili_Life_Plaza
Shopping
Mall_Australia_Square
Playground_Happy_Valley
Sports
Lushan_Golf_Club
Hongqiao_Airport
Travel

Line_2_Xujing_East_Bus_Station

corresponding keyword list. The apply() function is then used to apply the categorization

function to each venue name in the data. The distribution of check-in points in the

categories is given in Figure 4.3.

General_Location
23033

Figure 4.3: Check-in Venue Distribution

The total check-ins in the ‘Residential’ category are greater than all other categories,

while ‘Hotel’, ‘Food’ and ‘Sports’ have minimum check-ins. It is interesting to observe
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that although the number of locations in “Professional” is more than in every other
category, check-ins and users in ‘Residential’ is more than the double of check-ins in
the ‘Professional’ category. Similar patterns can be observed in the ‘Educational’, ‘En-
tertainment’, ‘Shopping&Services’ and ‘Food’ categories, like, the number of venues is
almost the same, but the check-ins and users are significantly different in numbers. This
reveals an interesting point, i.e., in the second case, it is an obvious fact that people
tend to use LBSNs more frequently while having a good time at ‘Entertainment’ and
‘Shopping&Services’ venues, e.g., Concerts, Parks, Shopping Malls, etc. Similarly, they
use LBSNs more at their homes as compared to being at work or professional places, for

instance, hospitals, courts etc.

m Male m Female

B Weekend Weekdays

'}.

”wm

T 0 10000 20000 3000 20000 S00DD aDha0 70000
Figure 4.4: Venue Categorization Statistics

We provide temporal analysis to show the effects of different types of venues on the
users’ behavior. The overall statistics of the venue categories are provided in Figure 4.4.
To gain more insights into the contribution of these check-in venue categories, we expand
our study of categorization with respect to time, week and date as shown in Figure 4.5.
The category-wise temporal analysis shows some common behaviors like the decline of
check-ins frequency in vocations and spikes in almost all categories after vocations in
April, along with uncovering that winter vocations (Chinese New Year and Spring Festi-
val) do not have that much effect on ‘Entertainment’ and ‘Shopping&Services’ categories
as compared to winter vocations as in Figure 4.5.a. The Figure 4.5 .b indicates that
the check-ins in the ‘Residential’ category start rising earlier in the morning and start

declining later at night as compared to other categories (as expected). Additionally, other
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Figure 4.5: Category-wise Temporal Analysis, a). Time by Category, b). Weekday by
Category, c). Date by Category,

categories start declining after working hours, but ‘Entertainment’, ‘Shopping&Services’
and ‘Residential’ check-ins are at the peak after working hours until midnight. The
weekly analysis in Figure 4.5.c represents that weekend have a significant effect on the
‘Professional’ category as the check-ins are minimum on weekends and on ‘Entertainment’

and ‘Shopping&Services’ as they are at peak on weekends.

4.2.2 Clustering-based Point Pattern Analysis

In the evolving landscape of urban dynamics, the relationship between various types of

venues plays an important role in modeling the experiences of users. The significance
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of this study can be demonstrated as, we used the ‘residential’ category having the
most number so check-in along with ‘entertainment’ (as a part of our tourism study).
The accessibility and proximity of different services and facilities, from residential to
entertainment venues, affects not only the quality of life but also the social and economic
aspects of cities. Studying these spatial relations is critical for urban planning, develop-
ment, and community services. This research extends our existing research on the effect
of venue types by studying spatial correlations to investigate the relationship between
various types of venues. The point pattern analysis is carried out by the proposed method
that used point clustering with Nearest Neighborhood Distance for finding the spatial
clusters. The details of the point clustering method are provided in this section, which is

based on the following steps.

Has all
points been
visited?

D Select new Retrieve all density-

point | reachable pointwrt
(Check-n] ¢ and MinPts

F 3

Yes |  Plot
Cluster

Is the point a
core point?

Detect as noise

Figure 4.6: Clustering Method

We start with a random unvisited point in the dataset, which is followed by neighbor-
hood query, stating that for the current point, retrieve its e-neighborhood and identify

the points within this radius:
Ne(p)={qeD |dist(p,q) <¢€} (4.1)

where D is the dataset and dist(p,q) is a distance metric. We then move to the Cluster
Formation in which there are two iterative steps. Firstly, if the e-neighborhood of the
current point contains at least MinPts, create a new cluster, and add all reachable
points to this cluster. Secondly, if the e-neighborhood contains fewer than MinPts, label
the point as border points. These steps are repeated for the whole dataset, creating the
desired point clusters.

The next step in pattern analysis is finding the spatial clusters. The aim is to

identify check-in clusters within each venue category based on geographic proximity. The
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Figure 4.7: Spatial Distribution of Residential Category by Clusters

clustering algorithm is used for its capability to retrieve arbitrarily shaped clusters and

manage outliers effectively.
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Figure 4.8: Spatial Distribution of Entertainment Category by Clusters

The above scatter plots show the spatial distribution of the 'Residential’ in Figure
4.7 and ‘Entertainment’ category check-ins in Figure 4.8, reflecting the grouping of
residential and entertainment-related check-ins in different areas of the city. These

clusters can reveal areas with a higher level of residential check-ins. If these groupings
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are close to each other, it suggests a higher level of spatial correlation among the
residential or entertainment areas, respectively. These figures also reveal areas with a
high concentration of entertainment venues, which can be compared to the residential
clusters for analysis of spatial relationships between where people live and where they

seek entertainment.

4.2.3 Nearest Neighbor Distance

The nearest neighbor distance between points from different categories is calculated
to analyze the spatial correlation between different venue types. The distribution of
nearest neighbor distances was visualized using a histogram to provide insights into the
spatial correlation. Clustering of venues was inferred from a higher frequency of shorter

distances, suggesting proximity between entertainment and residential venues.
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Figure 4.9: Bimodal distribution of Distance from Residential to Entertainment Venues

The following figures show a bimodal distribution of distances from entertainment
venues to the nearest residential venues. Figure 4.9 clearly points out the bimodal
distribution of the distances, which suggests that there are two common distances at
which most entertainment venues are usually located relative to residential venues. That
may mean that there were even two different urban settings or planning paradigms
within the city: those of the city center, where often, due to higher density, short distances
are being used; and those of suburban locations, where venues might be more diverse.

Figure 4.10 shows a cumulative distribution of distances from entertainment venues to
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Figure 4.10: Cumulative Distribution of Distance from Residential to Entertainment
Venues

the nearest residential venues. The bimodal distribution usually refers to the tendency
of data distribution to assume two different distinct peaks; most entertainment venues
are usually found at two different distances relative to residences. Such peaks would
suggest two groups of venues for the provision of entertainment: one cluster close to
residential areas, and the second one a bit far from the residential parts. This might
bring some idea about the type of entertainment venues. For example, the smaller local
ones, e.g., cafes or community centers, should be located nearer to the residencies, while
the big ones, e.g., concert halls or sports areas.

The y-axis represents the frequency of a venue at a different distance. The higher the
bar, the greater is the number of occurrences in which a venue is at that distance. The
highest showing that the mode distance between the home venue and the nearest venue
for entertainment is about half a kilometer. This would be indicative of some urban
design where the districts have some of the entertainment areas meant for residential
use, close and intimate to form an entertainment option and within, in some cases
making it so that some would have larger districts for entertainment possibly located
away by requiring transportation. This insight might be accounted for by urban planning
policies or land use, or possibly by natural geographic features. It also clearly indicates
on the graph the frequency extending towards the right, fewer entertainment venues
found at further located places from resident places.

The next step in the point pattern analysis method is finding the nearest neighbor
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distance in which the distance between points from different categories is calculated
to analyze the spatial correlation between different venue types. For this purpose, the
k-dimensional tree (k-d tree) is utilized for effective nearest neighbor searching which is
defined as follows:

Given two sets of points S, and S, representing 'Residential’ and ’Entertainment’
venue locations, respectively, the nearest neighbor distance from an entertainment venue
e € S, to the closest residential venue is given by Equation 4.2.

dmin(e,S;) =mind(e,r) 4.2)

resS,

where d(e,r) is the Euclidean distance between points e and r, which can be computed

on a plane as Equation 4.3.

dle,r) = /(e =22 +(ye — 3 )2 4.3)

We used the point pattern analysis by using the 'Residential’ and ’Entertainment’
categories from our study to compute the nearest neighbor distances between these types

of venues.
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Figure 4.11: Distribution of Distances from Entertainment Venues to Nearest Residential
Venues

The Figure 4.11 exhibits the distribution of distances from residential venues to the

nearest entertainment venue, measured in kilometers. The peak at the lower end of the
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Figure 4.12: Nearest Neighbor Distance Distribution

distance range suggests that many residential venues are located quite close to enter-
tainment areas, indicating a potential clustering effect which supports the notion that
accessibility is a key factor in the placement of these venues in an urban environment.
Figure 4.12 demonstrates the nearest-neighbor distances on an expanded scale between
the facilities of entertainment and residential venues. The distance distribution shown
in the figure represents the frequency with which the venues fall into a specified range
of distances. The center of the distribution shows that most of the entertainment areas
are around this distance from the residential venues. A smooth line clearly indicates
a continuous probability density curve of the distances and enables one to identify the
distribution shape as well as its central tendencies. The center shows the mean (average)
nearest neighbor distance according to the check-ins in within the Weibo dataset, telling
us the entertainment distance of venues to the closest residential venue. The venues of
entertainment are located mostly nearer to the residential areas in distance and at a
denser concentration around the mean distance, as represented in the above figure. The
distribution seems to be slightly positively skewed; showing, most venues are clustered
around lower distances, but some are also located around higher distances. Which can be

very helpful such as the proximity pattern can advise companies about optimal locations
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for their services, the city planners, local government, and community service providers
can use this kind of insight for optimizing the allocation of land resources, confirming
that entertainment facilities are easily accessible to residential areas, thereby enhancing

the quality of urban life.

4.2.4 Spatial Analysis with Venue Types

In this section, we investigate spatial analysis by visualizing the locations of venue
categories and the density of total check-ins by using the geo-location data from Weibo
on a map of Shanghai. For this purpose, we used a map including features from Open-
StreetMap because it contains the most recent updates of the map features. We can
observe features such as city boundaries, districts and district boundaries, Shanghai

Metro lines, and the road structure.
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Figure 4.13: Class-Based Density Estimation

With the help of these features, it is easy to evaluate and recognize the different
locations on the map. For spatial analysis, we first plotted the locations of all the famous
venues in Shanghai, as shown in Figure 4.14.

It can be observed from the above figure that, as per the planning of one of the major
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Figure 4.14: Location of Venues in Different Categories in Shanghai

cities of China and ease of access, most of these locations are situated either in the city
center or near Shanghai Metro. The seven districts, namely Changning, Huangpu, Putuo,
Hongkou, Xuhui, Jingan, and Yangpu, situated in Puxi (Huangpu West), are collectively
called the downtown area or the city center of Shanghai [63]. The downtown has a higher
concentration of famous places, as would be expected in any major city; however, the
Educational and Residential venues are relatively dispersed within the city.

In order to show useful insights about the effect of activities in different venue cate-
gories on the diversity of check-in locations, we plot the density of each venue category in
Figure 4.14. It can be seen in the following Figure 4.14.a,b,c&d that with approximately
the same number of locations in ‘Educational’, ‘Entertainment’ and ‘Food’ categories,
check-ins in ‘Educational’ and ‘Food’ are more concentrated as compared to ‘Entertain-
ment’, showing that users visited variety of ‘Entertainment’ venues while they preferred
specific ‘Food’ venues, and ‘Educational’ intuitions obviously have check-ins from specific
locations. General_Location’ are more diverse as compared to ‘Hotel’ because they are
situated at specific places in the city.

As seen in below Figure 4.16.a, it is a common behavior that people barely use
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LBSNs from ‘Professional’ locations, similar patterns can be observed in Figure 4.16.Db,
having the most average density unlike to all other categories. On the other hand, be-
cause of the huge residential apartments in the mega city of Shanghai, Figure 4.16.c
demonstrates highly concentrated density of check-ins in the ‘Residential’ category. The
‘Shopping&Services’ in Figure 4.16.d (substantial check-ins) and ‘Sports’ in Figure 4.16.e
(less check-ins) show diversity in the intensity of check-ins representing the interest of
users to explore different shopping sites and various types of ‘Sports’ venues. The ‘Travel’
category in Figure 4.16.f, however, displays the density of check-ins alongside metro lines
and metro/bus stops.

