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Introduction

 Location-based social network (LBSN) data provides a promising opportunity to understand the 
quotidian life and cities. However, some challenges and limitations also associate with related 
researches of urban studies.

 The primary purpose of this study is NOT to develop an Omni-theory for urban spatiotemporal 
analysis leveraging LBSN data. Instead, the thesis follows the “data-driven” method to conduct 
specific case studies on different topics of urban studies and tries to compose them into a 
comprehensive work.  Therefore, each case study has its independent purpose and objectives. 

0101 Purpose and significance
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Introduction

Research aim and objectives

Aim:

To investigate the applications and limitations of location-based social network (LBSN)data in urban

spatiotemporal analysis.

Specific objectives:

1. To clarify the definition and characteristics of LBSN data.

2. The relationship between LBSN data and human spatiotemporal behaviors will be investigated

leveraging related theories.

3. Applications and limitations of LBSN data in urban spatiotemporal analysis will be summarized

through a systematic literature review.

4. Three innovative urban analysis using different LBSN datasets will be conducted.

5. To discuss the potential role of LBSN data in future urban planning.



Thesis Presentation Outline

1. Introduction

2. Theoretic foundation

 Measuring spatiotemporal behaviors:                          Time geography

 Why people use LBSN applications:       Uses and gratification theory 

 Conducting spatiotemporal analysis: Data and model   

3. Methodology

4.Literature review

 Applications: urban spatiotemporal analysis leveraging LBSN data

 Limitations of LBSN data in urban spatiotemporal analysis

5. Case study

I:   SinaWeibo, Beijing, China         ----- Urban spatiotemporal structure

II:  Foursquare, Barcelona, Spain      ----- Urban functional relations

III:  Twitter, Barcelona, Spain ----- Urban/public sentiments

6.  Discussions and  conclusions: toward citizen science and scientific urban planning 

The thesis is foremost  
driven by these empirical 
studies.



0303

Introduction

Scope of the study 

Non-spatial- aware

Big data

LBSN data

Social media data

Volunteered 
geographic 
information(VGI)

Specific sensor 
data 

Spatial-aware



Top 15 high-frequency words of the definition of social media

A location-based social network 
(LBSN) not only inherits the social 
information, but also provides spatial-
aware functions that indicate the 
location of information(Wilson, 2012). 

Definition: social media, location-based social network

Source: own elaboration

Introduction

Social media : an Internet-based environment 
for communication and personal interaction.



2.  Theoretic foundations

02 Why people use LBSN 
applications ? 

Uses and gratification theory 

01. How to deconstruct human 
spatiotemporal behaviors ?  

Time geography  

03 How to analyze  LBSN data? 
Data and models

Related theories of urban spatiotemporal analysis leveraging LBSN data 



0101 Understanding spatiotemporal behaviors 

2.  Theoretic foundations

Time, space, people  
Geography probably is the earliest empirical summary and representation of sensing time 
and space. 

An ancient Egypt map
Note: The eastern part of a topographical and geological map of Wadi Hammamat, in the desert between the Nile and the 
Red Sea, drawn on papyrus around 1150 BCE. Source: Barnard (2008)



0101
Understanding spatiotemporal behaviors

2.  Theoretic foundations

A GIS example of space-time prism of time geography

Source:  Kraak (2003)

The outstanding contribution of 
time geography is that it 
considers human spatiotemporal 
behaviors as a measurable matter. 
The macro- human movement can 
be described as a collective-
specific movements of 
individuals.



0202 Understanding LBSN behaviors Uses  and gratification theory 

2.  Theoretic foundations

Approaches of LBSN behavior investigation

Uses and gratifications theory (UGT) is an approach to understanding why and how 

people actively seek out specific media to satisfy specific needs.(Severin and Tankard, 1997)

Palmgreen and Rayburn (1979)created two concepts to describe the 
relationship: gratification sought(GS) and gratification obtained (GO). 

Why do people watch TV ?   
GS.   I watch TV to keep up with current news. 
GO. The TV program helps me to keep up with news.



0202 Understanding LBSN behaviors Uses  and gratification theory 

2.  Theoretic foundations

• Social-economic 
circumstances 

• Living situations

• User interface design

Influential 
factors 

• Entertainment

• Relax 

• Information searching

• Passing time

• Self-presentation 

Motives

• Making check-ins

• Posting  messages

• Frequency of using the 
application

• Adding geotags

• Sharing personal 
information

Outcome 
behaviors



0202 Understanding LBSN behaviors Uses  and gratification theory 

2.  Theoretic foundations

(1) Entertainment/ hedonic /amusing /enjoyment/ relaxation

(2) Social interaction/socializing

(3) Pass time

(4) Self-documentation/ Archiving

(5) Self-expression/ self –presentation

(6) Information seeking

(8) Surveillance/knowledge about others

(7) Information sharing

(9) Convenience / medium appeal

(10) Escapism

Common gratifications on LBSN uses

Understanding LBSN behaviors Uses  and gratification theory 0202



0303 Understanding spatiotemporal analysis:  data and models

2.  Theoretic foundations

Data march

• The decrease in costs of computation

• The volume of computer processors 
becomes smaller

Source: Kitchin and Dodge (2011). Note: MUCP: million units of computation.

