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Abstract 

Zipf’s law is one of the empirical statistical regularities found within many natural systems, 

ranging from protein sequences of immune receptors in cells to the intensity of solar flares from 

the sun. Verifying the universality of Zipf’s law can provide many opportunities for us to further 

seek the commonalities of phenomena that possess the power law behavior. Since power law-

like phenomena, as many studies have previously indicated, is often interpreted as evidence for 

studying complex systems, exploring the universality of Zipf’s law is also of potential 

capability in explaining underlying generative mechanisms and endogenous processes, i.e. self-

organization and chaos theory.  

The main purpose of this study was to verify whether Zipf’s law is valid for city sizes, city 

numbers and population extracted from natural cities. Unlike traditional city boundaries 

extracted by applying census-imposed and top-down imposed data, which are arbitrary and 

subjective, this study established the new kind of boundaries of cities, namely, natural cities 

through four location-based social media data from Twitter, Brightkite, Gowalla and Freebase. 

The check-in points with location-based information obtained from the social media data were 

to be used for creating triangular irregular networks. Then, head/tail breaks division rule, as a 

new classification scheme, was applied to generate natural cities. In order to capture and 

quantify the hierarchical level for studying heterogeneous scales of cities, ht-index derived from 

head/tail breaks rule was employed. Furthermore, whether the validation of Zipf’s law make 

senses for the abovementioned natural cities was examined by three verified indexes called 

alpha, minimum of given variable x and p-value. 

The result revealed that the natural cities had deviations in subtle patterns when different social 

media data were examined. By employing head/tail breaks division rule, the result calculated 

the ht-index and detected that hierarchy levels were not largely influenced by spatial-temporal 

changes but rather data itself. On the other hand, the study found that Zipf’s law is not universal 

in the case of using location-based social media data. Compared to the city numbers extracted 

from nightlight imagery, the study found out the reason why Zipf’s law does not hold for 

location-based social media data, i.e. due to bias of customer behavior and regional limitations. 

The bias mainly resulted in the emergence of natural cities in certain regions were much more 

frequent than others, thus making the emergence of natural cities cannot to be exhibited 

objectively. Last but not least, the study showed whether Zipf’s law can be detected depends 

not only on the data itself and man-made limitations but also on calculation methods, data 

precisions, scales and the idealized status of observed data. The potential factors could more or 

less be used as certain underlying ways for us to study Zipf’s law. 

Key words: big data, location-based social media data, Zipf’s law, power law, natural cities, 

ht-index 
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1. Introduction 

Many complex phenomena in nature are not easy to be modeled and simulated, since certain 

phenomena is not always stable, predicable and linear but dynamic, non-linear and complex. 

Applying a relatively appropriate representation or model to explore dynamic process and 

pattern is significant for us in order to explore its working mechanism. For example, urban 

evolution is a complex interactive process but it can be basically estimated by inherent or 

exterior factors which are highly related to the urban. Zipf’s law, known as a typical rank-size 

distribution, is one of the suitable models used for characterizing complex phenomena. It was 

initially proposed by the German physicist Felix Auerbach in 1913 (Auerbach, 1913), and 

further named by the American linguist George Kingsley Zipf in 1949. Zipf’s law is often 

denoted by y = 𝑥−1 where y is city size and x represents city rank. If city size is listed from 

largest to smallest according to their population, it can be seen that the first largest city is often 

twice as big as the second largest city, three times as much as the third one and so on. As 

exploring the universality of Zipf’s law, to some extent, can helps us to collect many evidences 

used for deeply studying Zipf’s law pattern and its underlying mechanism, thus the empirical 

study could be meaningful and valuable. This study is going to verify whether Zipf’s law can 

be valid for the natural cities extracted from location-based social media data. Section 1.1 gives 

a brief background to the study of Zipf’s law and why studying Zipf’s law is necessary. Section 

1.2 presents the main motivation and problem for this study. Section 1.3 focuses on the aims of 

the study. Last but not least, the structure of study is described in section 1.4. 

1.1 Background  

There have been two basic questions surrounding the research on Zipf’s law in terms of urban 

studies. The first question refers to whether Zipf’s law can be held for different countries or 

regions, which is associated with whether Zipf’s law is universal. The second question about 

Zipf’s law is why it should exist and why the hierarchical regularity is so widespread, which 

further refers to the mechanism of Zipf’s law and its underlying implication. People always get 

interested when there seems to be a similar or regular phenomena occurring both in nature and 

society but with very different forms. For example, many phenomena in both natural and 

artificial systems can exhibit similar Zipf’s law patterns and related regularities but they are 

very unlike in terms of their component units and interaction factors (Corominas-Murtra et al, 

2010). Córdoba (2008) & Krugman (1996) pointed out that identifying Zipf’s law patterns 

could be very significant in further explaining why such hierarchical phenomena appear. Virkar 

& Clauset (2014) approved this point and further indicated the power law-like phenomena, due 

to the scale-free properties, can be regarded as one of the important evidences of exploring and 

explaining those underlying and unusual emergence of processes.  

However, it is a gradual process. The first step for most empirical studies in terms of Zipf’s law 

was to explore whether Zipf’s law is really universal, which further refers to whether Zipf’s 

law is valuable to be modeled as an empirical representation. Deeply speaking, exploring the 

universality of Zipf’s law is actually a probative process, by which many hypothesizes could 

be proven as interactive factors or explanations. Verifying the universality of Zipf’s law in 

reality can help us to seek commonalities of Zipf’s law behavior. By studying the 

commonalities, it is likely to discover underlying regularities and mechanisms. For example, 

when Zipf’s law cannot be detected in certain systems, it implies that the system could have 

certain exterior or internal factors that can more or less affect the emergence of Zipf’s law. 

Thus, studying the exterior and internal factors may help us to explain why Zipf’s law was not 

in play in such case and why Zipf’s law can be valid for others. The evidences and empirical 

process can become an important deduction to promote the understanding of Zipf’s law.                                                                                                                                                                                                                                                                                                                                                              
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In terms of validation of Zipf’s law, there have been many researches on this topic in terms of 

urban perspective. For example, Ioannides & Overman (2003) applied data for metro in the 

United States to test the validity of Zipf’s law; Soo (2005) tested Zipf’s law using new data on 

73 countries and two estimation methods; Córdoba (2008) examined varied restrictions for 

urban parameters and then proposed a standard urban model that can be well explained by 

Zipf’s laws; Peng (2010) examined the validity of Zipf’s law in data set of Chinese city sizes 

from 1994 to 2004 using rolling sample regression methods; Jiang & Jia (2011) examined the 

validity of the Zipf’s law for natural cities using street nodes and blocks; Jiang, Yin & Liu 

(2014) found out that both city sizes and city numbers extracted from nightlight imagery can 

remarkably hold the Zipf’s law. Among the above researches about validation of Zipf’s law, 

two papers (Jiang & Jia, 2011; Jiang, Yin & Liu, 2014) are very special, since city sizes 

examined from these two papers were not extracted with conventional census-imposed data and 

administrative data. On the contrary, the two papers established a new kind of city, namely, 

natural cities using massive bottom-up data and head/tail breaks division rule. Considering that 

the generated boundaries of natural cities were not as accurate as real city boundaries, it is very 

valuable to discuss why such natural cities can still fit Zipf’s law. Does this mean that natural 

cities are a good model for us to study Zipf’s law? Can Zipf’s law still be valid for natural cities 

extracted from other data? In the thesis, various natural city models are created and the 

universality of Zipf’s law are examined correspondingly.  

1.2 Motivation and problem statement 

The 21st century is the era of big data. Massive big data acquired by remotely sensed data, 

Global Position System (GPS) floating data, and Volunteer Geographic Information (VGI) data 

derived from using Google maps and OpenStreetmap (OSM), can provide many chances in 

academic researches and realistic applications. Especially, the 21st century has witnessed that 

the boom of high-tech and the invention of internet service has profoundly revolutionized 

human’s daily life and way of thinking. Location-based social media service benefited from 

smart phones and the World Wide Web is becoming increasingly prevalent. The emerging of 

location-based social media networks, such as Facebook and Twitter, enable people to easily 

share their information on the website and search where they are or who has been nearby. From 

the research point of view, location-based social media service can offer some fantastic insight 

to obtain human activities and settlement by establishing society-oriented networks. For 

example, Cranshaw et al (2012) established a clustering model and methodology for studying 

the city patterns using social media data.  

To better explore the evolution of cities and its underlying process and impacts, Jiang & Miao 

(2015) proposed a new kind of city definition, namely, natural cities using location-based social 

media data. Unlike previous city definition that cities were defined using census-imposed data 

and subjective approaches, the natural cities were delineated by a series of spatially clustered 

geographic events and were classified by head/tail breaks division rule (Jiang, 2013), which are 

a more natural and objective approach. Based on the emerging natural cities, the central 

argument of the thesis aims to verify the universality of Zipf’s law for the social-spatial natural 

cities extracted from location-based social media data. In order to better observe Zipf’s law 

from different perspectives, city numbers, city sizes and population are examined. Some 

detailed questions in terms of location-based social media data are also put forwarded. For 

example, can the properties of Zipf’s law change over the spatial-temporal scales? Can Zipf’s 

law still be valid for all social media data? What are the differences between location-based 

data and previous nightlight imagery (Jiang, Yin & Liu, 2014) regarding validation of Zipf’s 

law?  
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1.3 Aim of the study 

The thesis is organized as an empirical study aiming at verifying Zipf’s law at different scales, 

ranging from the spatial scale to time scale. Three properties are examined in this study, that is, 

city sizes, city numbers and population; all extracted from location-based social media data are 

examined. Different from previous studies which only examined one set of location-based 

social media data, this thesis would apply four location-based social media. Besides, this thesis 

would also examine heterogeneous level of extracted city sizes, city numbers and population at 

spatial-temporal scale in terms of their hierarchical scales, and discuss their variation 

regularities. Furthermore, the previous result produced by nightlight imagery was applied as a 

comparable reference. To clearly present the detailed purposes of the studies, both visualized 

and statistical result are expected as following. 1) Generate natural cities using different 

location-based social media data and visualize the patterns of natural cities at the spatial-

temporal scale; 2) Calculate hierarchy level of city sizes, city numbers and population extracted 

from the social media-based natural cities; 3) Verify the universality of Zipf’s law for extracted 

city sizes, city numbers and population at spatial-temporal scale. The main contribution of this 

thesis refers to the data management and analysis. Due to the complexity and specificity of 

using big data, the study can provide important evidence and experience for those who are 

willing to continue some related work.  

1.4 Organization of the thesis  

The organization of the study is divided into six parts. The second part is to introduce the 

concepts and theories about big data, social media network, heavy-tail distribution, power law, 

Zipf’s law, natural cities, head/tail breaks method and ht-index; The third part is to depict the 

strategies of how to acquire natural cities using location-based social media data; the strategies 

of how to obtain city sizes, city numbers and population, and the strategies of how to calculate 

ht-index and Zipf’s law. The result for visualization of natural cities, calculation of ht-index 

and Zipf’s law detection is made in the fourth part. The fifth part refers to the discussion about 

the thesis. The sixth part includes the summary of the whole thesis and some hypothesis for 

further work. 
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2. Literature review 

The purpose of this chapter is to review related concepts and background of this study. First of 

all, the literature review started from introducing big data and social media network. Secondly, 

traditional city definitions are explained. Thirdly, natural citiy is described. The fourth part 

explains heavy tail distribution, Zipf’s law and power law in general. Last but not least, the 

head\tail breaks division rule and ht-index is depicted. 

2.1 The era of big data and location-based social service 

Now we are entering a brand new big data era full of opportunities and challenges. There are a 

great number of changes that have taken place in data collection and data analysis. Big data is 

not only of big size as the name indicates, but it is also remarkably diverse in terms of its data 

source, data types and entities represented. The emergence of big data has dramatically changed 

the traditional way of thinking from data which can be easily acquired, stored and analyzed 

onto massive data structure difficult to store analyze and visualize. The use of big data is 

valuable as it has been found of vital importance in many educational fields and disciplines 

such as geography, sociology, economic, mathematics, physics (Boyd & Crawford, 2012).  

In fact, it is very difficult for big data to be defined exactly. That being said, big data is often 

labeled as a complex and flexible data (Boyd & Crawford, 2012; Dodge & Kitchin, 2005), 

which are huge in volume; high in velocity; diverse in variety and exhaustive in scope. In recent 

years, several definitions of the big data have been proposed one after another. For example, 

Hashem et al (2015) thought that big data is a set of techniques which require new forms and 

methods to implement. To precisely reflect the real properties of the big data, Zikopoulos et al 

(2013) further proposed a relatively comprehensive definition of the big data by 3Vs: Volume, 

Varity and Velocity (Figure 1).  