The contribution of each check-in venue category to the overall density of Weibo
data in Shanghai can be elaborated as the locations in ‘Educational’, ‘Food’, ‘Hotel’,
‘Professional’ and ‘Travel’ categories mainly account for the concentration of density
to these specific places while locations in ‘Entertainment’, ‘General_Location’, ‘Shop-

ping&Services’ and ‘Sports’ adds diversity of check-ins in low density areas. However,
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the fact remains the same that city-center has denser density as compared to suburban

areas.

4.3 Summary

In this chapter, we introduced the venue classification method for detailed analysis of
spatiotemporal patterns, effect of venues and provided the opportunities for researchers
to conduct various kinds of comparative studies between different venue classes or in-
dividual class. The data from Weibo for one year (July 2016 to June 2017) was used for
spatiotemporal analysis to explore patterns in different activity categories in Shanghai.
The research included analysis of check-in behavior based on time (daily, weekly, an-
nual), check-in in different venue categories, and the location of various categories along
with the contribution of each check-in venue category in the density. Temporal analysis
revealed key behavior that was the significant effect of vocations and mass migration on
the check-in frequency resulting in minimum number of check-ins during that period.
The venue classification provided insights like maximum number of check-ins from resi-
dential, entertainment and shopping areas as compared to check-ins from others, and an
additional fact that shopping and entertainment are not affected that much by summer
vocations, Spring Festival or Chinese New Year. The point pattern analysis revealed the
importance of conducting nearest neighbor distance to find the spatial proximity and
accessibility between venue types as evident from the exiting close proximity between
the residential and entertainment venues. The results of density estimation demon-
strated by modeling density of venue categories like those containing professional and
residential venues contribute to a more concentrated while the categories like shopping

and entertainment extend the density to suburban areas.
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VENUE CLASSIFICATION AND PREDICTION

he current research has aimed to investigate and develop ML approaches to be

applied to classify LBSN data and predict user activities based on the nature of

various locations (such as entertainment) and their preferences. The analysis of
user activities and behavior from LBSN data is often based on venue types, which require
the input of data into various categories. This has previously been done through a tedious
and time-consuming manual method. Therefore, we proposed an efficient approach of
using ML models to extract these venue categories. In this study, we used a Weibo
dataset as the main source of research and analyzed ML methods for more efficient
implementation. We first introduced four models based on well-known ML techniques,
including the GLM, LRM, GBT and Deep-Loc model. We designed, tested, and evaluated
these models. We then used assessment metrics, such as the ROC or AUC, Accuracy,
Recall, Precision, F-score, Sensitivity and various evaluation matrices, to show how
well these methods performed. We discovered that the proposed ML models are capable
of accurately classifying the data, with our Deep-Loc model outperforming the other
models, followed by GBT, GLM, and LRM, for multiclass distributions and single class
predictions. We classified the data using our ML models into the 10 classes we used in our
study and predicted tourist destinations among the data to demonstrate the effectiveness
of using ML for LBSN data analysis, which is vital for the development of smart city
environments in the current technological era. The comparison of our proposed model

shows batter performance as compared to recent state-of-the-art methods.
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5.1 Introduction

The research on LBSN data has gained huge attention from scholars with the rapid
growth of mobile technologies. The LBSN data has been used for analysis in variety of
specialized fields such as study of people’s behavior in festivals, shopping malls, food
venues, tourism and many more [139]. This kind of data contains heterogeneous at-
tributes about users, and researchers need to filter out the data relevant to specific
venues to conduct more specialized studies. The dataset often includes thousands or
sometimes, millions of records before the data filtering which is done manually which is
a time consuming and troublesome issue for such kind of research. Therefore, some ML
methodologies are required to classify the data based on some specific characteristics so
that the multi-venue data can be classified without the need of manual work. With the
interactive web-based interface of modern LBSNSs, researchers have more opportunities
to utilize the data about the majority of the population for various kinds of analysis. This
data provides a sample of various aspects of human behavior and traits while interacting
with the LBSN during variety of activities through check-ins from different venues. The
study of these behaviors provides valuable insights about the general trends within the
population for planning and development of events, festivals, parks, shopping malls,
restaurants and, ultimately, development of a smart city. The LBSN data has also been
used in more specialized studies like finding the popularity factors of restaurants, role of
parks, tourism behavior and many more, which are proved to be tremendously valuable
in these fields. However, for these specialized studies, it is crucial to consider the data
relevant only to the venues of interest within the huge number of records and manually
classify the specific data for each individual research. As one of the strengths of using
LBSN data for human behavior is the availability of huge amount of data, it is often
difficult and more time consuming to classify the data for finding suitable records [13].
The primary objective of this research is to find and develop ML methods that can be
used to classify the LBSN data used in our previous research and predict the tourism
venues for analyzing the activities of tourists and residents in Shanghai, while showing
the efficiency of the proposed models for LBSN studies. This research question was
formulated after finding the research gap from our rigorous literature review suggesting
that many studies are conducted in the field of LBSN analysis with manual classification
of data. The use of ML provides a more efficient way to conduct these studies while
keeping the integrity and validity of the research intact so that the researchers and

developers can focus on more beneficial analysis without worrying about going through
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each record among the piles of ‘Big Data’ manually [15]. In the same context Wang et
al.[46] pointed out the detriments of manual classification while discussing the imperfec-
tion, unreliability of classifications that are generated with the human eye. Therefore,
the computerized, digitized, ML based classification of our data is proposed. to show
the feasibility of the dataset used in this study, we initially applied statistical analysis
using IBM SPSS 25 [148] followed by the proposed ML through Rapid Miner [149]. After
consideration of the research gap, we addressed the following research question in this

study.

* How can we use and develop ML models to categorize LBSN data into specialized
fields? And which ML model best fits the LBSN data to predict a specific class of

venues (tourism) for study of a particular research domain.

* Proposed Deep-Loc model specifically designed for efficient and effective venue

classification instead of the traditionally manual categorization of LBSN data.

In the current research, we analyzed various machine-learning methodologies and pro-
posed an efficient approach to the venue classification problem by using machine learning
with the help of four models that show promising performance in the classification of
data into multiple classes and predicting the designated class of users based on the
information about activities performed at different venues from their check-in records.
Once the models are trained and implemented, they can remove the overhead of manual

classification in the field of venue based LBSN analysis.

5.2 Analysis Methods

In this section, we present and explain the overall methodology of our research and the
steps involved during this study. Following Figure 5.1 illustrates the workflow of our
classification methodology. The pictorial representation of the experimental setup for
the location category-based activity predictions and classification. The first step is to
collect the data and prepare it for analysis. This involves cleaning the data, removing
any duplicates, and encoding categorical variables. The data used in this research can be
acquired using Weibo API, as illustrated in Figure 2.6.

The data attributes used in this research are selected after verifying the variable
significance using linear regression. The data is then divided into training and testing
sets with K-fold cross validation which can be defined as: Let’s consider the dataset
of N samples, denoted by X = (x1,x2,...,x"). The dataset is first split into % folds of
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Figure 5.1: Pictorial Representation of Classification

equal size, denoted by X1, X2, ... ,X*. For each fold i = 1,2,...,k, train the ML models
on the training data X — X* and evaluate their performance on the test data X*. The
training data X — X’ consists of all the samples in X except those in X?, and the test set
X! consists of the samples in X*. The performance of the model on each test set X’ is
measured using a performance metric, including accuracy, recall, precision, or F-score.
The final performance metric for the model is obtained by averaging the performance
metrics of each iteration, i.e., by averaging the performance metrics on each test set X*.
This provides an estimate of the model’s performance on an independent dataset. The
final performance metric gives us a robust estimate of their performance on independent

data, as it is based on an average over iterations [150].
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Figure 5.2: Machine Learning Framework

The model training phase consists of training several ML models are used to classify
the location categories, including the GLM, GBT, LRM, and Deep-Loc model. Each model
is trained on the training and evaluated on testing sets. The performance of each model is

evaluated using metrics such as accuracy, recall, precision, F1-score, Receiver Operating
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Characteristic (ROC) curve, Area Under the Curve (AUC), confusion matrices, and lift
chart. And finally, the best-performing model can be highlighted based on its overall
performance and ability to accurately classify and predict the location categories.

The detailed implementation of each model is provided in the next sections. The ex-
periments were performed on a computer with an Intel Core i7 processor, 16GB of RAM,
and NVIDIA GeForce GTX 1060 graphics card. The Deep-Loc model is structured with
several hyper-parameters that play an important role in its training and performance.
The training process is set to iterate over the dataset for 10 epochs, ensuring that the
models have ample opportunities of learning intricate patterns from the data and the
number of batches equals 7 with size of 1992. The model employs a learning rate of
0.005, a parameter that dictates the step size during weight updates in the optimization
process. To prevent oscillations and ensure smooth convergence, a momentum of 0.9 is
incorporated, with the added advantage of the Nesterov acceleration for faster conver-
gence. The decay parameter is set at epsilon 1.0E-8 and rho 0.99, gradually reducing the
learning rate over time to refine the model’s weight adjustments as it approaches the
optimal solution.

The model’s optimization strategy is governed by the Stochastic Gradient Descent
(SGD) algorithm, a widely used method known for its efficiency and robustness. To
quantify the difference between each predicted probability and the actual class label,
the categorical cross entropy loss function is utilized, which is particularly suitable for
multiple class classification tasks. For model evaluation, accuracy serves as the primary
metric, providing a clear measure of the ratio of correctly predicted suggestions made
by the model. To prevent over-fitting and ensure the models’ generalization to unseen
data, 10% of the training data is reserved for validation purposes. The software used
included Rapid Miner 9.7, Python 3.8, and IBM SPSS. Further details of the dataset and

methodology are presented in the following subsections.

5.2.1 Data Source

The data source used in this study is acquired from Weibo which was also presented in
our previous research for venue classification. The dataset includes the following feature

as extracted during the data acquisition and pre-processing:

¢ User ID (Unique for every user however available multiple times with subsequent
check-ins).

¢ Gender of the user.
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Check-in Day (Day of the week including weekends/weekdays).
Check-in Time.

Check-in location name (like Shanghai University, Lingnan Park, etc.).

Check-in Category (used for training during supervised learning).

The dataset used in this study is from Weibo to find the most suitable variables for the
current research. The dataset used in this study includes 441,471 check-ins by 144,582
users from 20,171 venues. We initially classified the data manually based on their names
and nature of activities performed at each venue in our previous study and used the same
dataset for the supervised learning of our proposed classification and prediction models.
While for the evaluation of these models, we utilized 10-fold cross validation method for
dividing the dataset into the standard split of 80/20 for training and respective testing

with stratification.

5.2.2 Feature Selection

The LBSN datasets include a number of features that have been used for research in a
variety of domains. Although these features possess value in one way or another. However,
it is imperative to choose the best possible features for research in any individual domain.
There are numerous methods for the feature selection for example, forward elimination,
backward elimination Bayesian, Akaike Information Criterion and so on. We used the
famous Adjusted R2 with backward elimination method to include p-values with a
threshold of 0.05 [135]. Which can be defined as shown in Equation 5.1.

Adjusted R?=1-(1-R?). 2~ D _ (5.1)

(n-p-1)

where R? is the coefficient of determination, n is the sample size, and p is the number
of predictors. The backward elimination method is a stepwise regression method that
starts with all predictors and removes the variable with the largest p-value one by one
until all predictors have a p-value less than a specified threshold (usually 0.05). The
Adjusted R? is then re-calculated after each variable is removed to assess the impact on

the goodness of fit.

5.2.3 Machine Learning Models

This analysis is based on four ML models that are provided below.
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¢ Generalized Linear Model (GLM): The GLM is a flexible and frequently used statistical
model that can be implemented for both binary and multiple class classification prob-
lems. GLM is a generalization of the linear regression model that allows for non-linear

relationship between the predictor and the response variables. For binary classification,
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Figure 5.3: Generalized Linear Model for Venue Classification

GLM can be used to model the log odds of the binary outcome as a linear combination of
the predictor variables, and then transform the log odds to probabilities using the logistic
function. For multi-class classification, GLM can be extended to use a multinomial or
ordinal response distribution, depending on the nature of the outcome variables. The

mathematical form of GLM can be written as follows:
n=Xp (5.2)

where 7 is the linear predictor, X is the matrix of predictor variable, and S is the vector

of regression coefficients.

g(w=n (5.3)

where g is the link function that relates the expected value of the response variable (u)

to the linear predictor.