Increasing cost efficiencies of computation with a marked step change 
from mechanical to electronic processing technologies



0303 Understanding spatiotemporal analysis:  data and models

2.  Theoretic foundations

• chronological change

• temporal 
aggregations 

• interactions 
between systems

• positional 
references

• geometric 
relations 

• composition

• environment

• connections

Systemic Spatial

TemporalInteraction

Specification of spatiotemporal model structure 

Source: reproduced and adapted from Hestenes (1997)



The general framework 

3. Methodology

Systematic literature review 

Quantitative  case studies

Focus: 
Applications and limitations of LBSN data 
in urban spatiotemporal analysis

The quantitative part will analyze three popular LBSN 
data: Twitter, Sina Weibo, and Foursquare. The detailed 
descriptions of dataset are elucidated in each case study. 

Method: 
Snowballing literature studies(Wohlin, 2014)

1. LBSN data:
types, 
components, 
characteristics  

2. Outline of 
case studies 



3. Methodology

LBSN data:  types, components, characteristics  

Graph representation of LBSN data

Place- centric

Different types of LBSN data

Source: own elaboration

Source: own elaboration



3. Methodology

Characteristics Types of LBSN  data

Human- centric Place- centric Trajectory- centric

Focus People Place Movement

Sociality High Medium Low

Timeliness High High Low 

Semantic/ image information Rich Medium Low

Precision of positioning Low High High

Privacy Low Medium High

Data availability High Medium Low 

Characteristics of different LBSN data

LBSN data:  types, components, characteristics  

Source: own elaboration



3. Methodology
Outline of case studies 

LBSN 

data

Place Focus Temporal 

coverage

Volume Main techniques Publication

Sina

Weibo

Beijing,

China

Urban

spatial

structure

2016/04/11

–

2016/04/17

52,543  Classic sub-center 

identification(expone

ntial model)

Yang, L. & Marmolejo, C.(2020). Analysis of the 

spatial structure of Beijing from the point view of 

Weibo Data. ACE: Architecture, City and 

Environment, 15(43), 9302. DOI: 

http://dx.doi.org/10.5821/ace.15.43.9302

Foursq

uare

Barcelona,

Spain

Functional 

relationshi

ps of places

2012/04/03

-

2013/09/06

79,798  Network analysis;

 Interaction model

Yang, L., & Duarte, C. M. (2019). Identifying 

tourist-functional relations of urban places 

through Foursquare from Barcelona. GeoJournal, 1-

18.

Twitter Barcelona,

Spain

Public

sentiments

2016/09-

2019/04

1,100,244  Sentiment

analysis(text);

 Multiple linear 

regression

Quantifying the relationship between public

sentiment and urban environment in Barcelona.

(Cities, under the second round revise)

Source: own elaboration



Advantages of LBSN data 

• High -spatiotemporal resolution 
• Social contents
• User-generated data 

Main  applications  leveraging LBSN data 

1. Human mobility
2. Urban functions/ land uses  
3. Urban structure
4. Event detection
5. Public sentiment
6. Urban health and well-being

4. Literature Review: urban studies leveraging LBSN data

Twitter

44%

Others

17%

Foursquare

21%

Sina Weibo

7% Flickr

6%

Yahoo! API

5%

Twitter

Others

Foursquare

Sina Weibo

Flickr

Yahoo! API

Data sources of  reviewed articles Source: own elaboration



4. Literature Review: urban studies leveraging LBSN data

Source: own elaboration



4. Literature Review: urban studies leveraging LBSN data

Summary

 An increasing number of related publications can be postulated, especially in the field of 
computing. About 20% of reviewed articles are generated from top computing conferences. 

• The spatiotemporal reliability of LBSN data is proved to be enough in disaster management 
and urban health issues, as comparing with the official data. 

• LBSN data provides a new perspective to analyze the urban structure through nearly real-
time human activities. 

• Leveraging LBSN data, the urban sentiment/ perception analysis can generate a sketchy 
evaluation of public perception towards social events or the urban environment. 