 

Figure 1: The components of 3Vs for big data 

First of all, the volume property is related to the name “Big data” itself, which is used for 

characterizing size and content of big data. This property, essentially, can determine whether a 

given data can be defined as big data. It is important to notice that the volume property mainly 

reflects in data acquisition, data analysis and data processing. That is, analyzing the data with 

big volume is more time-consumed and complicated than conventional ones. Secondly, the 

Varity property refers to data types where data can be collected from various different sources 

such as social networks, remotely sensor devices, smartphones and web-based applications. 

Unlike conventional data which are small, settled and simple, big data have numerous data 

types which could be huge, dynamic and complex.  
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Thirdly, Velocity property refers to the speed of data generation and the speed of data flows. 

For example, processing big data might be very slow and complicated when data has diverse 

types, that is, it cannot be operable by individual platform or technique. Thus, the speed of data 

generation and the speed of the data flows are highly correlated to data size, data type and the 

use of software and related techniques. This property is related to how effective the data can be 

acquired. There is a need to consider that big data can be constrained by many conventional 

techniques and instruments during the collection process. Taking remotely sensed data as an 

example, the generation of data might be influenced when remotely sensed sensors moves or 

the motion of the satellite.  

 

In additional to the above properties, big data also differs from conventional data in other two 

perspectives, that is, complexity and value. The complexities of big data are mainly related to 

data management. Because data size and type increase rapidly, this may also data of big size 

that is difficult to be managed. Hence, finding a fast and reliable way of managing, storing and 

analyzing data with big size is prone to better study and use big data. The value property refers 

to a series of outcomes obtainable from data itself, working process and analysis result. It can 

be said that big data is not only representative of a novel data type, it is also composited of a 

large amount of techniques and experience during data processing.   

 

Along the fast development of web-based services and the emerging of smartphones, location-

based social media services are becoming more and more popular. Location-based social 

networks (LBSNs) such as Twitter, Brightkite and Facebook can provide many accessible 

means for people to share their location-based information to their friends and public through 

check-in data mechanism. In terms of check-in mechanism, each check-in data with geographic 

attributes such as longitude and latitude can be represented as a temporal unique indicator of 

human activities. The check-in data enable people to observe human movement and improve 

the understanding of underlying social behavior (Scellato et al, 2011). This is because human 

movement and mobility can exhibit social-temporal structure patterns that could highly reveal 

relationships between humans and the real world (Cho et al, 2011). To be specific, people only 

share the places where they like to visit rather than the places where they do not like or even 

have not been there before. According to this mechanism, LBSNs service can navigate those 

interested historical geographical information provided by users to establish certain social-

spatial networks. Generally speaking, the social-spatial networks often have over million 

check-in data so that the hot spots of human movement and their activities can be delineated. 

  

There have been a great number of researches on social media networks, and many scholars 

have made their efforts in exploring the social media mechanism and underlying human 

behavior. For example, Scellato et al (2011) applied Brighkite, Gowalla and Foursquare to 

explore the spatial properties of social media data networks and made some comparisons. 

Efthymiou & Antoniou (2012) presented a method for conducting transport surveys using social 

media data. Cho et al (2011) found out that social relationships were highly correlated with 

human movement in terms of their periodic behavior; they also developed a model to predict 

locations of human movements. Furthermore, LBSNs services have also been found of vital 

importance within the study of economic, disaster relief (Gao et al, 2011) and recommendation 

(Barwise & Strong, 2002).  

 

In this study four location-based data are used, that is, Brightkite, Gowalla, Freebase and 

Twitter. Among these four data, Freebase is not a typical social media data. More precisely, 

Freebase is a larger free knowledge database which allows users to search, edit and share 

information on the internet. It was developed by the America software company Metaweb. 

Freebase provided its public service since 2007 and was purchased by Google in 2010. It 

contains over ten millions of topics and thousands of types that can be downloaded without 

purchase. Freebase is an online collection system supported by many individuals and public 
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organizations such as Wikipedia, Notable Names Database (NNDB) and Fashion Model 

Directory (FMD). Thus, Freebase can be regarded as a bottom-up database as the data are not 

coming from top-down way.  

 

Brightkite was invented as a location-based network website created in 2007 by Brady Becker, 

Martin May and Alan Seideman. Brightkite enable users to share their location information by 

sending text message on both internet and mobile phone applications. Users can share their 

notes or photos to their existing friends or public. The shared information are geo-located, 

which means that the shared information have a check-in mechanism with geographic 

coordinates. With the boom of social media services such as Twitter and Facebook, the use of 

Brightkite gradually decreased. Finally, the Brightkite website terminated its service and 

stopped operation in April of 2012. 

 

Gowalla is also a common location-based social network in the United State created by Josh 

Williams, Scott Raymond and Andy Ellwood in 2007. Compared to the Brightkite, Gowalla 

was initially invented as a mobile application. It also allows users to share their location 

information to theirs friends or public through mobile devices. Soon afterwards, Gowalla was 

developed to be used on the Internet so that the location-based information can be connected 

with other social media networks such as Facebook, Twitter and Foursquare. From the function 

point of view, Gowalla allows user to communicate and manage their tourist planning through 

trips and spots, in which the trips and spots are often defined as hot places or landscapes. That 

is, the members of Gowalla can share their interested place to public or their friends, and can 

edit and search another place in which they are interested. It can be seen this is novel location-

based service. However, Gowalla also terminated its service after March 11, 2012 due to some 

reason. 

 

Twitter is a much more popular social media network than the other three location-based 

services, which was created by Jack Dorsey, Noah Glass, Biz Stone and Evan Williams in 2006. 

Twitter is not only a social media network but also a small blo; this is because users can post 

their information to the public or their friends through so called “Tweet”. Like other common 

social media data, Twitter is also able to provide location-based services for users to search 

who are nearby and where they have been before. Furthermore, both unregistered and registered 

users can read daily news thorough blog. The working mechanism provides a robust means for 

information delivery used for disaster relief. For example, Sakaki et al (2010) indicated that 

Twitter can greatly help Japanese Meteorological Agency as assist networks when Earthquake 

taken place.  

 

2.2 Traditional definition of cities 

Prompted by the fast development of human civilization, the emergence of cities has 

dramatically changed human’s living condition and civilization. Generally speaking, the term 

“city” is representative of clustering places composited of residents, buildings, facilities and 

human activities. Also, cities can be deemed as symbol of human culture and modernization. 

Among urban studies, how to define city is not an easy matter in neither physical nor 

conceptualized perspective, as definition of city is closely correlated to many factors. So to 

speak, the definition of city varied in many perspectives and directions ranging from one region 

to another. To some extent, a city is not a physical cluster but rather a comprehensive carrier. 

The carrier has promoted human civilization through many exterior and interior social-spatial 

and socio-economic impacts. Considering that the definitions of a city vary, this thesis mainly 

discusses the definition of a city boundary in a brief way.  
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According to literature, there were three main principles used for definition of city (Frey & 

Zimmer, 2001). First of all, traditional definition of city is often delineated by physical and 

visual perspective in which case cities are understood as clusters made by physical materials, 

i.e. bricks, rock, sand and mortar. The second type of definition of city refers to the functional 

perspective in which case cities are representative as functional representation. In other words, 

whether city can be defined in this way depends on if the city can provide functional influences 

and contributions at country level or local level. Caragliu et al (2011) indicated that how to 

define city boundary should not be limited by physical performance. That is, the definition of 

city should also consider how well the functional influence and core competitiveness the city 

can produce. This is due to the fact that city not only can provide settlements for human but 

also business opportunities.  

  

Figure 2: The statistic of city definition for 228 countries over the world 

The third type of city definition refers to administrative-based and geographic-based approach. 

In this circumstance, cities are often defined by administrative organizations such as a local 

government or a national land survey agency. In additional to the above three main ways of 

defining city, the definition of city can also be delineated by some measureable properties such 

as the number of population, size of city and population density. For instance, Vlahov & Galea 

(2002) inspected 228 countries (Figure 2), and found out that a great number of countries 

applied an administrative boundary as an absolute priority. City size and density was applied 

as the second choice, and functional feature was used as the third option. Furthermore, it can 

also be seen that few countries still adopt vague and even arbitrary definitions, such as they use 

all definitions or they do not use any definition. 

It is important to remark that the mentioned statistical approaches such as the number of 

populations, city sizes and population density are not always reliable and objective, as they can 

be significantly constrained by local laws and regional conditions. For example, a city of 1 

million people in China might only be defined as a small city, while it can be defined as 

metropolis in certain European countries such as Sweden and Norway. Thus, this is a subjective 

bias! Moreover, an administrative approach used for defining city boundaries may also be 

subjective in case of trans-administrative regions and trans-country boundaries. More than that, 

updating an administrative boundary for certain countries or regions is very difficult due to 

technique issues and high economic costs. 

Regarding definition of city boundary by using a social-based method, Frey & Zimmer (2001) 

indicated that dividing urban areas and rural areas based on human behaviors and activities is 

deficient, as human behavior cannot be objectively distinguished by any quantified property. 

That is to say, human behavior is neither a qualitative index nor quantitative index. Thus, 

defining the boundary of city by social-based method is not reliable. Considering the above 

mentioned definitions of city that have more or less bias and drawback, seeking an innovative 

approach to objectively delineate city boundaries for all countries over the world is becoming 

meaningful and valuable in some respects.  
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2.3 Natural cities 

Thanks to the technical advancements and the emergence of increasing available geographic 

data, many novel and emerging definitions of city boundary have been proposed. For example, 

Holmes & Lee (2009) proposed a new approach to defined cities using individual cells bounded 

with six-by six-mile grids. Borruso (2003) applied the density surface of street junctions to 

define the city boundaries based on kernel density estimation. Rozenfeld et al (2011) defined 

city boundaries using clustering populated sites with a prescribed distance. Elvidge et al (1997) 

employed nightlight imagery to delineate city boundary in the United States; Jiang & Liu (2012) 

found out that street nodes and street blocks can also be used for delineating the boundary of a 

city. 

For the sake of improving the understanding of evolution of cities, its underlying processes 

mechanism and scaling behavior, Jiang & Jia (2011) proposed an innovative way of delineating 

city boundary, namely, natural cities. The notion of natural cities is based on the head/tail breaks 

division rule (Jiang, 2013) and an amount of massive bottom-up geographic data. Head/tail 

breaks can divide things into head part with few large values and tail part with many small 

values according to their average mean. Based on the calculated average mean, the natural cities 

or so called natural clusters can be generated by aggregating massive geographic data. Jiang & 

Jia (2011) indicated that the boundary of a city should not be defined in a simple, physical and 

administrative way, which is often influenced by physical or census-imposed issues. On the 

country, cities should be defined in a more natural and logical way identified by such 

parameters as where there are human activities and human movements, they are cities. A natural 

city is such a definition. It can remarkably establish a natural social-spatial pattern to depict the 

intersection of human activities. 

Generally speaking, natural cities have two main advantages of delineating city boundary. First 

of all, unlike conventional top-down definitions of cities in which cities are subjectively defined 

by census-imposed data, natural cities define cities by bottom-up geographic information data 

which are more objective and logical. This is because bottom-up geographic information is not 

owned by any individual or organization source but rather generated by the general public. Thus, 

it can be said that bottom-up geographic data can significantly avoid subjective bias and 

drawbacks coming from dominated top-down imposed geographic data. OpenStreetMap 

(OSM), known as one of the VGI, have made great contributions on delineating natural cities 

(Jiang & Jia, 2011), in which OSM is an editable map of the world obtained from GPS devices, 

photography and relevant Geographic information system (GIS)-based data equipment’s. As 

natural cities were mainly created by using VGI data, the cost of using natural cities are much 

less than the traditional way. Therefore, natural cities is a very good way for both professional 

studies and common purpose due to its free cost.  

Secondly, it is important to point out that natural cities proposed by Jiang & Jia (2011) were 

not supposed to solve questions raised by traditional directions, i.e. how big the city is, and how 

many people can live within the city etc. The main contribution of establishing natural cities 

was to provide a new insight to observe dynamic structures of cities, their fractal patterns and 

scaling behavior. The emerging definition could be helpful for people to explore the evolution 

of cities and its underlying mechanism. In other words, natural cities are capable of providing 

a more effective, more objective and faster means to delineate city boundary at the global scale. 