;) = c(y)exp((yn — b(n))/a) (5.4)

where f is the probability density function of the response distribution, y is the outcome
variable, u is the expected value of the outcome variable, a, b, and ¢ are constants that

depend on the choice of the response distribution, and g7 is the linear predictor.
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* Logistic Regression Model (LRM): LRM is simple and widely used statistical model
that can be implemented for binary classification problems. LRM models the probabilities
of the binary outcome as a function of the predictor variable, using a logistic function

that maps the linear predictor to a probability value between 0 and 1. The mathematical
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Figure 5.4: Logistic Regression for Classification

form of LRM can be written as follows:

1
=1 = .
ply %) 1+exp(-wTx) (5.5)

where p(y = 1|x) represents the probability of the binary outcomes (y = 1) given the
predictor variables (x), w is the vector of regression coefficients, and T is the transpose

operator.

ply=0lx)=1-p(y =1|x) (5.6)

where p(y = 0|x) holds the probability of the negative outcomes (y = 0) given the predictor

variables (x).

L(w)=-)_[ylog(p(y = 1|x)) + (1 - y)log(1 - p(y = 1|x))] (5.7)

where L is the log-likelihood function used to measure the goodness of fit for the model.

* Gradient Boosted Trees (GBT) Model: GBT is a powerful and widely used ML algorithm
that can be implemented for both binary and multiple class classification problem. GBT is
an ensemble method which is the combination of multiple decision trees for improvement
of the accuracy and robustness of the model. For binary classification, GBT models

the probability of the binary outcome as a function of the predictor variables, using a
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series of decision trees that are trained sequentially for minimizing the loss function.
For multi-class classification, GBT can be extended to use a softmax output layer that

assigns probabilities to each of the possible classes. The mathematical form of GBT can
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Figure 5.5: Boosted Trees Architecture

be represented as follows:
flx)=) T(x;6;) (5.8

where f is the prediction function, T' is the decision tree function, 0; is the set of
parameters of the j-th decision tree, and the sum is over all the decision trees in the

ensemble.

p(y=0lx)=1-p(y =1lx) (5.9)

where p(y = 0|x) is the probability of the negative outcome (y = 0) given the predictor

variables (x).

L(y,f(x) = =) _[ylog(p)+ (1 - y)log(1-p)] (5.10)

where L is the loss function that calculates the difference between the predicted proba-

bilities (p) and the true outcomes (y).

® Deep-Loc: The proposed Deep-Loc method is especially devised deep learning model

for location classification. Deep learning is commonly used, powerful and flexible ML
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method that can be used for both binary and multi-class classification problems. The

architecture of the implementation of the ML for venue classification is given in the

Figure 5.6.
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Figure 5.6: Deep-Loc Model for LBSN Venue Classification

The Deep-Loc model uses the check-in data from LBSN to classify the data into multiple
classes or extract venue of specific type. The x represents the matrix set of the training
data including various attributes for each check-in records and trains through the visible
and hidden layers of the devised method. This output classes can either be the multi-class
(such as Education for C1, Food for C2 and more) or binary class (P for the predicted
class and O for others) as required for the analysis. Deep-Loc model is based on artificial
neural networks composed of multiple layers of interconnected nodes that can learn
complex nonlinear relationships between the predictor and the response variables. For
binary classification, Deep-Loc is used to model the probabilities of the binary outcomes
as a nonlinear function of the predictor variables, using one or more hidden layers. For
multiple class classification, Deep-Loc is extended to use a softmax output layer that
assigns probabilities to each of the possible classes. The mathematical form of Deep-Loc

can be written as follows:

z()=WDa(l -1)+b(), (5.11)

where z(l) represents the linear transformation of the input data at layer / while the
a(l — 1) denotes the activation of the previous layer, and W(l) shows the weight matrix at
[ layer, b(l) indicate the bias at [ layer.
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a(l) = f(z()) (5.12)

where f is the activation function that applies a non-linear transformation to the linear

transformation of the input data.

L(y,y") ==Y ylog(y) (5.13)

where L is the loss function that calculates the difference of the predicted probabilities

(y') and the true outcomes (y).

5.2.4 Model Evaluation

The proposed models are implemented using the famous ML platform called RapidMiner.
An important part of ML is the model evaluation to estimate the efficiency and effective-
ness of the models used during the analysis. A portion of data is always used for training
the methods and some portion of unseen data is kept justifying that the said method
is good or bad, and the classification or predictions are correctly done. The evaluation
techniques used in this study include accuracy and Confusion Matrices for Classification,
and AUC or ROC, accuracy, precision, recall, F-score, and sensitivity for Tourism venue
Prediction. Most of these famous evaluation methods are self-explanatory and some are
described here. The AUC shows the association of true to false positive rates containing
threshold each producing 2x2 contingency matrix. Precision is a measure of the true
positive predations that are accurately classified, and the recall refers to the true positive
prediction of all positive values in the data. The F-score captures both the recall and
precision of a single value to show both these properties and the sensitivity is the true

positive recognition ratio.

5.3 Results and Discussion

This section provides our results with detailed explanation with evaluation and compari-

son of the proposed models.

5.3.1 Statistical Modeling

To find the importance of variables used in this study, it was necessary to look at the

predictors and their effect on the number of user check-ins statistically before imple-
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mentation of the ML algorithms [2]. To implement this model, the following regression

equation was used Equation 5.14.

Y = fo+ Pfrx1 + Paxa+ Paxs + -+ Prag +€ (5.14)
The parameters and considered variables are shown in Equation 5.15:
Y = Bo + B1User_ID + BaGender + B3Time + f4Day
+ fBsLocation_Name + fgEducational + f7Entertainment
+ BsFood + BgGeneral_Location + f19Hotel (5.15)

+ B11Professional + f19Residential + $13Shopping_Services
+ B14Sports + B15Travel + ¢

With application of this regression model, the values are shown in Equation 5.16.

Table 5.1: Multiple Linear-Regression

Coefficients Estimate Std.Error tValue Pr(Iltl) Significance
Intercept 4.8321088 0.0158305 289.703 <2x10716 ok
User_ID 1.866674 0.177615 10.51 <2716 ok
Gender 0.612028  0.166562  3.674 0.000249 ok
Time 0.940388 0.126142 7.455 1.71x10713 ok
Day 0.871949 0.22472 3.88 0.00011 sk
Location_Name 0.837961  0.202606  4.136  3.78x107° S
Educational 0.0165532 0.0030441 6.382 5.69x1078 ok
Entertainment 0.0055856 0.0019546 4.106 0.002245 ot
Food 0.0080145 0.0019644  4.191 0.001325 o
General Location 0.0153966 0.0020293  8.669 1.88x 10714 ok
Hotel 0.0015987  0.002076  3.814 0.004152 o
Professional 0.0040008 0.0009275  3.938 0.003307 G
Residential 0.0079851 0.0019825  4.717 0.000202 ok
Shopping & Services 0.015082 0.0030092 6.333 9.86 x 1078 SR
Sports 0.0088736 0.0018375  4.71  2.50x 1076 ok
Travel 0.0090936 0.0019494 5.184 2.89x107° G

"Significance Codes: *** (p-value: [0, 0.001]), ** (p-value: [0.001, 0.01])."
Y = by +b,User_ID + boGender + b5Time + bsDay

+ bsLocation_Name + bgEducational + b7Entertainment
+ bgFood + bgGeneral_Location + b19Hotel (5.16)
+ b11Professional + b19Residential + b13Shopping_Services

+ b14Sports + bisTravel +¢
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The model coefficients are presented in following Table 5.1, where ‘Education’ depicts
unit increase in the value, the check-ins raised approximately 1.6% times with low
p-value; likewise, the number of user check-ins in other categories have low p-value
showing the significant variables. The feasibility and significance of the data attributes

used in this research can also be observed in the correlation matrix as in Table 5.2:

Table 5.2: Correlations Matrix

Time Gender Category CheckinDate Weekdays

Time 1 -0.050%* -0.005 -0.053%* 0.017%*
Gender -0.050%* 1 0.015%* -0.017%* -0.012%*
Category -0.005 0.015%* 1 -0.039%** -0.013%*
CheckinDate -0.053** -0.017**  -0.039%** 1 -0.037#*
Weekdays 0.017#*  -0.012%*  -0.013** -0.037** 1

"#*_ Correlation is significant at the 0.01 level (2-tailed)."

The statistical analysis provides the means of selecting the most efficient variables
for successful classification and prediction before using ML techniques. In the next stage,
we used these significant variables for our proposed ML models’ implementation for
LBSN data analysis.

5.3.2 Classification Into Multiple Venue Types

The following four ML methods have been proposed in this study based on GLM, LRM
and GBT and Deep-Loc model for venue classification for improving the classification of
LBSN data that has been done manually for decades in many fields by many researchers.

The previously studied 10 venue classes have been used for supervised learning
namely ‘Educational’, ‘Entertainment’, ‘Food’, ‘General Location’, ‘Hotel’, ‘Professional’,
‘Residential’, ‘Shopping & Services’, ‘Sports’, and ‘Travel’. The Figure 5.7 shows the
overall performance of these methods for classification problems.

The results show the high accuracy of the Deep-Loc model for our classification
problem of LBSN data into prespecified categories. The other models, including the
GLM, LRM, and GBT, also performed very well in the classification of LBSN data. The
Deep-Loc model and GBT model also have a high accuracy, which indicates that these
are suitable for our data. The LRM are simple, easy to interpret, and fast to train. They
are best suited for linear problems, where the relationship between the predictors and
the target is approximately linear. In these cases, LRM can provide accurate predictions
and good interoperability. The GBTSs, on the other hand, are more flexible and powerful

and can handle nonlinear relationships between predictors and target. They are based on
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decision trees, which are decision-making techniques that capture complex relationships

in the data. GBT can also handle missing or noisy data, and they can learn interactions
between predictors.
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Figure 5.7: Venue Classification into 10 Classes Using Machine Learning

In general, GBT tends to outperform LRM when the interrelations between the
predictors and the target is nonlinear, and when the data contains noise or missing values.
However, GBT can be more difficult to interpret and can be slower to train than LRM. It
is important to note that choosing the best model depends on the specific requirements
of the task, the nature of the data, and the desired performance characteristics. In the
following section, we provide the confusion matrix for each implemented method to show
how significantly they performed on the test data. The performance of each individual
model is provided as follows.

a). Generalized Linear Model

It is one of the fastest and most efficient methods working a probabilistic classifier
that has been used in variety of applications in the past decades. This method has been
implemented due to its competence in classification problems, precision and robustness
that can be seen in numerous research articles over the years as stated by [151]. This
method is an enhancement of the linear models by using the maximum likelihood
estimator. The model provides the high speed with parallel computations achieving high

accuracy as shown in following Figure 5.8.
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True :

Travel Residential Professional Educational Shopp}ng& Food GeneTal Entertainment Sports Hotel
Predicte Services Location
Travel 4378 22 9 13 12 6 3 14 0 11
Residential 99 7764 133 137 51 19 14 93 32 66
Professional 5 17 2685 12 5 4 6 41 1 8
Educational 28 52 15 7288 60 15 5 56 47 32
Shopping&e 38 19 55 8883 37 6 173 115
Services
Food 391 186 248 378 481 2100 106 865 134 153
General 77 139 44 62 104 29 2281 199 49 35
Location
Entertainment 25 22 108 42 64 58 45 14288 98 30
Sports 8 6 11 30 3 13 8 151 3829 0
Hotel 52 13 13 21 21 3 4 30 13 2514

|ﬂh Low |

Figure 5.8: Confusion Matrix for Generalized Linear Model

b) Logistic Regression
LRM is another famous ML method that is widely used as statistical model for the
classification. It performs used mostly to predict nominal variables and fits our data for

classification as shown in the following Figure 5.9.

True ;

Travel Residential Professional Educational Shopp{n g& Food Gener.al Entertainment Sports Hotel
Predicte Services Location
Travel 4814 5 0 1 2 4 0 1 0 9
Residential 1 8080 0 22 0 21 7 0 22 38
Professional 2 79 1954 7 0 9 8 L 0 11
Educational 1 0 34 6981 0 32 3 0 1 2
Shopping& 7 3 3 11 9682 2 0 2 5 1
Services
Food 0 0 4 3 0 650 1 0 3 0
General 4 94 22 0 0 43 1753 0 62 9
Location
Entertainmen 104 13 1232 947 10 1539 704 15928 1297 848
Sports 2 0 12 7 0 6 1 0 2717 3
Hotel 0 0 2 9 0 4 1 0 2 1916

Iﬂh Low |

Figure 5.9: Confusion Matrix for Logistic Regression Model

¢) Gradient Boosted Trees

GBT uses parallel computing for boosting the classification process by using Gradient
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Boosting Machine . It provides accuracy with the help of the effective linear model. The
effectiveness of using Gradient Boosted trees-based model for classification of LBSN data

can be observed in the following Figure 5.10.