5. Literature Review: Limitations and representativeness of LBSN data5. Literature Review: limitations of LBSN data

Source: own elaboration

1.  General limitations of the LBSN dataset

2. Demographic representativeness

3. Online behaviors 
Self-disclosure
Check-ins
Post messages

4. Mobility /spatial bias 
Precision
Coverage 

5. Semantic analysis
Complexity of texts
Incomparable methods and outcomes



5. Literature Review: Limitations and representativeness of LBSN data

 The demographic bias and uneven distribution of LBSN data can be verified in

different regions. It implies that these phenomena do not appear by chance. e.g.

LBSN data is more likely linked with people who are younger and have better

education and income.

 The online behaviors are affected by socioeconomic conditions. LBSN data performs

higher representativeness in developed urban areas.

 LBSN data can yield a reliable result of describing human mobility at an aggregated

level in urban areas.

 The semantic analysis leveraging LBSN data could reach a higher accuracy in urban

health domain and disaster management.

5. Literature Review: limitations of LBSN data

5. 3 The limitation of LBSN data regarding urban spatiotemporal analysis



6. Case  study
Locations

• La estructura urbana y la actividad de Weibo: Beijing 

• La función urbana y los flujos de Foursquare: Barcelona 

• La emoción urbana: los sentimientos de Twitter en Barcelona



5. Literature Review: Limitations and representativeness of LBSN data6.1  Case study I Analysis of the Spatial Structure of Beijing from the 
point view of Weibo Data

Current Administrative districts of Beijing municipality

Population: 21.54 million.
Area: 16,808 km²: nearly 16 times of Barcelona city

Source: own elaboration

Research Objectives:
• To detect the temporal-spatial structure of the 

Beijing metropolitan area via Weibo data.
• To delimitate urban sub-centers of Beijing  

through  Weibo data, combining the urban 
contexture.



5. Literature Review: Limitations and representativeness of LBSN data6.1  Case study I Analysis of the Spatial Structure of Beijing from the 
point view of Weibo Data

Highlights:

 Introducing the exponential model to identify dynamic Weibo sub-centers in 4 
different periods of a week.

 The urban structure of Beijing indeed shows a polycentric structure, though only  the 
weekend spatial structure is confirmed by the statistical model.

 Weibo data successfully identify sub-centers that are not considered by the traditional 
methods of identification of urban structure, such as university and recreational places.  

1. Introduction



5. Literature Review: Limitations and representativeness of LBSN data6.1  Case study I Analysis of the Spatial Structure of Beijing from the 
point view of Weibo Data

2. Methodology

Data Collection

• Source: Weibo API , port: searching around Weibos

• Retrieving strategy based on limitations of Weibo API 

Delimitation of 
potential sub-

centers

• Density calculation: quadrat analysis

• Delimitating potential areas: Local’s Moran I 

• Aggregation of potential areas into potential sub-centers through nearest-
neighbor principle

Identifying 
dynamic sub-

centers

• Classic exponential model in 4 periods  



5. Literature Review: Limitations and representativeness of LBSN data6.1  Case study I Analysis of the Spatial Structure of Beijing from the 
point view of Weibo Data

2. Methodology

We set 19 circles to monitor the data flows. Each
tracking circle is restricted in one district, in order
to compare with the official data more easily.

After filtration, the dataset contains 52,543 items,
from 00:00 of 11th to 24:00 of 17th 2016.

Data collection

Source: own elaboration



6.1  Case study I Analysis of the Spatial Structure of Beijing from the 
point view of Weibo Data

According to the study of Griffith and Amrhein, the formula of optimized quadrat area is:

Quadrat area= 𝟐𝐀/𝐪

A represents the area of studied area, q is the number of points.

The studied area based on the actual monitoring area, not the whole
urban area. Therefore, the area of studied range is calculated by the
formula of circle:

Quadrat area=
σ𝑖=1
19 2π𝑟𝑖

2

𝑞

where i is the serial number of monitoring circle.

The size of the quadrat  

A piece of urban contexture in Beijing

Density calculation: quadrat analysis



6.1  Case study I Analysis of the Spatial Structure of Beijing from the 
point view of Weibo Data

2. Methodology

(Grid: 0.4 x 0.4 km)

Anselin Local Moran's I Result

Model assumptions:

1. The distribution of density of Weibo also follows the

similar pattern of the employment distribution - it

decreases as the distance to the CBD increases.

2. The model only restricts to the potential Weibo sub-

centers.

