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ABSTRACT 
 

This dissertation analyzes the geography of information in the 21st century where 

BigData, social networks, user generated production of content and geography combine 

to create new and complex patterns of space, context and sociability. Both online and 

offline, social networks are creating a space that simultaneously unifies individuals and 

identifies distinct differences in their patterns and their relationships to space. Using 

methodologies derived from spatial analysis, geographic information systems (GIS), and 

Social Network Analysis (SNA), this dissertation identifies how Information 

Communication Technologies (ICTs) both mimic and bolster existing social structures 

and allow individuals to extend their activities into flows between non-contiguous spaces.  

Simultaneously it demonstrates how the adoption of user-generated geographic 

information has not been uniform. Instead it has resulted in an uneven distribution of 

content and more nuanced digital divides. Although geographically uneven, social 

structures developed through online networks of user-generated content are most 

effective at transmitting information at a local level.  This dissertation provides a 

comprehensive examination of online networks and representations of the GeoWeb. It 

repudiates previous assumptions that online content provides liberation and collaboration 

among users without regard to geographic constraints and demonstrates the locally 

constrained nature social networks and the demographically constrained nature of 

geographic information. 
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INTRODUCTION 
 

 

 

 

 

I.  THE GEOGRAPHY OF THE GEOWEB  

Broadly, this dissertation analyzes how unevenly information is produced, obtained, 

analyzed and displayed on the Internet.  

While human activity has always been characterized by clusters and unevenness, in 

recent years there has been considerable rhetoric about how geography was becoming 

passé.  Information Communication Technology (ICT) was characterized as causing the 

death of Geography since communication and interaction could occur across space 

without regard to distance.  This simplistic formulation was not the case; instead ICTs 

reorganized society into a network with hubs of connected activity and places were 

repositioned and given meaning based on the exchanges of flows in the network (Castells, 

2009).  Geography did not disappear but was increasing filtered and influenced by these 

networks. 

Geography still matters but it is continually reconfigured new ways.  In addition to 

crossing great distances, ICTs are frequently used to foster and support the functions of 
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geographically bound communities.  At the same time, individuals have maintained 

social networks that supplement their locally based contacts with communities of interest 

or kinship that are spread over a wide area (Wellman & Gulia, 1999). ICTs have 

mimicked and supported existing social structures and allowed individuals to extend 

themselves (or at least their actions) into flows between non-contiguous spaces.   

As individuals have employed the Internet to maintain community, they have also 

utilized the Internet to build community, expanding the ability of individuals (albeit 

clearly not everyone) to contribute to information production, a phenomenon generally 

referred to as Web 2.0.  Projects such as Wikipedia rely upon user contributions to build 

an open and virtual encyclopedia that describes millions of features throughout the world.  

Wikipedia is entirely user-generated; individuals can describe features in their local 

community to provide information to a global resource.  Likewise, Flickr combines a 

global repository of user-generated images with the ability for users to geotag images, 

associating geographic locations with images or text.  Both Wikipedia and Flickr are 

examples of user-generated information that enable annotations of local and geographic 

content to be contributed to a larger project. 

The availability of this user-generated content has shifted the amount and kinds of 

information available as inputs to analyses of world events, politics, and health.  Yet 

large subsets of the population are left out of the global conversation.  While some 

assumed that Web 2.0 services would usher in a new phase of information democracy 

and introduce geography to a broader population, this has been largely unrealized as user-
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generated content is uneven with a small percentage of contributors generating the 

majority of content. While the means of generating content have progressed, it is still 

primarily generated by individuals in the United States and Western Europe. The 

democratic nature of user-generated content is in doubt when the content generators are a 

homogenous few that do not represent the users of the content they generate. 

Simultaneously, as the evolution of Web 2.0 has reached the status of ‘BigData,’ 

geographic methods to abstract and analyze the interconnected profusion of data have not 

evolved to explore the relationships among entities.  Geographers are still largely limited 

to spatial thinking rather than thinking about networks over space.  Social Network 

Analysis (SNA) can model the relationships among entities in space of flows, but are 

unable to fully consider the impact of space, proximity, and distance.  Nevertheless, SNA 

has been used to understand a variety of social organizations and health phenomena 

through emphasizing on the relationships among entities.  

The SNA methods that examine sociability can additionally be used to explore spatial 

relationships.  In the GeoWeb this identifies the spatially constrained nature of online 

social networks. While online social networks can extend ties across the globe, and 

sometimes do, these ties are less frequent and less effective for transmitting information 

than local ties. Both online and offline, social networks create a space that simultaneously 

unifies individuals while identifying distinct differences in their patterns and their 

relationships to space. 
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Therefore my focus within this dissertation is to understand how geographers and others 

can analyze a world in which networks and geography both matter, rather than limiting 

the focus to one or the other.  To do this I leverage online social media and the GeoWeb 

as case studies both to understand the geographic biases of social media and how 

information and relationships are propagated through networks with (and without) regard 

to space.  

I.A. THE PROMISE AND PITFALLS OF BIG GEOWEB DATA 

The ecosystem of information on the internet has evolved in the last decade with 

hundreds of millions of individuals contributing trillions of petabyes of user-generated 

data. The phenomena of BigData is defined by the ability to search, reference, and 

aggregate across datasets (boyd & Crawford, 2012).  These data contain information that 

can be used to describe people, things and their interactions. BigData has gained a 

mythological status as intensive computing power can sift through the potential patterns 

and provide a “higher form of intelligence and knowledge that can generate insights that 

were previously impossible, with the aura of truth, objectivity, and accuracy” (boyd & 

Crawford, 2012). 

As ‘BigData’ from geographic social media purports to resolve many analytic problems 

in the field, it simultaneously relies on a potentially biased sample of contributors and 

often utilizes user-generated data without the surrounding context.   Issues of semantic 

context (such as sarcasm) and political context of user-generated content are often 

overlooked by BigData analyses (Simm, Ferrario, Piao, Whittle, & Rayson, 2010). There 
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are several factors that contribute to the biases of BigData: digital divides creating 

inequalities in access to technology (Warf, 2001), digital lags in the implementation of 

the technology (Crampton, 2003), digital divisions in the representation of spaces 

(Crutcher & Zook, 2009), and uneven divisions in the production of content (M. Graham, 

Hale, & Stephens, 2011). Even as the internet evolved to Web 2.0 services to and 

purported to become open, collaborative and participatory (O'Reilly, 2005) it has 

exacerbated and reproduced inequalities that exist within society offline.  

In short, the claims created by “BigData” when associated with the geographies of 

information; both user-generated and inferred through analysis is an intriguing and 

important topic of research that binds across disciplinary lines. 

I.B DEFINING THE TERMS USED IN THIS DISSERTATION 

This sub-field of Geography, ‘neogeography’, where I classify this dissertation is very 

new to the discipline.  Most of the terms and definitions as well as the data sources that I 

use here have existed for less than ten-years.  Similarly I rely on less-conventional 

methods to analyze these data sources, as traditional GIS methods alone were not 

sufficient for mapping relationships, or examining large datasets.  For this reason, I 

clarify the terms used in this dissertation below.  

This dissertation relies on the above conception of BigData as a phenomena at the nexus 

of technology, analysis and mythology (boyd & Crawford, 2012).  While there are many 

sources of BigData including census and genomic data, I rely on data obtained from Web 

2.0 as it contains geographic information that shapes and is shaped by the perceptions and 
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interactions of those who create it.  Web 2.0 is the evolution of the internet that embraces 

user-generated content as harnessing collective intelligence in a light-weight, easy, cost 

efficient model (O'Reilly, 2005).  This allows more users to contribute to massive and 

unique data-sources. 

The inequalities and biases reproduced in ‘BigData’ have strong implications for 

geographic information, and the GeoWeb. The GeoWeb is the portmanteau for the 

“Geographic World Wide Web” and includes websites and mobile applications that 

produce geolocal and georeferenced information (Haklay, Singleton, & Parker, 2008).  

When users opt-in to providing a location to the GeoWeb they are volunteering 

geographic information (S. G. Elwood, M.; and Sui, D., 2011) even when it is in the form 

of a social media update (e.g. on Twitter or Facebook). Much of the data consumed and 

reproduced in the GeoWeb originates through Volunteered Geographic Information 

(VGI) which is the content users contribute to Web 2.0 that includes location information 

(Goodchild, 2007).   

This dissertation relies heavily on data obtained and presented on the GeoWeb. The 

content for most base maps accessed online or on a mobile device is composed with data 

from a repository for VGI, such as Google Maps (maps.google.com) or OpenStreetMap 

(openstreetmap.org).   Social connectivity is illustrated in the GeoWeb through social 

networks and micro-blogging services such as Twitter that emulates social networks 

offline.   
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I additionally touch on issues of conceptions of distance within the network society.  As 

space cannot be entirely separated from social activity (Castells, 2009), I contribute a 

comparison between social distance and spatial distance. There are many definitions of 

distance that I employ in this dissertation.  Some use material distance as the measure of 

units on the ground that separate two or more entities.  Other times I refer to “social 

distance” which is what sociologists refer to as “interactive social distance:” the 

frequency and intensity of interactions among individuals (Bogardus, 1933). Each of the 

methods for examining social distance (density, transitivity, triad analysis) relies on an 

assumption that the closer individuals are socially, the more they have in common, 

including shared contacts.  A key point in social distances is that relationships do not 

require colocation, nor does colocation infer a relationship. Similarly I examine more 

than one measure of spatial distance including a standard deviation of distance and a 

median distance for a group of entities within a network. These are explained in depth in 

Appendix C. 

I.C LEVERAGING BIG GEOWEB DATA WITHOUT FORGETTING ITS 
SHORTCOMINGS 

Much like early promises that the internet would universally connect individuals without 

the constraints of geography (Cairncross, 1997; Negroponte, 1996); early promises of the 

GeoWeb envisioned web-based maps and VGI as a means for “changing power 

relationships and empowering previously marginalized groups” by adding themselves to 

the map (Tulloch, 2007). Similarly, research contextualizing  ”neogeography” indicated 

that “social networking practices of Web 2.0” will generate data as a bottom-up practice 
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and “democratize geographic knowledge by shifting the production and use of GIS data 

from a handful of experts to large groups of users” (Warf & Sui, 2010).   

This claim of the democratization of geographic information through technology are 

countered by narratives of differential access and imbalanced representation, corporate 

interests in the technology, and data structures that exclude the representation of other 

epistemologies (S. Elwood, 2008). Graham (2010)  indicated that ‘democratic’ practices 

of the GeoWeb may be inherently exclusionary when he wrote “the enormous virtual 

dimension to place has been created by specific demographic segments, and as a 

consequence many opinions and viewpoints have likely been left unsaid, just as many 

places remain virtually hidden and invisible.” (p. 443).  As Haklay (2012-forthcoming) 

identifies, claims of “democracy” in the GeoWeb should be used with caution as these 

may imply a value-free technology that masks the inequalities created through its 

implementation.   

Nevertheless, the GeoWeb contains important insights about the interactions between 

people, places, and technology.  With hundreds of millions of users contributing billions 

of points of data about their everyday lives, the Geoweb is a vast resource with abundant 

details documenting a subset of individuals and their perspectives on the world.  GeoWeb 

Data can be obtained at a variety of geographic scales with meaning attached to location 

eliminating the need to aggregate to larger spatial areas or infer meaning through 

proximity. Lastly, the GeoWeb can draw the dimensions of digital divides, content 
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divides, political divisions, language divisions, social connectivity, censorship, and many 

other characteristics of society.  

While the GeoWeb is shaped and created by user-generated content, it reflexively shapes 

how individuals interact with the world around them (M. A. Zook & M Graham, 2007). 

This necessitates a comprehensive understanding of the networks and representations 

present in the GeoWeb.  The issues of democracy, representation and context in the 

GeoWeb are central to this dissertation.  Using methodologies derived from spatial 

analysis, Geographic Information Systems (GIS), and Social Network Analysis (SNA), 

this dissertation fill gaps in the mythology of ‘BigData’ as it pertains to the GeoWeb. 

II. THE PROMISE OF THE GEOWEB 

A key characteristic of the GeoWeb is the large amounts of user-generated content.   This 

can be volunteered user-generated content, like on OpenStreetMap/Google MapMaker; 

less-volunteered, like contributions to social networks, or non-volunteered data such as 

those obtained from Google searches, cell phones, credit card traces (S. G. Elwood, M.; 

and Sui, D., 2011).  This influx of Big GeoWeb Data has engendered discussion about 

issues including the implications for privacy (S. D. N. Graham, 2005), the mythology of 

its potential uses (boyd & Crawford, 2012), and methodological innovations and 

considerations.  Because this dissertation cannot explore all of these aspects, I will focus 

on the interplay of geo-social and geo-spatial contributions of data to the GeoWeb. 
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In the infancy of BigData, before receiving the criticism of information scientists and 

critical theorists, Chris Anderson described “The End of Theory” to his readers in Wired 

Magazine:   

 “The new availability of huge amounts of data, along with the statistical 
tools to crunch these numbers, offers a whole new way of understanding 
the world. Correlation supersedes causation, and science can advance 
even without coherent models, unified theories, or really any mechanistic 
explanation at all.” (Anderson, 2008) 
 

Information scientists at Google used BigData to identify regional clusters of flu-related 

search terms and identify an outbreak two-weeks before the Center for Disease Control 

(Ginsberg et al., 2008). These search terms were based on an aggregate for a spatial area 

without an examination of nuances in behavior based on the internal demography 

throughout the region.  Perhaps there are gender and race divides still subject to the flu, 

but these do not contribute to Ginsberg et al.’s ‘BigData’ models.  Without a critical 

investigation, these differences among people and relationship to their regions will be 

ignored in the era of BigData. 

My dissertation repudiates these simplistic claims of liberation, collaboration and 

representation in Web 2.0 and instead leverages social network analysis with standard 

spatial analysis to provide grounded case studies of how the GeoWeb is being produced 

and consumed. 

III. LEVERAGING BIG GEOWEB DATA  

Countering trends in big data analysis, this dissertation explores three key aspects that 

integrate the social and the spatial elements of the GeoWeb. The first eschews the 



 

 

21 

aforementioned notions of a democratic and liberatory mechanism for user-generated 

content through demonstrating a strong demographic bias.  Concerned about ‘BigData’ 

ignoring the contributions of outliers or making assumptions based on the elite few that 

contribute the vast majority of content, I examine the demographic bias in the production 

of the GeoWeb.  The second is a methodological analysis tying the context of social 

information obtained from the GeoWeb to material space. This leads to questions about 

how we study and understand Big GeoWeb Data.  Particularly, what methods can 

encompass both the network dimension and the spatial dimension of online content? The 

third aspect is a comparison of the social and the spatial relationships on the GeoWeb. 

This explores the interaction between social-distance measures embraced by SNA and 

spatial distance measures embraced by geography to understand the geography of geo-

social networks. Together this demonstrates how the GeoWeb is embedded in material 

space, and how it reproduces the social relationships of material space.  

BigData and the GeoWeb can provide vast amounts of data, but these phenomena must 

be treated with the appropriate methodological considerations to obtain information from 

the data embedded in these networks. However, providing scholars are aware of the 

limitations to these methodologies they may learn an abundance of information about 

individuals embedded in particular flows of information, located in certain places on the 

globe, and born into certain demographics.  While the GeoWeb is a major source of 

BigData, it is BigData from an elite few that often misses the context of analysis, when 

the context is situated in networks. 
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III. A. WHO IS PARTICIPATING IN THE GEOWEB? 