True Shopping

G |

Travel Residential Professional Educational & Food ener-a Entertainment Sports Hotel
Predicted Services Location
Travel 1432 0 1 0 0 0 0 0 0 0
Residential 0 2310 1 0 0 1 0 2 0 0
Professional 0 0 876 0 0 0 0 0 0 0
Educational 0 0 0 2245 0 9 0 1 10 0
Shoppingée 0 0 2 0 2725 3 0 1 0 0
Services
Food 0 0 0 0 0 501 0 0 0 0
General 0 9 2 0 0 12 696 7 0 0
Location
Entertainment 0 0 40 9 0 116 0 4422 0 0
Sports 0 0 0 0 0 2 0 41 1174 0
Hotel 0 0 1 0 0 2 0 0 0 807

Iﬂh Low |

Figure 5.10: Confusion Matrix for Gradient Boosted Trees
c) Deep-Loc Model

It is based on a famous neural network-based method which uses information within
the data in layered form in order to extract useful patterns and classes. Each neuron
is trained by modification based on the available information and combinedly predicts
the output acting as a classifier. It works in an adaptive manner by optimizing the
neurons instinctively through learning without human interaction saving the effort and
time required for the classification. This Deep-Loc model is based on the feedforward
artificial neural network architecture. The hidden layers provide the capacity to capture
complex relationships between the input and output variables. It uses a supervised
learning approach, which requires labeled training data to train the model provided by
our previous research. In the training phase, the model learns the relationships between
the input variables and the target classes through optimization of a loss function which is
a measure of the error between the predicted outputs and the actual outputs. It performs
exceptionally well for our classification and prediction problem as shown in the following
Figure 5.11.

These results demonstrate high efficiency in use of ML instead of manual classifica-
tion by providing more accurate and timely results with high potential in implementation

in LBSN analysis. The Deep-Loc model performed very well in multi-class prediction
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True Shopping& General
Travel Residential Professional Educational > PP 8% Food "™ Entertainment Sports  Hotel
. Services Location
Predicted
Travel 5008 0 1 0 0 0 0 0 0 0
Residential 0 8124 4 0 0 1 4 0 0 0
Professional 0 0 3231 0 0 1 0 0 0 0
Educational 2 3 0 8041 0 0 1 0 0 0
Shopping& 0 3 1 0 9695 2 2 0 0 0
Services
Food 4 6 1 0 0 2255 1 0 0 0
General 3 7 4 0 0 1 2427 0 0 0
Location
Entertainment 75 120 45 0 0 31 46 15931 0 0
Sports 0 1 2 0 0 0 0 0 4222 0
Hotel 1 0 2 0 0 0 2 0 0 2862
@h Low |

Figure 5.11: Confusion Matrix for Deep-Loc Model

with accuracy reaching 99% in our experimentation. These models can also be used for
binominal predictions targeting a desired class such as, in our case, tourism with others.
The next section provides similar research in which we used ML to predict the tourism

venues with supervised learning based on our acquired data from Weibo.

5.3.3 Predicting Tourism Class

The proposed ML models can be used to predict an individual class among the huge
LBSN based heterogeneous data which is given in this section. In the current research,
we used the proposed models to predict tourism venues with the help of supervised meth-
ods from our previously used dataset from Weibo. These venues are predicted based on
proximity to the information provided in the dataset including gender of the specific user,
previously visited venues within specific time of the day, day of week, latitude/longitude,
and venue names. An example of the methods of the proposed model for prediction is
given in Figure 5.12.

The results presented in this section provide evidence of the efficiency and effec-
tiveness of using ML for extracting useful traits and patterns in the behavior of users,
more specifically tourists. This information can be used to conduct useful research in
predicting the preferences of the tourists as presented in our research. The above Figure
5.13 represents the ROC curve alternatively used for AUC (however, as the lines and

overlapping at several positions that why the ROC is preferred here). The ROC curve is
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Figure 5.12: Machine Learning Methodology for Venue Class Prediction

a graphical illustration of the performance of a binary classification. The ROC graph is a
plot of the True Positive Rate (TPR) versus the False Positive Rate (FPR) for all possible
values of threshold. The TPR is the proportion of samples correctly classified as positive,
whereas the FPR is the proportion of samples incorrectly classified as positive. The ROC
graph plots TPR against FPR as the discrimination threshold of the classifier is varied,
and the resulting curve provides a visualization of the trade-off between the TPR and
FPR. In the ROC graph, the TPR is plotted on the yaxis and the FPR on the x-axis. A
classifier with perfect performance will have a TPR of 1.0 and an FPR of 0.0 and will be
shown at the top-left corner of the graph. A classifier with poor performance will have a
TPR that is close to 0.0 and an FPR that is close to 1.0, and will be located close to the
bottom right corner of the graph.

The AUC values greater than 0.9 represents excellent results; the values of 0.8 to
0.9 are ranked as good, those 0.7 to 0.8 shows fair, and AUC values less than 0.6 are
considered poor. The following Figure 5.14 shows high values of the AUC for our models
and Figure 5.15 suggesting high accuracy in the prediction of tourism venues among
all other types available in the LBSN dataset. The method that is used for prediction
of tourism venue class, where the available attributes like UserID, gender, date/time,
latitude, longitude, location_name and category are used for the supervised learning

models to predict the venue_categories in unused test data showing the efficiency of
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Figure 5.13: ROC of The Proposed Machine Learning Models

using ML models for LBSN based venue classification. We show the other performance
techniques presented in Section 3, Figure 5.16 demonstrates the performance of four
ML methods with respect to recall, precision, F-score, and sensitivity. The Figure 5.17
represents the lift charts for each of the implemented ML models. A lift chart is defined as
a graphical representation of the improvement of a model in comparison with a random
guess, which also means evaluating the effectiveness of the model by using the ratio

between the results “with and without a model” [152].

The lift chart plots the percentage of positive samples that are correctly classified by
the model on y-axis, and the cumulative value in percent of all samples on x-axis. The
chart is split into a number of equal deciles, and the lift of the classifier at each decile
is measured as the ratio of the number of positive samples correctly classified to the

number of positive samples that would be correctly classified by a random selection.
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Figure 5.15: Accuracy of The Candidate Models
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Figure 5.16: Performance Matrices. a) Precision, b) Recall, c) F-score and d) Sensitivity

The Figure 5.17 shows the high learning and accuracy of using machine learning
methods to predict tourism venues among the massive amount of data in the dataset.
It can be observed that the Deep-Loc model can predict tourism venues with very high
accuracy as compared to others, while the proposed GLM, LRM, and GBT have significant
performance. The proposed models can be used to classify data into multiple categories
and predict a single class based on the nature and activities performed at these venues,
which removes the overhead of manually filtering. This can be helpful in research in
various fields, such as tourism, restaurants, parks, etc., with applications in development

and planning of smart cities.

97



CHAPTER 5. VENUE CLASSIFICATION AND PREDICTION

+ Comulative Coverage of OtheraCorrect in Confidence Segment

] 0
100 Y0 97%

50 60
Population %

(a)

« Comulative Coverage of Others w Correct in Confidence Segment

100% 100% 100% 100%

50 .60
Population %

(c)

= Comulsivg Crvarsge of Cbas. wiames s Confdana § sgraam

i

(c)

I s

B

Bt

il Tl

# Comelaine Coverage of Othens  ® Carmrect in Crmiideace Sogrent
5
Pongialadiien %,

(c)

Figure 5.17: Lift Charts of Proposed Models, a) Deep-Loc, b) GLM, c) LRM, d) GBT
98

Torges®.
B ¥ B ¥ E = B

i1

] i 1E]]



5.3. RESULTS AND DISCUSSION

5.3.4 Contribution and Comparison

Most of the related carried out in this domain are based on the LBSN data extracted or
classified manually either into multiple venue classes or specialized class such as, in our
case, Tourism venues. As mentioned earlier, the research on venue classes in current
literature is based on categorizing each venue manually by going through hundreds
or thousands of records and putting them into related categories, which is very time
consuming, need a lot of human effort and its accuracy rely on human observations and
assumption regarding accuracy. Therefore, we introduced ML methods to classify the
huge data automatically based on examples with evident high accuracy. We included the

recent work for comparison in order to show the contribution of our work in this domain.

Examples and comparison of our work with similar articles are provided in Table 5.3.

Table 5.3: Comparison with Related Work

. . Analysis Venue Venue

Studies Source Attributes Method Tyvpes Classes Acc

Wei et al. (2018) . Biography, Spatial .

[153] Weibo gender clustering Single Manual i

Dingel et al. (2019) Check-ins, Location .

[154] Yelp Demographics  detection Multiple  Manual i

Lietal (2019)[155] Twitter  CCCKiDS: (@86, @ entvisits Multiple Manual -
gender, edu)

Wakabayashi (2021) . Photographs, Density .

[156] Fliclkr Demographics  Estimation Multiple  Manual i

Senefonte et al. Check-ins, .. .

(2022) [157] Foursquare Demographics Frequent visits Single Manual -

. Check-ins, Density .

Terzi (2022) [158] Foursquare Demographics  Estimation Multiple  Manual -

Wang et al. (2022) Posts, Spatial .

[94] Instagram Demographics  clustering Multiple  Manual i

Cagliero et al. (2022) Check-ins, Mobility .

1] Foursquare Demographics  patterns Multiple  Manual -

Ferreira et al. (2023) Flickr/ Check-ins, Visits, Spatial Multiole  Manual i

[92] Twitter Demographics  clustering whp v

Pezenka et al. (2023) Comment, like, .. .

[91] Instagram Demographics Frequent visits Multiple = Manual -
Check-ins,

Proposed Method . Demographics Classification . Machine 85-

(2023) [71] (Ours) Weibo (age, gender, Prediction Multiple Learning 99%
date/time)

"-Quantitative assessment of accuracy for manual venue classification and extraction is not possible.”
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It is important to note that the accuracy values for manual venue classification
methods reported in the related literature are generally not available, as these stud-
ies rely on human annotation or heuristic-based categorizations without quantitative
performance evaluation. Manual classification inherently involves subjective judgment,
making rigorous accuracy assessment challenging or infeasible. In contrast, our proposed
machine learning approach provides objective, reproducible accuracy metrics by leverag-
ing labeled datasets and standard evaluation protocols. The reported accuracy range of
85-99% demonstrates the effectiveness and reliability of our automated classification
framework compared to manual methods, which lack comparable quantitative validation.
This distinction underscores the contribution of our work in advancing scalable and

verifiable venue classification for large-scale LBSN datasets.

54 Summary

In this chapter, we proposed an efficient approach to LBSN venue-based analysis by the
implementation of ML models for the prediction of venue classes used in the research
of patterns in the behavior of different LBSN users. The classification task has always
been done manually, which is very tiresome and time consuming as most of the LBSN
research is based on big data analysis comprising thousands and millions of check-in
records. There are several robust ML methods that can be used to carry out this task
more efficiently and effectively. In this research, we developed four ML models based
on famous classification and prediction methods, including the GLM, GBT, LR, and
Deep-Loc model for our experiments. These data mining techniques on LBSN data are
rigorous tasks due to the fact that many features are related to many different domains
in various research fields. After careful and systematic filtering, we extracted the feasible
input features for the prediction of our targeted class, which followed the training and
testing of our developed models.