3. The airport is not involved in the model .

4. Sub-center: Positive unstandardized Residual ≥ Mean

of all residuals

Model:

𝐷 𝑥𝑖 = 𝐷0𝑒
−𝛼𝑥𝑖+𝑏 (3)

we transform it into the linear form for calculation 
purposes:

ln 𝐷(𝑥𝑖) = −𝛼𝑋𝑖 + 𝐶 (4)

A Potential Weibo sub-center:
1. High-High cluster
2. the density of the potential area >  the mean Weibo density 

of the HH cluster + 1 Standard Deviation



6.1  Case study I Analysis of the Spatial Structure of Beijing from the 
point view of Weibo Data

3. Results
The panorama of Weibo density in 3D view

Source: own elaboration



6.1  Case study I Analysis of the Spatial Structure of Beijing from the 
point view of Weibo Data

3. Results
A closer view of Weibo density in central area of Beijing



6.1  Case study I Analysis of the Spatial Structure of Beijing from the 
point view of Weibo Data

3. Results (a) One-week
(b) Day of workdays
(Monday to Friday, from 8:00 to 20:00)

(c) Night of workdays 
(Monday to Friday, from 23:00 to 6:00)

(d) The weekend 

University

Amusement park

Olympic Forest Park

Source: own elaboration



6.1  Case study I Analysis of the Spatial Structure of Beijing from the 
point view of Weibo Data

3. Results

Model R2 Adjusted R2 Std. Error of the 
Estimate F Sig.

One week 0.210 0.132 0.246 2.671 .133

Monday to Friday, 
from 8:00 to 20:00 Day

_workday
0.000 -0.660 0.328 .004 .953

Monday to Friday, 
from 23:00 to 6:00

Night

_workday
0.030 -0.022 0.221 1.616 .230

Weekend 0.143 0.106 0.356 3.853 .062

Model Summary of the four periods

At the 90% confidence level, the only model that resulted in an acceptable 
statistical significance is that of the weekend Weibo density.

Source: own elaboration



6.1  Case study I Analysis of the Spatial Structure of Beijing from the 
point view of Weibo Data

3. Results

Division of workday’s potential sub-centers

Model 1st&2nd 
quadrant

3rd 
quadrant

4th 
quadran

t

Day workday

R2 0.008 0.051 0.203

Adjusted R2 -0.116 -0.265 -0.196

Std. Error of the 
Estimate 0.378 0.435 0.389

F .063 .163 .509

Sig. .809 .714 .550

Night workday

R2 0.128 0.472 0.356

Adjusted R2 0.049 0.296 0.034

Std. Error of the 
Estimate 0.218 0.227 0.262

F 1.616 2.679 1.107

Sig. .230 .200 .403

The distribution of these potential sub-centers are 
not  symmetrical in all directions, it may affect 
effectiveness of the model. Therefore,  this study 
separates the Guomao CBD, Zhongguancun area, 
traditional center into different quadrants, thus it 
can alleviate the effect of opposed directional 
development trends. 

Source: own elaboration

Source: own elaboration



6.1  Case study I

3. Results

Ln_Density Distance to Weibo-CBD(km)

Mean Std. Range Min Max Mean Std. Range Min Max

One week 6.569 0.264 0.921 6.271 7.193 6.626 3.952 13.321 0.000 13.322

Weekend 5.682 0.376 1.647 5.267 6.913 6.394 3.774 14.882 0.000 14.882

Day_workday 5.887 0.318 1.014 5.546 6.560 7.245 3.964 14.882 0.000 14.882

Night_workday 5.002 0.212 0.722 4.666 5.388 7.602 3.934 14.834 0.000 14.834

Statistical description of potential Weibo sub-centers and distance 

Except for the weekend, the variation of Weibo density is too small 
to present the evident correlation with the distance.

Source: own elaboration



6.1  Case study I Analysis of the Spatial Structure of Beijing from the 
point view of Weibo Data

3. Results

Code of 
Sub-center Land use 

1 Commercial area

4 Commercial area, subway station

12 Tourist Attraction

14 Tourist Attraction

18 Commercial area

22 Mixed area(office, commercial and 
university)

27 Mixed area(office, commercial and 
university)

29 University

31 Residential area

34 Beijing International Airport

Confirmed sub-centers at the weekend

The land use type of confirmed sub-centers at the weekend

Source: own elaboration



Comparison:  Confirmed weekend sub-centers and  potential sub-centers of 
other periods

6.1  Case study I

3. Results

Source: own elaboration



6.1  Case study I Analysis of the Spatial Structure of Beijing from the 
point view of Weibo Data

3. Results Comparison: Land uses of sub-centers at the weekend  and potential sub-centers in other periods 

2

1 1

22

1

2

1 1

2

3

2 2

3 3

1

2

1 11

DAY_WORKDAY NIGHT_WORKDAY ONEWEEK WEEKEND

Commercial area

Mixed area(office, commercial and

university)

Residential area

Tourist Attraction

University

Commercial area+Transportation

hub

Transportation hub



6.1  Case study I Analysis of the Spatial Structure of Beijing from the 
point view of Weibo Data

4. Conclusions

1. The urban structure of Beijing indeed shows the tendency of the polycentric mode.

However, the poor performance of the negative exponential model also indicates that the Weibo density 
only has a weak correlation with the distance to the center. 