Moreover, natural cities are not limited by those national and local administrative laws, that is, 

natural cities are more flexible to be applied in all conditions and regions. In summary, natural 

cities focus on looking at the global scale rather than on a local scale; focusing on delineating 

dynamic city structures rather than stable patterns and on exploring underlying mechanisms 

rather than common physical features. 
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Figure 3: Using (a) street nodes and (b) street blocks to define cities (original source: Jia & 

Jiang, 2010) 

As the amount and richness of geographic data continues to increase, four types of natural cities 

were exhibited. The first type of natural cities was initially created in the United States, derived 

from millions of street nodes from OSM data (Jiang & Jia, 2011), in which street nodes were 

representative as the indicator of human activities. Jiang & Jia (2011) applied an iterative 

clustering algorithm to determine if nodes can be found within the neighbor of other nodes 

through defining buffer limitations (Figure 3a). Finally, natural cities were acquired according 

to the new aggregated clustering area. The second types of natural cities were constructed in 

the three largest European countries: France, Germany and United Kingdom, based on the 

number of street blocks (Jiang & Liu, 2012). For the second type of natural cities, only blocks 

whose values were less than the mean value were selected as natural cities (Figure 3b). Thirdly, 

the natural cities were exhibited in the United States by nightlight imagery where the nightlight 

imagery was collected by DMSP/OLS satellite sensors. For nightlight imagery, each pixel has 

the values from number 0 to number 63. Same as the second type of natural cities, the head/tail 

break division rule was applied to partition the head part and tail part, and only those values 

that were above the second mean were chosen as valid data for delineating natural cities (Jiang, 

Yin & Liu, 2014).  

 

Figure 4: Using location-based social media data to define the natural cities 

The latest method of delineating natural cities (Figure 4) was proposed by Jiang & Miao (2015) 

using location-based social media data. The check-in points (with x, y and z coordinates) 

extracted from location-based social media platforms can generate a massive corresponding 

nodes and edges through a Triangular Irregular Network (TIN) model. The main strategy of 

creating a TIN model is based on the Delaunay Triangulation (DT) method, in which the 

principle of the DT method was to maximize the minimum of all the angles of the triangles in 

the triangulation networks. In other words, the DT method is capable of avoiding triangles with 

too obtuse or too share angles, making the distribution of generated network regular. Also this 

method can avoid extreme long edges to be generated thereby only nearest neighboring points 
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are connected. Then, natural cities were generated by converting edgefeatures into polygons. 

However, only the edges less than the first mean of TIN edge were converted (Figure 4). In 

order for the head/tail breaks division rule to be implemented successfully, given data should 

follow the heavy tail distribution. What is the heavy tail distribution? What are power law and 

Zipf’s law? This questions is answered in following part. 

2.4 Heavy tail distribution, Power law and Zipf’s law 

In the past hundred years, heavy tail distributions was widely identified within many disciplines 

and fields of sciences, revealing that there are far more small things than large one. Unlike 

normal distributions derived from a Gaussian way of thinking, heavy tail distributions are often 

regarded as a Paretian way of thinking. From the complex science point of view, the two ways 

of thinking are very different. The Gaussian way of thinking claims that a large number of 

typical members are mediocre; predictions are easy, and low frequent evens are less important 

than high frequent ones. The Paretian way of thinking, however, endorses that a majority of 

typical members are rare, predictions are hard, and the occurrence of rare things are not so 

unusual as claimed by the Gaussian way of thinking. It can be said that the Gaussian way of 

thinking believes that things are simple, linear and stable while the Paretian way of thinking 

believes that things are nonlinear, complex and dynamic. The two different ways of thinking 

describes the two opposite views. 

 

Normal distributions, also named as Gaussian distributions, have been commonly known as a 

typical distribution which has a stable arithmetic average value. Taking human height as an 

example, assuming that there are 33 students in a class, and the mean value of their height is 

1.85 meter. According to the mean value, it can be found that the number of students of which 

heights are less than 1.77 meter or greater than 1.93 meter are very few in numbers. The heights 

of student could be plotted as a normal distribution like what Figure 5a shown below. The bell-

like distribution implies that if heights are listed from smallest to largest, there will be a 

quantifiable average height appearing. The quantifiable average is often used as a scale 

signature and threshold used for data statistics and analysis.  

  

 

Figure 5: The normal distribution (a) and the heavy tail distribution (b) 

 

In contrast to the normal distribution, the heavy tail distribution or the long-tail distribution has 

no such typical mean or arithmetic average, which is known as scale free distribution (Adamic 

& Huberman, 2002). The heavy tail distribution always describes things in a right-skewed 

distribution where the things are of “a light head and a heavy tail” property. In other words, the 

heavy tail distribution reveals that there are a small number of large values in the head part 

while a great number of small values in the tail (Figure 5b). Big events occur rarely while small 

events happens frequently. In terms of a mathematical perspective, the scale free property is 

highly related to power law. To better understand Zipf’s law, it is necessary to initially study 

the power law at the first, as Zipf’s law is commonly deemed as a specific power law with a 

relatively constrained power exponent of 1. Based on the literature, power law is often 
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formulated as a function f(x) to describing the heavy tail distribution where the value y is 

proportional to its power of input x by Eq (1): 

           

                               f(x) = 𝑥−𝑎, f(x) = 𝑦                (1) 

 

Importantly, Power law has many different representations due to the dependent on the content 

it is used. In 1896, Vilfredo Pareto, one of the Italian economists, who firstly found out that 

wealth and income patterns meets a heavy tail phenomena, and therefore proposed a famous 

principle, namely, the 80/20 principle. The 80/20 principle asserted that a minority of causes, 

input and efforts usually lead to a majority of results, output and reward. It was used to explain 

why 80% of people lost money while 20% of people know how to make a long-term profile. 

Also, the 80/20 principle reveals that there are far more poor people than rich one in terms of 

income and economic. According to this rule, the 80/20 principle is prone to help individuals 

and organizations to have more reward with less effort. Afterwards, a new distribution was 

proposed, called as Pareto distribution. It is commonly denoted as a cumulative distribution 

function (CDF) shown in Eq (2), in which case the function describes the probability of being 

greater than x. 

                             P = 𝑥−𝑎(P > x)                                         (2) 

 

George Kingsley Zipf also noticed the regularity within word frequency (Zipf, 1932) and city 

size (Zipf, 1949). Then he proposed a probability distribution function (PDF) shown in Eq (3) 

to describe a probability y of being exactly equal to x. The probability distribution is named as 

Zipf’s law, which was detected in many phenomena ranging from natural evolution to the 

society behavior by ranking the frequency of occurrence. The basic representation of Zipf’s law 

is highly closed to the notion of heavy tail distribution that there are far more small things than 

large one.  

 

                               P = 𝑥−𝑎                                                         (3) 

 

In a common way, the standard mathematical formula of power law is often expressed by the 

following Eq (4), where x is a quantity of variable, k is a constant, and 𝑎 is the power law 

exponent. Relatively, Zipf’s law can be regarded as a particular power law whose power law 

exponent is close to 1 compared to the power law, denoted as Eq(5) 

 

                                       y = 𝑘𝑥−𝑎                                                     (4) 

 

where y represents city size and x represents city rank. If city sizes complies with Zipf’s law 

exactly, the size y should always be 1, 1/2, 1/3, 1/4 with respect to the rank x with values of 1, 

2, 3 and 4. That is to say, city size y should always be inversely proportional to its rank x exactly. 

Based on this mathematical regularity, the simplest way of distinguishing the difference 

between Zipf’s law and power law is to verify whether the power law exponent is satisfied. In 

general, the power exponent of Zipf’s law is often close to 1 while the limitation of power law 

is more relax with a power exponent of between 0 and 2. The discrepancy also implies that if 

given data is able to fit Zipf’s law exactly, then it should absolutely follow by the power law 

but not the other way around.  

 

 y = 𝑥−1                                   (5) 
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Thus, in order to effectively verify whether Zipf’s law can be detected from a given data, it 

shall examine whether this data, at least, can meet the power law. There is a common and vivid 

scheme for examining the power law by plotting the data on a log-log graph. The examined 

scheme takes logarithms for given data and checks whether the data can produce a straight line 

with the slope of – a. For example, taking the logarithms of Eq (4) produces a new Eq (6), i.e. 

a log-log graph with -a representing a slope of line. 

 

               lny = −𝑎lnx                      (6) 

 

When data can fit Zipf’s law exactly, the slope a of a generated standard straight line should be 

1 (Figure 6). This is an important indicator to check whether a given data can meet the 

requirement of Zipf’s law in terms of its power exponent. In fact, a majority of data existing in 

both nature and society cannot fit Zipf’s law exactly. This is because many features and events 

are not extremely suitable for Zipf’s law in terms of their structure and form. That is to say, an 

extreme Zipf’s law phenomena and regularity, in essence, do not exist. In order for features and 

events in both nature and society to be identified objectively, a variety of methods have been 

proposed. Least-Squares linear regression is one of the more common methods. However, this 

method has been found of producing systematic biases that can largely affect the identification 

(Goldstein et al, 2004). Three main systematic biases have been indicated by Clauset et al 

(2009). Firstly, the histogram or log-binned method can produce massive noise in the tail of 

distribution, and heavy tail distribution often has some biases or errors in the tail of distribution. 

Secondly, the linear regression method is not suitable for distribution, as it is based on the 

assumptions. Thirdly, the linear regression method is not a good approach for estimating 

probability distributions.  

 

Figure 6: The straight line of Zipf’s law with -1 power exponent 

In order to deal with subjective biases and problems, the Maximum likelihood method (MLE) 

and Kolmogorov-Smirnov (KS) method has been proposed as reliable substitutes (Newman, 

2005; Goldsetin et al, 2004). Thanks to several revisions made by Clauset et al (2009), the MLE 

and KS method, for their more powerful ability and relatively less bias, have been commonly 

applying as the best robust method for power law detection. By applying the MLE and the KS 

methods, three significant power law properties, the alpha a, the lower bound Xmin and the 

goodness-of-fit p-value can be accurately calculated.  

2.5 Head/tail breaks and ht-index 

Binary thinking is one of the more popular theories in the realistic world, which emphasized 

that things can be categorized into two opposing classes by good and bad, rich and poor, tall 

and short, extraordinary and ordinary etc. It is important to point out that the heavy tail 
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phenomenon is one of those situations which inherently have such two unbalanced classes. For 

instance, 80% of people in Europe are urban residents while only 20% of people lives in the 

countryside (Jiang, 2013); 80% of investors do not know how to make money effectively while 

20% of investors can produce long-term profit; 80% of streets have very limited connection 

with other streets while 20% of streets have multiplex connections of streets. To better 

understand such phenomenon with heavy tail distribution or right-skewed distribution, a variety 

of classification methods have been proposed such as Jenks natural breaks, quantization and 

equal step (Coulson, 1987). Among the classification methods, Jenks natural breaks method is 

one of the most popular methods used within many fields and perspectives. The Jenks natural 

breaks classifies data into different classes according to data frequency and then identifies 

breaks in the data (Jenks, 1967). However, the classes calculated by the Jenks natural breaks 

are not always objective, as it is also constrained by subjective definition. 

In order to naturally classify the data with heavy tail phenomena, Jiang (2013) proposed a new 

clustering algorithm, namely, the head/tail breaks division rule. The new algorithm rule focuses 

on low frequency events in that low frequency events always produce significant impacts. The 

principle of head/tail breaks is to divide things around the arithmetic, geometric, topological 

and semantic average mean, into a few large things as head and many small things as tail. 

Head/tail breaks recursively repeats the dividing process until the head part are no long is heavy 

tail distributed (Figure 7). The new division rule has been found to be of vital importance in 

map generalization, mapping and perception of beauty (Jiang, 2014). 

 

Figure 7: The head/tail breaks classify data until there is no heavy-tail distribution (original 

source: Jiang & Miao, 2015) 

In detail head/tail breaks rule captures the first mean m1 from a data Xi with the heavy tail 

phenomenon and select those that are larger than m1 (head) as Xii. Then, the second arithmetic 

mean m2 of Xii will be calculated and only those that are larger than m2 are selected as Xiii. 

Thirdly, the third arithmetic mean m3 of Xiii is calculated and only those that are larger than m3 

as Xiiii are selected. This recursive process can only be terminated until the ending head part 

(Xi+1) are no longer a heavy tail distribution. Afterwards, all mean values, new break thresholds 

and class intervals are reset. For example, if there are three mean values m1, m2 and m3 that 

are calculated, the new break thresholds and class intervals will be listed by [minimum, m1], 

(m1, m2], (m2, m3], (m3, maximum].  

Jiang (2013) pointed out that head/tail breaks has three advantages over Jenks natural breaks in 

terms of classifying data with a heavy tail distribution. 1) Head/tail breaks can capture the 

hierarchy of data in reality; 2) head/tail breaks can obtain new number of classes and class 

intervals, which are more natural and reliable; 3) the number of classes obtained by head/tail 

breaks match human memory limit with seven (Miller, 1956). Furthermore, employing head/tail 

breaks method to classify data with a heavy tail distribution can capture the essence of the data 
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so that to be used for map simplicity or map generalization. On the other hand, owing to the 

head/tail breaks rule, an emerging way of describing complexity of features has therefore been 

proposed, that is, the ht-index. 