The results revealed that the Deep-Loc model performs well for classifying and pre-
dicting venues within the LBSN data. The GBT model attained 93% accuracy for our
tourism class prediction problem, followed by LRM and the GLM, reaching 91% and 85%
accuracy, respectively. These models perform well, but the research has some limitations.
For example, the models must be tested on LBSN data from other platforms and other
research domains in order to provide a more generalized solution to LBSN classification
problem. To mitigate potential overfitting risks, we applied 10-fold cross-validation with

stratified splits and reserved a portion of training data for validation, which helped to
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ensure robust model evaluation on unseen data. Nevertheless, the model’s generaliz-
ability beyond the Shanghai Weibo dataset remains to be fully established. Due to data
availability constraints, this study focused on Shanghai data, and future work will aim to
evaluate the Deep-Loc model on LBSN datasets from other cities and platforms. This will
include retraining, fine-tuning, and exploring domain adaptation methods to improve
transferability across different urban contexts, as well as employing data augmentation
techniques to enhance robustness. The presented results can be beneficial in a variety of
research fields by specifying and predicting the desired class of venues and users. It can
also provide the basis to conduct LBSN data analysis to predict the interests, behavior,
and trends of the population within a specific time of the day or day of the week. The use
of ML for such kind of research can benefit both researchers and end users for better

planning, targeted marketing, and development of a smart city environment.
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CHAPTER

ANALYSIS OF LBSN GROUP RECOMMENDATION SYSTEM

n recent years, LBSNs have gained significant popularity, enabling users to interact

with POIs using modern technologies. As more and more people rely on LBSNs

for finding interesting venues, contextually aware and relevant recommendation
systems have become very beneficial with practical applications. In this research. we
propose an enhanced hybrid recommendation system, designed for LBSNs to improve
the accuracy of suggestions by integrating Collaborative Filtering (CF) methods with
Singular Value Decomposition (SVD) to handle sparse data, along with context-aware
modeling to tailor recommendations based on user interests, and group recommendation
to accommodate multi-user scenarios. Additionally, we incorporate contextual aspects
such as spatial proximity and temporal behavior into the model to ensure recommen-
dations align closely with the user’s present surroundings and their preferences. The
proposed method extends further to group recommendations by considering individual
inclinations into cohesive suggestions for groups interested in visiting POIs together.
The proposed method is assessed using precision, recall, and F1 score, ensuring thorough
evaluation of its performance. To further highlight context-aware recommendations, we
use clustering based on user preference, temporal behavior, and category-wise interaction
to identify patterns across various venue types. The proposed method shows improved
recommendations, specifically based on data from LBSNs, and for developing an efficient

solution for balanced user preferences with contextual influences.
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6.1 Introduction

LBSNs have become increasingly important in our everyday life, thanks to the widespread
use of smartphones and GPS devices. Apps like Weibo, Gowalla, Foursquare, Yelp, and
Google Maps let people share their locations, check-in at different places, and connect
with friends. These networks do more than just keeping records of the user’s movements,
they create a complex system where people interact with their surroundings in both
physical and social ways. An opportunity and the big challenge are developing recom-
mendations that are more relevant by suggesting Point Of Interests (POIs), places the
user might like based on where they have been, who they know, and what activities
the users enjoy frequently with the help of methods like content based filtering and
CF [159]. Traditional recommendation systems, e.g. used by Netflix or Amazon, work
well for suggesting movies or products. They typically look at what the users have liked
before or what similar people preferred [160]. However, these methods can’t be imple-
mented directly when it comes to location-based recommendations, which involve more
complicated factors like location, social, or temporal aspects related to their check-ins.
When recommending a venue, systems now consider much more than just general past
preferences, they look at things like physical proximity and typical visitation times for
similar venues. It’s a much more nuanced approach to helping people discover inter-
esting places nearby. These approaches represent a significant shift in how technology
understands and anticipates our daily experiences, transforming simple chick-in data

into a sophisticated, personalized recommendation models.

6.1.1 Challenges in LBSN Recommendations

One of the significant challenges in LBSN recommendation system is the critical in-
fluence of user proximity to other users in the physical world [161]. Unlike previous
recommendation systems that focused on item features like type, price, or characteristics,
LBSN users tend to frequent POIs located near their current location [162].Location
plays a pivotal role in generating meaningful recommendations. Previous research
demonstrates that individuals mostly travel from their current location before heading
to the recommended venue, underscoring the importance of spatial data in recommen-
dation algorithms. A recommendation system might suggest appealing places, but its
utility diminishes if it fails to consider geographical distance [163]. Beyond geographical
considerations, temporal parameters are equally crucial in understanding user decision-

making. For example, a user’s preferences vary throughout the day and week, the users
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might seek cafés in the morning, restaurants in the evening, or parks during weekends.
Therefore, LBSN recommendations must incorporate time-based factors that reflect
users’ behavioral patterns during specific periods [164]. These temporal elements are
not merely supplementary but fundamental to recommendation accuracy. Ignoring time-
related context can result in inappropriate suggestions that feel disconnected from users’
actual behavioral patterns, fundamentally compromising the system’s functionality and
relevance [165] [166]. The major challenge lies in developing recommendation systems
that can integrate spatial and temporal dimensions, providing suggestions that are not
just potentially interesting, but practically actionable within a user’s context.

However, user preferences and social factors present additional complexities in LBSN
recommendation systems. Empirical research demonstrates that individual historical
behaviors such as previous check-ins, repeated visits, and consistent location choices
significantly influence preferred visiting venues [167][168]. Past preference patterns
dramatically shape venue selections. Users with a history of social interactions tend to
gravitate towards vibrant, interactive venues like bars and festivals, while those with
more solitary past behaviors prefer more contemplative spaces such as libraries and
parks. The location-based data offers huge opportunities to enhance recommendation
accuracy by integrating contextual factors including user location, temporal variables,
and local events. Individual preferences can vary substantially between travel and home,
with local conditions and events further modulating decision-making patterns. Use of
this contextual information becomes crucial in creating more accurate recommendations.
By combining these factors, recommendation systems can generate suggestions that are
aligned with users’ circumstances and past preferences. The fundamental challenge lies
in developing recommendation systems that can analyze and model the relationship

between users past behaviors, spatial context, and temporal dynamics [169].

6.1.2 Hybrid Recommendation Systems

The complex nature of user preference in LBSNs makes it crucial explore hybrid recom-
mendation systems to get more relevant suggestions. In rapidly changing environments
like LBSNs, hybrid systems can effectively address the limitations of individual methods
by combining the strengths of various recommendation approaches, ultimately providing
more accurate recommendations. Most Conventional recommendation approaches, such
as CF, are typically designed to predict what a specific user is likely to prefer based
on their past activities. However, these traditional methods often fall short in captur-

ing the complex nature of user interactions within the location-based systems. Hybrid

104



6.1. INTRODUCTION

recommendation systems offer a more comprehensive solution by integrating multiple
recommendation techniques, allowing for a more nuanced and adaptable approach to
understanding user preferences. By integrating different methodological strategies, these
systems can provide more robust and context-aware recommendations that better reflect
the multilayered user behavior in LBSNs [170]. There are two main types of memory-
based CF approaches [166]: including, User-based CF which recommends POIs based
on preferences of similar users and Item-based CF that suggests POIs similar to those
the user has previously visited. Despite their effectiveness, individual methods often
struggle with data sparsity and lack contextual adaptability, both critical for LBSNs.
Given the complex nature of user preferences in LBSNs, hybrid recommendation systems
have emerged as a promising solution, integrating CF with SVD, and context-aware
techniques to offer more accurate and personalized recommendations. In this study, we
propose a contextual hybrid recommendation strategy that integrates user preferences,
geographical location and temporal behavior factors with CF and SVD matrix factoriza-
tion to address the unique challenges of LBSNs. Using standard performance metrics,
such as precision, recall, and F1 score, we assess the quality of the proposed system’s
recommendations. The serves as a powerful dimensionality reduction technique that
enables the identification of hidden patterns within user-item interaction data that might
otherwise remain imperceptible [167]. While SVD improves recommendation quality and
addresses data sparsity issues, it does not consider context such as spatial or temporal
factors that are essential in LBSN recommendation systems.

Key contributions of this research:

¢ This research proposes an effective hybrid recommendation framework that integrates
user-based, item-based CF with SVD and context-aware user modeling. This combination
is specifically designed to address and mitigate the limitations found in traditional rec-
ommendation approaches within LBSNs, enabling more accurate and context-sensitive

recommendation strategies.

* By embedding factors such as spatial proximity and temporal behaviors, our frame-
work advances the personalization of recommendations. This integration allows for
recommendations that adapt to varying user contexts, aligning suggestions with location-
based and temporal dimensions to closely reflect diverse user needs and preferences

accumulating to group recommendations.

* Through extensive experimentation with standard evaluation metrics (precision, recall,

F1 score, and accuracy), we demonstrate that the proposed hybrid model outperforms
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traditional methods. This thorough assessment highlights the framework’s potential
to maintain high recommendation quality and accuracy in data-sparse and dynamic

environments, marking a significant improvement over conventional methods in LBSNs.

We present the methodology and framework for designing the LBSN group recommen-
dation system as follows. The framework in Figure 6.1 represents the proposed hybrid
approach designed to generate highly personalized and contextually relevant recom-
mendations in LBSNs. To demonstrated the effectiveness of the model we used the user
check-in data from famous LBSN named Gowalla [171]. The user influence modeling
component builds a detailed profile for each user by analyzing key factors which con-
tribute to a long-term understanding of user preferences. Parallelly, CF is employed,
encompassing user-based CF, item-based CF, and SVD. This combination allows the
framework to uncover hidden relationships within user-item interactions, making it
particularly effective in sparse data environments. Additionally, the context-aware mod-
ule dynamically adjusts recommendations based on the user’s immediate context, for

example, their current location and time, ensuring relevance.

-~ u - ny

L} 1 ¥
1 1 1 I
1 1 | L/ \ ] 1
[ I |
— .. B\
1 1 | B 1
1 1 I 1
S ’ N ;
Data Preprocessing User Influence Modeling

! {Singular Value I
Decomposition } SVD I

__________

~ i Clustering Based on User

. Preferences

]
1 I " :
-1 1 5
User Check-in Data I II :PI Temporal Behavior Analysis 1€———
|
| m L.

———————

[}
1 . Recommendatich Group

| ; ] Ig ot
I p ecommendatio
_______ - | CategoryWise Interaction | Engine ] I I

Analysis

Hybrid Recommendation
System

Figure 6.1: Proposed Framework

Once the system has gathered insights from user influence modeling, CF, and context-
aware modules, it combines these in the recommendation engine to generate a final set

of suggestions tailored to the individual. For group scenarios, the group recommendation
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module aggregates individual preference scores to provide unified recommendations that
meet the collective needs of multiple users, balancing diverse tastes within the group.
Finally, the evaluation component measures the system’s performance using metrics
such as precision and recall, along with analyses based on user preferences, temporal
behaviors, and category-specific interactions. Together, these components form a robust,
scalable recommendation system that effectively balances long-term personalization
with adaptive, recommendation contextual adjustments, resulting in recommendations

that are both accurate and highly relevant to the user’s preferences.

6.2 Hybrid Recommendation System for LBSN

The hybrid recommendation system integrates multiple recommendation techniques to
provide highly personalized and contextually relevant recommendations for LBSNs. The
dataflow diagram in Figure 6.2 shows the steps for achieving this goal. The initial steps
involes preprocessing the user-item interaction matrix and extracting contextual infor-
mation regarding the user, including geographical location and temporal behavior. These
contextual factors are key to understanding the user’s preferences more comprehensively.

CF methods are applied to predict scores for POIs as shown in the equation 6.1:
Ffinal = W1 FUB + W2 F1B + W3- FsvD (6.1)

where Fgpa1 is the final prediction rating of a user-item pair, 7yp is the predicted score
from user-based CF, 7ip is the prediction score from item-based CF, #gyp is the predicted
score from SVD-based context-aware module, w1, we, ws are the weights assigned to
each method, representing their contribution to the final prediction.

In our hybrid approach, the weight W assigned to each component method, user-
based CF, item-based, and SVD is initially set based on empirical tuning, with equal or
proportionally assigned values derived from preliminary experiments. This initialization
provides a balanced integration of the three methods, ensuring that the system does not
overly depend on any single approach at the beginning. However, to adapt to our datasets,
the weight W is fine-tuned during training, taking into account characteristics such as
data sparsity and interaction density. This weighting approach shows the potential to
enhance recommendation accuracy by allowing the system to respond to different user
behaviors and contexts.

The user-based CF extracts similar users to the target user and uses their pref-

erences to generate recommendations while the item-based CF finds items related to
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Pre-processed LBSN Check-in Data
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Figure 6.2: Dataflow Diagram of the proposed Method

those that the user has previously interacted with. The SVD is used to uncover latent
relationships between users and items, helping in cases where data is sparse. The Figure
6.2 incorporates contextual information to adjust the recommendations, making them
more relevant to the user’s preferences. The final scores are calculated by combining
the scores from user-based CF, item-based CF, SVD, and context-aware modeling, using
weighted averages. If the recommendation is intended for a group, the interests of all
members are aggregated, and the final scores are adjusted accordingly. This ensures that
the recommendations satisfy the entire group’s preferences. Finally, the POIs are ranked
according to the adjusted scores, and the top recommendation list is computed. The data
flow diagram illustrates the process of generating personalized and group recommen-
dations in a LBSN. It integrates user check-in data, CF (user-based and item-based),
context-aware module SVD, and context-aware modeling (spatial proximity and temporal
behavior) to produce highly accurate and tailored recommendations for both individuals

and groups.