2. All sub-centers are located in the northern part of Beijing.

All Weibo sub-centers of the weekend and those potential areas of other periods are located in the northern 
part of Beijing. It is probably caused by the development of the educational zone since the 1950s and the 
falling of the first industries in the southern area due to the change in planning restrictions produced by 
the air pollution evident since the 1970s. Accordingly, the lack of Weibo sub-center in the southern part of 
Beijing is associated with the economic structural reform, because many heavy industry factories were 
located in that area. 

3. Weibo data is a useful data source to study the urban spatial structure, especially in terms of daily 
activities.

The Weibo potential sub-centers imply the difference of human activities in different periods. 



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

Study purpose

The study aims to delimitate the difference of urban usages between residents and tourists through
quantifying functional relations among Places of Interest (POIs) using Foursquare data from Barcelona.

1. Introduction

Highlights

 To analyze  the difference of urban usages between tourists and locals from the functional relations of 

places. 

 Tourist attractions are important nodes driving the spatial flows of tourists. Conversely,  the spatial 

centroids of local activities are complex. 

 The functional closeness of places can be quantified by the interaction values, leveraging  Foursquare 

check-ins data. 



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

Data cleaning : the valid user should 
check-in at least 2 times during the whole 
period. 

o Geo-range: the first zone of Barcelona Metropolitan Regions.
o Volume: 79,798 items of check-ins; 13,887 unique POIs.
o Period: 18 months(from April of 2012 to September of 2013).
o Valid users: 3,350

Description of the dataset2. Methodology

Distribution of Foursquare check-ins in Barcelona Metropolitan Region

Source: own elaboration



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

2. Methodology

Outline of analysing process

Source: own elaboration



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

Characteristics of 
User’s behaviour

Duration time

Travel distance

Check-in

= 𝑇𝑙𝑎𝑠𝑡 − 𝑇𝑓𝑖𝑟𝑠𝑡

Total Travel Distance =   𝑋𝑃𝑖+1
− 𝑋𝑃𝑖 + (𝑌𝑃𝑖+1

− 𝑌𝑃𝑖)

𝑛

𝑖

                       (2) 1 

Characteristics of 
User’s behaviour

Manual 
check 

K-means 
clustering

Improvemen
t of 

classification 

2. Methodology Classifying  tourists and locals  

Users who stayed more than 113 days and made check-ins over 24 times are 

classified as locals.



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

2. Methodology

Classifying  tourists and locals 

17%

83%

Foursquare Users 

Residents Tourists

76%

24%

Proportion of Check-ins

Residents Tourists

104.5

6.9

0

50

100

150

Residents Tourists

Avg. check-ins

Source: own elaboration



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

2. Methodology
Classification of Foursquare POIs

There are 13,887 unique Foursquare POIs in Barcelona, which are labeled by 385 categories. This 
paper assembles these categories into 22 main types considering their usages.

0.00%

2.00%

4.00%

6.00%

8.00%

10.00%

12.00%

14.00%

16.00%

18.00%

Source: own elaboration



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

2. Methodology

② Each user's path follows a chronological order.
③ Paths are not transitive. Only direct connections

are considered. For example, assuming there is
a path: a →b →c, [a,b] and [b,c] are valid
connections and [a,c] is not counted.

Path calculation: 
① Assuming each type of usage as a node.

Based on the paths, we calculated the number of direct
connections between each pair of POIs, including the
connections within the same category. The “inflow”
from the category i to j is the total number of
connections from i to j. The reverse is the “outflow”. The
“flow” of paired usage is the sum of the “inflow” and
the corresponding “outflow”:

𝑓𝑖𝑗 = 𝐶𝑖𝑗 + 𝐶𝑗𝑖

where 𝑓𝑖𝑗 is the flow between i and j, and 𝐶𝑖𝑗 is the

number of connections from i to j.

Path calculation and usage-flows 



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

2. Methodology
Functional relationship: interaction value

For investigating the functional relation of these nodes (i.e. land uses), this paper
introduces the interaction value index which is developed from the gravity model.
This model can uncover the interaction relation between two objects effectively. It has
been invoked in different studies of interactions, such as commuting flows between
two areas(Roca Cladera et al., 2009), immigration flows(Dou, Arellano Ramos, & Roca
Cladera, 2018) and air passenger flows (Burns, Cladera, & Bergada, 2008). It takes the
form:

𝐼𝑉𝑖𝑗 =
𝑓ⅈ𝑗
2

𝑂𝑖𝐼𝑗
+
𝑓𝑗ⅈ
2

𝐼𝑖 ⋅ 𝑂𝑗
where IVi, j is the interaction value between the type of usage i and j ; fij is
the existing flows from i type to j type; Oi is the sum of outflows of i type, Ij

is the sum of inflows of j type.