This new understanding of the world calls for a careful understanding of who is left out 

of BigData sources. Who are the outliers and why are they outliers?  How do the 

individual entities relate when not considered in the aggregate?  Big Geo-Data aggregates 

all individuals to their respective spatial units to identify trends, correlations and 

algorithms that explain some larger meaning.  

Appendix A: Gender and the GeoWeb describes how non-democratic and non-

representational the GeoWeb can be through precluding women’s contributions.  The 

contributors of VGI for basemaps in Web 2.0 are men, and men also serving as 

gatekeepers of local knowledge. Through its democratic process of approving features on 

OpenStreetMap, men dominate women and determine which features can be annotated on 

the map. Serving as ‘Regional Expert Reviewers’ in the hierarchical process of approving 

edits to features, men vastly outnumber women on Google MapMaker as well.   If maps 

help create the world they portray (Wood & Fels, 1992), a basemap that excludes women 

is biased by the norms, traditions, assumptions and political biases of the map makers 

(Harley, 1989) or the men who create this world. As ‘democratic’ as the GeoWeb could 

be, when the vast majority of geographic contributions are generated by a small subset of 

society, it cannot be assumed to be representative. Nevertheless, this biased worldview of 

Google Maps and OpenStreetMap is replicated in every smartphone and the majority of 

online maps further perpetuating the gender imbalance.    
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Entirely ignoring the outliers in favor of those who contribute data is akin to 

understanding class struggles through only examining the elite.  While anybody can 

contribute to these large data sources, they primarily reflect a narrow demographic of 

people who contribute the vast majority of data. 

III. B. SPATIAL AND SOCIAL METHODOLOGIES 

In addition to questions of who is participating in generating the content of the GeoWeb, 

there are also methodological considerations to ensure the context is considered and data 

is processed in a meaningful way. To create information out of data the methods selected 

for any project need to explore multiple relations rather than relying on only the social 

aspect of SNA or the spatial aspect of GIS. 

To understand the social relationships, geography has often conflated the local as a proxy 

for community.  This proximation is more complex than geographic models can consider.  

Communities are sometimes socially bounded and sometimes spatially bounded, but 

these relationships are not yet recognized in one methodological framework. While Big 

Data algorithms can process vast amounts of data, it is exploratory analysis that can show 

patterns to provide answers to epidemiological or the spread of sentiment that sometimes 

originate geographically and sometimes originate through the flows of social networks.  

Appendix B: Exploring Space and Sociability follows on these trends to examine the 

integration and the potential of desegregating GIS from SNA to explore social and spatial 

relations in Big-GeoWeb datasets.  The methodology outlined in this paper would allow a 

derivation for context to be obtained from spatial–point data.  While the combined 
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methodology demonstrated utilizes geo-coded Twitter tweets, this methodology is 

broadly intended to explore relational patterns among a variety of geo-enabled data 

sources.   

III. C. THE RELATIONSHIP OF SPATIAL AND SOCIAL DISTANCE IN THE AGE OF 
THE GEOWEB 

The GeoWeb can produce amazing amounts of data about some individuals, and when 

Big-GeoWeb Data is merged with the context surrounding the individual, the location, 

and the inherent relationships it can provide information that leads to a higher level of 

insight. Another way Big Data gains meaning is through tracking social networks and 

making inferences based on social relationships.  Many of these social relationships have 

a spatial dimension to them as well, but the relationship between the social and the spatial 

in online networks has only been examined at the macro-scale (city level or higher). 

Twitter, along with many other Internet communication technologies, provides users the 

ability to connect and communicate around mutual interests rather than communicating 

with the most proximate individuals regardless of commonalities (Civin, 2000; 

Zuckerman, 2008). Twitter is sometimes used to establish new social ties and social 

communities (e.g. online support groups) when a specialized population with shared 

interests is not present in material space (K. Hampton, 2004, p. 218).  As such it is a 

microblogging service that is readily identified and studied for the social connections 

among individuals as well as sentiment analysis and trends during large events (elections, 

political uprising, natural disasters, etc.).  
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Twitter is the second largest social networking site in the world and allows researchers to 

peer into its structure through an open Application Programming Interface (API).  This 

provides a stream of Big Data relating to the sociability between individuals and the 

transmission of information over space. 

 Despite the ability of Twitter to transcend physical distance, and unite communities that 

would otherwise be outliers in their local area, Twitter networks retain a strong 

relationship to geography. Distance is not dead, nor is it completely dominant.  Rather, 

Twitter is effectively used to unite individuals both in their local communities as well as 

allow users to identify and follow a particular subset of related users farther away.  

Appendix C: Follow Thy Neighbor, uses a BigData framework to understand the 

geography of Twitter communities at the individual level.  It asks if individual Twitter 

networks are more locally based or globally based through comparing the social 

connectivity in a network with the spatial connectivity in a network.  This paper 

determines that the extent of ties is dependent on the size of the network with smaller 

networks more socially clustered and extending a smaller distance and larger networks 

creating ties more locally based than if they were constructed randomly but with a lesser 

degree of social clustering. Even as technologies, such as Twitter enable a larger volume 

interaction between spaces, these interactions do not invent new social and spatial 

patterns, but replicate existing arrangements. 
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IV. SUMMATION 

Although ICTs have help transform the social and spatial practices of society Geography 

remains an important factor in the spatial organization of society and the path of flows 

between places and relationships.  Exploring the nature of these transformations is the 

focus of this dissertation and together these papers represent an analysis of the geography 

of geo-social information online.   

One of the more significant findings that emerged is the extreme gender disparity in the 

contribution of geographic information.  The GeoWeb did not empower previously 

marginalized groups but rather reproduced existing representational inequalities through 

the structure of contributions of cartographic information.  With Web 2.0 social networks 

that generate online communities, and crowd sourced data providing sources of 

information, there are many sources contributing BigData.  Unfortunately much of this 

data is generated by a small subset of the population that voluntarily contributes 

information, and a larger portion of data is generated by the population without their 

consent.  This is not a democratic structure for obtaining BigData.  In this vein, promises 

of BigData replacing context and theoretically based models would leave data as just 

that—data with a pattern—but not information with meaning.  

Methodologically, this dissertation utilizes and calls on other scholars to employ an 

integration of SNA and GIS to consider the context surrounding GeoWeb information.  It 

is in this framework that data becomes information and produces meaning. Additionally 

Big Data often misses the context of the analysis when we rely on only methods from one 
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discipline (such as GIS from Geography or SNA from Sociology).  For a more robust 

understanding of the data contributors we need to incorporate multiple methodologies to 

convert GeoWeb data into information about people.  Big data relies on a biased sample 

of those who contribute data that leads to problems with getting a representative sample 

and with obtaining and representing contextual information.   

It is in the nexus of methodology and theory that this dissertation contributes to 

geography, the GeoWeb and BigData.  I have challenged previous assumptions about the 

liberating power of web-based mapping applications. I have questioned the common 

practice of aggregating individual data to a spatial unit without regard to the relationships 

among entities in that unit.  Lastly, I have defined that Geography, is still relevant to 

sociability in online social networks.  Even though users can use Twitter to connect to 

anybody anywhere in the world these connections are strongest at the local level, where 

the site can be used to effectively disseminate information.  

Although this has looked at specific case studies of online practice and technologies, the 

findings have implications that go beyond OpenStreetMap, Google Maps or Twitter to 

how understand how location impacts technology and how technology and society 

reinforce geography.  The studies and methods implemented in this dissertation have 

implications for further research integrating VGI and social networks. As user- generated 

geographic content and BigData continue to evolve and present new challenges they will 

undoubtedly instigate further research 
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PRESENT STUDY 
 

The methods, results and conclusions of this study are presented in the paper appended to 
this dissertation.  The following is a summary of the most important findings in this 
document. This chapter is intended to summarize the methods, results and conclusions 
contained in this dissertation. 

 

 

This dissertation analyzes the geography of information in the 21st century where social 

networks, user generated production of content and geography combine to create new and 

complex patterns of space, context and sociability.  This phenomenon, commonly 

referred to as the Geoweb, is less than a decade old but has radically expanded the way in 

which spatial and relational information is used, tracked and made available.  Both online 

and offline, social networks are creating a space that simultaneously unifies individuals 

while identifying distinct differences in their patterns and their relationships to space 

(Castells, 2001). When users volunteer information to the internet (particularly with a 

geographical reference), this data is reflective of their beliefs, perceptions, and 

perspectives of the world around them.  Thus, individuals are contributing data to help 

map the world at an unprecedented rate and in so doing provide the means by which we 

can study the geographies of their perspectives and relationships. 

The volume of this user-generated data and its synergistic effects on methodologies 

necessitates a comprehensive understanding of the networks and representations present 

in the GeoWeb. Accordingly, issues of representation and context in geography and the 

GeoWeb are central to this dissertation.  Using methodologies derived from spatial 
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analysis, geographic information systems (GIS), and Social Network Analysis (SNA), 

this dissertation fill gaps in the mythology of ‘BigData’ as it pertains to the GeoWeb. 

Far from dead, geography remains intensely relevant, but it is continually reconfigured 

new ways.  ICTs have mimicked and supported existing social structures and allowed 

individuals to extend themselves (or at least their actions) into flows between non-

contiguous spaces. Geographic methods to analyze these interconnected spaces have not 

evolved to explore the context of relationships among entities.  Geographers are still 

largely limited to assuming spatial contiguity rather than networks over space.  Both 

online and offline, social networks create a space that simultaneously unifies individuals 

while identifying distinct differences in their patterns and their relationships to space. 

As such, the GeoWeb contains important insights about the interactions between people, 

places, and technology.  With hundreds of millions of users contributing billions of points 

of data about their everyday lives, the Geoweb is a vast resource with abundant details 

documenting a subset of individuals and their perspectives on the world. It is the goal of 

this dissertation to begin to better understand these geographies and lay the foundation 

for a continuing research project on these topics. 

I. GENDER AND THE GEOWEB: DIVISIONS IN THE PRODUCTION OF USER 
GENERATED CARTOGRAPHIC INFORMATION (APPENDIX A) 

The GeoWeb presents an opportunity to expand the array of potential contributors 

describing the earth through digital geographic information.  However, the adoption of 

user-generated geographic information has not been uniform, resulting in an uneven 
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distribution of content and more nuanced digital divides.  This paper uses a survey of 

internet users to measure the gender divide in the contributions of cartographic 

information to the Internet and examines the impact of this divide within the context of 

OpenStreetMap and Google MapMaker. This paper argues that in both of these publically 

available basemaps there is a readily apparent gender divide which results in men serving 

as the gatekeepers of local knowledge.  I argue that his leads to gendered user generated 

representations within these reputedly open mapping practices.   As these digital 

basemaps are reproduced and utilized by almost every mobile application or web-based 

map, the gender divisions in the creators of content are endlessly reproduced.   

I.A. METHODS 

This paper relies on three intertwined methods to understand the gender divisions in the 

production of user-generated cartographic information.  First, a survey of internet users is 

deployed to understand their contributions to the GeoWeb; next the paper conducts an 

analysis of a Google Database of 859 contributors to the Google MapMaker basemap; 

and finally a case study comparison is presented on the voting results for approved and 

rejected features on OpenStreetMap. 

This paper begins with a survey of internet users1 to define the different contributions of 

data at the user level and to provide a comparison for contributions of geo-social and geo-

local data across platforms.  The survey was distributed globally through relevant list 

                                                
1 Human Subjects exemption approved 1/25/12: FWA00004218 
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services, social networks, and posted on the website FloatingSheep.org and received 

1,600 responses.  

Second, the paper relies an analysis of the ‘Regional Expert Reviewer’ and editor 

database for the MapYourself that is a directory of contributors to the Google MapMaker 

project2.  In addition to providing a map of where users were editing the basemap, it 

included a database of their gender, hometown, and whether they were a “Regional 

Expert Reviewer” (RER). The RERs volunteer their time and approve the edits 

contributed to the map by regular users.  Google requests that all RERs contribute their 

information to the MapYourself community as an introduction to others who may edit in 

their region.  

The last method was  a case study analysis of the  process by which features types were 

rejected or adopted by the OpenStreetMap community  This case study focuses on the 

debate between those advocating for a childcare feature and those opposing this new 

feature as it was too redundant with the already approved “kindergarten”.  

I.B. RESULTS 

This paper determines that all three methods reveal strong asymmetries in gender 

representation on the GeoWeb. The survey indicated that there might be a gendered 

difference in the quantity of contributions of geospatial information to the internet.  This 

discrepancy on OpenStreetMap leads to a significant difference in how features are 

                                                
2 This dataset is available at: 
https://sites.google.com/site/mapyourworldcommunity/map‐yourself. 
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categorized and which feature types are approved as amenities on the basemap.  On 

Google Maps this gendered differentiation manifests with women as users of the maps 

and men as “expert reviewers” of local knowledge.  The basemaps that define features 

and represent the material world in a virtual earth are constructed through a democratic 

process where decisions are collectively made and users have the option to be authors.  

Unfortunately this democratic process, like many others, excludes and marginalizes those 

who do not take part in building it.  Across all cartographic platforms, men have a 

dominant voice in determining which features will be defined and identified in the digital 

base map that represents earth.  

I.C. CONCLUSIONS  

Despite the promise of user-generated content democratizing the top-down nature of data 

production, the contributors of base-map data are extremely uneven.  Men produce the 

vast majority of data across both OpenStreetMap and Google MapMaker.  Additionally 

men serve as the gatekeepers to local knowledge in their capacity as the Regional Expert 

Reviewers on Google MapMaker, and exercise their democratic capacities to veto 

basemap features of interest to women. 

In a map or be mapped world, men are mapping and women are being mapped. The men 

who document their local knowledge in Web 2.0, are documenting their own norms, 

traditions and biases as the mapmakers. In this light, it is unsurprising that the inequalities 

in the representation of places online mimics and potentially reproduces the inequalities 

of those who produce the data. Both OpenStreetMap and GoogleMapMaker provide a 
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resource in whose production women are in large part not participation but nevertheless 

is used as a basemap for most mobile applications and websites. 

II. EXPLORING CONTEXT IN GISCIENCE: IMPROVING BIG GEOWEB DATA 
RESEARCH THROUGH SOCIAL NETWORK ANALYSIS (APPENDIX B) 

Geographers studying the GeoWeb have often overlooked the tools and methods of 

Social Network Analysis (SNA) and focused only on the where element of location. 

Sociologists studying the GeoWeb often focus on the who factor and bypass the role of 

location.  This paper calls for a more integrated approach that incorporates both SNA and 

GIS to retain the context of data during analysis. 

Specifically, the GeoWeb provides a rich source of data that can inform a large variety of 

projects with both geographic and social context.  This provides several new avenues for 

heeding context through analytic methods and visualization. This does not provide a 

solution to all GIScience questions, but provides three areas where context is most 

frequently missing from geospatial analysis of virtual networks: 

• the context of location (where) 
• the context of the user producing the information (who) 
• the context of the message itself (what/why) 

 
To explain each of these context omissions from spatial analysis, this paper critiques 

historical epidemiological studies that missed the context in their methodological 

frameworks. This framework is used to draw out potential solutions to each of these 

emissions as they occur with GeoWeb data and cartography (particularly Twitter data).. 