As previously indicated, many geographic features that exist on the earth surface are very 

difficult to be characterized, in particular, they are difficult to be described with conventional 

ways due to irregularities and roughness, i.e. coastlines and shapes of mountains. The irregular 

patterns and rough features cannot not always be delineated by Euclidean geometry, therefore, 

something called Fractal geometry has been proposed. Fractal geometry, initially derived from 

fractal dimension, has turned out to be an important tool used for characterizing complexity of 

features. Yet a majority of previous studies claimed that fractal dimension was not universal 

and valid for most geographic features (Mark & Aronson, 1984; Buttenfield, 1989). This is 

because conventional definitions of fractal have some evidential restrictions in characterizing 

geographic features (Jiang & Yin, 2014), that is, many natural phenomena and geographic 

features cannot comply with fractal rule exactly. Jiang & Yin (2014) further stressed that 

whether geographic features meet fractal definition depends not only on if changes in scale r 

and detail N meet a power law but also on other right-skewed distributions such as lognormal 

distribution and exponential distribution. Undoubtedly, this point of view stresses that the 

definition of fractals should be more relaxed and extensive instead of hidebound and 

mathematical. 

 

Figure 8: The different perspectives between fractal dimension and ht-index (original source: 

Jiang & Yin, 2014) 

For the sake of better understanding geographic features from the scaling point of view, Jiang 

& Yin (2014) proposed a new descriptive approach, named as ht-index, to quantify fractal or 

scaling structures of geographic features through a hierarchical degree. The ht-index of 

geographic feature h exists if there are far more small geographic features than larger one at 

different scale when recursive times are h-1 (Jiang & Yin, 2014). Unlike fractal dimension 

which expresses the degree of heterogeneity, ht-index quantifies geographic heterogeneity 

through hierarchical level derived by the head/tail breaks division rule (Figure 8). There is a 

need to note that the motivation of applying ht-index was not intent to replace traditional fractal 

dimension; it is mainly used as a complement tool to depict complexity of geographic features 

(Jiang & Yun, 2014). It can act as a significant role to improve the understanding of geographic 

feature and its endogenous progress by analyzing and observing a hierarchical degree. Besides, 

ht-index also reflects the fact that geographic features with higher ht-index, would be more 

heterogeneous and complex. In this study, ht-index is applied as a quantitative tool to 

characterize hierarchical scales at spatial-temporal scale extracted from location-based social 

media data. 
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3. Data source and verified strategy 

This chapter is mainly about data pre-processing, strategies of generating natural cities, the 

definition of city sizes, city numbers and population and the methods for verifying Zipf’s law. 

Four sections are set in this chapter to describe how the study has been carried out. Firstly, data 

source and how to pre-processing data are introduced. Secondly, how to generate natural cities 

extractd from location-based social media data are explained. The third section explains how 

the city sizes, city numbers and population can be extracted from the generated natural cities. 

The last section describes the basic mechanism for the validation of Zipf’s law. 

3.1 Data descriptions and pre-processing 

Four location-based geographic data were employed, including Brightkite, Gowalla, Freebase 

and Twitter. The first data used in this study is Brightkite, which allows users to share their 

location information with their friends. In this study, approximately 4 million Brighkite’s 

check-in data were applied, collected from the Stanford Network Analysis Project (SNAP) 

library (http://snap.stanford.edu/) at the time scale from Feb 2008 to Oct 2010. SNAP is a 

research library owned by Stanford University since 2004, and contains massive data about 

social network, communication network and location-based networks.  

The second type of data is Gowalla. This type of data included approximate 6 million check-in 

data of users from Feb 2009 to Oct 2010. The data can also be downloaded from SNAP library. 

The third type of data, Freebase, was collected from Google developers 

(https://developers.google.com/freebase/data). Last but not least, the fourth type of data, 

Twitter, approximately 9 million check-in data was collected in June 6, 2014 using Twitter 

streaming Application Program Interface (API). The time range of the Twitter data amounted 

to 24hours of check-in data. Due to the capacity of ArcGIS, the12 hours of Twitter data and 18 

hours of Twitter data were used for global scale and local scale, respectively. In other words, 

the Twitter data with an extent of 12 hour was used for all countries over the world while the 

Twitter data with an extent of 18 hour was only used in United States.  

The use of the Twitter streaming API requires an access key which is obtainable by the 

registration of a Twitter account (https://dev.twitter.com). Besides, it is important to notice 

there was a data limit of 1%. The Twitter 1% limit means that Twitter developer only release 

1% of its total messages to public from the streaming API. That is to say, all data collected from 

Twitter API is only 1% of its whole. Despite Twitter developer can only release 1% of its whole 

total amount of Tweet data, the total number of the 1% Twitter data are still adequate with over 

a million check-in information. Morstatter et al (2013) also made some tests for this 1% limit 

data and indicated that the 1% sampled data collected from the streaming API should be good 

enough as a paradigm to reflect on the real geo-tagged location information. 

 

Figure 9: The workflow of data pre-processing  

 

http://snap.stanford.edu/
https://developers.google.com/freebase/data
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Table 1: The standard format after data pre-processing 

Check-in time Longitude(x) Latitude(y) Elevation(Z) 

2010-07-24T13:45:06z -2.2723465733 53.3648119 1 

2010-07-24T13:44:58z -2.276369017 53.360511233 1 

2010-07-24T13:44:46z -2.2754087046 53.3653895945 1 

2010-07-24T13:44:38z -2.2700764333 53.3663709833 1 

 

In order to avoid error caused by using cross-platform data management software, this study 

only employed Microsoft Excel 2010 as the main tool. First of all, because Microsoft Excel can 

only process data with approximately every 1048576 row per sheet, the original data needed to 

be divided into many small pieces. In order for this process to be carried out successfully, 

Gsplit3 was applied where Gsplit3 is a split tool which can restore original data by dividing the 

big files into many small ones. In this thesis, duplicated points were not removed due to two 

reasons, (1) each check-in point represents the population unit; (2) removal of duplicated points 

may result in unpredictable problems, which can break the completeness of the original data. 

The empirical test on whether duplicated points can affect the generation of natural cities was 

also examined (See Appendix A). 

 

The basic steps used for the data pre-processing was two-folded as shown in Figure 8. The first 

step was to divide the original data into many small pieces of data using Gsplit 3. Secondly, 

redundant information was deleted. To be specific, only three types of information were 

required, that is, longitude (x), latitude (y) and check-in time (t). Check-in time (t) was mainly 

used as a time-stamp label in order to identify different temporal data. Besides, a new column 

z of value 1 was manually entered in order for the TIN model can be successfully created. The 

column z was represented as elevation value in ArcGIS. Finally, the standard format after pre-

processing data is showed in Table 1, including the data with the four columns called check-in 

time, latitude, longitude and z value. 

3.2 The strategies of generating natural cities  

ArcGIS 10.0 was used as main software to generate natural cities in this thesis. The workflow 

of generating natural cities was presented in Figure 9. Firstly, previously pre-processed data 

with x, y and z coordinates were imported into ArcGIS as point-based data. Secondly, the 

separate point-based data were then merged as a complete data. Afterwards, the point-based 

data were correspondingly clipped at the country level based on a reference world map divided 

into countries. In order to reduce the projected deviations, two projected coordinate systems 

were applied, of which for the natural cities at the global scale extracted from the Mollweide 

data the equal area projection was used. For the natural cities in the United States, the North 

America Albers equal area projection was used.  

Thirdly, TIN models were accordingly created based on imported location-based data with its 

x, y and z coordinates using the Delaunay Triangulation method. Fourthly, the mean of TIN 

edges was calculated and TIN edges were thereafter classified into two parts according to the 

calculated mean. Only TIN edges whose edges are less than the first arithmetic mean were 

selected. Fifthly, the selected edges were converted from polylines into polygons. Last but not 

least, the dissolve function was applied to decrease the duplicated and superposed polygons. 

This step was used for reducing the number of those polygons that were not necessary. 

Considering the massive amount of data processed in this study, it was designed a user-oriented 
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model to automatically execute all of the above steps with the help of Modelbuilder (See 

Appendix B). 

 

Figure 10: The strategies of generating natural cities in ArcGIS 

3.3 Acquiring city sizes, city numbers and populations 

Three properties were defined in this study. The first one was named as city size and which 

corresponds to the area of generated natural cities. To better observe the deviations caused by 

different numerical precisions and scales, city size was therefore calculated according to four 

double numerical precisions and scales in ArcGIS. There were precision 8, scale 4; precision 

10, scale 6; precision 12, scale 8 and precision 16, scale 12. Precisions means the number of 

digits that ArcGIS can store in the field, and scale means the number of decimal places. The 

area of natural cities was calculated in square kilometer. The second property was named as 

city number, and referred to the quantity of cities at country level. For example, when 50 natural 

cities were created in United States, the city number of United States is 50. In the thesis, city 

number was obtained by comparing the location of natural cities and the world boundary map 

through spatial join functions.  

Spatial join function can calculate the spatial relationship between these two given features with 

spatial correlation methods, i.e. overlay, intersect and contains function, so that the 

relationships between the two features can be correlated. For example, when contains function 

was required, spatial join will calculate the geographic location of two given features and check 

if the two features have any relationship. If one feature can be included within another feature, 

the spatial join function would record the situation and produce a new data as output. By 

analyzing the output, users are able to identify whether calculated features has any relationship 

according to their geographic spatial coordinates. It is worth mentioning that the calculated 

processing is limited by the same geographic coordinate system and projected coordinate 

system, which means that the coordinates of two calculated features must be same. 

To better extract city numbers, the study made several steps to reduce the impact of 

misclassification. The misclassification mentioned here may occur when cities were located 

between the boundaries of nations. For example, certain cities in Belgium close to the border 

of the Netherlands, caused some cities in Belgium to be incorrectly recorded as a city number 

in the Netherlands. The misclassification can more or less affect the real city numbers at the 

country level, hence making the city numbers biased. Thus two man-made methods were 

applied. The first method was centralized the polygons by converting polygons into points, by 

which software thereafter can calculate the center of gravity for each polygon and gave an 

output as centralized point (Figure 11). The centralized points can significantly reduce 
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misclassification when cross-transition take place. Besides, the total number of polygons would 

not be affected by converting polygons into points.  

Secondly, the study set three restrictions for acquiring city numbers. Three restrictions with 0 

meter, 500 meter and 1000 meter (Figure 12) were examined, of which the 500 meter restriction 

has been previously applied by Jiang, Yin & Liu (2014). The 0 meter restriction meant that the 

maximum deviation between the world country map and the natural city map is 0. Based on 

this principle, the 500 meter restriction meant that deviation between the natural cities and the 

world boundaries map can be increased to 500 meters. In other words, the spatial join function 

can tolerate more natural cities to be counted within the 500 meter region. When extending the 

restriction of extracting city numbers, the bias caused by the location of centralized points can 

be relatively reduced.  

 

Figure 11: The generated natural cities (A), and the centralized points (B) 

 

Figure 12: The alterative restrictions for extracted natural cities 

The third city property examined in this thesis was population. Unlike conventional population 

defined by census-imposed data, i.e. through population numbers, this study defined population 

through the number of check-in points. That is to say, each check-in data with x, y and z was 

regarded as one population unit no matter whether the check-in data is unique or not. Then all 

check-in data were correspondingly assigned into countries according to the world country map 

by using the spatial join function. Considering that the check-in data reflected the real 

movement of humans, the abovementioned restrictions were not set.  
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3.4 Calculating ht-index and Zipf’s law detection 

After city sizes, city numbers and population were obtained, the ht-index was required to be 

calculated. In this thesis, the threshold of calculating ht-index is 50 percentage of the whole. In 

other words, only those head parts with a head part whose percentages have exceeded 50% 

were not counted as valid recursive times h. For instance, Table 2 showed that there were of 

the statistical examples of using head/tail break. It can be seen in Table 2 there were 4 recursive 

times. However, only two recursive times make sense owing to the recursive threshold of 50%. 

Thus, the ht-index of the example was 3. 