6.2.1 Overview of Dataset

To show the effectiveness of the proposed method, we utilized the Gowalla Dataset
[171], which contains detailed check-in information of users of the LBSN. Gowalla is

a location-based service where users share their activities with friends by checking in
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at various POIs in the real world. The dataset includes check-in records from users
across the globe, enabling a rich context for studying user mobility, spatial influences,

and location recommendations as shown in the Table 6.1.

Table 6.1: Overview of the Dataset

Attribute Description

Number of Users 196,591 users with unique user IDs. Each user has a
record of check-ins at various POls.

Number of POIs 1,280,969 POIs with geographical coordinates (latitude
and longitude).

Total Check-ins 6,442,892 check-ins where users interacted with differ-
ent POlIs.

Geographical Data Latitude and longitude for each POI, allowing calcula-
tion of spatial proximity for the recommendation model.

Temporal Informa- Timestamps for each check-in, allowing analysis of user
tion behavior over time.

Categories of POIs Food, Entertainment, Professional, and Shopping etc.

The dataset includes 196,591 users, each identified with a unique user ID. Users in
the dataset interact with different locations by checking in at various POIs. User check-
ins are timestamped, which allows for the analysis of temporal behavior in conjunction
with spatial movement patterns. The dataset consist of 6,442,892 check-ins at 1,280,969
POIs. Each POl is associated with geographical coordinates (latitude and longitude) and
represents a real-world location like a restaurant, park, or other venue. dataset consists
of over 6.4 million check-ins. This social network structure enables the modeling of user
behavior based on social influence and peer interactions, which is valuable for group and

social-aware recommendation systems.

6.2.2 Data Preprocessing

Before conducting the analysis, several preprocessing steps were taken for ensuring the
quality and consistency of the data. First, the spatial data, including the latitude and
longitude information for POIs, was normalized to standardize distance calculations
and enable accurate spatial proximity analysis. Temporal information, specifically the
timestamps for each check-in, was converted into standard date-time formats to facilitate
the study of temporal patterns, i.e. users check-in at different times of the day or week.
To maintain data integrity, users who exhibited very low levels of activity were excluded

from the dataset to ensure the focus remained on active users and their mobility patterns.

109



CHAPTER 6. ANALYSIS OF LBSN GROUP RECOMMENDATION SYSTEM

The dataset used for this study includes 196,591 users and 1,280,969 unique POlIs, with
6,442,892 check-ins. Although the dataset does not explicitly categorize the POlIs, they
were grouped into various categories based on their nature and purpose. These categories
include Food (e.g., restaurants, cafes, and fast food outlets), Trevel (e.g., parks, tourist
spots), Entertainment (e.g., Concert Hall, Theatre, Cinema), Professional (e.g., banks,
offices), Shopping & Services (e.g., malls and retail stores), Educational (e.g., Schools,
Universities), Hotels, Residential (e.g., apartments), and Sports. These groupings provide
a clearer understanding of user interests and behaviors in relation to different type
of locations. Each attribute in the LBSN dataset indicates the interaction frequency
between a specific user and POI. After preprocessing, these interactions in the following
6.2 (2) matrix R is constructed, where each entry Ru,i represents an interaction between
a user u and a POI i, with binary values indicating whether an interaction exists (1) or
not (0):

Rl,l Rl,g Rl,n
R R.g,l R.2,2 R%,n (6.2)
hRm,l Rm,z cee Rm’n‘

where m is the number of users and n is the number of items (POIs).

The system initializes by acquiring user data from LBSNs. The check-in data capture
user interactions with various POls, including restaurants, parks, and cafes. Each check-
in record typically contains location coordinates, timestamp, and supplementary user
demographic or behavioral data. These historical interactions form the cornerstone of
our recommendation process, revealing patterns in user preferences, frequently visited
locations, and peak activity periods. Through systematic analysis of this data, the system

uncovers underlying user preferences and their affinities for specific POlIs.

6.2.3 User Influence Modeling

The next stage is user influence modeling, where our recommendation system advances
user influence modeling by incorporating contextual factors that enhance recommen-
dation relevance. While traditional systems primarily analyze user-item interactions,
LBSNSs require consideration of external influences. The framework evaluates spatial
proximity, acknowledging that users typically prefer venues near their current location.
It also accounts for temporal patterns, recognizing that preferences shift throughout the

day, such as favoring coffee shops in morning hours and restaurants in the evening. By
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integrating these contextual factors, we personalize recommendations based on two key
influences: spatial proximity and temporal behavior patterns.

In LBSNs, physical proximity significantly influences user preferences, with users
typically favoring recommendations for nearby points of interest (POIs). We evaluate
the distance between users and POlIs as a key factor in our recommendation system,
recognizing that users closer to specific locations are more likely to interact with them
and provide relevant recommendations. To quantify spatial relationships, we calculate
each user’s distance from the group’s centroid location using latitude and longitude
coordinates. This spatial proximity measurement employs the Haversine formula [172]

as expressed in the following equation 6.3.
d(u,group) = Haversine(lat,,lon,,latmean, 0N mean) (6.3)

where lat, and lon, represent the latitude and longitude of user u, and latmean, 07 mean
represent the mean location of all users in the group.

Temporal patterns significantly influence human behavior, with distinct location
preferences emerging during work hours versus leisure time. Our recommendation
system analyzes these temporal patterns by tracking when users typically interact with
various POIs. The system assigns higher priority to locations where a user’s preferred
check-in times align with peak activity periods. To quantify this temporal relationship,
we evaluate the time differential between individual check-in patterns and aggregate

user behavior using equation 6.4.

At(u,group) = £, — tgroup_meanl (6.4)

We calculate user influence scores by analyzing interactions across location, time, and
behavioral patterns. This scoring enables us to prioritize recommendations that align
with each user’s preferences and behavioral patterns. Our recommendation accuracy
relies on three key dimensions: geographic proximity, temporal activity patterns, and

individual behavioral characteristics.

6.2.4 Collaborative Filtering

CF techniques are applied that integrate user-item interaction data with sophisticated
user influence factors. The basic idea of user-based CF centers on identifying users with

statistically significant similarities in their spatial interaction patterns, particularly
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those demonstrating consistent check-in behaviors across comparable venues. The user-
based CF recommends POIs that have been frequented by users with similar traits
but remain unexplored by the target user. On the other hand, the item-based approach
suggests POIs that exhibit substantial similarity to locations previously visited by the
user, effectively extending the user’s existing interaction profile. For example, when a
user demonstrates a consistent pattern of visiting specific type of restaurant, the model
identifies and recommends semantically similar venues across diverse spatial contexts.
This approach enables the recommendation system to determine behavioral patterns,

generating contextually refined and relevant recommendations as shown in equation 6.5.

. > sim(u,v)(ry; —ry)
Pi=r,+ veN(u) : vi v (65)
> veN(w) Isim(w,v)]

where 7,; is the predicted rating for user u on item i, sim(u,v) is the similarity between
users u and v, r, and r, are the average ratings of users u and v, N(u) is the set of users
similar to u.

The User-Based CF approach leverages the behavioral similarities, predicated future
preferences based on the users’ historical interaction patterns. This identifies user part-
ners characterized by significant behavioral similarities, particularly in spatio-temporal
POI engagement. By analyzing the patterns of user check-in behaviors, the recommenda-
tion system identified the relational that captures the interactions between users and
venues. It involves identifying users with highly correlated interaction, subsequently
utilizing their POI preferences to generate targeted recommendations for the user. This
approach effectively transforms collective user experience into a predictive recommen-
dation mechanism. The user-based CF calculates user similarity by analyzing their
interaction patterns with items (POIs) as shown in equation 6.6.

R, = Y Sim(u,v)- Ry ; (6.6)
vesimilar_users(u)
where Ru,i is the predicted interaction score for user v and item i.

The item-based CF approach varies from traditional user-based methods by focusing
on inter-item (venues) similarity relationships. This recommendation strategy operates
mainly on spatial proximity and contextual similarity between venues can effectively
predict user preferences. By analyzing the characteristics and interaction patterns
associated with specific locations, generating recommendations based on the inherent
similarities between POIs. Consider a scenario where a user shows a distinct preference
for coffee shops. The item-based CF systematically identifies and recommends alternative

venues that exhibit significant similarities. The similarity of two venues or items i and j
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using cosine, measuring the correlation between users who have interacted with both

items, as expressed in equation 6.7.

R;-R;

Sim(i,j) = ——— (6.7)
7T IRIR
The predicted rating for item i is calculated as in Equation 6.8.
Ry;i= Y Sim(,j)-Ru, (6.8)

Jesimilar_items(:)

The SVD serves as a dimensionality reduction technique that effectively uncovers
latent patterns and intricate relationships between users and items, particularly in large-
scale datasets characterized by sparse user-item interaction matrices. This approach
enables the identification of underlying semantic factors that analyze the check-in data,
revealing features that significantly influence user preferences. In the context of LBSNS,
these latent factors involve attributes such as venue typology (e.g., restaurant or park),
and contextual environment (such as casual or formal). By extracting these hidden
patterns, the recommendation system can generate highly contextualized suggestions
even in scenarios with limited direct user-item interaction data. The SVD demonstrates
outstanding efficacy in enhancing recommendation accuracy by discerning sensitive,
hidden patterns that remain hidden through conventional analysis. This is achieved by
decomposing the user-item interaction matrix R, thereby revealing latent structures.
The reconstruction of the user-item matrix, as shown in equation 6.9, facilitates precise

predictive recommendations by synthesizing these extracted characteristics. .
R=UzvVT (6.9)

The top-N items are recommended based on the highest predicted values in R calcu-

lated as in Equation 6.10.
Ruybria = ARV + 12R™ + 23RSVP (6.10)

where RUB is the predicted score from user-based CF, R’B is the predicted score from
item-based CF, and RSP is the predicted score from SVD. The final recommendation
score is a weighted sum of the three methods, where 11, 12, and 13 are the weights as-
signed to each method. We use evaluation metrics to check how good the recommendation

system is at generating accurate predictions.
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6.2.5 Group Recommendation

Following the hybrid recommendation engine, the system employs group recommendation
methodology to integrate individual preferences into a cohesive collective recommenda-
tion. This process is based on aggregating individual user preferences to identify a set of
POIs that suitably satisfy the collective group’s preferences. The group recommendation
mechanism leverages well-known techniques from social choice theory and collabora-
tive voting method to join and integrate different user preferences. By employing this
approach, the model can strategically recommend venues that demonstrate the high-
est probability of collective appeal based on comprehensive analysis of individual user
profiles, historical patterns, and collective preferences. For each user in the group, the
system computes preferences using CF, SVD, and context-aware modeling (spatial and
temporal). Then, individual preferences are aggregated into a group recommendation
using voting techniques. A method for aggregating preferences could be represented as

the following equation 6.11.

n
Pgroupzzwi'Pi (6.11)
=1

where: Pgroyp is the final group recommendation score, P; is the recommendation
score for individual user i based on their preferences, w; is the weight assigned to each
user’s preferences, n is the number of users in the group. The system then recommends
items (POIs) that maximize Pgyoyup, taking into account each member’s preferences and

aggregating them into a unified group decision.

6.2.6 User Behavior Analysis

In developing a comprehensive recommendation system, understanding user interaction
patterns plays a critical role. The system implements three analytical components
Clustering Based on User Preferences, Temporal Behavior Analysis, and Category-
Wise Interaction Analysis,each contributing to improved recommendation accuracy and

personalization.

6.2.7 Clustering Based on User Preferences

This step leverages clustering techniques, i.e. K-Means, to segment users based on their
preferences and interaction behaviors. By grouping users with similar tastes or location
preferences, the recommendation system can generate tailored suggestions that are more

aligned with each user’s interests. The clustering process often incorporates distance
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measures like Euclidean or Cosine similarity to assess the proximity between users in

terms of their preferences.

6.2.8 Temporal Behavior Analysis

This component analyzes the influence of time on user behavior, examining when users
are most likely to interact with certain categories of locations (e.g., restaurants during
lunch hours or entertainment venues in the evening). Temporal patterns help the system
adjust recommendations based on the time of day or week. In LBSN research, the
day is often divided into four distinct time segments: Morning (5:00AM to 11:59AM),
Afternoon (12:00PM to 5:59PM), Evening (6:00PM to 8:59PM), and Night (9:00PM to
4:59AM), which reflect natural human activity patterns and align with previous studies
on temporal behavior in location-based services [34]. The analysis often involves temporal
data partitioning, which is then visualized and measured to capture significant behavior
patterns, typically using normalized interaction rates over defined time periods.