II.A. METHODS & DISCUSSION 
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To examine the context of location, this paper considers that approximately half of twitter 

users tweeted in two or more locations during a one-week sample period.  Of these users, 

10% tweeted more than two decimal degrees apart.  Many analyses using tweets assume 

one static location for the user, however this is inaccurate, as users exist in the flows 

between the major metropolitan areas of the United States.   This is demonstrated through 

a flow map of the complex geographies traversed by tweeters in one-week.  While this 

analysis considers the context of the location and the user, it ignores the context of the 

message by only considering the system as an aggregate. 

To consider the context of the message contained in tweets without losing the context of 

the user, this analysis compares patterns of association through colocation and association 

through coproduction.  The pattern of tweets generated for two keywords when spatial 

association links each term to a third word is compared to the pattern when the same 

terms are linked through tweets by the same user.  This produces two different spatial 

analyses.  The former infers a Modifiable Area Unit Problem through lacking context to 

the user, and the second requires a small amount of Social Network Analysis to link the 

terms to the user.   

Lastly, to consider the context of both the tweet and the location this paper illustrates how 

context alters the geographies of movement in physical and information space.  This was 

done by creating eight diagrams, one for each keyword or dyadic relationship between 

two keywords.  This demonstrates the different keyword-based flows produced by users 

that tweet those specific words. 
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II. B. CONCLUSIONS: 

GIScience tends to condense the spatial world of content-rich entities into an arrangement 

of point, line, and polygon layers that can be assigned to a dimension and mapped.  This 

neglects the dynamic context that simultaneously exists between layers or in multiple 

spaces.  To focus on just the organization of elements rather than the context of their 

placement forfeits the opportunity to learn information from the data.  This is not a 

problem unique to GIS or SNA but is endemic to approaches that only consider the social 

or the spatial dimension of analysis.   

This paper does not present a solution for all GIScience questions, but rather an approach 

that highlights the complexity of spatial analysis of BigData from the GeoWeb.  The 

GeoWeb is not unique in its complexity but it inherently includes both geo-social and 

geo-spatial information that loses meaning when stripped of context. 

III. FOLLOW THY NEIGHBOR: CONNECTING THE SOCIAL AND THE SPATIAL 
NETWORKS ON TWITTER (APPENDIX C) 

This paper examines the relationship between space and social relations on the GeoWeb. 

Particularly it focuses on the social and spatial distances among follower networks on 

Twitter in the United States. Takhteyev, Gruzd, and Wellman (2012) conducted a study 

of Twitter ties among regional agglomerations to find that the volume of ties between city 

pairs closely resembles the volume of traffic in already established networks, such as 

airline travel, migration, financial interactions and telecommunications.  Using the ties 

among individual users as a unit of analysis to understand the social context of twitter 
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communities, this paper focused on the micro-level of identifying the geography and 

connectivity in Twitter networks. 

The methodologies contained in this paper are drawing heavily from Social Network 

Analysis to compare multiple conceptions of social distance to spatial distance.  To 

conduct this analysis, a sample of 100,000 Twitter users was obtained, followed by an 

extensive geocoding process to associate the user-generated profile locations to city-level 

geographies in the United States.  The final data set consisted of 400 egos with 87,292 

ties to 55,880 alters who connected among themselves to form a total of 4.5 million ties.  

These ties have complex and multi-faceted relationships, the geography of which is 

outlined in this paper. 

III. A. METHODS AND RESULTS 

For each ego, the spatial distance in their network is calculated as the standard deviation 

of distance to their alters.  In the United States most of these ties (68%) are at a distance 

of less than 3000 kilometers with a wide dispersion in clustering (mean = 2541km) 

indicating an East-coast/West-Coast divide (as discussed in Appendix B). 

The spatial distance in ego networks was compared with network density, a ratio of the 

number of ties in the network to the number of possible ties. The mean network density 

for each ego network across the data set is 0.17 (a common density for communities in 

material space). This was negative correlated with the number of ties as larger networks 

have a lower network density (Spearman’s rho = -0.78), implying that larger networks 

have less connectivity. As standard distance among the ego and alters increases, the 
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density of the network (relationships among the alters) decreases. These measures are 

negatively correlated (Spearman’s rho = -0.40) implying that networks are less related as 

they extend over larger distances.  

Network density assumes all ties in the network have the same meaning, but to better 

understand the context of each tie, this paper looks at network transitivity; the number of 

transitive triads (specific directionally connective substructures) to the total number of 

triads in a network, where a triad is a set of three nodes that may share any number of ties.  

This indicated that transitive triads are clustered in relationships of up to 500 kilometers; 

beyond this threshold, distance has little effect on the network substructure.   

III. B. CONCLUSION 

Through a comprehensive Social Network Analysis (SNA) of network density and 

network transitivity compared to the standard distance deviation within individual ego-

networks (follower/followee relationships), this paper determines that Twitter networks 

are socially structured in a way to most effectively transmit information at the local level 

(at distances of less than 500-kilometers).  This is in line with findings from Takhteyev et 

al. that determined that the frequency of linkages among cities at a 3000-kilometer 

threshold is most common, but goes further to explore the local context of these 

connections.  Triadic connections under 500-kilometers from the ego are 2.5 times more 

likely to be transitive than those between 500 and 3000 kilometers.  This determines that 

not only is distance important to the communities developed in online social networks, 

but scale is extremely pertinent to the context of these networks. While the social 
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practices of the Internet age allow for connections to be developed and maintained 

without regard to physical contiguity, the social practice at play on Twitter is for these 

connections to mimic the connections developed in material space. 

IV. SUMMARY 

’The net cannot float free of conventional geography” (Hayes, 1997 in Zook et al., 2004)  

It is impossible for internet users to completely disconnect from the material world in 

which they are embedded.  As such, our social networks on digital platforms like Twitter 

have a geography that blends digital and material dimensions. 

Although ICTs help transform the social and spatial practices of society, geography 

remains an important factor in the spatial organization of society. The flows of 

information between places and people have meaning and context that needs to be 

addressed in geospatial analysis. As such, the context of the contributor that generated 

data cannot be excluded. Despite previous assumptions, the GeoWeb does not empower 

marginalized groups but rather reproduces existing inequalities through the structure of 

Volunteered Geographic Information (VGI) contributions.   

This dissertation repudiates simplistic claims of liberation, collaboration and 

representation in Web 2.0 and integrates social network analysis with spatial analysis to 

provide context to how the GeoWeb is being produced and consumed.  



 

 

41 

APPENDIX A—GENDER AND THE GEOWEB: DIVISIONS IN THE PRODUCTION OF 
USER GENERATED CARTOGRAPHIC INFORMATION 

 

Monica G. Stephens 

 

Manuscript submitted to GeoJournal (special edition: Theorizing the GeoWeb). June 
2012 

 

ABSTRACT 

The GeoWeb presents an opportunity to expand the array of potential contributors 

describing the earth through digital geographic information.  However, the adotion of 

user-generated geographic information has not been uniform, resulting in an uneven 

distribution of content and more nuanced digital divides.  This paper uses a survey of 

Internet users to measure the gender divide in the contributions of cartographic 

information to the Internet and examine the impact of this divide within the context of 

OpenStreetMap and Google MapMaker. This paper argues that in both publically 

available basemaps the gender divide results in men serving as the gatekeepers of local 

knowledge leading to gendered user generated representations.   As these digital 

basemaps are reproduced and utilized by almost every mobile application or web-based 

map, the gender divisions in the creators and content are endlessly reproduced.   
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I. THE PROMISE/PROBLEM OF USER GENERATED CONTENT  

Geographic Information Systems are slowly evolving and adapting to new trends in data 

and technology.  Harnessing collective intelligence through innovations in authorship and 

data distribution, GIS is slowly merging with Web 2.0.  Web 2.0 has introduced a 

liberation of data with crowd-sourced collective information that is designed for linking 

with other content.  Content in Web 2.0 is created and distributed in a social context with 

users producing information and data for other users to consume (Ritzer & Jurgenson, 

2010).  This “collective wisdom” generated by a crowd of peers developing content is 

now a primary source of knowledge informing decisions on multiple levels from the 

household to businesses and governments.  This knowledge is manifested on the internet 

in the form of “user-generated content” which includes websites that rely on users 

sharing rating information (such as local review/rating sites like Yelp), posting photos 

and videos (YouTube, Flickr), and providing social information (Facebook/Twitter) 

generally outside of their professional duties.  As these websites incorporate geospatial or 

locational information they constitute ‘The Geographic World Wide Web’ or ‘the 

GeoWeb’ (M. Haklay, Singleton, & Parker, 2008). 

Some early rhetoric surrounding the GeoWeb and Web 2.0 focused on an unlimited 

potential for the democratization of information. O’Reilly (2007) envisioned Web 2.0 

applications that would enable public access to existing data and create unique data 

sources by harnessing collective intelligence. These sites would include and trust users as 

co-developers and be intentionally designed for users to hack and remix data. This 

structure would allow for citizens, acting as scientists without specialized training to 
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provide data and contribute to larger scientific discoveries in what Goodchild  (2007b) 

termed “volunteered geographic information” or VGI. Data collected by millions of 

individuals without specialized equipment use Web 2.0 technology to create resources 

that rival the accuracy of those made by official ‘top-down’ sources of information.  

These data sources include basemaps with accurate roads and building locations that can 

compete with government-created map sources (M. Haklay, 2010).  By providing a 

system to host and manipulate data created by the people, for the people and available to 

the people, the GeoWeb was envisioned as offering an opportunity to democratize the 

structure of and access to information. This egalitarian potential for the GeoWeb, 

however, has not been realized. 

As the GeoWeb harnesses data contributed by citizens everywhere and aggregates it to a 

useful form (such as a detailed base map), it begins to assume the authority as a resource 

for information.  However, like all maps, those created through user-generated content 

are still biased by the norms, traditions, assumptions and political biases of the map 

makers (Harley, 1989). Despite increased numbers of distributed editors and measures to 

increase data accuracy through redundantly crowdsourced contributions (for more 

information about accuracy see: M. M. Haklay, Basiouka, Antoniou, & Ather, 2010), the 

data sources (aka the individuals that contribute data) to the GeoWeb are not impartial or 

unbiased.  This means that as maps emerge from distributed efforts at collecting data, the 

maps are colored by the demographics of the mapmakers. 
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Information within Web 2.0 and the GeoWeb does not represent everybody equally.  

Google, for example, is used as a data source for a large variety of questions from 

accepted knowledge (i.e. atomic-elements, weight conversions, time zones, etc.) to 

subjective questions (i.e. deaths in a conflict, best-pizza in a city, global climate change, 

evolution, etc.).  When this information is aggregated, ranked and indexed it invokes 

authority that makes it easy to forget that responses to subjective queries are based on the 

individual agendas of the person who queried the information, the individual who 

uploaded the data, and the people who linked to the data and thereby helped to prioritize 

it in Google’s rankings.  Despite the subjective nature of online information, the way we 

perceive our material offline environments is partially determined by the way Google 

indexes and ranks information (M.A. Zook & M. Graham, 2007).   

Google is not just a source of information but a data intermediary with opaque algorithms 

that filter, display and rank information. To display the most relevant content for users, 

Google creates ‘data profiles’ for each user. This profile stores the IP-address, browser 

history, shopping history, email contacts, email content, etc.  If the user has a smart-

phone, particularly one with an Android operating system, data from the phone, including 

location, directions, phone contacts, and search history contributes to this profile. Google 

uses this individualized ‘data profile’ to determine which search results are most 

applicable to the individual user, algorithmically filtering out results that do not appear to 

adhere to the perspectives and current location indicated in the data profile. While 

appearing convenient, “personalization filters serve up a kind of invisible 

autopropaganda,” (Pariser, 2011) when the motivations, protocols, and filters that limit 
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our information are not visible. Through this autopropaganda information is 

automatically hidden based on the invisible biases inherent in the data profile blinding 

users to the diversity of opinions available on the Internet.     

In a geographic context the filtering of information is sometimes convenient.  When 

searching for “pizza,” Google returns results for local pizza restaurants (and filters out 

those far away).  When opening Google News, local stories appear alongside stories of 

interest to provide local information. Users are blinded to irrelevant non-local 

information as the ranking algorithms favor the most proximate data to the location a user 

provides.  A recent pew American Life survey indicated that 47% of individuals use the 

internet as their only source of information about their local community (Rosenstiel, 

Mitchell, Purcell, & Rainie, 2011).  As Goodchild (2007a) predicted: “the most important 

value of [Volunteered Geographic Information] may lie in what it can tell about local 

activities in various geographic locations that go unnoticed by the world’s media, and 

about life at a local level.” Volunteered Geographic Information  (VGI) is now a primary 

source of local knowledge. Google has used the geographic information its users 

unknowingly “volunteered” to provide information at a local level.  While this 

information holds promise as a means of gathering information from a broad base of 

individuals on a wide range of activities, it is subject to the biases of those who created it, 

the biases of those who access the information.   
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II. UNDERSTANDING THE BIASES OF ONLINE USER GENERATED CONTENT 

Given the biases associated with user-generated content it is important to examine the 

individuals who are contributing and accessing it.  For example, Wikipedia is the largest, 

and most trusted online encyclopaedia, and has recently supplanted traditional print 

sources of encyclopaedic-knowledge.  The substantial array of topics and articles that 

represent historical/contemporary individuals, places, things, as well as current debates in 

society are all constructed and edited by volunteer contributors. However, recent research 

indicates that Wikipedia contributors are primarily male with a growing gender gap that 

is leaving women behind in contributions and in content (Lam et al., 2011). Cohen (2011) 

identified that 13% of Wikipedia contributors are female, leaving 87% of articles 

generated by men.  This suggests that topics of greater interest to women, as well as 

women’s perspectives on events and issues, are less prevalent within Wikipedia’s set of 

facts. In short, there is a gendered dimension to this online encyclopaedia.   

The gender-gap present on Wikipedia parallels earlier findings that women lag relative to 

men in how they employ computers and Internet communities. Wasserman et al. (2005) 

defined three aspects of the gender gap online as: access/opportunity to use the internet, 

frequency of use, and scope of internet use.  Moreover, Wasserman and others (Bimber, 

2000; Imhof, Vollmeyer, & Beierlein, 2007; Jackson, Ervin, Gardner, & Schmitt, 2001; 

Ono & Zavodny, 2003) found that in Anglo-American and European communities there 

is no significant difference in gendered access to the technology. Bimber (2000) 

attributes gendered differences in use to “inherently ‘gendered’ technology embodying 

male values, content that favors men, sexual differences in cognition or communications, 
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or other factors.”  In short, men and women access the Internet at the same rate, but there 

is an ongoing gendered divide in the scope of Internet based activities.   

 

This gender divide in Internet use becomes particularly troubling if it impacts the 

material of content generated by users.  As the users in a web 2.0 framework are 

contributing material as authors/developers to Wikipedia, YouTube, OpenStreetMap, 

Google MapMaker, Flickr, etc., if the demographics of contributors are unevenly skewed, 

the content of these sites—the content that is the basis for information in Google searches 

or the base-map for mobile web applications will represent the viewpoints of the few that 

contribute. While the Internet has the potential to democratically collect and disseminate 

information, neither the collection nor the dissemination is necessarily representative of 

the world’s population. 