Table 2: The example of applying head/tail breaks method 

#Sum #Head %Head #Tail %Tail Mean 

19 5 26% 14 74% 18.67 

5 2 40% 3 60% 45.67 

2 1 50% 1 50% 75 

1 1 100% 0 0% 100 

 

On the other hand, extracted city sizes, city numbers and population were then imported into 

Matlab. The power law detection was made to calculate the power law exponent a, the lower 

bound Xmin of power law and the goodness-of-fit p-value by executing three verified-based 

functions provided by Clauset et al (2009). Also the fitted graph of power law can also be 

plotted. The following websites provided an access to download the calculated functions 

(http://tuvalu.santafe.edu/~aaronc/powerlaws/). First of all, the plfit.m function can fulfill the 

maximum likelihood estimator to fit the power law distribution to acquire the power law 

exponent a. And the lower bound Xmin was evaluated through the goodness-of-fit based 

approach. The estimated exponent a is calculated basd on following Eq (7) implemented by 

maximum likelihood estimator 

                          𝑎 = 1 + n [∑ 𝑙𝑛
𝑋𝑖

𝑋𝑚𝑖𝑛

𝑛
𝑖=1 ]

−1
             (7) 

where Xmin is the smallest values the power law can hold. It is important that Xmin need to be 

calculated before the calculation of a, as Xmin can be very sensitive to the calculation of values 

of a. Besides, the real exponent of the results should be 𝑎 − 1 according to Eq (7). Put it 

differently, when the calculated power law exponent was n, the real power law exponent should 

be n-1; The second file plplot.m was able to plot the complementary CDF for the data and 

overlay the fitted power-law model on top. It should be mentioned that this function does not 

do any regression while they just plot the complementary CDF for the data and overlay the 

fitted power law model in a visual way. Thirdly, the plpva.m function was used for calculating 

p-value based on the Kolmogorov-Smirnov test. The basic principle of this function is to verify 

how good the synthetic data with the value of Xmin can fit the power law distribution through 

maximum distance D, as Eq (8) showed. Where 𝑆(𝑋) is the CDF of the synthetic data and 

where 𝑃(𝑋) is the CDF of the hypothesized distribution (best fitted data of power law model) 

when 𝑥 ≥ 𝑥min   

                       D = max|𝑆(𝑋) − 𝑃(𝑋)|, 𝑥 ≥ 𝑥min            (8) 

Figure 13 describes a simple visual relationship between these two distributions, in which the 

red line represents the CDF of the hypothesized data and the blue dashed line represents the 

CDF of the empirical data. The maximum distance (D) was presented by black vertical lines 

http://tuvalu.santafe.edu/~aaronc/powerlaws/
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between these two data. In this processing, a number of synthetic data which can comply with 

a perfect power law above Xmin were generated. Then, the p-value can be calculated by using 

the total number of given data whose number of Di are greater than the maximum distance (D) 

divided by the total number of generated synthetic data (N), shown in Eq (9): 

                                                                   p =
𝐷

𝑁
                                                             (9)                                 

 

Figure 13: The maximum distance between Synthetic data and hypothesized data (Yin, 2009) 

There was a need for us to decide how many synthetic data to be generated, which was further 

related to the true p-value. Clauset et al (2009) suggested that the number of synthetic data 

should be larger than1/4𝜀−2, in which 𝜀 is the accuracy of the p-values. In other words, if in 

this study was required a p-value with a precision of about 2 decimal digits, it is necessary to 

generate 2500 synthetic. It is worthy noticing that calculating alpha a and p-value with too 

many synthetic data would be very time-consuming. In consideration of time issue, the study 

was decided to apply two types of quantities of synthetic data for the whole data validation. 

First of all, 1000 synthetic data were generated to verify city number. Secondly, for those data 

that have large numerical precisions and scales, i.e. city sizes and population, the study used 

100 synthetic data instead. On the other hand, the study adopted the threshold given by Clauset 

et al (2009) that the power law was ruled out if the p-value is less than or equal to 0.1. That is 

to say, the study only accepted those results whose p-value are larger than 0.1. Besides, it is 

significant to point out that a larger p-value does not mean the power law can better fit the data 

(Clauset et al, 2009).   
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4. Results 

Based on the above data collection and verified strategies, the natural cities were established 

successfully. The ht-index and Zipf’s law were also calculated at spatial-temporal level. 

Afterwards, the discussion with respect to the obtained result was made. The organization of 

this chapter was presented in three parts. Firstly, the result showed the visual pattern of natural 

cities extracted from four location-based data and their statistics. Secondly, the ht-index of city 

sizes, city numbers and populations was calculated. Thirdly, the verification of Zipf’s law at 

spatial-temporal level was made.  

4.1 Visualizing natural cities at spatial-temporal level  

In order for other patterns of extracted natural cities to be observed clearly, the study selected 

two cities from the United States cities, that is, Chicago and New York as visualized examples. 

First of all, the four types of natural cities were extracted at the global scale. It can be seen in 

Figure 14 that the visual patterns of Freebase were not as good as the other three social media 

data, because the extracted patterns of Freebase were not cities-based patterns but rather 

country-based or state-based patterns. This result was not in conformance to other three 

extracted patterns. In other words, the natural cities of Freebase were not successfully generated. 

Considering the failed generation of natural cities, Freebase was not to be mentioned in the 

following analysis and discussion.  

 
Figure 14: Four types of extracted patterns of natural cities in Chicago  

(Freebase can only capture the patterns of natural cities at the country level) 

Despite Freebase cannot generate natural cities in a suitable way, the three remaining social 

media data sets have more reliable and well-understanding extracted patterns. This is because 

the patterns of natural cities extracted are very close to the visual patterns of Chicago. Visually, 

the natural cities extracted from Twitter and the natural cities extracted from Gowalla have 

more irregular and subtle patterns than the natural cities of Brightkite. The subtle differences 

demonstrated that Twitter and Gowalla have relatively more human activities than Brighkite, 

because the intensive heterogeneous patterns can only occur when natural cities were exhibited 

with high density check-in points.  

Table 3 listed the statistics information from location-based points to natural cities for four 

different location-based data. It can be seen that Twitter has the most unique points and the 
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most total number of natural cities. According to the Figure 14 it can be found out that the 

visual city boundaries of Chicago between Brightkite, Gowalla and Twitter were very 

approximate even though they have distinct imported points and unique points. In terms of the 

three extracted natural cities, it can be seen the more number of natural cities generated, the 

more subtle and heterogeneous the city boundaries were presented. 

Table 3: The statistics for natural cities at global level 

(Note: #Point= the number of imported points; #PointU= the number of unique point; 

#TINEdge= the number of TIN edges; #NC= the number of natural cities) 

Data #Point #PointU #TINEdge Mean #NC 

Freebase 609722 586979 1760876 11585 11157 

Brightkite 4747287 693357 2080040 3919 11047 

Gowalla 6442892 1440483 4321417 2057 21035 

Twitter 4296524 3325165 9975465 1638 58876 

 

 

Figure 15: The time-stamped patterns of natural cities in New York 

On the other side, time-stamped natural cities extracted from Twitter data were presented in 

New York, which involved 4 different time scales with 1 hour, 6hour, 12 hour and 18hour 

(Figure 15). Although the four different time-stamped natural cities were different in terms of 

the number of check-in data, the basic city boundaries or patterns of extracted natural cities 

were very similar, which captured the essence of city outline. The only difference was that the 

boundaries of cities varied in subtle deviations or heterogeneous patterns. The results showed 

that the more time-stamped data accumulated, the more heterogeneous patterns presented, in 

which the heterogeneous patterns revealed a hierarchical order that there were far more small 

natural cities than larger one. Besides, the small natural cities surrounded those larger natural 

cities as a self-similarity pattern. 

Table 4 presented the statistics from location-based points to natural cities at the time-stamped 

level. It can be found that the mean value gradually decreased as the time-stamped data 

accumulated. It was worth mentioning that 1hour’s Twitter data has relatively lesser unique 

points of 137115 than the Freebase but its result was better. That is, whether the natural cities 

can be well generated is not only related to the number of the imported data but also the data 

structure and data system. The location-based social media data can be spontaneously regarded 

as mirrors of human movement to some extent. When location-based data itself cannot establish 
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a relatively regular location-based social network, it further implied that the network itself 

might not be complete and accurate, thus natural cities failed to be created. 

Table 4: The statistics for natural cities at the time-stamped level 

(Note: #Point= the number of imported points; #PointU= the number of unique point; 

#TINEdge= the number of TIN edges; #NC= the number of natural cities) 

Time-Stamps #Point #PointU #TINEdge Mean #NC 

1hour 150721 137115 411324 3868 4445 

6hour 427193 382155 1146440 1923 12911 

12hour 962481 861611 2584803 1252 26583 

18hour 1678371 1501538 4504582 905 46501 

  

4.2 The ht-index of the extracted city sizes, numbers and population 

To capture the hierarchical level of extracted city sizes, city numbers and population, the ht-

index derived from head/tail breaks rule was carried out. Table 5 showed the calculation of ht-

index at the global level. The result indicated that almost all hierarchical levels varied in 

different location-based social media data while ht-index for data itself remained unchanged. 

Besides, the result showed that the ht-index of population of Twitter has relatively higher ht-

index than the other two social media data. Furthermore, Twitter and Gowalla have the same 

ht-index in terms of their city numbers while the ht-index of Brightkite was relatively small. 

This was understandable because the complexity of natural cities extracted from both Gowalla 

and Twitter were higher than that of Brightkite. In other words, the natural cities extracted from 

both Gowalla and Twitter has relatively complex heterogeneities than Brighkite so that their 

ht-indexes were relatively higher. 

Table 5: The ht-index of city sizes, city numbers and population at the global level 

(Note: CityNumber (0) means that the city number was obtained under the 0 meter restriction 

etc; CitySize (8, 4) means that the area of city size was calculated according to the numerical 

precision 8 and scale 4 etc) 

Data Type Brightkite Gowalla Twitter 

Population 3 3 4 

CityNumber(0) 3 4 4 

CityNumber(500) 3 4 4 

CityNumber(1000) 3 4 4 

CitySize(8,4) 7 6 7 

CitySize(10,6) 7 6 7 

CitySize(12,8) 7 6 7 

CitySize(16,12) 7 6 7 

 

Secondly, the calculation of ht-index was also made at local scale (Table 6). Similarly, the 

calculated ht-indexes varied in different location-based social media data while the ht-index for 

each data itself still remained unchanged, no matter whether restrictions and different precisions 

and scales were set. The only change was that the ht-index of city number of Gowalla increased 

from 4 to 5. Furthermore, it was worth mentioning that the ht-indexes of Brighkite were larger 

than other two location-based data at the local level. By comparing the total number of 
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population on a local level, it can be found that the local population of Brighkite in United 

States has occupied 59 percentage of the whole, while Gowalla and Tiwtter have only accounted 

for 54% and 22%, respectively.  

 

Table 6: The ht-index of city sizes, city numbers and population at the local level  

(Note: #Population = the total number of populations, %Population= the percentage of 

population; CityNumber (0) means that the city number was obtained under the 0 meter 

restriction etc; CitySize (8,4) means that the area of city size was calculated according to  

numerical precision 8 and scale 4 etc) 

Data Type Brightkite Gowalla Twitter 

Population 4 3 3 

CityNumber(0) 4 4 4 

CityNumber(500) 4 4 4 

CityNumber(1000) 4 5 4 

CitySize(8,4) 7 6 6 

CitySize(10,6) 7 6 6 

CitySize(12,8) 7 6 6 

CitySize(16,12) 7 6 6 

#Population 2788299 3471316 962481 

%Population 59% 54% 22% 

 

Thirdly, the study also showed the ht-index of time-stamped data in United States (Table 7). 

Again, the result found out that the ht-index of most verified data remains constant no matter 

whether time-stamped data were accumulated, and no matter whether man-made restrictions 

were set. According to the previous results, the study assumed that the variation of ht-index 

was more likely to be constrained by the data itself but it is not easily influenced by spatial-

temporal changes. In other words, each data has its own data hierarchy and inherent structure. 

The internal hierarchical properties were not largely affected by exterior factors. When exterior 

factors have been imposed to the data, the hierarchical level of the data would not be simply 

affected. 

Table 7: The ht-index of city sizes, city numbers and population at the temporal level 

(Note: CityNumber (0) means that the city number was obtained under the 0 meter restriction 

etc; CitySize (8,4) means that the area of city size was calculated according to the numerical 

precision 8 and scale 4 etc) 

 

Data Type 1hour 6hour 12hour 18hour 

Population 3 3 3 3 

CityNumber(0) 4 4 4 4 

CityNumber(500) 4 4 4 4 

CityNumber(1000) 4 4 4 4 

CitySize(8,4) 5 6 6 6 

CitySize(10,6) 5 6 6 6 

CitySize(12,8) 5 6 6 6 

CitySize(16,12) 5 6 6 6 
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4.3 The validation of Zipf’s law at spatial-temporal level 

The validation of Zipf’s law for city sizes, city numbers and population extracted from location-

based social media data was made. It was found from Table 8 below that only a few of verified 

data had an alpha value that were satisfied with power law exponent of 2(± 0.1) while a great 

number of verified data were failed to fit the Zipf’s law. It is important to remark that Twitter 

has relatively lower alphas for both population and city numbers with approximate 1.55 alphas 

while their alphas of city size were relatively higher of 1.97. This is a big difference. On the 

other hand, it can also be found that certain verified data whose calculated p-value was 0, hence 

implied that the city sizes cannot statically fit the power law distribution in general. 