This analysis focuses on the categories of locations that users interact with most
frequently, providing insights into which types of venues hold the most appeal for
different user clusters. By computing metrics such as mean, median, and standard
deviation of interactions within each category, the system can discern variations in user
engagement across different categories, allowing for a more significant recommendation.
To model these behaviors, equations are integrated to represent similarity measures
and interaction probabilities. For instance, the relationship between users i and j can be

calculated as in the equation 6.12.
Y(ui-uy)
VX ud x/Tu?

where u; and u; are the interaction vectors for users ¢ and j, respectively.

(6.12)

Similarity; ; =

Additionally, temporal interaction rates can be computed to normalize engagement
across different time intervals. Each of these components contributes to a robust rec-
ommendation framework by capturing diverse dimensions of user behavior, thereby

enhancing the relevance and personalization of the recommendations.

6.2.9 Evaluation

In the evaluation stage of the research evaluates the system’s efficiency and effectiveness

through comprehensive performance metrics. These overlapping performance indicators
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precision, recall, F'1 score, and accuracy, provide a multidimensional assessment of the
recommendation system’s ability to align recommended POIs with user preferences.
The precision quantifies the performance of recommended POIs calculated as the
ratio of true positives (TP) to the total number of recommendations (true positives + false
positives (TP + FP)), addressing the critical research question: "Of all system recommen-
dations, what percentage accurately matches user preferences?". A high precision score
indicates the system’s capability to generate contextually appropriate suggestions. Recall
evaluates the model by determining the ratio of true positives to the total number of
relevant items (TP + false negatives), answering: "Of all potentially relevant items, what
proportion did the system successfully identify?". The F1 score, which is estimated as a
means of recall and precision, provides the balanced composite metric. This measurement
is particularly valuable for assessing system performance in scenarios with irregular
precision and recall, suggesting the perspective on recommendation effectiveness. Accu-
racy represents the overall system performance by calculating the proportion of correctly
identified relevant and irrelevant items. Mathematically derived as the ratio of all correct
predictions (TP + TN) to the total number of predictions (TP + TN + FP + FN). This

metric offers a comprehensive view of the recommendation system’s capabilities.

6.3 Results

This section presents a comprehensive empirical analysis of the hybrid recommendation
approach for LBSNs, utilizing the Gowalla dataset. The investigation provides a thor-
ough evaluation of the proposed methodology, systematically examining multiple critical
dimensions of recommendation generation. The research explores the interactions be-
tween CF techniques, spatial proximity, and temporal behaviors. The study employs key
performance metrics including precision, recall, F1 score, and accuracy, to evaluate the

performance of the model and recommendation efficiency.

6.3.1 User Influence Modeling

To highlight the influence of spatial and temporal features on the recommendation
quality, we applied context-aware approaches as shown in the following Figure 6.3. This
analysis optimized the matrices, streamlining their manipulation in subsequent compu-
tational phases.

The integration of spatial proximity demonstrated significant improvements in rec-
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Figure 6.3: User Influence Modeling

ommendation system performance. Empirical findings uncovered that 78.5% of the
generated suggestions corresponded to POIs within a 5-kilometer radius of the user’s
current location, aligning closely with established behavioral patterns in LBSNs. The
analysis substantiated that users commonly interact with proximate POIs, with a no-
table 72.3% interaction rate for locations within a 3-kilometer radius. These results also
emphasize the critical significance of spatial proximity in determining relevance.

The temporal features also showed significant implications for recommendation
accuracy. The model demonstrated remarkable capability in predicting user prefer-
ences across distinct time segments by analyzing check-in patterns. During normal
non-working hours, the recommendation mechanism successfully suggested Entertain-
ment and Food venues with about 82.9% accuracy. Similarly, during working hours, it
strategically demonstrates work-related location recommendations, achieving a precision
of 77.1%. Consistent behavioral patterns were observed across weekday and weekend
contexts, confirming the key role of temporal features in enhancing recommendation

relevant and contextual alignment with users’ daily activities.

6.3.2 Temporal Distribution

The analysis of user activities from different venue categories during different types
of the day can be observed with the help of temporal distribution of the check-ins.
The Figure 6.4 demonstrates the user interactions, spread out over time and various
categories like Educational, Food, Shopping & Services, Hotel, Entertainment, Travel,

Sports, Professional, and Residential venues.
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Figure 6.4: Temporal Distribution of User Interaction Across Categories

Each cell represents the percentage of interactions within a specific category during
the corresponding time period, with darker shades indicating higher levels of interaction.
Educational venues show peak activity in the morning 51.61%, aligning with typical
school and university hours, while entertainment venues dominate in the evening 48.28%
and night 27.59%, reflecting social and leisure behavior. Food establishments are most
active during the evening with 40% and maintain significant activity in the afternoon
26.67% and night 20%, corresponding to mealtime trends. Residential areas exhibit peak
interactions at night 42.86% and morning 35.71% as users return home or begin their
day. Professional locations and shopping & services see the highest engagement during
traditional working and leisure hours, with professional venues peaking in the afternoon
43.48% and morning 39.13% and shopping venues in the evening 42.31% and afternoon
38.46%. Hotels and travel-related venues exhibit steady activity, with hotels peaking at
night 43.48% and travel showing consistent engagement across all time periods. This
distribution underscores the importance of time-aware modeling in understanding user

behaviors and optimizing LBSN-based recommendation systems.

6.3.3 Category-Wise Interaction Analysis

We also performed interaction analysis based on different venue categories that is a vital
part of understanding and utilizing user activities and preferences. The following Figure
6.5 presents a comprehensive distribution of user interactions across different venue
types, including Food, Shopping & Services, Travel, Hotel, Educational, Entertainment,

Professional, Sports, and Residential domains. It provides the representation of user
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Figure 6.5: Category-Wise Interaction Analysis

interaction patterns across these diverse categorical contexts. The residential and pro-
fessional categories show the highest average and middle values for interactions, which
suggests that users often check in at their home and work locations. The shopping &
Services and food categories show a lot of interaction, indicating that these are popular
areas where users often engage. Data is split into four time periods: morning, afternoon,
evening, and night. Each bar shows the normalized interaction level for each category at
a certain time of day. The standard deviation for most categories is small, which shows
that user interactions are consistent overall. But it looks like Sports and shopping &
Services have a bit higher standard deviation, suggesting there might be more variabil-
ity in how users behave in these areas. The educational and entertainment categories
show lower mean and median values, which suggests that there are fewer interactions

happening in these areas.

6.3.4 Temporal Behavior Distribution

An important factor in human behavior studies is temporal analysis which can be done by
analyzing the user activities during different times of the day. We divided the time into
four most used segments including morning, afternoon, evening and night. The Figure
6.6 shows in how user interactions are spread out over time across various categories.
The For Educational venues, most interactions occur in the morning 51.61%, reflecting

typical school and university hours, with a decline in the afternoon 38.71% and minimal
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Figure 6.6: Temporal Behavior Distribution Across Categories

activity during the evening and night. Entertainment venues peak in the evening 48.28%
and night 27.59%, corresponding to leisure and nightlife activities. Food establishments
see the highest engagement in the evening 40%, followed by the afternoon 26.67% and
night 20%, aligning with dining patterns. Hotels show the highest activity at night,
43.48%, indicating late check-ins or overnight stays. Professional locations see the most
activity during the morning 39.13% and afternoon 43.48%, consistent with standard
working hours. Residential areas peak at night 42.86% and morning 35.71%, reflecting
daily routines of starting and ending the day at home. Shopping & Services venues are
most active during the afternoon 38.46% and evening 42.31%, reflecting shopping and
errand behaviors. Sports activities are distributed across the day but peak in the evening
34.78% and afternoon 30.43%. Travel-related venues show moderate activity throughout,
with peaks in the afternoon 34.62% and morning 23.80%. These results emphasize the
temporal nature of user behavior in LBSNs, providing insights into category-specific

trends that can be leveraged for time-aware recommendation systems.

6.3.5 Clustering Based on Preferences

The users Clustering approach enables the systematic identification of behavioral simi-

larity within the user populations. By leveraging efficient clustering techniques such as
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the K-Means, researchers can effectively stratify users based on their mutual interaction
preferences and spatial patterns. This approach reveals distinct user trends, ranging
from individuals mostly interested in Food venues to those demonstrating explicit engage-
ment with Entertainment or Professional venues. The clustering methodology provides
the mechanism for generating personalized recommendation strategies that align pre-
cisely with the characteristics of each identified user cluster.

The Figure 6.7 presents a comprehensive scatter plot illustrating the empirical out-
comes of K-Means clustering applied to analyze users’ motivational factors for interaction
across diverse venue categories, including Food, Travel, and other domains. Each data
point represents an individual user, with the visualization classifies the user population
into three distinct clusters, presented by differentiated color representations. The coordi-
nate axes represent two critical dimensional components: Food Interaction and Shopping
& Services Interaction (as Shop), which serve as primary determinants in the cluster
formation process in this figure. This visualization provides a graphical representation
of user behavioral clusters, facilitating a deeper understanding of interaction patterns

across various venue categories.
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Figure 6.7: Clustering Based on User Preference
The clustering method presents user preferences through comprehensive behavioral
and categorical interactions. User clusters are calculated based on distinctive venue

types, such as clusters characterized by pronounced engagement with Food and Shopping

& Services categories, similarly we can compute other clusters demonstrating significant
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interaction patterns in Travel and Hotel venues. This clustering approach enables the
recommendation system to generate highly contextualized recommendations tailored to
the distinct preference profiles of each identified user group. The cluster-based recom-
mendation strategy facilitates a more accurate and relevant user experience by aligning
recommendation content with the observed behavioral and categorical preferences of

each user segment.

6.3.6 Hybrid Recommendation System

The proposed model is implemented to determine its performance based on check-in
data. In this section, we presented the results of various methods in comparison with our
proposed model and explained the effect and efficiency. In Figure 6.8, user-based filtering
identifies users with check-in patterns achieved 68.5% precision and 70.2% recall. While
effective, this method encountered limitations with users having sparse interaction data.
It proved most successful when analyzing users with highly similar preferences, with
65.9% of recommendations being relevant based on users with comparable experiences.
Item-based CF slightly outperformed user-based, reaching a precision of 72.4% and recall
up to 74.8%. It excelled in scenarios with consistent user behavior patterns, such as
frequent visits to similar venue types. Recommending POIs based on item similarity par-
ticularly benefited users with clear, repetitive preferences. Applying The SVD revealed
interesting hidden relationships between users and POIs, most effective in data sparse
environments. The 75.5% precision and 71.7% recall demonstrated SVD’s capability to
uncover latent interaction patterns, generating improved recommendations for users.

The proposed hybrid model, integrating user-based CF, item-based CF, and SVD
techniques with context-aware spatial and temporal features, demonstrated superior
performance compared to individual recommendation methods. Achieving precision up
to 80.6%, 77.3% of recall, and an F1 score achieving up to 78.5%, the hybrid approach
consistently delivered the most accurate recommendations as shown in Figure 8. By
effectively balancing user behavior patterns, item similarities, and latent factors, the
model leveraged the strengths of multiple techniques. This comprehensive approach
enabled the system to generate a more diverse range of personalized recommendations.
As illustrated in Figure 8, the hybrid model consistently outperformed individual meth-
ods across precision, recall, F1 score, and accuracy metrics. the integration of temporal
behavior allowed the model to optimize suggestions based on daily routines of the users,
resulting in prediction of check-in and aligning recommendations according to typical

interest patterns. The assessment of the recommendation system’s accuracy across Top-5,
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Figure 6.8: Performance Comparison of Recommendation Methods

Top-10, and Top-20 recommendations, demonstrating the model’s effectiveness in sug-
gesting the most relevant items for users.

The proposed model demonstrates remarkable accuracy across different recommen-
dation depths. For the top-5 recommendations, the system achieves an 82.3% accuracy,
indicating that over four-fifths of the initial suggestions are highly relevant to the user.
The accuracy progressively improves, with top-10 recommendations reaching 90.6% and
top-20 recommendations achieving an impressive 95.2% precision. This improvement
reveals that as the number of recommended options increases, the likelihood of sug-
gesting relevant POIs becomes significantly higher. The expanding recommendation set
provides users with greater flexibility and choice, enhancing the overall recommendation
experience. By combining different methodological strategies and incorporating contex-
tual factors like venue and temporal data, the system generates tailored and precise
suggestions. Considering features such user’s venue and temporal aspect make the sug-
gestions more appropriate, resulting in better user satisfaction. The results presented in
the Table 6.2 presents the efficiency of our proposed hybrid model in comparison with
baseline methods.