Visualization: Prominent interaction value = Mean value + 1 standard derivation of IVs



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

(a)Tourist group (b) Local group

Spatial activities of tourists and locals 

Source: own elaboration

3. Results 



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

Usage-flows 

(a)Tourist group (b) Local group Source:  own elaboration

OCC: Opera, concert, cinema
MAH: Museum,Art,Historical place

3. Results 



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

Spatial visualization of tourist usage-flows 

Source:  own elaboration

3. Results 



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

Spatial visualization of local usage-flows 

Source:  own elaboration

3. Results 



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

3. Results 
Network graph of prominent interaction value

(a)Tourist group 

Interaction value
Max  = 0.0511
Mean = 0.0243
Min = 0.0135

Interaction value 
< 0.0243
0.0243>=  and <0.03
>=0.03

Source:  own elaboration



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

Network graph of prominent interaction value
3. Results 

(b) Local group

Interaction value 
Max  = 0.0531
Mean = 0.0216
Min = 0.0126 

Interaction value 
< 0.0216
0.0216>=  and <0.03
>=0.03

Source:  own elaboration



6.2  Case study II Quantifying differences of urban usages between locals 
and tourists through Foursquare  

4. Conclusions  

• Spatial relations: tourist activities are decided by the location of tourist attractions, while
local activities are far more complex due to the variety of motivations.

• Functional relations: the differences of POI usages reflect their typical urban usages. the
interaction value provides a more comprehensive way to observe how different group of
people use the city. It unfolds the functional relations between places and the degree of
closeness between different usages. Therefore, the core usages of locals and tourists can be
delimitated and those non-core usages are peripheralized.

• This study confirms that the functional centroids of activities differ from the centroids of the
spatial distribution.



6.3  Case study III Twitter sentiment and urban environment: a quantitative 
survey in Barcelona 

1. Introduction

 Investigating the relationship between the urban environment and public sentiment at a city-level.

 The higher density of sentiment tweets does not imply a higher sentiment score.

 Sentiment tweets tend to gather in places with high flow of human activities.

 Wealthier areas are positively correlation with a higher public sentiment.

To explore the relationship between the urban environment 
and public sentiment extracted from Twitter in Barcelona.

Study purpose

Highlights:
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1. Why is it important to understand sentiments? 

• ‘‘Human world is constructed and lived through the emotions’’ (Anderson and Smith, 2001, p. 7).

• Understanding mass emotion is beneficial to improve the allocation of urban facilities and promote the urban environment. 

2. Previous  studies:

Emotion map Which places are happier in Los Angeles  (Gallegos, L., Lerman, K., Huang, A., & Garcia, 

D. 2016, April)

Community happiness Tracking “gross community” happiness from tweets in London  (Quercia, D., Ellis, J., 

Capra, L., & Crowcroft, J. (2012)). 

Transport perception 1.The emotion of passengers of suburban trains near the city of Chicago (Collins, C., 

Hasan, S., & Ukkusuri, S. V. 2013)

2. Perception about public transport services during a large event (Cottrill, C., Gault, P., 

Yeboah, G., Nelson, J. D., Anable, J., & Budd, T. (2017))

Emotion in specific 

locations

1. Tourist attraction (Padilla, J.,et al.2018)

2. Urban parks (Schwartz, A. J. et al.  2018)

3. Green space(Lim, K. H.,et al.  2018; Roberts, HV 2017)

Temporal variation of 

emotion 

Work stress during one week (Wang, W.,  et al.  2016)

1. Introduction
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2. Methodology

Twitter  data Data cleaning
Language 
translation 

Sample test of 
sentiment 
analysis

Sentiment 
analysis of the 
whole dataset 
using Svader

and Senti-
strength 

Stage I  Sentiment  analysis

• Cleaning non-
individual users:  
e.g.  Website, public 
information, etc.

• Eliminating users 
who only appeared 
once during the 
monitor period. 

• Extract English, 
Spanish and Catalan 
tweets

• Google 
translation

• Spanish and 
Catalan  
tweets  
involved

• Manual inspection

• Automatic 
sentiment 
analysis: Svader
program 
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• Total receiving tweets: 1,100,244 items 
• Time-range: September of 2016 to April of 2019

2. Methodology
Description of the dataset

35.44%

27.53%
26.09%

2.21% 1.30%

7.44%

0.00%

5.00%

10.00%

15.00%

20.00%

25.00%

30.00%

35.00%

40.00%

es en ca pt fr Others

The composition of languages of tweets 

• Cleaned dataset:  707,549  tweets, generated by 63,178  users. 