Graham (2012) identified an uneven geography emerging from Wikipedia.  Nearly two-

billion people are able to contribute to Wikipedia, and hundreds of thousands have 

contributed information about hundreds of thousands of places, yet these descriptions are 

densely concentrated in North America and Western Europe leading to an uneven 

distribution of knowledge (M. Graham, 2012).  In contrast, other parts of the world like 

countries in Africa and Latin America have very little content written about the features 

and individuals and events there, a result of an imbalance in content creation.   This 

uneven pattern of content describing the earths surface is repeated across multiple 

platforms and at many scales (M. Graham & Zook, 2011). 
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The uneven spatial distribution of user-generated content on GoogleMaps has been 

addressed by Zook et al. (year, CITE).  In addition to the substantial spatial inequalities in 

the online descriptions of the world, the content itself may also contain biases.  This 

information, gathered under the rubric of ‘user-generated content,’ was collected by 

volunteers interested in aggregating, displaying or sharing information, and is accessed 

and utilized as a resource for information.  The volunteers that collect and distribute these 

data are “citizen-scientists” or “neo-geographers” and use their senses and abilities to 

contribute information about the world around them to a larger data source (Goodchild, 

2008).  To better understand the demographic divides in the volunteers that create 

geographic user-generated content, this paper seeks to understand who are the “voluntary 

sensors” that contribute user-generated content?  
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III. DEMOGRAPHIC DIMENSIONS OF THE GEOWEB 

The cases of Wikipedia and Google Maps outlined above demonstrate that inequalities in 

access that exist within spatial demographics of society are reproduced in geographic 

applications of Web 2.0.  Of concern is that these divides will become more pronounced 

and visible as the amount of geospatial Internet content contributed by users increases. 

Software code has created, impacted and structured a multiplicity of “social and 

geographic inequalities within and between places” (S. D. N. Graham, 2005).  

Inequalities that exist within society offline, such as racial inequality, are digitally 

reinforced and recreated within “cyberscapes” through the presence of indexed content 

(Crutcher & Zook, 2009).  In a similar vein, Crutcher and Zook (2009) identified areas of 

New Orleans with a higher percentage of African Americans residents were less 

represented in the GeoWeb.  Despite the promise of Web 2.0 liberating data by 

empowering individuals to contribute local knowledge, access to technology, income, 

and race are still relevant to which spaces are described and annotated in the GeoWeb. 

The use of Web 2.0 tools are allowing ordinary users to describe the material world by 

digitizing the places around them or ascribing qualities (metadata) to places in their 

neighborhoods.  Much like early promises that the internet would universally connect 

individuals without the constraints of geography (Cairncross, 1997; Negroponte, 1996); 

early promises of the GeoWeb envisioned cybercartography as a means for “changing 

power relationships and empowering previously marginalized groups” by adding 

themselves to the map (Tulloch, 2007).  Google demonstrated this goal by ‘partnering’ 
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with an Amazonian tribe3 to provide the resources to create maps protecting areas of 

importance to the tribe (Clendenning, 2007; Epstein, 2007; Reel, 2007; Ustinova, 2008). 

This example demonstrates the objective of community mapping projects to change the 

power dynamics through legitimizing the diversity of authorships and images by 

providing resources to alter the technical barriers to access (Parker, 2006).  However, it 

should be noted that even within indigenous maps and participatory mapping projects, 

women’s spaces and perceptions of place are often excluded (Rocheleau, Thomas-Slayter, 

& Edmunds, 1995).  

These efforts towards community mapping has been most coherently manifested in 

Google Map Maker.  Google MapMaker explicitly requests volunteers to “Enrich Google 

Maps with your local knowledge” and “use Google Map Maker to improve the map of 

places that matter to you. Update the actual map as seen by millions of people on Google 

Maps” [emphasis added]. See Figure 1 for the splash start-up screen requesting local 

knowledge from volunteers.  In a similar process, OpenStreetMap 

(www.OpenStreetMap.org) enlists volunteers to update and annotate their wiki-style map, 

but appeals to an open source, democratic/participatory mapping (map-or-be mapped) 

mindset.  The resulting ‘cyberscapes’ – be they from Map Maker, OSM or other means – 

are still evolving as users contribute digital information about the places around them. 

                                                
3 Google Earth also describes this project with the Suri on their Outreach page. 
http://www.google.com/earth/outreach/stories/surui.html 



 

 

51 

A. Figure 1:  Google Maps MapMaker Splash Screen 

 

 
(from http://www.google.com/mapmaker) 
 
One of the key questions, however, revolves around who exactly is contributing this 

information.  For example, in Figure 1, GoogleMyMaps informs users: “Parts of your 

neighborhood may already be mapped on Google Maps. Improve these further using your 

knowledge of your locality.” But Google does not provide data or information on who is 

updating these maps.  What happens when one segment of the population contributes the 

places that matter in their community and another does not document their local 

knowledge?  When one demographic segment does not document and share their local 
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knowledge and observations with others (due to the digital divide, lack of access to 

content, digital privacy concerns or lack of interest in participating), they are left out of 

the information society, by narrowing the “horizon of possibilities available” and 

remaining behind in other technological means  (Crampton, 2003).  Consequences of this 

lag is severe—large parts of the world remain unmapped and described (virtually non-

existent in terms of the geoweb) because they are not of high interest to the world until an 

emergency happens (Zook, Graham, Shelton, & Gorman, 2010). 

The dimensions of race and geographic inequalities of the geoweb have been explored, 

there is less work examining gendered divisions in geoweb content.  Studies have shown 

that men and women have access to the internet at the same level and Hampton et al. 

determined that women are more frequent users of online social networks such as 

Facebook, MySpace, LinkedIn and Twitter (K. Hampton, Lauren Sessions Goulet, Lee 

Rainie, Kristen Purcell, 2011).  Another report indicated that Men are significantly more 

likely than women to use location-based services such as Gowalla or Foursquare that 

record a users location and share it with their social network (Zickuhr, 2010).  Thus, 

while women are heavy users and contributors of Web 2.0 social networking activities, 

this participation is not propagated across the Geoweb.  And since geocoded information 

from social networks are a key source for the Geoweb, this suggests yet another process 

which shapes the sources and biases of user-generated geographic information.  
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IV. SURVEYING THE GENERATORS OF THE GEOWEB 

To better understand who is responsible for generating Geoweb content — including the 

extent to which there is a gendered dimension —  we conducted a survey using 

SurveyMonkey, an online survey tool.4  Survey takers were asked to describe their 

contributions to web-cartographic applications (OpenStreetMap and Google Maps) and 

their use of any geo-social applications (geotagged photos and online social networks).  

We also asked questions regarding their intent to contribute geographic information, the 

reasons for providing (or not providing) geo-localizable information in social networking 

applications as well as basic demographic information (gender, age, education).   

This survey was intended to capture a broad international audience with varying degrees 

of familiarity and experience with the Geoweb and volunteering cartographic information.  

The survey was distributed from October 17, 2011 through November 15, 2011.  A link 

to the survey was posted on (relevant blog URL withheld for review), distributed through 

social networks including Facebook, Google+, Twitter, and distributed via relevant list 

services.  Using a snowball method to solicit a wide-range of additional responses the 

survey received 1,113 responses from 48 countries.  Specific questions from the survey 

included: 

− Have you ever heard of Google Maps? 
− Have you ever used Google Maps? 

                                                
4 This survey was also distributed in an Italian language version. The Italian language survey 
results are not included here as they are part of another project.  However, the results of the 
Italian survey are consistent with the English-language version and supports of the finding of 
gender differences presented in this paper. 
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− What do you do with Google Maps?  
− How often do you use Google Maps? 
− Have you ever heard of OpenStreetMap? 
− Have you ever used OpenStreetMap? 
− What do you do with OpenStreetMap?  
− How often do you use OpenStreetMap? 
− Do you participate in any social networks? 
− Have you ever uploaded to a social network a picture taken with a smartphone or 

a camera that has an integrated GPS device? 
− Have you ever tagged a picture on a social network? 
− Have you ever geotagged a picture (geotag refers to tagging a place name) on a 

social network? 
 

The survey also asked respondents for demographic information including gender,5 age, 

“do you work in the fields of Geography, Urban Planning or information sciences?” and 

“what is the highest level of education you have attained?” The relevant demographic 

information of respondents is presented in Table 1 below. 

 

  

                                                
5 Of the 11 individuals that used the “other” category for their gender, only three 
completed the survey.  As this was not statistically significant at any level, only the 
results for those classifying themselves as “male” or “female” are provided in this paper. 
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A. Table 1: Demographic divisions of Survey Populations6 

  
Solicited responses 

Responses from post-
Soviet7 countries Total 

Gender 

Total 

Gender 

Total 

Gender 

Total 
Femal

e Male 
Femal

e Male 
Femal

e Male 

A
ge

 

under 25 Count 55 71 126 3 201 204 58 272 330 
% of 
Gender 

17.6% 21.6% 19.7
% 

33.3% 43.8% 43.6% 18.1% 34.5% 29.8% 

26-40 Count 185 201 386 6 246 252 191 447 638 
% of 
Gender 

59.3% 61.1% 60.2
% 

66.7% 53.6% 53.8% 59.5% 56.7% 57.5% 

41 or older Count 72 57 129 0 12 12 72 69 141 
% of 
Gender 

23.1% 17.3% 20.1
% 

.0% 2.6% 2.6% 22.4% 8.8% 12.7% 

Ed
uc

at
io

n 
le

ve
l o

bt
ai

ne
d 

Less than a 
secondary-school 
degree 

Count 2 4 6 2 42 44 4 46 50 
% of 
Gender 

.6% 1.2% .9% 25.0% 9.2% 9.5% 1.2% 5.9% 4.5% 

High School 
degree or 
equivalent 

Count 20 57 77 1 143 144 21 200 221 
% of 
Gender 

6.4% 17.3% 12.0
% 

12.5% 31.4% 31.1% 6.5% 25.5% 20.0% 

Undergraduate 
degree (Associates, 
Bachelors or 
equivalent) 

Count 68 89 157 0 138 138 68 227 295 
% of 
Gender 

21.7% 27.1% 24.5
% 

.0% 30.3% 29.8% 21.2% 29.0% 26.7% 

Graduate degree 
(Masters, PhD or 
equivalent) 

Count 223 179 402 5 132 137 228 311 539 
% of 
Gender 

71.2% 54.4% 62.6
% 

62.5% 29.0% 29.6% 71.0% 39.7% 48.8% 

Have a degree or work 
in the fields of 
Geography, Urban 
Planning or information 
sciences 

Count 161 149 310 2 132 134 163 281 444 
% of 
Gender 

51.6% 45.3% 48.4
% 

25.0% 28.8% 28.7% 50.9% 35.7% 40.1% 

Total number of 
respondents for each 
Survey category 

Count 312 329 641 8 459 467 320 788 1108 

 
 

Table 1 demonstrates the demographic differences between those in the “solicited” 

survey category and those that might be questionable in origin.  The solicited responses 

                                                
6 In a 48-hour period (Nov. 2-3), the survey received 467 suspicious responses. While 
these did not appear machine-submitted (spam), they were without solicitation and 
demographically different from the rest of the survey responses.  Many open-responses 
were submitted in Cyrillic, and 118 (25%)  mentioned the Russian social network 
Vkontakte.ru (also known as Vk.com) 
7 Includes Russia, Ukraine, Belarus, Moldova, Latvia, Kazakhstan, Kyrgyzstan, 
Turkmenistan and Uzbekistan. 
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achieved a population with a high amount of education (63% with graduate degrees).  

Additionally, 48% have degrees or work in the fields of Geography, Urban planning, or 

Information sciences implying they may be familiar with the content of the survey.  We 

assume that individuals working in Urban Planning, Geography or Information sciences 

or who have achieved degrees in this field are more likely to be aware of OpenStreetMap, 

Google MapMaker, and the ability to geotag data on Social Networking sites.  

In addition to the solicited responses, we also received a large number of Russian and 

post-soviet nation responses in a 48-hour period without solicitation.  These responses 

did not originate at the same time or in response to a prompt like the other responses and 

the demographics of the respondents did not align with other survey respondents. The 

majority of respondents (98%) were men, only 30% had education beyond an 

undergraduate degree, and more than 40% had a high school degree or less.  To account 

for potential errors in the survey results introduced through the homogenous population 

of men contributing unsolicited responses, the following results are presented bifurcated 

with the remaining solicited responses separated from the unsolicited, post-soviet 

countries.  These results between this population is slightly different throughout the 

survey.  Therefore the remainder of this paper will evaluate “solicited,” “post-soviet,” 

and total survey responses separately, such as in Figure 2.  

Table 2 demonstrates the responses from the survey for questions relating to online social 

networks and geotagging information. The results of the survey upheld previous literature 

indicating that gender has no effect on participation in online social networks.  There is 
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no difference between women and men in participation or in the tagging of photos on 

social networks (79.7% versus 78.4%, respectively). However, as geographic information 

is introduced by geotagging locations in images and posts on a social network, female 

participation drops off drops off substantially.  When respondents were asked: “Have you 

ever geotagged a picture (geotag refers to tagging a place name) on a social network?” 

23.1% of women said ”yes” compared to 41.3% of men who said “yes.”  The same 

relationship exists for those taking photos with a device (camera or cell phone) with an 

integrated GPS unit and automated geotagging capability. To the question: Have you ever 

uploaded on a social network a picture taken with a smartphone or a camera that has an 

integrated GPS device? 40.8% of women answered yes, compared to 53.4% of men that 

answered yes (see Table 2 for complete responses). Even as women use online social 

networks to describe the social relationships among individuals by tagging photos that 

link images to other users profiles on social networks, women do not describe location by 

tagging photos or uploading photos that link to places in the material world. 
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A. Table 2: VGI contributions to online social networks (SN) by gender and 
survey 
 (Bold indicates  s igni f i cant)  

  
Solicited Survey 
Responses post-soviet† Total 

  Gender 
Total 

Gender 
Total 

Gender 
Total   Female Male Female Male Female Male 

Do you 
participate in 
any social 
networks? 

Count 281 268 549 5 320 325 286 588 874 
% of 
Gender 

90.6% 86.5% 88.5% 62.5% 82.9% 82.5% 89.9% 84.5% 86.2% 

Total Number of 
Responses 310 310 620 8 386 394 318 696 1014 

tagged a picture 
on a social 
network? 