Table 8: The power law detection at the global level 

(Note: CityNumber (0) means that ity number was obtained under the 0 meter restriction etc; 

CitySize (8, 4) means that the area of city size was calculated according to the numerical 

precision 8 and scale 4 etc) 

Data Type Brightkite Gowalla Twitter 

Zipf's indexes alpha Xmin p alpha Xmin p alpha Xmin p 

Population 1.65 4709 0.76 1.77 32153 0.25 1.54 2587 0 

CityNumber(0) 2.08 155 0.832 2.08 155 0.819 1.56 31 0.047 

CityNumber(500) 2.09 176 0.775 1.98 176 0.643 1.54 29 0.046 

CityNumber(1000) 2.09 197 0.64 1.97 177 0.61 1.55 30 0.053 

CitySize(8,4) 1.73 3000000 0 1.79 3100000 0 1.97 31000000 0.03 

CitySize(10,6) 1.79 9680000 0.37 1.82 4836000 0.01 1.8 375600 0 

CitySize(12,8) 1.78 9682070 0.339 1.92 4835520 0.006 1.86 3755980 0 

CitySize(16,12) 1.78 9.68E+06 0.31 1.82 4.83E+06 0 1.8 3.77E+10 0 

 

Secondly, the power law detection was made in United States as a local observation. It was 

detected from Table 9 that no one can fit the Zipf’s law of 2 (±0.1). Besides, the alphas and p-

values at local level have great changes compared to their global level. For example, the alphas 

of Twitter’s population and Twitter’s city numbers were increased from the minimum value 

1.54 to a maximum value 2.52 and 2.3 respectively. Furthermore, the result also presented that 

the p-values of verified city sizes, city numbers and population were greater than 0, which 

further means that the data can statistically fit the power law distribution and have spatial 

heterogeneities.  

 

Table 9: The power law detection in United States 

(Note: CityNumber (0) means that the city number was obtained under the 0 meter restriction 

etc; CitySize (8,4) means that the area of city size was calculated according to the numerical 

precision 8 and scale 4 etc) 

Data Type       Brightkite Gowalla Twitter 

Zipf's indexes alpha Xmin p alpha Xmin p alpha Xmin p 

Population 2.28 35703 0.39 2.26 35289 0.45 2.52 15590 0.78 

CityNumber(0) 2.9 144 0.22 3.1 251 0.91 2.29 309 0.03 

CityNumber(500) 2.84 147 0.38 3.05 257 0.71 2.3 321 0.04 

CityNumber(1000) 2.8 151 0.20 3.02 260 0.72 2.24 313 0.04 

CitySize(8,4) 1.77 2400000 0.01 1.85 3200000 0.05 1.87 3300000 0.15 
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CitySize(10,6) 1.76 1550000 0.28 1.82 1813000 0.13 1.88 6730000 0.54 

CitySize(12,8) 1.76 1549790 0.36 1.82 1813270 0.13 1.88 6729920 0.56 

CitySize(16,12) 1.76 1.55E+06 0.32 1.82 1.81E+06 0.2 1.88 6.73E+06 0.61 

 

Table 10: The power law detection at the time-stamped level 

(Note: CityNumber (0) means that the city number was obtained under the 0 meter restriction 

etc; CitySize (8, 4) means that the area of city size was calculated according to the numerical 

precision 8 and scale 4 etc) 

Data Type 1hour 6hour 

Zipf's index alpha Xmin p alpha Xmin p 

Population 2.34 1722 0.76 2.22 3821 0.61 

CityNumber(0) 3.5 128 0.8 3.5 300 0.59 

CityNumber(500) 3.5 134 0.89 3.5 313 0.83 

CityNumber(1000) 3.5 133 0.83 3.5 325 0.75 

CitySize(8,4) 1.84 16000000 0.07 1.86 3600000 0.36 

CitySize(10,6) 1.81 12220000 0.52 1.87 4433000 0.94 

CitySize(12,8) 1.81 12223100 0.43 1.87 4433250 0.89 

CitySize(16,12) 1.81 1.22E+07 0.48 1.87 4.43E+06 0.91 

Data Type 12hour 18hour 

Zipf's index alpha Xmin p alpha Xmin p 

Population 2.52 15590 0.78 2.33 20839 0.43 

CityNumber(0) 2.29 309 0.04 2.84 836 0.13 

CityNumber(500) 2.3 321 0.05 2.84 864 0.12 

CityNumber(1000) 2.24 313 0.04 2.82 894 0.16 

CitySize(8,4) 1.87 3300000 0.15 1.89 4500000 0.01 

CitySize(10,6) 1.88 6730000 0.54 1.90 5836000 0.76 

CitySize(12,8) 1.88 6729920 0.56 1.9 5836380 0.74 

CitySize(16,12) 1.88 6.73E+06 0.61 1.9 5.84E+06 0.73 

 

Thirdly, the power law detection was also verified at the time-stamped level. According to 

Table 10, it can be found that only few data can fit the Zipf’s law with alpha of 2 (±0.1) while 

a majority of verified data were still invalid. Secondly, the alphas of population in terms of four 

time-stamped data were relatively stable compared to their city numbers. Thirdly, the alphas of 

city size gradually increased from 1.81 to 1.9 with the time-stamped data accumulated. Based 

on the three results, it can be seen that Zipf’s law for the most of verified data were not valid, 

which further implies that Zipf’s law was not universal in the case of using location-based social 

media data.  
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5. Discussions 

This part is organized to discuss some findings based on above results. Also, the part proposed 

implications that go beyond the scope of the thesis. First of all, the potential sensitivities of 

verifying Zipf’s law was discussed. Secondly, the comparison between nightlight imagery and 

location-based social media data was made. Thirdly, the bias of location-based social media 

data was proposed. Last but not least, the complex system and the implication of power law 

behavior was also discussed.  

 

5.1 The potential sensitivities of verifying Zipf’s law  

According to the above results observed by different spatial-temporal scales, it can be figured 

out that a majority of verified data cannot statistically fit Zipf’s law, which was inconsistent to 

previous examination of nightlight imagery. That being said, let us not jump to the conclusion 

that extracted city sizes, city numbers and population extracted from social media data cannot 

completely follow by the Zipf’s law and power law distribution in all ways. The thesis 

considered that some factors could be more or less sensitive to the power law detection.  

Firstly, the study indicated that the precisions and scales was one of the sensitive factors for 

power law detection. For example, the study found out that different numerical precisions and 

scales can affect the power law detection in terms of their alphas and p-values. It can be seen 

from the above Table 8 that the city sizes with precisions 8 and a scale 4 has the alpha of 1.97 

and p-value of 0.03. City sizes with other numerical precisions and scales, however, did not 

have satisfied alpha and p-value. Although all the city sizes with different precisions and scales 

cannot fit the power law distribution at global scale (because p-values were less than or equal 

to 0.1), the numerical deviations still existed. The deviation might be enlarged when high 

precisions and scales are required. 

Secondly, varied methods used for power law detection could also be a sensitive factor, i.e. 

certain Zipf’s law or power law phenomena could be easily identified by using linear regression. 

In other words, different verified methods might have caused totally different identification. In 

the literature, although MLE and KS methods proposed by Clauset et al (2009) were very robust 

methods, they still have certain drawbacks that can affect the power law detection. This is 

because the MLE method was based on the assumption that numerical values are given as either 

integers-based methods or real values-based method. In other words, when changing the 

numerical precision of numbers, it is actually changing the numbers, which could thus create 

deviations from what a true power-law distribution would produce (Clauset et al, 2009). Similar 

numerical deviations had also been detected by Virkar & Clauset (2014), and they suggested 

employing a binned-based method as an alternative approach, in which binned-based method 

deals with frequency, count and histogram data. It is important to notice that a binned-based 

method is not always a perfect method. As Virkar & Clauset (2014) indicated, binned-based 

method was initially developed to solve types of data in which binning data is not a choice. 

That is to say, binning data is actually an aggregated data processing so that data need to be 

manually modified by different binned methods. Thus, how to modify data with minimum bias 

is not a simple affair.  

Thirdly, the study also detected that the verified status is a sensitive factor for power law 

detection. As Table 10 showed, the alpha of city size gradually increased as the time-stamped 

data accumulated continuously. The fluctuant alpha is very similar to the growth of fern leaf to 

some extent (Figure 16). Fractal leafs and subtle limbs always take place during growing 

process. According to the characteristic, it could be supposed that Zipf’s law phenomena or 

power law behavior can only be detected when verified feature has a relatively complete, 
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regular and linear inherent structure. The phenomena means that Zipf’s law might not be valid 

for city sizes at all the time, yet they can be statistically plausible at certain status, i.e. Zipf’s 

law occurred when the 18 hour Twitter data were accumulated. The hypothesis has also been 

mentioned by Jiang & Yin (2014), in which they pointed out that phenomena in both nature 

and society may not completely comply by power law at all time, but it might meet power law 

at certain special status in the end of the evolution.  

 

Figure 16: The visual example of growth of fern leaf (Jiang & Yin, 2014) 

Although the analogy between the growing tree and alpha change sounds correlated, this 

hypothesis still needs to be further demonstrated in coming work. This is mainly because the 

growing alpha phenomena might only occur in this specific case but not for all cases. Based on 

the above discussion, it is important to point out that the hypothesis provides a novel observed 

perspective of studying Zipf’s law and power law-like pattern. Furthermore, this study indicated 

whether Zipf’s law, power law and fractal properties can be well observed depended not only 

on the data itself and man-made factors but also numerical precisions and scales, calculation 

method and the ideal verified status.  

5.2 Comparison between nightlight imagery and social media data 

In order to explore why Zipf’s law was not well detected based on location-based social media 

data, nightlight imagery provided by Jiang, Yin & Liu (2014) was applied as a contrastive 

reference. Table 11 presented statistics of the top-ten countries according to number of natural 

cities. It can be found that city numbers extracted from nightlight imagery can basically fit the 

Zipf’s law. For example, the number of cities extracted from nightlight imagery in United States 

was approximately twice as big as the second largest city, Russia and nearly three times as big 

as the third largest city, Canada.  

The hierarchical regularity, however, was not valid for the city numbers extracted from 

location-based social media data, since the city numbers are not inversely proportional to their 

ranks. Table 11 showed that the first largest city in Twitter is nearly seven times as big as the 

second largest city; five times as big as the second largest city in both Brighkite and Gowalla 

(Figure 15). In terms of city numbers, many natural cities extracted from location-based social 

media data are not reliable and objective compared to the nightlight imagery-based natural 

cities. For instance, nightlight imagery has 2957 Russian cities but there were only 1466 cities 

in Twitter and even none in both Brightkite and Gowalla. Furthermore, location-based social 

media data do not exhibit any city in China while which nightlight imagery has 1392 Chinese 

cities. Moreover, it can be found that both the order of city numbers and the city number have 
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great deviations. For instance, Brightkite has 376 Swedish cities listed as fifth rank while 

Gowalla has 1810 Swedish cities listed as second rank. This means the natural cities extracted 

from location-based social media data are not linearly distributed and regular but biased and 

unbalanced. 

Table 11: The statistic of top-ten countries according to number of natural cities 

(#NC= the number of natural cities) 

Brightkite #NC Gowalla #NC Twitter #NC Nightlight #NC 

United States 5427 United States 8768 United States 20116 United States 6576 

Japan 1099 Sweden 1810 United Kingdom 2894 Russian 2957 

United Kingdom 597 Germany 1683 Brazil 2792 Canada 1689 

Germany 495 United Kingdom 1312 Japan 2623 China 1392 

Sweden 376 Norway 650 France 2395 Brazil 1069 

Italy 346 Italy 497 Spain 2298 India 934 

Australia 288 Canada 487 Indonesia 2213 Germany 882 

France 242 Spain 393 Thailand 1471 France 850 

Canada 213 Australia 367 Russian 1466 Italy 829 

Netherlands 196 Netherlands 343 Italy 1367 Mexico 681 

 

 

Figure 17: Listing city numbers from largest to smallest at the country level 

Of all problems with respect to why Zipf’s law is invalid, a concept of “primate city” proposed 

by Jefferson has received much concerns and approvals. Jefferson (1993) explained that 

primate cities have no intermediate-sized urban centers compared to the linear rank-size city 

distribution, which is at least twice as big as the second biggest city but more than twice as 

important. Primate cities are not only reflected in the city size, that it is much larger than other 

adjacent cities, but it is also closely related to the impact of national influences, i.e. politics, 

economy, culture and education. Primate cities can attract more attentions than other cities and 

people who are coming from other cities or countries would be more likely to choose the 

primate city as settlement and traveling place than others. Therefore, primate city phenomenon 

can seriously affect local economy, residence issue and environment, so that result in many 

unbalanced phenomena in terms of growth of population, job crisis and housing problem.  