The baseline models demonstrate moderate performance, with accuracies ranging
from 65% to 73.4% and respectable precision, recall, and F1 score metrics. The hybrid
model significantly outperforms these baseline approaches, with precision up to 80.6%,
recall reaching 77.3%, and accuracy of 79.1%. The missing values in the table are due to

unreported metrics in the original papers. As we reused the published results without
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Table 6.2: A comprehensive comparison of the proposed method with top performing
methods

Method Precision Recall F1 Score Accuracy
LBRS [173] 68.6 60.8 64.8 67.5
GR-DELM with Gowalla [163] 77.84 81.23 79.5 -
TrustWalker [174] 73.98 - 73.41 -
SVD [175] 75.5 71.7 73.6 73.4
Collaborative Filtering (CF) [176] 65.0 60.0 62.0 65.0
PARS [177] - 69.0 70.5 72.0
Hybrid Model (Our) 80.6 77.3 78.5 79.1

reproducing the experiments, due to limited code availability and lack of detailed method-
ology, we chose not to estimate or fill in missing values to avoid misrepresentation. This
approach ensures transparency and maintains consistency with standard benchmarking
practices. The performance improvement stems from the strategic integration of CF as a
hybrid model with context-aware features techniques, effectively mitigating individual
method limitations. By leveraging user-item similarities and uncovering hidden rela-
tionships through SVD, the hybrid model generates more accurate recommendations.
The approach proves particularly powerful in data-sparse environments, enabling more
accurate and relevant suggestions tailored to LBSN contexts. Ultimately, the proposed
hybrid methodology emerges as the most reliable and sophisticated recommendation

solution for location-based services.

6.4 Ablation Study and Error Analysis

To better understand the contribution of each component in our hybrid recommendation
system, we conducted an ablation study by systematically removing individual modules
and observing the impact on overall performance. The components analyzed include
user-based collaborative filtering, item-based collaborative filtering ,SVD, spatial context-
awareness, and temporal context-awareness. Table 6.3 summarizes the results. Removing
any of the core CF components led to noticeable declines in precision, recall, and F1
score, highlighting their complementary strengths. Notably, excluding spatial context-
awareness caused a 5.1% drop in precision, underscoring the critical role of geographic
proximity in location-based recommendations. Similarly, omission of temporal modeling
reduced recall by 4.3%, indicating the importance of time-aware user behavior modeling.

Besides quantitative evaluation, we analyzed scenarios of the model’s performance:
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Table 6.3: Ablation Study Results of the Hybrid Model

Model Variant Precision (%) Recall (%) F1 Score (%)
Full Hybrid Model 80.6 77.3 78.5
Without UB-CF 76.2 73.5 74.8
Without IB-CF 74.8 71.9 73.3
Without SVD 75.3 70.5 72.8
Without Spatial Context 75.5 74.2 74.8
Without Temporal Context 78.1 72.9 75.4

Cold-Start Users: New users with limited or no historical check-ins present a challenge
due to insufficient data for CF components. The hybrid model mitigates this partially via
latent factors from SVD, but precision remains lower in these cases.
Diverse Group Preferences: Groups with highly conflicting preferences pose difficulty
in aggregating recommendations that satisfy all members, occasionally resulting in
diluted or less relevant suggestions.
Real-Time Context Changes: Sudden changes in user location or external factors (e.g.,
events or weather) are not dynamically incorporated, limiting the system’s adaptability
and potentially decreasing recommendation relevance in rapidly shifting environments.
These failure cases highlight key areas for future improvement, including leveraging
social network embeddings for cold-start scenarios, employing advanced group prefer-
ence modeling techniques, and integrating real-time context data streams for adaptive

recommendations.

6.5 Summary

In this research, we proposed a hybrid approach for group recommendations in LBSNs,
addressing the unique contextual needs of these platforms. By incorporating spatial
proximity and time-based patterns, our model effectively combines user-based collabo-
rative filtering, item-based collaborative filtering, and SVD to enhance both accuracy
and personalization. The integration of spatial and temporal factors significantly im-
proves precision, as users frequently engage with nearby locations that align with their
daily routines. Our evaluation demonstrated that this hybrid approach outperforms
conventional methods, particularly in situations where interaction data is sparse. This
model was able to achieve high accuracy and diversity in recommendations. However,

limitations persist, especially with cold-start users and scalability as LBSNs expand in
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size. The system’s reliance on sufficient historical interaction data poses a challenge for
new or infrequent users, despite the mitigating effect of the hybrid method. Moreover,
the hybrid model’s computational complexity can limit responsiveness in large-scale,
real-time applications, as the combination of user and item-based filtering with SVD
and contextual information may slow down recommendations in extensive datasets.
Additionally, while our model successfully accounts for user-item interactions, geographic
proximity, and temporal behavior, it currently lacks real-time contextual adaptability
factors like sudden location shifts or external conditions are not fully captured, which
may limit relevance in highly dynamic environments.

Future research could address these limitations by enhancing cold start handling
with advanced embedding methods or social network analysis, which would incorporate
user metadata or social connections to generate initial recommendations for new users
or items. Improvements for real-time recommendation could involve integrating dynamic
contextual data, such as weather or event information, to adapt recommendations to
users’ immediate surroundings and conditions. Furthermore, leveraging deep network-
based models and attention mechanisms could improve the model’s understanding of
complex relationships between users, items, and context, thereby boosting both scal-
ability and accuracy. Overall, this hybrid approach demonstrates strong potential for

effectively meeting the dynamic and personalized demands of LBSNs.
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n this thesis, a novel approach toward LBSN data analysis is suggested to enable

users to work with the information extracted in a useful way. The thesis defines

the ‘three-step’ analysis approach based on time and location information within
the geo-data namely, temporal analysis, venue classification and spatial analysis with
anomaly detection. It also introduces venue classification methods that has the potential
to be implemented in real-time environments as we show its efficiency in our case study.
This model, however, needs more work to be fully implemented as there are no such
classification methods that can be used as framework for venue classification, as we know
of, till now. Another model has been proposed to the data analysis based on MLR model
that can be used to verify the efficiency of dataset and its attributes used for such studies
and a context aware group recommendation system. The case study shows promising
results with the potential to be implemented in a variety of fields taking advantage of

the modern digital era.

7.1 Concluding Remarks

This research used geo-tagged check-in data from an LBSN as a representation to
approximate the general population of Shanghai, as it is more efficient than time and
labor-intensive questionnaires and surveys and can therefore offer exceptional spatial
and temporal coverage. Weibo provides an open geo-database and excludes all of the

information related to the privacy of the users. However, this approach has its own
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limitations. For example, we do not have a way to measure the exact sample ratio of
LBSN users and the population of Shanghai, so we can only determine the correlation
between check-in data and actual people in the evaluation and planning of a megacity,
as the connection between the check-ins of Weibo and actual residents may vary across
different areas. Although the LBSN provides many attributes as compared to traditional
census data, it generally does not directly include some demographic data such as age,
marital status, and ethnicity, although there are other ways to extract these kinds of
data indirectly. For example, finding the factors that increasingly influence cities (venue
categories), if not planned well, can affect both the objectives of sustainability and
development. The study of user activities essentially requires the availability of big data
and information; therefore, the use of LBSNs to collect data from people residing and
moving inside a mega city could be beneficial to planning the distribution of different
types of venues throughout the city. In this framework, information about the various
activities of the city’s users and residents can describe the events occurring in the
physical space. The current study attempts to address this using data from Weibo to
better explore the activities of urban populations in Shanghai. Further study is indeed
required to explore of the behavior of the population described here, with a more specific
definition to strengthen the relation between the baselines of this study and the effect of
various urban functions, such as restaurants, transport, and educational institutions.
The results could provide insights into the linkage between urban entropy and urban
magnets (types of venues attracting more people) in the city, therefore identifying the
areas and aspects that need special attention and a well-planned distribution in the
management of the city. These results are based on a dataset containing a minimum of
100 Weibo check-ins for a single venue, which is why the results concentrate on specific
areas within the city. The analysis could be improved by using more micro-level data
from different LBSNs. Similarly, the categories could be extended by covering more
venues and specialized distributions. Another dimension of a future study might be the
use of diverse datasets and extending the category classes to obtain more specific and
accurate patterns. In this regard, we are working on analyzing user behavior in the
“Food” and “Educational” categories, which were classified in this study.

The case study is carried out using Weibo check-in records that proved exceedingly
useful for spatio-temporal analysis in Shanghai because the time-stamped and geo-
tagged data of Weibo provide detailed attributes to differentiate venue types, tourists,
and residents. Although the dataset is from the time before 2018 and may seem outdated,

it still proved to be efficient to conform to the most common traits and patterns in user
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behavior proving the validity and significance of using LBSN data. The proposed models
can be extended to other LBSNs instead of Weibo as well as other cities as they are based
on attributes that are available in almost every online location-based service. However,
the check-in data from Weibo also presented some limitations in our analysis, such as
not all tourists may make use of Weibo when visiting Shanghai and residents also may
use locations-based social network platforms other than Weibo which implies that the
results could represent subsets of tourists and residents in Shanghai. Therefore, the
reliability and quality of Weibo data for spatio-temporal can be improved by comparing

its results with other studies and data sources.

7.2 Future Research

Having confirmed the need for and importance of the proposed venue classification in
LBSN data analysis, the numerous next stage research directions are promoted during

my Collaborative Research Program with the University of Technology Sydney:

* Improve and enhance the venue classification method by exploring various other
classification models and evaluation methods. This includes checking out cutting-edge
deep learning approaches, combining different models for better results and even trying
out some sophisticated clustering techniques. To make sure our new models are suitable
and accuracy for the problems, we will try using several different evolution measures

like combination of precision, recall, and the F1-score.

¢ Using multi-source data, present a location recommendation method by utilizing
the preferences of different users in different parts of the study areas by utilizing the
venue categories. Therefore, combining with other data sources in order to improve the

representativeness of the sample and ultimately the population.

¢ Explore the possibility of next location prediction using the patterns in the users’
activities with respect to specific time and locations instead of trajectories to eliminate
the manual computation processes. We plan to extend this to the recommendation system
using data from various sources. For example, using updates from social networks,
weather forecasts, what is happening in town, and even traffic conditions to recommend
the most suitable spot. We are leaving the manual guesswork with the help of high-tech
using advanced algorithms that predict where the users might want to go next with the
help of methods such as Markov models, deep neural networks, or even reinforcement

learning.
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¢ Future research could address these limitations by improving cold start handling with
advanced embedding methods or social network analysis, which would incorporate user
metadata or social connections to generate initial recommendations for new users or
items. Improvements for real-time recommendation could involve integrating dynamic
contextual data, such as weather or event information, to adapt recommendations to
users’ immediate surroundings and conditions. Furthermore, leveraging neural network-
based models such as attention mechanisms could improve the model understanding of
complex relationships between users, items, and context, thus boosting both scalability
and accuracy. In general, this hybrid approach shows strong potential to effectively meet

the dynamic and personalized demands of LBSN.

* We are excited to work with experts from the University of Technology Sydney, such
as urban planners and sociologists. Their insights will help us to make sure that our
approach is as solid and grounded as possible. We are also thinking hard about how to
take our methods to cities other than Shanghai and adapt them to different settings.
This involves setting up some initial case to make sure that our ideas can be really

generalized.

* We believe that our research will push the boundaries of how location-based services
can enhance urban life. Not only will we deepen our understanding of how to use these
data, but we also expect to uncover some fresh insights that could be beneficial in the

development of smart cities.

Ethical and Privacy Considerations: As location-based social network (LBSN) data
inherently contain sensitive information about individuals’ whereabouts and behav-
iors, future research must prioritize the ethical use and privacy preservation of such
data. Developing and integrating privacy-preserving techniques, such as anonymiza-
tion, differential privacy, and federated learning will be critical to minimizing risks of
re-identification or unauthorized data use. Beyond technical safeguards, it is essential to
establish clear ethical guidelines for data collection, storage, and sharing, emphasizing
informed user consent and respecting data ownership. Collaborations with legal experts,
ethicists, and policymakers will ensure that the research framework aligns with evolv-
ing privacy regulations and societal expectations. This holistic approach will not only
protect users but also enhance public trust, enabling the responsible advancement of

LBSN-based urban analytics and smart city applications.
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