Count 220 207 427 3 182 185 223 389 612 
% of 
Gender 

79.7% 78.4% 79.1% 60.0% 59.5% 59.5% 79.4% 68.2% 71.9% 

Total Number of 
Responses 276 264 540 5 306 311 281 570 851 

geotagged a 
picture on a 
social 
network?* 

Count 64 109 173 1 137 138 65 246 311 
% of 
Gender 

23.1% 41.3% 32.0% 20.0% 44.6% 44.2% 23.0% 43.1% 36.5% 

Total Number of 
Responses 

277 264 541 5 307 312 282 571 853 

Uploaded to 
SN pic from 
GPS device# 

Count 113 141 254 3 148 151 116 289 405 
% of 
Gender 

40.8% 53.4% 47.0% 60.0% 48.1% 48.2% 41.1% 50.5% 47.4% 

Have not 
uploaded to SN 
a pic from 
GPS# 

Count 157 118 275 2 151 153 159 269 428 
% of 
Gender 

56.7% 44.7% 50.8% 40.0% 49.0% 48.9% 56.4% 47.0% 50.1% 

unsure if 
device had 
GPS# 

Count 7 5 12 0 9 9 7 14 21 
% of 
Gender 

2.5% 1.9% 2.2% .0% 2.9% 2.9% 2.5% 2.4% 2.5% 

Total Number of 
Responses 277 264 541 5 308 313 282 572 854 

Bold indicates significant, total number of responses differs as not every respondent answered every question. 
†Gender dependency for responses from post-soviet countries cannot be independently determined as there are too few 
female responses. 
*Gender dependency significant with a Pearson Chi-Square of 20.546, df = 1, Asymp. Sig. (2-sided) = .000.  
#Gender dependency significant with a Persons Chi-Square of 8.643, df = 2,  Asymp. Sig. (2-sided) = .013 
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As with online social networks, when describing the material world requires providing 

explicit locational information, female participation drops off. In examining who 

contributes cartographic information to the Geoweb—or in the rhetoric of Google, who is 

enriching GoogleMaps with their local knowledge (see Figure 1), the survey results 

imply it is primarily men contributing their knowledge through both Google MapMaker 

and OpenStreetMap. These results should be understood in the context of the survey 

population we questioned—individuals with computer access who could be aware of 

OpenStreetMap.  Most survey respondents (99.1% ) have used Google Maps without a 

gender distinction. When respondents were asked, “Have you ever heard of 

OpenStreetMap?” the difference between genders was significant.  While 61.6% of men 

had heard of OSM, only 23.5% of their female counterparts had heard of the site (see 

Table 3 for details).  This difference was even stronger when the post-soviet survey 

responses were included. Of those who had heard of OpenStreetMap, there was an 

additional gender divide in those who had used the site (56.9% of women and 84.8% of 

men) and those who had contributed data or information to the site (20.8% of women and 

40.1% of men).  These findings strongly indicate that men outnumber women on 

OpenStreetMap. 
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A. Table 3: VGI contributions to cartographic applications by gender and 
survey 

  Solicited survey responses post-soviet Total 

  Gender 
Total 

Gender 
Total 

Gender 
Total     Female Male Female Male Female Male 

heard of 
Google 
Maps 

Count 311 322 633 8 438 446 319 760 1079 
% of 
Gender 

99.7% 98.5% 99.1% 100.0% 96.5% 96.5% 99.7% 97.3% 98.0% 

used Google 
Maps 

Count 296 310 606 8 420 428 304 730 1034 
% of 
Gender 

95.8% 97.5% 96.7% 100.0% 96.3% 96.4% 95.9% 96.8% 96.5% 

contributed 
data to 
Google 
Maps 

Count 81 88 169 1 69 70 82 157 239 
% of 
Gender 

26.0% 26.9% 26.4% 12.5% 15.2% 15.2% 25.6% 20.1% 21.7% 

Total number of 
responses: 312 327 639 8 454 462 320 781 1101 

Heard of 
OSM* 

Count 73 196 269 5 397 402 78 593 671 
% of 
Gender 

23.5% 61.6% 42.8% 62.5% 94.7% 94.1% 24.5% 80.5% 63.5% 

Total number of 
responses: 311 318 629 8 419 427 319 737 1056 

Used OSM# 
Count 41 167 208 3 342 345 44 509 553 
% of 
Gender 

56.9% 84.8% 77.3% 60.0% 86.6% 86.3% 57.1% 86.0% 82.7% 

Contributed 
to OSM¥ 

Count 15 79 94 2 195 197 17 274 291 
% of 
Gender 

20.8% 40.1% 34.9% 40.0% 49.4% 49.3% 22.1% 46.3% 43.5% 

Total number of 
responses: 72 197 269 5 395 400 77 592 669 

Bold indicates significant, total number of responses differs as not every respondent answered every question. 
†Gender dependency for responses from post-soviet countries cannot be independently determined for categories with 
fewer than five female responses. 
*Gender dependency significant with a Pearson Chi-Square of 93.553, and (296.610 for the total survey), df = 1, 
Asymp. Sig. (2-sided) = .000.  
#Gender dependency significant with a Persons Chi-Square of 23.286, (39.532 for total survey), df = 1, Asymp. Sig. (2-
sided) = .000. 
¥Gender dependency significant with a Persons Chi-Square of 8.611, (16.244 for the total survey), df = 1, Asymp. Sig. 
(2-sided) = .003. 
 
 
These findings, demonstrated in table 3, imply that OpenStreetMap is subject to a large 

demographic bias with significantly more men contributing of geographic information.  

While open source and available for anybody to contribute information about locations 

anywhere in the world, women are not as aware of OpenStreetMap.  Of those who are 

aware of the platform, women are also less likely to contribute than their male 
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counterparts.   Gender is a factor that substantially shapes the contributions of 

information to OpenStreetMap. 
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V. OPENNESS OF CONTRIBUTORS TO OPENSTREETMAP 

Evidence of male dominance in OpenStreetMap (OSM) is also evident by an examination 

of the amenities that have been proposed and approved as features on the map.  Features 

are defined by the tags that contributors assign to elements (nodes/points, 

ways/lines/polygons, and relationships) to describe and annotate the earth’s surface. 

Amenities are features that provide a service or a facility for map users; for example, they 

include ice-cream parlours, police stations, public toilets, schools, and many other 

features.  OpenStreetMap users propose features and vote to approve which will appear 

as “map features” (http://wiki.openstreetmap.org/wiki/Map_Features) that will be 

rendered on the basemap.  While many approved amenities, such as a cinema, veterinary 

clinic, or a vending machine are not inherently gendered, other approved amenities such 

as strip club or “baby hatch”8 have clear gendered dimensions.  Thus, it is illuminating to 

review the way in which amenities are categorized. 

For example, OpenStreetMap users approved features to delineate between a restaurant, 

pub, bar, biergarten, nightclub, stripclub, swingerclub and brothel with detailed 

descriptions to delineate the differences.  This includes keys for each feature to provide 

more information (for example restaurant keys include cuisine, diet restrictions, opening 

                                                
8 OpenStreetMap.org describes a baby hatch as “A baby hatch is a place where mothers 
can bring their babies, usually newborn, and leave them anonymously in a safe place to 
be found and cared for. A baby hatch is also known as "safe haven".” 
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hours, smoking, organic, etc.; brothel keys include details such as: escort_services, 

street_prostitution, gangbang, flat_rate, etc.9).   

Once a feature is proposed by an OpenStreetMap user, it is then voted on by the 

collective before it can be used to tag points or areas on a map.  Stripclub and brothel, for 

example, have existed since 2009 before all voting was public, and swingerclub was 

voted on and approved in 2012 without any dissenting votes10.  A review of the proposed 

definition of swingerclub provides a sense of the detailed distinctions made:   

“Swingerclubs can be referred to as amenity=nightclub, but this tag should referre [sic] to 
discotecs and other forms of nightclubs. Not to be confused with amenity=’brothel - there is 
no paid sex in a swingerclub. There are sites named FKK-clubs or similar, that are not 
swingerclubs. In a swingerclub adult people meet to have a party and group sex, usually 
they pay an entrance fee for drinks, food and using the facilities.  

The strong distinctions made between a Swingerclub, a nightclub and a brothel implies a 

keen awareness of these as different institutions.  This distinction also implies a strongly 

gendered sensibility among the contributors to OpenStreetMap.  

In contrast to the brothel/swingerclub/nightclub distinction, proposals for features that are 

more oriented toward women are subject to a less distinct debate.  In April 2011 the 

feature “childcare” was proposed as a “place for children to do homework, play and 

spend time otherwise after school or kindergarten”11  This proposal was heavily debated 

and rejected three-weeks later by a 9-5 vote. Users opposed to the measure argued that 

                                                
9 http://taginfo.openstreetmap.org/search?q=brothel 
10 see: forum.openstreetmap.org/viewtopic.php?id=2614 for more discussion on 
“Bordelle, Kondomautomaten, Swingerclubs, Strichertreffpunkte” (a German OSM 
forum on “Brothels condom vending machines, swingerclubs and hustler meeting) 
11 http://wiki.openstreetmap.org/wiki/Proposed_features/childcare 
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“childcare” would be the same as the [already approved] feature “kindergarten.”12  

Specifically, one (French male) user wrote: 

“I oppose this proposal. for the same reason explained above. I understand this proposal as the same 
thing as amenity=kindergarten with sometimes different opening hours, there’s no need to use 
another tag for that. “ 

 
To which the author of the original proposal, an Austrian man, responded:  
 

“so 10 year old children go to kindergartens after elementry [sic] school in france?” 

 
Other voters responded along the same lines by voting with: 
 

“I oppose this proposal. As already stated in the comments: age is highly ambiguous and will 
normally be refered [sic] to the feature and not to the people for which the feature is intended.”  

“I oppose this proposal. We already have amenity=kindergarten, what is that new tag usefull [sic] 
for?” 

“I oppose this proposal. The existing amenity=kindergarten is good enough” 

 
(see http://wiki.openstreetmap.org/wiki/Proposed_features/childcare for comments and 

complete voting results).  All voting took place in English among English-speaking users 

from various countries (including Italy, France, and Germany). 

 

                                                
12 It should be noted that while a large number of OSM contributors come from German 
speaking countries this debate is not simply about linguistic differences.  “Kindergarten” 
is a German word but in both German and English speaking countries there are different 
words that classify the age-range for child-care providers (such as day-care, after-school 
program, pre-school, nursery or kindergarten in English and Kindertagesstätte, Tagi, 
Crèche, Kita, Horte, Kinderkrippe, Schulhort, Schülerläden or Kindergarten in German). 
From http://www.expatica.com/de/education/school/The-ABCs-of-the-German-school-
system.html.  
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These users all identified that there is no need for more than one amenity that describes a 

place that cares for children.  A similar proposal for “pre-school” (defined as: ”Education 

of young children before they go to school”13), was proposed in 2007, discussed in 2008, 

and abandoned in 2010 without a vote.  In contrast, proposals for sexual entertainment 

facilities were approved and implemented on OpenStreetMap early in the service’s 

existence (2009), but no broad feature for childcare has yet been accepted by users.  Thus, 

while OpenStreetMap may prove a utopian vision of the potential of VGI with open 

access, collective ownership and democratic decision makers, this poses problems for the 

platform as the decisions are based on the relatively homogenous group of users who 

volunteer their time to map their community.  These users are very aware of the 

complexities of sexual entertainment categories, but oblivious of the age-specific limits to 

childcare providers.  As users map their local knowledge they include intricate details 

about the local features they know and interact with while disregarding the features they 

bypass in the material world. 

The democratic nature of representing local knowledge within a global taxonomy of 

feature classification is precarious. In the case of OpenStreetMap there is a discounting of 

features that would be useful to subset of individuals (those responsible for providing 

care to young children), but a great deal of attention towards features related to sexual 

activity. This has important implications as popular platforms, such as Foursquare and 

Apple’s iPhoto, abandon the expensive and proprietary Google Maps and rely on 

                                                
13 http://wiki.openstreetmap.org/wiki/Proposed_features/Pre-
School_(early_childhood_education) 
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OpenStreetMap data (Gilbertson, 2012; Hardy, 2012).   Moreover, a similar process of 

disregarding the spatial interests of those who do not create the map is replicated in 

various forms on Google Maps. 

VI. GOOGLE MAPS AND THE GATEKEEPERS OF LOCAL KNOWLEDGE  

The apparent gender equality (both in use and contribution) on Google Maps, determined 

by the survey in Figure 3, is likely the result of individuals creating maps with Google for 

driving directions.  Just as many people are not aware of OpenStreetMap, many are not 

aware of the basemap building options on GoogleMapMaker.  Google Maps collects 

contributions, edits and map corrections from volunteers for the basemap through the 

Google MapMaker platform with a separate web interface (google.com/mapmaker).  It is 

possible that individuals replied that they “contribute to existing maps” to indicate that 

they contribute directions or other amounts of information using the Google Maps 

product and are not contributing to the basemap of Google Maps. This hypothesis is 

driven by an examination of “Map Yourself14” a site where Google MapMaker users and 

reviewers interact around mapping.   

  

                                                
14 https://sites.google.com/site/mapyourworldcommunity/map-yourself 



 

 

67 

A. Figure 2: Screen Capture of Google Map Your World Community 
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This site requires users to opt-in to share their location and the database contains 857 

users.15 It is, however, the most complete and publicly available database of Google Map 

Makers as well as the “Regional Expert Reviewers” (RERs).  RERs are set up by Google 

as local knowledge volunteers who review changes to the basemap before it is 

incorporated.   The RERs in Figure 3 are indicated with an “R” icon, while the other 

volunteers are indicated with a symbol to denote their gender (Male, Female or a question 

mark for Other).  The icons are placed in the centroid of the location a user indicates they 

are mapping (the database also collects where they “live”).   

A cursory look at the map (Figure 3) indicates an abundance of male icons and reviewer 

icons.  Only when the underlying data is examined does the gender dimension of these 

users emerge.  The vast majority of users (93%) are men.  The regional experts, who 

accept or reject proposed changes, are even more disproportionality male (96%).   In this 

sense, on Google MapMaker, men are not only making the maps, they are also the 

gatekeepers of local knowledge.   Choosing to display information on ‘Map Yourself’ is 

option where users must opt-in to contribute their information to the site. While it is  

possible for women who contribute to the map to choose not to map themselves on the 

site, the survey results indicate that women are unlikely to opt-in to contribute 

cartographic information or data about themselves. 

                                                
15 This only includes users who volunteered for this site and also agreed “I am okay with 
Google sharing all of the above information publicly.” 
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A. Table 4: Gender dimension of GoogleMapMaker users and Regional 
Expert Reviewers (RER)  

 Female Male Other Total 

Users 48 798 10 856 5.6% 93.2% 1.2% 

RERs* 5 178 2 185 2.7% 96.2% 1.1% 

*By definition all RERs are also users. 
 
These data suggest that within Google Maps men are the more involved individuals. The 

RERs can control which content is displayed and distributed on the Google Maps 

basemap, and 96.2% of these are men.  Table 4 demonstrates a wide gender gap in who is 

volunteering local knowledge to Google MapMaker.  There may be a larger group of 

women (more than 5.6%) that participate in generating content who were unwilling to 

publically “put themselves on the map.“  This example demonstrates that men are both 

generating more content and are not privately protecting data that they do generate.  