In this study, the unbalanced phenomena mainly reflected in the distribution of natural cities 

that were not objectively distributed and exhibited. Jiang, Yin & Liu (2014) indicated in 
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previous study that the reason why Zipf’s law cannot hold for some countries was that cities 

within these countries or regions do not exhibit individual systems. This study considered the 

reason why Zipf’s law was not able to be detected, that is, because of the reason that the natural 

cities extracted from location-based social media data were not generated and distributed in an 

objective way. That is to say, the social media-based natural city has bias. The emergence of 

natural cities in certain countries or regions was more frequent than other countries and regions, 

i.e. there are far more cities in United States than other countries no matter which social media 

data was applied. The biased natural cities broke the balance of the region in terms of 

hierarchical order and the standard hierarchical scale was not able to be exhibited. Thus, the 

validation of Zipf’s law cannot be well observed and captured.  

 

5.3 The bias of location-based social media data  

There were two main biases that are worthy to be discussed. The first bias referred to the 

reliability of data. For example, Freebase data tested in this thesis cannot even exhibit the visual 

patterns of natural cities, which meant that Freebase data itself might have certain problems and 

errors. Besides, both Brightkite check-in data and Gowalla check-in data provided by SNAP 

were not sufficient, because the total numbers of two years check-in data extracted from 

Brighkite and Gowalla were even less than that of Twitter data with only few hours. 

Furthermore, considering that Brightkite and Gowalla were collected by the top-down data 

acquisition, some subjective bias and limitations during the data collection cannot be well 

eliminated. Thus, there is a need to consider the reliability of data for future work. On the other 

hand, bias may also occur when extracting Tweet data from stream API. Since the increasing 

of Twitter consumers and smartphones have been broadly employed, more and more number 

of people turn on their GPS-based instrument, which further makes the total number of geo-

tagged Tweets are much more than the total number of available Tweets. That is to say, the 

capacity of the 1% limit might already be exceeded. If this is correct, it also means stream API 

can randomly drop data during the extracting process in which the lost data might be very 

important in affecting the generation of natural cities to some extent. 

 

Table 12: The statistic of top-ten countries according to number of consumer 

(# The use the number of consumer) 

Brightkite #use Gowalla #use Twitter #use 

United States 2893975 United States 3601641 United States 982598 

Japan 420034 Sweden 920083 Indonesia 476981 

United Kingdom 208052 Germany 349072 Brazil 327193 

Australia 98183 United Kingdom 270926 Turkey 267100 

Canada 87946 Norway 150647 Japan 252633 

Germany 79318 Canada 128813 United Kingdom 230399 

Sweden 66387 Netherlands 75788 Malaysia 199371 

Netherlands 62050 Saudi Arabia 74635 Spain 144139 

China 49026 Thailand 69600 Argentina 126314 

Spain 42940 Belgium 68757 France 108273 

 

Secondly, consumer behavior is the most serious factors on this study, which can largely affect 

the distribution of natural cities. It can be seen from Table 11 and Table 12 that Germany and 

Russia, known as two developed countries, only have very limited number of natural cities and 

consumers compared to United States. Also the numbers of consumers in the three different 

location-based social media data were very different (Table 12). What they have in common 
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was that the number of consumers in United States has accounted the most numbers. This is 

not an objective result. In fact, consumer behavior is a spontaneous and independent behavior, 

which cannot be mandatorily changed by any obligatory law and technical support. In other 

words, consumer behavior cannot to be required by anyone to do anything. Thus, location-

based social media data, in essence, was not an impeccable and stable data but dynamic and 

subjective, and has to a great extent many socio-spatial bias and regional diversity. 

 

On contrary, the natural cities extracted from nightlight imagery were relatively stable and 

regular. This is because stabilized light can only be acquired in a continuous and stable lighting 

instead of human-based and temporal lighting such as fire and mobile light (Elvidge et al, 1997). 

Thus, the natural cities extracted from nightlight imagery are also more objective than that of 

the natural cities extracted from location-based social media data. Based on the above 

comparison, the study indicated that natural cities extracted from nightlight imagery cannot be 

easily affected by individual effects while natural cities extracted from location-based social 

media data can be largely influenced by differentiation of individual, i.e. consumers in different 

regions. In additional to the impact of consumer behavior, location-based social media data can 

also be influenced by limitation of country laws and legislations. The consumers in certain 

countries are very few or even none. For example, China and North Korean do not provide 

internet access for Twitter. Therefore, it can be said that location-based social media data was 

not a good choice for objective and comprehensive research. 

 

5.4 The complex system and the implication of power law pattern  

Power law pattern is one of the most important models that can be used for stimulating many 

complex phenomena and mechanisms. In terms of urban systems, the relationship between 

urban system and socio-economic factors are very complex. There are many intrinsic individual 

factors, such as relationship among people, relationship between human and geography, 

relationship between cities and geography and so on. The alternating effect and interaction of 

these factors are carried out in an unpredictable and non-linear way. The non-linear interaction 

could be very difficult to be described or studied by traditional linear science and theories such 

as Gaussian statistic. This is because the non-linear relationships between features, such as the 

relationship between cities and people or the relationship between people and people within the 

whole system, are not corresponded one to one but one to many or many to one, which is not 

always regular.  

For example, the mechanism of urban evolution is often regarded as a self-organization process, 

which is very complex. In this process, urban evolution might be affected by not only the local 

economic factors as well as social and humanistic needs but also war, politics and geographic 

changes (Jiang, Yin & Liu, 2014). This means that many internal and external factors will 

jointly affect the systems between individuals and cities as well as cities and the whole world. 

As time goes on, a series of non-linear and uncontrollable changes have occurred. Therefore, 

the cities begin to develop rapidly and expand continuously in not only the city size but also 

the population and economics, forming the incomparable national influences. On the other hand, 

other cities will be forgotten due to the lack of urban power under the influence of those cities 

with dominated power. Finally, based on the relationship among cities and external 

interferences, primate cities which have profound impact on the regions, begin to appear, and 

other normal cities without influence will step into the cycle of slow evolution. 

Secondly, the development of individual and formation mechanisms of certain phenomena in a 

complex system are not the same as the linear way of thinking emphasized in traditional theories, 

that is, one plus one equals two. On the contrary, the sum of influences of parts of the system 

is often not equal to the influence of the whole system. There are many such examples in life. 
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For instance, there is a kind of small insect called army ant in the Amazon. They are very tiny 

and undetectable when they appear alone. However, when millions or billions of army ants get 

together, they will destroy the road, forest and house easily. The phenomenon reveals a fact 

that the influence of individuals is not equal to the sum of influence of parts. The sum of 

individual can produce some amazing results. For example, social media data of every user can 

be deemed as an independent individual. The independent individual is simple and unstructured 

while the seemingly ordinary individual can also be very influential and complex when they 

are connected together as a social-spatial network. As it has been previously displayed, the 

social-spatial network can delineate social-spatial patterns as natural cities, of which each 

individual can just be represented as one node. 

Why do power law pattern or power law phenomena matter? The answer can be diverse but the 

principle is almost the same. As previously indicated, many scholars has begun to exploring the 

underlying mechanism of complex system and its unusual representation. An effective way is 

to use sufficient data as support and set up a series of mathematical models to simulate the 

unknown phenomena through an artificial environment. Zipf’s law model and related power 

law model is such a model. By adjusting the model of exterior and interior parameters, it may 

help us to understand how such complex phenomena works and which factors can affect power 

law-like structure. On the other hand, since power law behavior has many properties that the 

complex system also has, i.e. scale-free properties, studying power law pattern could provide 

many evidences to further explain the complex phenomena. The dialectical methodology has 

been mentioned by Bak (1996) in which he indicated that self-organized criticality was one of 

the dynamics cause for the generation of power law, while power law can also be viewed as the 

proof of self-organized criticality. In a way that power law pattern could be basically deemed 

as an indicator of nature or the fingerprints of gods, as it reveals a hierarchical heterogamous 

diversity everywhere. 
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6. Conclusions and future work 

The study established a new kind of patterns of natural cities using location-based social media 

data and head/tail break division rule. City sizes, city numbers and population were examined 

in order to examine their ht-index and power law properties. Future works could test more 

natural cities extracted from other available bottom-up data. Besides, the implication of 

verifying Zipf’s law and its realistic application should be further explored. The empirical 

research can better study and understand the power law behavior, its generative mechanism and 

the relationship with respect to complex systems. 

6.1 Conclusions 

The purpose of the study was mainly to examine whether city sizes, city numbers and 

population extracted from location-based social media data can fit Zipf’s law. In order for this 

purpose to be carried out successfully, location-based social media data were therefore applied 

as metadata to generate natural cities in which natural cities were aggregated through TIN 

model by selecting those edges whose values are less than the first mean of edge lengths. Ht-

index was applied to characterize the hierarchical level of city sizes, city numbers and 

population extracted from natural cities. The validation of Zipf’s law represented by alpha, Xmin 

and p-value was calculated by the MLE and the KS methods. Both spatial and temporal scales 

were examined in this thesis. 

Of the four empirical location-based sources of Twitter, Brighkite, Gowalla and Freebase, the 

extracted patterns of Freebase were well generated, that is, they were not city-based structure. 

By comparing the patterns of natural cities, the thesis detected that the scaling and fractal 

patterns of city boundaries varied in different location-based social media data. Visually, the 

scaling and fractal patterns had great variations at the temporal scale, especially, when time-

stamped data accumulated, the variations became more obvious. On the other hand, the study 

found out the ht-index of extracted city sizes, city numbers and population were not stable 

instead varied from global scale to local scale. According to the spatial-temporal inspections, 

the result indicated that the verified ht-indexes were likely to be interfered by the data itself and 

certain man-made limitations but were not able to be significantly influenced by spatial-

temporal changes. This is to say, ht-index is able to describe the inherent hierarchal scales to 

some extent, as a novel perspective of observing heterogeneous situations.  

 

Furthermore, the result found that a majority of verified data cannot hold Zipf’s law. In other 

words, the Zipf’s law was not universal in the case of using location-based social media data. 

By comparing previous nightlight imagery as comparison reference, the study thought the 

reason why the universality of Zipf’s law was not detected from location-based social media 

was that the location-based social media data has an unavoidable bias regarding consumer 

behavior. The socio-oriented bias can enlarge the emergence of natural cities in certain 

countries and regions so as to make the hierarchical level on a local level biased and unbalanced. 

The unbalanced phenomena largely affect the existing hierarchical order in terms of city 

distribution and the number of cities so that Zipf’s law system was not able to be exhibited. In 

addition to the reliability of the data and some man-made limitations, the study showed that 

validation of Zipf’s law also referred to the verified methods and status of observed data.  
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6.2 Future work 

Currently, many geographic forms can be easily digitized and obtained by, i.e. GPS technology, 

remotely sensed technology and even massive VGI data. However, there is still difficult for us 

to deeply explain, i.e. why do seemingly simple geographic forms appear during the evolution 

on the earth’s surface. The unknown phenomena and representation means there are still many 

mysteries and underlying mechanisms. Many geospatial researchers are more willing to explore 

what do geographic feature and patterns look like rather than why do they form and why do 

they appear. Thus, different ways of thinking used for exploring further geospatial studies, in 

particular for studying underlying mechanisms, are of vital significance. In this regard, 

conventional data acquisitions imposed by top-down way of thinking are not more reliable than 

emerging big data with the bottom-up way of thinking. This is due the fact that big data are 

more diverse than conventional data not only in content, type and entities represented, they are 

also regarded as wisdom of crowds (Surowiecki, 2004).  

It is important to indicate that the progress of GIS had made a great breakthrough in the last 

two decades. Nowadays, what many GIS researches seek to reveal is not only how the world 

looks but also how the world works, as the new direction of GIS (Goodchild, 2014). The “Third 

Culture” of GIS research (Sui, 2004) which is characterized with more complex, dynamic and 

multi-dimension geographic features has come. Jiang (2015) pointed out that the way of 

thinking for geospatial study should shift from the conventional Gaussian way of thinking in 

which things are static, simple, linear and predictable, to the Paretian way of thinking in which 

things are dynamic, complex, nonlinear and unpredictable. In the last two decades, a great 

majority of urban studies and geospatial researches has rather adopted the Gaussian way of 

thinking to study urban structures and patterns by for example applying census-based data so 

that to delineate cities. This is understandable because previous theories and sciences were not 

good enough to deal with those emerging big data and a series of advanced applications. With 

the improved techniques and emerging big data available, some of the previous problems could 

be solved and explained. Thus, there is a reason to believe that future geospatial analysis can 

be much more powerful. 