The initial plan was to analyze Twitter sentiments of the 

three languages. However, after the text cleaning, a human 

sampling inspection (under 95% confidence level and 4.6 

confidence interval) shown that over 50% of 453 samples of 

Catalan tweets did not contain any valid text except the 

information of geo-location. 
Source:  own elaboration

Source:  own elaboration
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2. Methodology

Two widely used lexicon-based programs that focus on social media and 

informal texts:  

Vader (Gilbert & Hutto, 2014); 

Sentistrength(Lenormand et al., 2014; Thelwall et al., 2010). 

Sentiment classification

Vader rates the sentiment of words based on : 1) sentiment orientation (negative/ neutral/positive)  

2) the intensity of the emotion: for example “ Great > good ” 

The compound score of a sentence is computed by summing the valence scores of each word based on their 
lexicon, on a continuous scale from -1 to 1.

Similarly, SentiStrength uses an integral range from- 5 to 5 to indicate the sentiment orientation except for 0. The 1 and -

1 represent “no positive emotion” and “no negative emotion” separately.  

The binary sentence score is given by the maximum value of positive score and negative score.

For example, the text “I love you but your room is horrible and nasty.” would be classified as follows, “I love (3) you but 

your room is horrible (-4) and nasty (-3). <sentence score: 3, -4>.” 

Source: https://cfml.se/blog/sentiment_classification/
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2. Methodology Sentiment classification

Vader Sentistrength
Results

Source: Own elaboration

Thresholds of sentiment classification
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2. Methodology

.Human inspection of Spanish-English translation and sentiment classification

Sentiment classification –human inspection
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Category of sentiment English 
Tweets Percentage Spanish 

Tweets Percentage

Positive 47,307 22.96% 68,356 30.62%

Negative 6,756 3.28% 11,039 4.94%

Neutral 108,160 52.51% 83,923 37.59%

Total agreement tweets 162,223 78.75% 163,318 73.15%

Total Tweets 205,997 100.00% 223,274 100.00%

Results of sentiment classification

Source:  own elaboration.

2. Methodology Sentiment classification –result
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2. Methodology Stage II Evaluation the relationship: Regression model

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝐷𝑒𝑛𝑠𝑖𝑡𝑦 =
𝑆𝑢𝑚 𝑜𝑓 𝑝𝑜𝑠𝑡𝑖𝑣𝑒 𝑎𝑛𝑑 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑡𝑤𝑒𝑒𝑡𝑠𝑖

𝐴𝑟𝑒𝑎 𝑖
1 𝑁𝑒𝑡 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖 =

σ𝑉𝑎𝑑𝑒𝑟 𝑠𝑐𝑜𝑟𝑒𝑝𝑜𝑠𝑛𝑒𝑔
σ𝑇𝑤𝑒𝑒𝑡𝑠𝑝𝑜𝑠𝑛𝑒𝑔

2

Calculation unit: 
basic  statistical area 
(AEB) of Barcelona 

Source:  own elaboration

Source:  own elaboration

Source: own elaboration
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2. Methodology Stage II Evaluation the relationship: Regression model

Tweets 

Sentiment density

The net sentiment score  

Demographic background (15)

Urban activities(19)  

Urban-built environment(13)

Indicators of urban environment  

𝐿𝑛𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑖 = 𝛽0 + 𝛾𝑖 ∗ 𝑆𝑖 + 𝛿𝑖 ∗ 𝐵𝑖 + 𝜇𝑖 ∗ 𝐻𝑖 + 휀𝑖 (3)

𝑁𝑒𝑡 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑖 = 𝛽0 + 𝛾𝑖 ∗ 𝑆𝑖 + 𝛿𝑖 ∗ 𝐵𝑖 + 𝜇𝑖 ∗ 𝐻𝑖 + 휀𝑖 4

Initially, the ideal model was to 
evaluate the influence of urban 
indicators on Twitter sentiments 
directly. However, we found that a 
logit model based on a single 
tweet level failed to generate 
reliable outcomes. 
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2. Methodology Stage II Evaluation the relationship: Regression model

Indicators of urban environment  

Source:  own elaboration
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3.  Results 
Model summary of sentiment density

Linear regression Robust Durbin-Watson 1.792

Number of observation 200 R-squared 0.689

F(10, 189) 35.07 Root MSE 0.760

Prob > F 0

Coef. Std. Err. T Sig. [95% Conf. 
Interval]

VIF

B lower upper

Centrality index 0.112 0.031 3.650 0.000 0.051 0.173 1.950

Historical area(%) 1.110 0.256 4.350 0.000 0.607 1.615 1.240

LnD FS outdoor resort 0.029 0.009 3.470 0.001 0.012 0.045 1.130

LnD total population 0.371 0.089 4.170 0.000 0.195 0.546 1.440

PgGracia Avenue 1.136 0.399 2.840 0.005 0.348 1.923 1.360

El born historical area 0.975 0.253 3.850 0.000 0.475 1.475 1.190

Urban park garden 2.402 0.675 3.560 0.000 1.070 3.733 1.430

PC profession high 0.492 0.127 3.870 0.000 0.241 0.742 1.550

Contamination opinion 0.036 0.008 4.320 0.000 0.020 0.053 1.240

Density storefront 12.748 5.019 2.540 0.012 2.847 22.649 2.690

_Constant -0.806 1.057 -0.760 0.447 -2.892 1.279

The density of population 
and the density of 
people’s daily activities 
are dominant factors. 