VII. FREQUENCY OF CONTRIBUTIONS 

It is possible that the few women who contribute to OpenStreetMap and Google Maps are 

the most frequent users and create an enormous amount of content in the GeoWeb.  This 

possibility was also tested by asking users “How often do you use Open Street Maps?” 

and “How often do you use GoogleMaps?”  Responses were recoded to “Less than a few 

times a year,” “monthly” and “weekly or more” (see Table 5).  The differences in usage 

of OpenStreetMap were not significant between genders, but men were more frequent 

users of Google Maps.  In addition to assuming the majority of map reviewers are male, 
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men are also more frequently using and updating Google Maps than women.  If men are 

the users that are contributing to the basemap of Google MapMaker, and men are doing 

so with more frequency than women, then Google MapMaker may soon suffer gender 

discrepancy and representation issues as OpenStreetMap is currently facing.   
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A. Table 5:  Frequency of cartographic contributions across gender and 
platform 

  
Solicited survey responses post-soviet responses† Total 
Gender 

Total 
Gender 

Total 
Gender 

Total Female Male Female Male Female Male 

Fr
eq

ue
nc

y 
of

 G
oo

gl
e 

M
ap

s 
us

e*
 

Yearly 
or less Count 22 9 31 0 27 27 22 36 58 

% of 
Gender 

7.4% 3.0% 5.1% .0% 6.9% 6.8% 7.2% 5.2% 5.8% 

Montlhy Count 88 71 159 5 141 146 93 212 305 
% of 
Gender 

29.5% 23.3% 26.4% 62.5% 36.2% 36.8% 30.4% 30.5% 30.5% 

Weekly 
or more Count 188 225 413 3 221 224 191 446 637 

% of 
Gender 

63.1% 73.8% 68.5% 37.5% 56.8% 56.4% 62.4% 64.3% 63.7% 

Total number of responses 298 305 603 8 389 397 306 694 1000 

Fr
eq

ue
nc

y 
of

 O
SM

 u
se

#  

Yearly 
or less Count 15 31 46 0 56 56 15 87 102 

% of 
Gender 

34.9% 19.3% 22.5% .0% 16.7% 16.6% 32.6% 17.5% 18.8% 

Montlhy Count 17 56 73 1 108 109 18 164 182 
% of 
Gender 

39.5% 34.8% 35.8% 33.3% 32.2% 32.2% 39.1% 33.1% 33.6% 

Weekly 
or more Count 11 74 85 2 171 173 13 245 258 

% of 
Gender 

25.6% 46.0% 41.7% 66.7% 51.0% 51.2% 28.3% 49.4% 47.6% 

Total number of responses 43 161 204 3 335 338 46 496 542 

Bold indicates significant, total number of responses differs as not every respondent answered every question. 
†Gender dependency for responses from post-soviet countries cannot be independently determined for categories with 
fewer than five female responses. 
*Gender dependency significant with a Pearson Chi-Square of 10.504 (solicited responses only), df = 2, Asymp. Sig. 
(2-sided) = .005. 
#Gender dependency significant with a Pearson Chi-Square of 7.274 (9.490 for all respondents), df = 2, Asymp. Sig. (2-
sided) = .026. 
 

VIII. FINDINGS 

This paper upholds and expands on findings that Web 2.0 and the geoweb reproduce and 

exacerbate existing representational asymmetries by uncovering the asymmetries in 

gender representation on the GeoWeb. The survey indicated that there might be a 

gendered difference in the quantity of contributions of geospatial information to the 

Internet.  This discrepancy on OpenStreetMap leads to a significant difference in how 
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features are categorized and which features are approved as amenities on the basemap.  

On Google Earth this gendered differentiation manifests with women as users of the 

maps and men as “expert reviewers” of local knowledge.  The basemaps that define 

features and represent the material world in a virtual earth are constructed through a 

democratic process where decisions are collectively made and users have the option to be 

authors.  Unfortunately this democratic process, like many before it, excludes and 

marginalizes those who do not take part in building it.  Across all cartographic platforms, 

men are winning the contest for which features will be defined and identified in the 

digital base map that represents earth.   

At this time, information about women’s location is archived, just not voluntarily.  The 

data profiles for Google products and universal log-ins for social networks combined 

with smart-phones create traces of data that link users to locations and provide an un-

volunteered record of that users movement through space (S. Elwood & Leszczynski, 

2010).  Applications have begun to capitalize on these traces of locational information in 

space. The geo-social application “GirlsAroundMe” is a stark example; presumably male 

users could use the application to find data about nearby women who have checked in or 

updated data to Facebook, Twitter, or Foursquare.  Women were most often unaware of 

this use of their data or unaware of providing locational information.  These unintended 

traces of their location of data were obtained without the women’s intention to be on the 

map. 
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While women have the same access to this technology as their male counterparts, they 

are only represented by traces of their interactions with technology and not through a 

democratic participation on the geoweb.  Only men are volunteering to put themselves on 

the map by contributing to cartographic applications (such as OpenStreetMap and Google 

MapMaker). In a map or be mapped world, men are mapping and women are being 

mapped. The men who document their local knowledge in Web 2.0, are documenting 

their own norms, traditions and biases as the mapmakers. In this light, it is unsurprising 

that the inequalities in the representation of places online mimics and potentially 

reproduces the inequalities of those who produce the data.   

In addition to making maps and annotating the (digital) earth’s surface with their local 

knowledge, men are also in a privileged position as the gatekeepers of local knowledge.  

In Google MapMaker, men are the “Regional Expert Reviewers” who accept or veto 

changes to the basemap made by non-experts to document their local knowledge.  In 

OpenStreetMap, men exercise their democratic privileges by vetoing amenities that do 

not serve their immediate purposes (such as childcare).  Both OpenStreetMap and 

GoogleMapMaker provide a resource that does not document women’s local knowledge, 

but is used as a basemap for most mobile applications and websites. 

As discouraging as these findings are, they are mutable.  Women can transform this 

dynamic by mapping their local areas, by proposing features and voting on the features 

that will benefit their lives. But to do this, they must sacrifice some amount of privacy.  

Women need to extend their online participation beyond describing social relationships 
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through Facebook, Twitter, and photo-sharing sites to provide the details about their 

livelihoods in the material world in the archive of spatial features online.  Lastly, the 

prosumers of the GeoWeb need recognize the limits of user-generated content when the 

perspectives, interests, and spatial patterns of those who are unwilling or unable to 

contribute information are absent.   
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I. INTRODUCTION 

Critical human geographers have long emphasized that context is critical to 

understanding space and places. GiScience has tended to discount the role of context in 

favor of analyzing the distribution of variables over space and generalizability. However, 

context is crucial to spatial analytics as well. While Geographic Information Systems 

(GIS) provides an array of valuable tools to analyze the spatial organization and 

interrelationships present in the world, it is much less well equipped to illuminate the 

contextual dimensions of place, space and movement.   

The rise of information derived from Volunteered Geographic Information (VGI) and the 

Geoweb provides several new avenues for including some measures of context in a GIS 

analysis.  In particular information that comes with much of the geo-social media on the 

geoweb makes it possible to use Social Network Analysis (SNA) techniques to establish 

the nature of the relationship among entities prior to mapping the entities.  Doing so, 

allows a researcher to explore aspects of both the social and the spatial in a dataset.  This 

is particularly relevant as BigData sets become available (e.g., Twitter, Facebook, Flickr) 

that contain location information as well as social connections.  This approach promises 

to provide both new insights about the world as well as create a methodological 

framework can avoid some ecological fallacies long associated with spatial analysis such 

as the Modifiable Area Unit Problem.  While certainly not a solution for all GIScience 

questions, the approach laid out in this paper highlights both the potential and complexity 

of including context (as represented by SNA) within spatial analysis. 



 

II. THE "COST" OF SPATIAL ANALYSIS  

The Modifiable Areal Unit Problem (MAUP) has long been endemic to spatially 

aggregated data including emerging GeoWeb research. Aggregating data that pertains to 

the activities of individuals to a spatial area is necessary to conduct most GIS and spatial 

statistical analyses.  This aggregation, however, loses valuable information about the 

relationships among these entities through agglomerating attributes into a spatial area and 

analyzing the spatial area. Results of the analysis of the spatial unit are then inferred to 

the individuals within the spatial area.  While aggregation is a reasonable approach given 

the computational constraints of the twentieth century and structures that seek policy 

solutions at the level of local government units, it is also de-contextualizing the content 

of analysis.  Individuals become an attribute of the spatial area (population, education, 

income), rather than the characteristics of a location being assigned as attributes to 

individuals. The advent of the GeoWeb, and the larger phenomena of ‘BigData’ provide 

the opportunity to adjust methodologies to reflect the wealth of data (while remaining 

cognizant of privacy concerns) now available to better explore the relationships between 

individuals and their environment. In short, GIS as a tool can benefit through combining 

spatial analysis with a Social Network Analysis (SNA) and the advent of the GeoWeb 

makes the benefits of such an approach particularly compelling.  

The GeoWeb, or Geographic World-Wide-Web refers to the collection of user-generated 

content assembled on the internet that can be associated with spatial coordinates (Haklay, 

Singleton, & Parker, 2008).  Many sources of GeoWeb data are collected as point-data 

from social media sites, such as Twitter, Flickr, or Google.  The volume of these datasets 
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is substantial with billions of records collected daily from hundreds of millions of users 

collectively referred to as “Big Data.”  Boyd and Crawford (2012) define big data as a 

mix of technology, analysis and mythology that bring together data to identify patterns 

for a ‘higher form of insight.  While “BigData” includes information without geographic 

coordinates, this paper focuses on the subset of BigData that is collected from the 

GeoWeb.  

At present, geographic Big Data, or Big-GeoWeb data, has been used to obtain important 

insights such as predicting regional influenza before an outbreak (Ginsberg et al., 2008), 

but is only beginning to be utilized by geographers or GIScientists.  This is largely due to 

the fact that as of yet we do not have tools in Geographic Information Systems (GIS) 

necessary to process the complex relationships or volume of data obtained from these 

sources. GIS tends to focus on the organization of layers of points, lines and polygons 

neglecting the dynamic relationships of the spatial world where the entities interact with 

each other (Batty, 2005).  The relationships among these entities can sometimes be based 

on location, but often flow between spaces (as in a network) or change through time, or 

can be lost through aggregating to a larger spatial area.   

II. A. CONTRASTING SOCIAL NETWORK ANALYSIS AND SPATIAL 
AGGREGATION APPROACHES 

Although GIS has grown as a discipline and increased in methodological capabilities, 

there are still substantial limits to the commercial packages. These packages struggle with 

BigData as well as with associating geography with user-generated data that varies in 

formatting (M. Graham, Hale, & Gaffney, 2012b). BigData sets include more complex 
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relationships that hold considerable the value of if the context of social relationships and 

information can be analyzed as well as spatial distributions.  This is particularly well 

illustrated by a comparison of two different visualizations – one spatial and one social – 

of the AIDS epidemic in the early 1980s.  Many geographers and health practitioners 

published maps (see Figure 1) of the AIDS epidemic with clusters of cases in large 

metropolitan US cities (Los Angeles, New York, San Francisco, Miami, etc.).  By 

aggregating individual case data to the county level and mapping it at the national scale, 

the social relationship among AIDS patents was entirely lost (see Figure 1).  These 

analyses missed the social context of the AIDS virus. 

 

B. Figure 1.  AIDS in 1982 from Center for Disease Control 
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In contrast, Figure 2 illustrates how SNA methods used by Auderbach et al. (Auerbach, 

Darrow, Jaffe, & Curran, 1984) identified that homosexual men with AIDS, in 10 

different cities, were linked through sexual contact with common partners proving an 

important validation that the medical hypothesis that HIV/AIDS was a sexually 

transmitted infection.  The relationship demonstrated by Auerbach et al. is fascinating 

and while not spatial analysis per say clearly has a strong connection to geographic 

analysis. How did 40 men in 10 cities have common sexual partners? Where were these 

people? Where is the disease moving from and where were the men meeting? Patient “0” 

(see Figure 2) transmitted the disease between partners in LA and New York, “LA 3” 

obtained the disease from Patient 0 and transmitted it to Florida and a different subset of 

individuals in Los Angeles.  Mapping this relationship through aggregating to a spatial 

unit (or even at the individual case level) loses entirely the social dimension of 

transmission; the map in figure 2 could just as easily imply that AIDS is obtained from 

proximity to a coastline.  This is because the map in Figure 2 misses the context of the 

disease through relying on raw numbers of cumulative AIDS cases aggregated to city 

level and displayed at a national scale.  If this data were merged with other data sets 

relating to the causes of AIDS, like number of blood transfusions or unprotected sex, this 

would invoke a MAUP. 
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B. Figure 2. Original Auerbach SNA map of AIDS cases from (Auerbach, et 
al., 1984).   
 

Despite the clear relevance of social data, many studies still rely on aggregating to the 

state or local level to obtain meaning about health data.  Google Flu trends 

(http://www.google.org/flutrends/) uses user-generated search terms for symptoms 

searched for on Google and aggregates these to the local level as a way to predict where 

influenza epidemics might arise. While presenting data aggregated to the state level this 

metric was successful in predicting influenza outbreaks two-weeks prior to Center for 
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Disease Control (CDC) based data (Ginsberg, et al., 2008). The analysis, presented by 

Ginsberg et al (2008) might have been even more compelling if they had been able to 

leverage the social context of the symptom searcher through testing for flu symptom 

searches in the networks of their contacts (perhaps via Google email/chat/G+ contacts). 

Or by examining their travel pattern after they searched for the symptoms and potentially 

exposed the flu to a new geography. For example, does the flu spread because people are 

co-located with others experiencing flu symptoms, or because they are in physical contact 

with other individuals who have the flu virus? 

This paper argues that a key next step in GIScience is building on the example of 

Ginsberg et. al (2008) to inform and supplement more traditional sources (e.g., 

governmental) of data to obtain contextual information from the GeoWeb.  The resulting 

socio-spatial analysis has the potential for revealing new dynamics about topics that 

would otherwise difficult or impossible to study. 

III. THE "COST" OF BIG DATA, PRIVACY 

While big geoweb data provides the means for more fine-grained analysis, it also makes 

individuals much more visible and knowable.  In contrast, aggregating to larger spatial 

units preserves the privacy of individuals as subjects of the data; a particularly important 

consideration for epidemiologic information. This is certainly an important consideration 

and a range of techniques have emerged to address these concerns.  For example, for 

presenting data at a national scale randomizing (instead of aggregating) point locations 

within larger spatial areas has allowed for researchers to access and present sensitive 
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locational information.  The identity of subjects positioned in a social network (such as in 

figure 2)  are similarly exposed to potential identification and measures exist to mask 

their identity.  To wit, much attention has been paid to the identity and activities of 

“patient 0” in Auerbach et al.’s study (see: Donovan, 1995; Jaffe, 2008; Mapes, 2007; 

Shilts, 2007) and one must expect that individuals in similar studies would garner the 

same kind of scrutiny and privacy concerns. 

Moreover, as BigData sources often originate through an individual's interaction with 

free technology use offered by private companies, the disclosure requirements and 

ownership of these datasets are questionable. The content of Big Data is often user-

generated so the onus of digital privacy has fallen onto the individual.  Some collections 

allow a user to opt-out of being monitored, while others require a user to opt-in.  More 

BigData sets are collected without the subject ever knowing. While the individual may 

contribute small amounts of seemingly innocuous and trivial information to the internet, 

when aggregated with purchasing patterns it becomes feasible to derive geographic 

information and to identify and monitor individuals movement in space (Elwood & 

Leszczynski, 2010). 

In the age of BigData, geographers have focused on theorizing the effects of this 

phenomenon, such as privacy, and opting-in.  Elwood and Leszczynski (Elwood & 

Leszczynski, 2010) outline the potential effect of user-generated BigData sources 

tracking individuals without permission.  Users are more frequently opting-in to provide 

a large range of sensitive health and social data to the Internet.   For example, Websites 
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like WhereDidYouWearIt.com encourages sexually active individuals to provide the 

geographic location and the quality of sexual interactions where a condom was used.  

Another website, PriceofWeed.com allow users to upload the price they paid for 

marijuana and the location of purchase (see Zook et. al, forthcoming).  Datasets like these 

provide scholars with a rich source of user-generated data about a topic without violating 

the privacy rights of the individual that uploads the information or interacting with the 

research subjects. 

One foreseeable problem with GeoWeb data integrating context with GIS is increasing 

the potential to identify the individual contributors of information.  This is especially 

problematic in smaller communities or with smaller datasets.  As ‘BigData’ tracks more 

data about more individuals and processes this data in more meaningful ways, assuring 

the privacy of research subjects becomes crucial. While this is not of particular concern 

with analysis presented in this paper (as individual users and their specific content is not 

shown), the dataset utilized in this study does contain a wealth of spatial, social and 

contextual information about specific and readily identifiable individuals.  As such 

privacy remains a topic on which researchers in this area must be ever mindful. 