On the other hand, in spite of over millions location-based social media data examined, the 

sample data verified in this study were still not sufficient. Owing to the specificity of the study, 

further work can examine Zipf’s law in more countries and regions by different types of natural 

cities. Because a great number of conventional working mechanisms and software cannot 

completely meet all requirements suitable for data processing and analysis in terms the era of 

big data, it is very necessary for us to develop and optimize current working platforms, software 

and computing technologies. Besides, considering that power phenomena that have been found 

within a range of nature phenomena can such scaling pattern be further applied as a means to 

verify the data normalization? For example, if one given data can fit power law exactly, it might 

imply that the given data might have relatively regular and complete inherent structure. On the 

contrary, if the given data cannot fit power law, it might imply that the given data is not reliable. 

In terms of applying Zipf’s law in a realistic application, there might have some potential 

directions. For example, Zipf’s law might be of potential capacity for urban planners to make 

some decisions. To be specific, Zipf’s-based model could be used for optimizing the urban 

layout through examining whether city structure is reliable and appropriate in terms of 

hierarchical order.  
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Appendix A: Empirical test on whether duplicated points are important 

The purpose of this test was to verify whether duplicated points can affect the generation of 

natural cities. In order to carry out the test successfully, the study suggested that used version 

of ArcGIS should be equal or greater than 10.0. The data employed in the test was manually 

created in Microsoft Excel 2010. The edited data were then imported into ArcGIS so that to 

generate triangle irregular network.  

The fundamental principle of the test is to create two sets of location-based social media point 

with geographic coordinate, and verify whether duplicated points are valid to affect the 

generation of natural cities. Two dataset are needed. The first set of artificial location-based 

social media data contained 5001 points. Of all 5001 points, 5000 points were randomly 

generated and the rest one was created artificially; the second set of artificial location-based 

social media data involved 10000 points. Among the 10000 points, 5000 points were created 

by copying from the first created data. Another 5000 points were all equal to the artificial one 

created in the first dataset. Under the circumstances, above two artificial dataset would have 

same visual representation while they are different in number.  

Data preparation 

1. Open Microsoft Excel 2010 and create a new blank page.  

2. Create three rows, namely, X, Y and Z (Figure A1). In this test X, Y and Z represent 

longitudes, latitude and elevation, respectively. 

 

Figure A1: The x, y and z rows need to be created 

3. Select Colum A2 under the X row and type “=RAND ()*100”. This RAND ()*100 function 

is able to randomly generate numbers from 1 to 100 (Figure A2).  

 

Figure A2: Type RAND ()*100 to create a random number from 1 to 100 

4. Repeat Step 3 and create 5000 random numbers for both X and Y rows by Fill function. 

Next, point 5001 should be created with artificial longitude and latitude (50, 50). Note: 

Column A5002 is corresponding to point 5001 due to the first row was already counted 

before (Figure A3).  

 
Figure A3: The 5002th point should be created artificially 

 

5. Type value of 1 for all Z rows and make sure there was no gap. (Note: once column has 

been modified or changed, the RAND () function will work again and change the values for 

all columns). 

6. Create a new text file named as 5001.txt. Copy all rows and columns created above from 

Excel and paste it in the 5001.txt. Save the 5001.txt and first dataset was made.  

Column A2 

Column A5002 

Column A1 
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7. The second dataset was created according to the first dataset. 

a. Create a new blank workspace in Microsoft Excel.  

b. Open previous 5001.txt and copy all rows and columns from the 5001.txt into this new 

blank workspace. 

c. To fill numbers automatically, select columns from A5002 to A10001 and use fill 

function. Note: all selected columns should be filled basing on the point 5001(Column 

A5002) with 50 (longitudes), 50 (latitude) and 1 (elevation). (Figure A4).  

 
Figure A4: Fill duplicated points from A5002 to A10001 

d. Create a new text file, called as 10000.txt. Copy all rows and columns again and paste 

it into 10000.txt file.  

e. Now, these two dataset have been prepared. 
8. Open ArcGIS software and input these two artificial text by add data button.  

9. First of all, open 5001.txt by Display XY data button. 

10. Select Z under the Z Field and choose GCS_WGS_1984 as a Geographic Coordinate System 

(Figure A5). 

 
Figure A5: Specifies the fields and set a proper coordinates 

 

11. Right click 5001.txt Events > data > Export data, named as 5001.shp. The first dataset has 

been imported successfully. 

12. To import the second dataset, repeat steps 8 to steps 11. The second dataset was named as 

10000.shp.  

13. Place these two Shapefiles in the same working layer, and set different colors. In this test 

the 10000.shp is set as blue and 5001.shp is set as red.  

14. Check these two dataset and see if they can be matched exactly (Figure A6). If so, it means 

that above two data were created correctly. 

 

 

Figure A6: There will be only one color visible if no discrepant point exist. 
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Data verification 

Two set of natural cities were generated according to above two artificial location-based 

social media data. Same building strategy and map projection were applied. Then the 

statistics from location-based points to natural cities was collected, including the number 

of nodes, the number of edges, mean value and the number of natural cities (Table A1). In 

order to inspect whether duplicated points are sensitive to generation of natural cities, visual 

results were also presented (Figure A7). 

 

Table A1: The statistics information between these two dataset 

(Note: #Point= the number of points; #Nodes in TIN= the number of nodes in TIN; 

#Edges= the number of edges; #Natural cities= the number natural cities) 
 

Data 5001.shp 10000.shp 

# Points 5001 10000 

# Nodes in TIN 4518 4518 

# Edges 13506 13506 

Mean Value 143258 143258 

# Natural cities 396 396 

 

 
Figure A7: Two artifical natural cities: 5001.shp (left) and 10000.shp (right) 

According to above statistics and visual presentations, it can be found that ArcGIS can 

automatically ignore duplicated points during data processing. That is, these duplicated points 

would not be treated as valid point. Therefore, this test indicated that duplicated points cannot 

be influential regarding the generation of natural cities so that duplicated points do not need to 

be removed. 
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Appendix B: Tutorial for ModelBuilder using Location-based Social Media Data 

To simplify and reduce working steps regarding generation of natural cities, ModelBuilder was 

made in this study. ModelBuilder provided an advanced method to link a series of working 

steps so that natural cities can be executed automatically. This tutorial is mainly to illustrate 1) 

what is Modelbuilder; 2) how to establish a specific ModelBuilder for natural cities and 3) how 

to execute ModelBuilder for generating natural cities.  

1. What is ModelBuilder? 

ModelBuilder, in a very simple way, can be basically regarded as a visual programming 

language tool and internal programming interface. ModelBuilder allows users to create, edit, 

and manage models where the models can not only be created by users themselves but also 

other applications platform. The ModelBuilder contains a series of models and functions, of 

which a great number of existed models had already been defined in ArcGIS, that is, users only 

need to consider which functions they would like to apply and how to link the models and 

function. Furthermore, ModelBuilder is not only very helpful to execute workflows which are 

simple and straightforward, it is also able for users to build up some complicated and intelligent 

workflows through computer languages such as Visual Basic and Python.  

2. Establish a specified ModelBuilder to generate natural cities 

The model used within the thesis was designed into two-step way. This is because 1) 

considering social media data is of large size and volume, it would have some problems for 

computer to execute in one-step way; 2) Users can be flexible to determine which mean value 

should be used; 3) Two-step way is beneficial for users to check result produced from the first 

step. In other words, users can decide whether the second step needs to be conducted. It is 

important to notice that dealing with location-based social media data with such large size in 

ArcGIS very depends on computer performance. 

To better present how natural cities are created in terms of using location-based social media 

data in ModelBuilder, one created model named as Natural Cities Tools was explained. There 

are two models under this Natural Cities Tools, they are Create Edge Mean model (Figure B1) 

and Generate Natural Cities model (Figure B2). Taking these two models as example, below 

tutorial will introduce some basic principles of creating ModelBuilder. 

 

Figure B1: The model for creating edge mean 

According to the Figure B1, it can be seen that structure of Create Edge Mean model is 

composed of some ellipses and rectangles with different colors. These ellipses and rectangles 

are what so called functional tools. Dark blue ellipse (named as Input point) is used as import 

function in order to manage import data. Green ellipses (named as Output TIN model, Output 

Edges, Output Edges features and Calculate Mean value) are used as output functions used for 

managing output data. The two kinds of functions can help users to define and edit import and 
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output data, i.e. path and data name. Yellow rectangles (named as Calculate TIN model, 

Calculate TIN Edges and calculate the lengths of edge) are defined as calculation functional.  

In this thesis work, three kinds of variable functions were made. Firstly, Light blue ellipses and 

White ellipses showed in Figure B2 are variable functions. The difference between these two 

functions mainly differs in whether function was defined. For example, if function was defined, 

the color of function will be showed by Light blue otherwise White. In additional to above two 

variable functions, the third type of variable functions are those that are imposed with “P” 

icons. “P” icons represent that tools are defined as variable function. To be specific, “P” icon 

function can define all attributes regarding imported data while only another two variable 

functions can only define one attribute. 

After go through the principle of basic functions, two structures of designing model are 

established. The purpose of Create Edge Mean model (Figure B1) is to calculate mean value 

of generated edges. Figure B1 above showed how this model was structured. The workflows of 

this model are 1) Import location-based point; 2) Generate TIN model; 3) Calculate the length 

of edges; 4) Calculate the mean of edges; 5) Output the mean of edges.  

 
Figure B2: The model for generating natural cities 

On the other hand, the second model Generate Natural Cities (Figure B2) aims to generate 

clustering natural cities by previous obtained edge features layer. The workflows of this model 

are 1) Input edge features and select those features that are less than the first mean of edge as 

output; 2) Convert polyline features into polygon features by Feature to polygon function; 3) 

Those areas that are too small and duplicated were removed by Dissolve function.  

3. Execute Natural cities Tools in ArcGIS 

This part is supposed to guide those people who wants to use the Natural Cities Tools. One 

sample data, namely, Sweden.shp used for this tutorial is provided under the ModelTools 

document.  

1. Download the model in my own web showed as follow:  

https://sites.google.com/a/student.hig.se/sirui-master-work/. 

2. Open ArcGIS software and navigate the folder C:\ModelTools (detailed path depends on 

your own path). 

3. Unfold sample folder and Natural Cities Tools.tbx (Figure B3). 

 

 

Figure B3: Unfolding Sample folder under Natural Cities Tools 

https://sites.google.com/a/student.hig.se/sirui-master-work/
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4. Double click Create Edge Mean model and a new window appears (Figure B4). 

 

  
Figure B4: The window of Create Edge Mean tool 

 

5. Navigate the Sweden.shp under the C:\ModelTools\sample\ as an input point.  

The default Spatial Reference is World_Mollweide but still can be changed.  

Default path of output TIN Model is: C:\ModelTools\sample\Swedentin. 

Default path of output Edge features is: C:\ModelTools\sample\SwedenEDGE.shp. 

Default path of calculate Edge Mean is: C:\ModelTools\sample\Mean. 

Note: If there was any warning regarding naming issue, try rename it with a shorter length of 

path. For example, C:\data\ instead of C:\ModelTools\sample\data\ 

6. Click OK to start processing. 

7. Click Close when process finished. 

8. To check mean value of edge length, right click Mean and open its attribute table (Figure 

B5). In this example, the calculated mean value is 3261. 

 

 
Figure B5: The mean value of SWEDEN.shp 

 

9. Close attribute table and Open Generate Natural Cities model (Figure B6) under the 

Natural cities Tools. 

10. Select SwedenEDGE under the Input Edge Layer as input and manually type mean value 

3261 under the Expression field (Figure B6). Please note: there was no space. 
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Figure B6: The window of Generate Natural Cities tool 

 

11. Set a proper path in order to save these new generated data. 

Default route of Output Polygon Featuresis:C:\ModelTools\sample\SwedenPolygon.shp. 

Default route of Output Natural Cities is: C:\ModelTools\sample\Sweden_NC.shp. 

12. Please confirm that “Meters” is selected under XY Tolerance. 

13. Click OK and natural cities can be generated automatically (Figure B7). 

 

 

 

Figure B7: The extracted natural cities (red features) 

After go through this tutorial, you have learned some basic principles of ModelBuilder. Also, 

you have learned how to execute Natural Cities Tools. 

 

 