In Barcelona, sentimental 
tweets tend to assemble in 
places where are tourist 
attractions or leisure 
places. 

Source:  own elaboration
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3.  Results Model summary of the net sentiments

Source:  own elaboration
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3.  Results 

The higher social-economic is associated with higher net 
sentiment score. 

Source:  own elaboration

Distribution of net sentiment at AEBs level used in the 
model
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3.  Results 

Source:  own elaboration

Negative impact factors 
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3.  Results 
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3.  Results 
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Weekly variation of negative tweets

The negative peak of Spanish tweets happened on the 
first of November of 2016 (Tuesday), when an 
important football game of UEFA Champions League 
was held-- Manchester City won against FC Barcelona 
with 3-1

The negative peak of English tweets appeared on the day of the 
Barcelona terrorist attack, the 17th of August 2017 (Thursday).
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4.  Conclusions 

 Firstly, it reveals the sentiment score and the spatial sentiment density is not strongly 
correlated. 

 Secondly, the variation of sentiment score is mainly influenced by disruptive events and 
sociodemographic indicators, as strongly suggested by the analysis of negative sentiment. 

 Moreover, although the regression model only confirmed a few statistical interrelationships 
between the net sentiment and the built environment, the Pearson’s correlation still reveals 
some interesting relationships. For example, the coastal area, urban parks, bars and 
restaurants, tourist attractions are positive correlated with the sentiment score. 



7. Discussions and Conclusions 

1. Summary of findings 

1. Understanding LBSN data  and spatiotemporal analysis

 The definition and  evolution  of  location-based social media data 

 Understanding spatiotemporal behaviors:                  Time geography

 Understanding why people use LBSN applications   Uses and gratification theory 

 Understanding spatiotemporal analysis: Data and model   

 LBSN data : types, components and characteristics 

2.    Review of applications  and limitations of  LBSN data

The dominant role of theoretical exploration in the research paradigm has given 
way to data-driven investigation.

Delimitation of bias and representativeness clarifies  the boundary of availability and 
effectiveness of LBNS data. 



7. Discussions and Conclusions 

1. Summary of findings 

3. Innovative case studies

I:   SinaWeibo , Beijing, China         ----- Urban spatiotemporal structure

II:  Foursquare, Barcelona, Spain      ----- Urban functional relations

III:  Twitter, Barcelona, Spain ----- Public sentiments



7. Discussions and Conclusions 

2. Discussions and implications 

1. The indulgence of data: whether LBSN data was over-used? 

Wyly(2014) argued the phenomenon as “the speedy 
pseudopositivism of tweet-space analysis” that only can 
provide a shallow view of the real world. 

Indeed, data itself is not of meaning, which is just an approach to 
cognize things. However, the description based on LBSN data is 
neither shallow nor deductive. Even those spammer messages 
that are usually considered as data noise, they play a vital role in 
monitoring criminal activities(Chakraborty, Pal, Pramanik, & 
Chowdary, 2016). 

Source : Wing, J. M. (2006). Computational 
thinking. Communications of the ACM, 49(3), 33-35. 



7. Discussions and Conclusions 

1. Summary of findings 2. Discussions and implications 

2. Discussion: toward citizen science and scientific urban planning 

Ford (1913): “Except on the aesthetic side, city planning is rapidly becoming as definite a science as 
pure engineering.”  In his opinion, the best group of urban planners are composed of” one an engineer, 
one an architect, and one, perhaps, a social expert.” 

It is vital to realize that society is more like a mosaic

continuum rather than a uniform system. The ultimate

goal of a society does not pursue a faster systematic

machine, instead, a model of comprehensive development

that focuses on human beings and social diversity will be

sustainable and long-lasting(Mumford, 1970).



7. Discussions and Conclusions 

1. Summary of findings 2. Discussions and implications 

As to urban planning, policymakers and urban planners can utilize these citizen-contributed data to

customize the planning according to the particular situation meanwhile keep the related construction

standards of planning.

o Re-understanding urban structure

o Urban functions and rearrangement of public facilities

o Managing public space and creating sustainable city

o Culture and custom study

o Tourism development

o Social segregation and inequality

2. Discussion: toward citizen science and scientific urban planning 
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