IV. SOCIOSPATIAL ANALYSIS AND BIG-GEOWEB-DATA 

The framework for connecting entities through diagramming and analyzing their 

relationships was developed in the twentieth century with contributions from sociology, 

psychology, political science, anthropology, communication, business, math, statistics, 

computer science and physics (Luke & Harris, 2007). Geographers have contributed flow 
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maps and spider diagrams to show movement between places (primarily with airline 

hubs/spokes), but these are primarily cartographic methods that lack the ability to analyze 

context (Haslett, Wills, & Unwin, 1990) or network structure. 

Insights derived from SNA inform studies of epidemiology (such as Auerbach et al.’s 

AIDS study), political security (such as Koschade, 2006 study of the structure of a 

terrorist cell), and allow businesses to model customer spending patterns to effectively 

market goods to them, such as the Target corporation’s predictive analytics strategy to 

determine pregnancy status and market to pregnant women (Duhigg, 2012). In contrast, 

geographers have been relatively late adopting SNA methodologies, instead relying 

heavily on the tools of GIS and spatial statistics to infer patterns from spatial distributions 

or aggregations, without the context surrounding the patterns of analysis.  

The expansion of the GeoWeb, with data from Google Maps, Twitter, Facebook, 

Foursquare, Yelp, the YellowPages, etc. provides an overwhelming amount of data that 

can be analyzed in a variety of ways.  Information about a population that was once 

difficult for scholars to obtain, such as where a group of individuals go and who they 

interact with, can now be ascertained through geo-localized online social networks (such 

as Twitter) and downloaded quickly and easily through an Application Programming 

Interface (API)..16  Corporations, such as Google, have become savvy with processing 

                                                
16 Of course, the issue of who exactly is being represented in this data (a topic 
explored at great length in Appendix A) remains. 
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BigData, to interpret the context through advanced algorithms that provide geolocalized 

data and marketing based on online social networks.   

In comparison, academics interested in social media and the GeoWeb have tended to 

focus on the questions and methods with which they are most familiar. Geographers 

studying the GeoWeb have often overlooked the tools of SNA and focused only on the 

‘where’ element while sociologists studying the GeoWeb often focus on the ‘who’ factor 

and bypassed where individuals are located.  A more integrated approach that 

incorporates both SNA and GIS in an analysis of internet-based data is necessary.  This 

would provide the means for new insights that consider context while avoiding the 

MAUP errors introduced through aggregating data to a spatial area.  By combining these 

tools for analysis the uneven distribution of data on the Geoweb tells a stronger story than 

either geographic or social distribution can do alone.  Or as boyd and Crawford (2012) 

described:  

“Data are not generic. There is value to analyzing data abstractions, yet retaining context remains 
critical, particularly for certain lines of inquiry.  Context is hard to interpret at scale and even 
harder to maintain when data are reduced to fit into a model. Managing context in light of Big 
Data will be an ongoing challenge.”  

Thus, while integrating spatial statistics, GIS and SNA is not a perfect solution to the 

problem with BigData, but it provides many tools to retain non-spatial context within 

geographic information analysis.  Given the increased availability of both social and 

spatial information tied to user-generated data, it is well worth pursing in the context of 

the GeoWeb. 
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IV. A. USING THE GEOWEB TO EASE THE MAUP 

While scholars have long known that the political borders of census tracts, counties, 

countries, and states do not correspond to actual configurations of economic or social 

activity, the availability of basic data sets (like population) have often led to analysis 

using these units.  Because social media is focused on individuals it is possible to use it to 

trace it's own areas and borders rather more traditional spatial units.  This retains the 

spatial context of the original data source and could avoid a MAUP during analysis.  

For example, Cranshaw et al. (2012) used georeferenced Foursquare and Twitter data 

points to identify the distinct geographic areas of US cities (Figure 3 shows an example 

of the resulting areal units). The resulting boundaries, termed “Livehoods”, do not 

correspond with official municipal borders, but do associate with the mental maps and 

activity patterns of individuals.  Moreover, one can argue that these geosocial media data 

sets more accurately reflect the operational units of society as they are based on millions 

of individuals documenting their daily life and interactions in the material world.   
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B. Figure 3. Demarcations of Livehoods  
(colored polygons) and municipal borders (black lines) from Cranshaw et al. 2012 

 

However, research in the geography of social media has generally relied on quantifying 

social media interactions through aggregating to census tracts, counties, or other artificial 

borders to align with national datasets.  This creates a Modifiable Area Unit Problem 

(MAUP) as data collected units of social media, or harvested through a bounding-box is 

aggregated to a different geometry.  These bounding-boxes use two longitude-latitude 

coordinate pairs to mark an area of the earth’s surface from which to extract content and 

are a standard feature of many social media APIs.  As most political and municipal units 

are not perfectly square and cannot be demarcated by a rectangle, this leads to a spatial 

mismatch between the bounding box for Tweets and the area under study.  Looking more 

specifically at the Twitter database, additional spatial mismatches are created by defining 

some geographic locations only accurate to a certain scale (such as the city level) and 
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geocoded precisely at the centroid (see M. Graham, Hale, & Gaffney, 2012a for more 

information).   

Geographers have identified that place and space matter to the content of data on the 

internet (M Graham, 2012), but they have relied on available data in traditional 

administrative borders and GIS-based methodologies to explain relationships between 

material spaces and virtual content.  Crutcher and Zook (2009) demonstrated the uneven 

representation of African American neighborhoods in Google-Earth placemarks after 

Hurricane Katrina.  To explain the variability around placemarks, they analyzed the 

demographics of the places where the placemarks were made based on census blocks 

(Crutcher & Zook, 2009).  They were unable to determine demographic information 

about the individuals making the placemarks and relied on the best approximation 

available—the aggregated demographic data at the block group.  This introduces a 

MAUP as the individual creating the placemark may not have represented the majority of 

the blockgroup.  That individual may not even reside within the block group.  

Additionally, the tool used to generate the placemark (Scipionus/Google Earth) may have 

it’s own demographic divisions that are not reflected in the block groups studied.  

However, this study was remarkable in that Crutcher and Zook were concerned with the 

context of disaster relief and inequalities in data at the block level rather than simply 

assuming all points and places on the GeoWeb have equal meaning.  Unfortunately their 

study assumed a colocation between the action (of creating a placemark) and the 

individual, when in the context of the information age, the location of residence is often 

unrelated to the data they contribute to the GeoWeb. 
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IV. B. LOCATIONAL CONTEXT AND THE FLOWS OF DATA 

Understanding the context of location can be an ambiguous process that is absent from 

many spatial analyses.  ICTs have enabled a new spatial logic that allow for data and 

ideas to move more easily across space. This “geographic discontinuity” produces a 

global network of interactions in locations that flow between cities while bypassing the 

“hinterlands” (Castells, 2009, p. 424).  When the data under consideration is part of an 

elite class that moves between large global cities (such as Auerbach’s research subjects in 

Figure 2), applying one latitude/longitude coordinate to this data misses the context of the 

data.  This is a frequent problem with geo-social data that relies on data generated in a 

network. 

To demonstrate the power of methodological context in analyzing the GeoWeb we rely 

on Twitter data. Twitter provides researchers the opportunity to harvest data through their 

Application Programming Interface (API).  This allows for researchers to download the 

tweeted message, the time, the user ID, and the users profile information including their 

followers and friends..17 For this study we relied on the geocodable tweets that identify a 

specific latitude/longitude coordinate along with their message and tweets within a 

bounding box surrounding the continental United States.  

To understand the locational context of tweets we plotted the movement of the 632,032 

Twitter users that opted-in to geolocating their tweets in a one-week period between June 

                                                
17 For the purposes of this test, we did not download the users social network 
(although that is also available through the API) as this topic is explored in great 
depth in Appendix C. 
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24-June 30 2012. Roughly half of these Twitter users, 384,07918 tweeted in geographic 

locations more than one location and 56,791 tweeted more than two decimal degrees 

apart (mean distance = 2545 kilometers). This involved selecting19 all the users who 

geotagged tweets in the sample, identifying the (straight line) distance between their 

maximum and minimum XY coordinates, then selecting every user that moved more than 

two degrees.  With this smaller dataset, we removed spambots that produce noise from 

the sample. Every user (and spambot) is identified by a unique user ID, we used this to 

group the user to their tweets, then extracted the XY coordinates for each tweet and 

plotted20 this as a line segment connecting these coordinates (one line per user that 

connects multiple points) in the order of when the tweets were tweeted.  

Figure 4 demonstrates where these 56,791 users traveled (and tweeted) within that week 

through connecting the locations of tweets made by the same user.  This technique is 

useful in illuminating the often hard to measure patterns of socio-economic connections 

and movement – Castells'  ‘spaces of flows’ – linking spatially non-contiguous areas, 

such as the dominant pattern between New York City and Los Angeles.  While there is 

also movement between contiguous spots, Figure 4 demonstrates the strong connections 

                                                
18 34 of these “users” were ‘bots’ that tweeted information in 1000 or more locations 
and were removed from the final map.  The bots produce an interesting geography 
that does not align with that of human users and were manually characterized as 
bots through the content of their Tweets. See Chu et al. (2010) for a classification 
system to separate bots from human users based on linguistic signifiers. 

19 Analysis and maps were produced in R (Development Core Team, 2011) 

20 Script utilizes the maps package for R(Becker, Allan, & Wilks, 2012) and ggplot 
package for R (Csardi & Nepusz, 2006) 
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between dynamic cities (already heavily connected through multiple mediums of 

transportation and telecommunication) relative to the much weaker ties among hinterland 

areas (Castells, 2009). 

 

B. Figure 4: The multiple spaces traversed by twitter users in one week of 
geo-located Tweets.  
 

These users have defined movement patterns that occupy a geography not in a solitary 

location, but in the space of flows. Like Cranshaw’s (2009) Livelihoods project these 

users define a geography that does not neatly fit into traditionally defined spatial borders 

and classifying it as such for an analysis by aligning the content of their tweets with a 

municipal level would introduce a substantial MAUP. Employing this MAUP is not 

uncommon in studies of GeoWeb data, for example (Takhteyev, Gruzd, & Wellman, 
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2012) used large metropolitan cities as a container to compare the flows in twitter 

networks. As such, assuming these users fall into the dominant demographic or political 

segment where the tweet is produced ignores the context of their multiple and mobile 

geographies. 

Moreover the mapping of the network between cities illustrated in Figure 4 entirely 

ignores the context of the tweet itself.  The content of the 140-character message sent out 

by users is a rich albeit complex source of information.  These tweets can include 

relevant information about current events such as the overthrow of the Egyptian 

dictatorship, “Police trucks at Talbiya stop in Haram. Otherwise Pyramids road 

normal #jan25” (@NadiaE 25 Jan 2011) or irrelevant opinions about dictators such as: 

“You know, if I ever become a dictator, the first thing I'll do is get rid of all the squares.” 

(@Adam_Grant_Bell, 11 Feb 2011).   

Without understanding the spatial and social context of these users or the sentiment of 

their tweet they would appear to both be reporting on the Egyptian revolution in the 

winter of 2011.  In fact many reporters, journalists and bloggers misrepresented the 

context of Twitter messages and misattributed the role of social media as spreading a 

“revolution” in Egypt (e.g. CNNs coverage: Breaking News: The Revolution Will be 

Tweeted, 2011).  They would not have reached this conclusion had they examined the 

geography21 of the Twitter users (i.e. figure 4), the message tweeted, or as Lotan et al. 

                                                
21 Plotting user‐specified location alone during this type of event may have been 
misleading as Gaffney (2010) identified that revolution sympathizers outside of Iran 
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(2011) identified through SNA, the flows of tweets about the revolution among situated 

outside actors. 

In short, while the analysis present in Figure 4 provides valuable insight on the often 

difficult to visual "space of flows" it is but a first step towards including contextual 

insights (be locational or social) on the socio-spatial phenomenon revealed by geo-social 

media. 

IV. C. SENTIMENT CONTEXT AMONG TWEETERS 

To demonstrate the relational nature of context, this analysis turns to a comparison of 

multiple methodologies for understanding context on the GeoWeb.  Sentiment analysis is 

a rapidly growing field as researchers attempt to mine Twitter for the impact of public 

opinions (Mike Thelwall, Buckley, & Paltoglou, 2011, 2012).  Research has included 

analyses on socio-economics and public mood (Bollen, Pepe, & Mao, 2009), political 

sentiment (Tumasjan, Sprenger, Sandner, & Welpe, 2010), sadness around Michael 

Jackson’s death (Kim, Gilbert, Edwards, & Graeff, 2009), flu pandemics (Chew & 

Eysenbach, 2010), terrorism (Cheong & Lee, 2011), and tourism (Claster, Cooper, & 

Sallis, 2010; Claster, Hung, & Cooper, 2010).  

While many of these analyses used the volume of Twitter traffic around an event that 

would elicit a particular emotion, this doesn’t provide context for understanding 

individual Tweets.  Proprietary algorithms have used emoticons to determine the 

                                                                                                                                            
changed the location of their Twitter profile to Tehran during the Iranian elections 
in 2009 
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direction of sentiment and linguistic signifiers such as extra vowels in a word like 

“haaaapy” to imply a stronger sentiment (M. Thelwall, Buckley, Paltoglou, Cai, & 

Kappas, 2010).  While these algorithms are useful for extracting sentiment from an 

individual Tweet, they fail to extract meaning from the tweet’s context.  This is 

problematic for social scientists concerned with the context of propagated information.  

Scholars such as Mislove et al. (Mislove, Lehmann, Ahn, Onnela, & Rosenquist, 2011) 

indicated that the spatial distribution of keywords (such as “happy” or “sad”) from 

Twitter can indicate the happiness or sadness of a US county at a given time of day.  

However this analysis classifies “I am happy” and “I am *not* happy!!” with the same 

positive sentiment.  Similarly this structure does not examine the context of the tweet 

(why is the tweeter happy?). 

An alternative to sentiment analysis is using SNA to understand the dyadic relationship 

between the terms contained within a tweet.  A dyadic relationship is the tie between two 

entities. In this case it would refer to the connection between two terms tweeted by the 

same user. To demonstrate the applicability of a Social Network Analysis to geospatial 

analysis of the GeoWeb, this paper analyzes the patterns created via a dyadic relationship 

created by two related terms tweeted by the same user and a non-dyadic relationship 

created by the two terms co-occurring in tweets sent within the same geographic area but 

not produced by the same person.   

Drawing from the same one week Twitter database outline above, all geocodeable tweets 

that contained the words “beer,” “happy” and “church” were selected. The choice of 
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terms was drawn from the patterns found earlier within other geoweb data based on 

Google Maps that suggested that these terms would have strong and distinctively 

different geographies (M. Graham & Zook, 2011). This resulted in a sample of tweets 

from 67,802 users that form the basis of the following analysis. Table 1 quantifies the 

frequency of each tweet and the frequency of dyadic relationships between words (where 

a user tweets both words within the week). 

B.  Table1:  Quantity of key-words and dyadic associations amongst tweets 
 

 beer church happy 
Beer 11620 -- -- 
Church 484 12388 -- 
Happy 2525 2796 49471 

 

Taking a closer look at the context of the tweets shows that the majority of geocoded 

tweets for “church” were simply a reference to church such as “I’m at ____ Methodist 

church”  or a foursquare check in “I just ousted @user as the mayor of ___ Baptist 

church”22  when “happy” was combined, the tweets were more telling of sentiment: 

“church is my happy place” or “Looks like no church today… Secretly kinda happy.”  

Tweets for beer were similarly associated, such as “#WhatReallyTurnsMeOn Beer beer 

and more beer” or with “happy” a user tweeted “Happy day of a hangover! #beer” and 

another wrote “Beer makes me feel butterflies and happy.” In 484 of the sampled tweets, 

both beer and church were mentioned in the same tweet for example: “Church would be 

                                                
22 Specific @user reference and church name was withheld to protect the privacy of 
users in the study. 
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alot more interesting if they served beer here” or “2nd beer of the day and 2morow 

to church... I will be going to hell :(“ and “The Church of Beer @ The Bier Abbey.”  

When the individual tweets are plotted, “happy” is distributed through the United States, 

this is consistent with Mislove et al.’s (2011) analysis, although we did not include the 

timestamp.  However “beer” and “church” take on unique patterns.  In figure 5, when the 

non-dyadic locations of the words are geocoded, beer appears to primarily occur in the 

major metropolitan areas while church is distributed through smaller towns and is heavily 

concentrated in the southeastern United States.  Given the distinct regional patterns 

shown by "beer" and "church" (and the even distribution of "happy") in tweets, we will 

explore how these geographies change as one shifts analysis to include context (via 

dyadic relationships) and different areal units. 
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B. Figure 5—non-dyadic geotagged tweets for “beer,” “church” and “happy” 
 

When mapping the point pattern of the dyadic relationship between “beer” and “happy” 

or “church” and “happy” the pattern is clearer. This method links together the phrases 

“beer” and “happy” or "church" and "happy" when tweeted by the same user over the 

week studied.  In figure 8, the location of dyads, users tweeting “beer” and “happy” 

cluster in the Northeastern United States and in the upper Midwest, but users tweeting 

both "church" and "happy" are in the largely in southeastern states.  
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B. Figure 6—location of dyads (users that tweeted both terms in the same 
week)  
focused in to the east coast states where the contrast is most visible. 

 

The dyadic relationship only considers terms if they are sent by the same user.  This 

method would not include tweets sent by users in close spatial proximity in which some 

spatial analyses would infer a relationship.  For example, if one user tweets “I’m happy to 

be home from work early” and their next door neighbor tweets “I need a beer,” neither 

tweet would be included in the dyadic analysis, as they were tweeted by different 

individuals without the same context. However, these tweets would be correlated in the 

non-dyadic relationship (figure 5) as they occur in the same geography. The individual 

Twitter user was analyzed instead of the tweets themselves as there may be a time lag 
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between two tweets submitted by the same user, one implying an action (for example: 

“going to drink beer tonight!”) and another expressing emotion resulting from the action 

(“I’m happy to be out tonight”).  Models that only consider sentiment or only consider 

the location of singular keyword miss the dyadic context of tweets sent by the same user. 

This relationship demonstrated in figure 8 appears strong at the point level with “beer” 

and "happy" dyadic tweets clustering in the north and "church" and "happy" dyadic 

tweets clustering in the south.   

In contrast, a county level aggregation of tweets produces a rather different visualization. 

While aggregation allows ones to compare Geoweb data to official data sources such as 

the census, the change introduces the MAUP issue and it is important to understand what 

this costs in terms of our understandings.  Equation 1 was used to sum the non-dyads 

within their respective counties (for the counties that contained one or more tweets for 

happy) and normalized to achieve one value for each county.  Specifically for non-dyadic 

points (P) values at the county level were determined by:  

  Equation 1: non-dyadic counties 
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Where U refers to the user, b is a binary value for the word “beer”, h is a binary value for 

the word “happy” and c is a binary value for the word “church” for each county i.  This 

sums each value within its respective county to create a location quotient value between 0 

and 1, where 0.5 is equal between church and beer, 1 is church without beer and 0 is beer 

without church. If there were no tweets for “happy” in the county, the 0 value in the 

denominator of the numerator creates a null value and the county is not displayed on the 

map (“no data”). The average across the all counties with values is 0.55 (leaning slightly 

towards church) with a standard deviation of 0.348.   

This is plotted spatially in figure 7.  Although an aggregation from the point level to the 

county level loses information (the specific geographies and densities between the terms), 

it is easier to visualize the specific spatial patterns at the national scale as it loses the 

noise of competing points in the same urban center. Because the non-dyadic relationships 

are aggregated to the county level it is possible to see a fairly continuous coverage for the 

southeastern, northeastern and pacific west states and the clustering pattern among these 

variables is clear and consistent with the point patterns in figures 5 and 6. The varying 

levels of intensity are not indicated, as these data are purely demonstrative.   
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B.  Figure 7—non-dyadic relationships for “beer” and “church” tweets 
aggregated to county level in counties with ‘happy’ present.  
 

When the dyadic relationship (or social context) among the terms “beer” or “church” 

with the word “happy,” is used the geographic coverage is more sparse. This is because 

many of the “beer” or “church” tweets in figure 7 were tweeted from a different user than 

the word “happy” but the non-dyadic relationship associates these values due to their 

quantities in the same county. Some areas, like Miami-Dade county (in the southern tip of 

Florida) that had more total tweets for the word “beer” (in figure 7), actually had a 

stronger dyadic relationship between the words “church” and “happy” than it did for 

“beer” and “happy” (see figure 8).  
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To compare the dyadic relationship among tweets to the non-dyadic relationship, the 

dyads were calculated and then aggregated to the county level and normalized to obtain a 

scale comparable to the non-dyadic relationship in Figure 7, described by equation 1. The 

dyadic relationship (D) for each county i, is described as: 

   (Equation 2: dyadic counties) 

 

where each user (U) is tweeting the words “church” (c) and “happy” (h) or “beer” (b) and 

“happy” (h).  This results in a fewer counties (1077) considered for analysis than the non-

dyadic relationship. The mean across this dataset is 0.536 (also leaning slightly towards 

church) and standard deviation 0.393. This is plotted spatially in figure 8. While the 

general spatial pattern between figures 7 and 8 is generally consistent, the relationship 

between the terms is different at the local level.  Figure 8 considers the context of the user 

producing the tweet in addition to the tweets location; figure 7 considers the location of 

the tweet alone.  Figure 7 considers co-location enough context to imply a relationship 

between the terms, figure 8 considers both the location and the user producing the term.  

There are interesting dimensions to counties that changed the relationship between these 

two associations.  For example, Humboldt County, CA identifies more church in figure 7, 

but in figure 8 there is ‘no data’ as nobody tweeted both church and happy. 
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B. Figure 8—Dyadic relationship comparing beer+happy with church+happy 
 

This exercise show how using the simplest of SNA methods (comparing the non-dyadic 

and dyadic terms) can produce very different local results. The method used to associate 

these terms has consequences for statistical measures that would draw a relationship, 

such as spatial autocorrelation, that draws from values clustering at the local level.  While 

both methods described here (dyadic vs. non-dyadic data) will show clustering of the 

terms “beer” and “church” the relationship to the dependent variable of “happy” changes 

based on the method used.  With the non-dyadic terms aggregated to polygons (as in 

figure 10) this leads to false positives of a spatial association in places where two 

different users tweeted the key terms. For example, Figure 7, the non-dyadic analysis of 
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terms indicates a cluster of “church” values in southeastern California (Riverside, San 

Bernardino, and Inyo counties, but when contextualized with their dependent value 

(“happy”) this relationship entirely reverts to “beer.” Without directly connecting the 

relationship between the dependent and independent variables both analyses infer relation 

based on spatial association without demonstrating the context of the relationship.  

To compare the contextual differences achieved through examining the mobilites of 

twitter users, along with the context of the tweet, this paper turns to comparing multiple 

flows of contextual data.   

IV. D. TWEET CONTEXT AND LOCATION CONTEXT   

As a final step in this analysis we compare how context alters the geographies of 

movement in physical and information space (illustrated for all tweets in Figure 4). This 

was followed by an analysis of the differing geographies based on dyadic and non-dyadic 

terms.  The terms “beer,” “church” and “happy” demonstrated different geographies 

when sentiment was included as a dyadic relationship rather than a collective relationship. 

To combine these methodological processes provides context for both the location and 

the sentiment.  For this reason, we turn to considering the spatial flows for non-dyadic 

terms and dyadic terms.   

Figure 9 (below) diagrams the spaces traversed by users who tweeted one of the 

following keywords: beer, church happy, wine, and divorce, as well as for the following 

dyads: cold + weather, hot + weather, and hot + sex.  Each of these terms and 

relationships have different context and different users with different geographies.  While 
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many terms have similar patterns that demonstrate a strong connection between New 

York and Los Angeles and a strong connection among the dense cities of the Eastern 

seaboard, not all terms do.  These differences (especially with the dyadic terms) aptly 

demonstrate the importance of social context and SNA in spatial analysis. 

Church and Beer demonstrate distinctive geographies that are indicative of the larger 

pattern (in figure 6) with slight differences in urban nodes.  While Atlanta is a major city 

and features on both church and beer maps, the visualization of church tweets exhibits a 

different positioning in the network as it serves as a hub to the hinterlands of the south.  

Measures of “happy” are uninteresting because it is tweeted ubiquitously among people 

who geolocate their tweets.   

The term “divorce” was selected for this analysis as it has a particularly distinctive 

pattern than other terms selected.  The week these Tweets were harvested two celebrities, 

Tom Cruise and Katie Holmes filed for divorce creating a wave of activity by Twitter 

users.  These Twitter users were much less mobile than tweeters of other words (such as 

‘wine’) and traveled primarily among southern cities (e.g. Atlanta, and Dallas) and 

tertiary cities such as St. Louis, Missouri. 

Lastly, we tested for dyadic relationships among the words ‘hot’ and ‘weather.’  The time 

period of harvesting these tweets coincided with a strong heat wave in the Central United 

States, suggesting that these terms could be a common pair. To help contrast how the 

context for the flows of this dyad compare to other uses of the term  'hot,' we also 

examined the ‘hot’ and ‘sex’ dyadic relationship.  This produced a stronger East Coast to 



 

 

112 

West Coast relationship with more tweets extending over more territory (including the 

entire state of Montana) than any other search terms.  The dyadic relationship between 

‘cold’ and ‘weather’ was not nearly as strong and generally replicated the dominant 

patterns in this database. 

Figure 9 indicates that the content of the tweet matters in the context of the user.  Terms 

like beer and wine while both referring to alcoholic beverages are tweeted by different 

users that maintain different geographies. Beer users tweet in the smaller central-US 

cities, while wine users tweet primarily in the coastal cities and travel between them.  

Terms like ‘divorce’ doesn’t exhibit the same mobilites as beer, wine, happy or church.  

Users that tweeted divorce in our sample traveled much shorter distances, usually 

extending within the state or adjoining states, but not across the country. One (or many) 

of the users tweeting ‘beer’ traveled multiple times between Atlanta and Dallas implying 

that the ‘more church’ value associated with these cities in figure 7 may have been 

misleading as it did not consider the context of this/these users mobilities. 
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B. Figure 9— The multiple spaces traversed by twitter users tweeting five 
selected keywords and three dyadic pairs. 
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V. CONCLUSIONS 

Geographers studying the GeoWeb have often overlooked the tools of Social Network 

Analysis (SNA) and focused only on the where element of location. Sociologists studying 

the GeoWeb often focus on the who factor and bypass the role of location.  This paper 

calls for a more integrated approach that incorporates both SNA and GIS to retain the 

context of data during analysis. 

Specifically, the GeoWeb provides a rich source of data that can inform a large variety of 

projects with both the social and the spatial context.  The analysis presented here 

provides several new avenues for the inclusion of contextual information in spatial 

analytic methods and visualization. The goal is not to provide a solution to all GIScience 

questions, but to highlight three areas where context frequently missing from geospatial 

analysis of virtual networks and could be added to provide additional and important 

insight. 

The first area is the context of location (where).  While location is a fundamental part in a 

spatial study, Auderbach’s sociogram of AIDS transmission and several studies of 

semantic geoweb data highlight how a mispecification of location can result in analyses 

that are not as compelling or useful as they could be.  

The second area is the user-generated context of the production of information (who).  

This contextual information was missing from the CDCs national-scale map of AIDS in 

1982, but resolved by Auderbach’s study.  Similarly this context was readily confused in 

the studies of social media that attributed the Arab Spring to a “Twitter Revolution.”  
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These studies identified phenomena and a location without the context of the individual 

actors that connect phenomena and the location. Had they had traced the mobility of 

these users based on the Arab Spring hashtags, they would have identified a network of 

foreign journalists and correspondents and not a network of local activists on the ground.  

Lastly, many studies have missed the context of the message itself (why and what).  This 

has been a problem with many BigData studies working with user-generated content as 

sentiment analysis is still in its infancy and contextual sarcasm is almost impossible for a 

machine to understand.  To explain each of these context omissions this study drew out 

potential solutions utilizing comparisons of spatially associated data on Twitter.  These 

illustrate the complex geographies that exist on Twitter.  When context is included with 

Big-GeoWeb-Data analysis the data can evolve into meaningful information.  

A key next step in GIScience is building on these examples to inform and supplement 

more traditional sources of data with contextual and timely information from the 

GeoWeb.  This could be specifically valuable for epidemiological projects to connect the 

social networks with key words relating to symptoms or risky behavior and the motilities 

of these users.    
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I. INTRODUCTION 

Internet Communication Technologies (ICTs) have reconfigured the role of distance in 

social relationships.  Email, mobile phones, and online social networks allow 

relationships that would have previously been neglected or discontinued to be more easily 

maintained. These weak ties, or acquaintance-based relationships that were often 

discontinued when an individual relocated or whose interests evolved are now maintained 

as a digital community linking an individual to those they interacted with previously.  

These weak-ties differ from the strong ties, such as familial or friendship relationships, 

that an individual maintains throughout life.  An individual generally maintains more 

weak ties in their personal network than strong ties as less time and energy are necessary 

to maintain these connections. Both weak-ties and strong ties often emerge out of spatial 

proximate social interaction, but can be maintained through online interactions. Twitter, a 

popular micro-blogging social network, is one example of a weak-tie online-social 

network that allows millions of users to establish digital communities that incorporate a 

combination of offline-contacts and online contacts of interest and maintain relationships 

that otherwise would have faded.  

This paper uses Twitter as an example of a weak-tie network to understand how distance 

impacts social relationships and networks.  Communities on Twitter (Gruzd, Wellman, & 

Takhteyev, 2011) form through users following other users they either know already or 

whose interests are relevant to them. As most Twitter users disclose their location and 

contacts, this provides scholars with a way to measure the geography of digital networks 

established by millions of users around the world. We use this established online social 
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network to ask: what is the relationship between the physical distance of virtual 

connections established by one’s Twitter contacts and the social connectivity among 

those contacts?  By diagramming this relationship we can see that networks with fewer 

contacts extend over a smaller distance and are more socially connected through mutual 

contacts.  

II. GEOGRAPHY, THE INTERNET AND COMMUNITY 

A large part of the early thinking on digital communities and its consequences can be 

labeled as ‘naïve’ with hindsight. Many thinkers – especially in the popular media – 

thought that the Internet would make geographical differences smaller and smaller. Even 

relatively recent, the oft-cited Friedman (2007) defends this idea in his world-is-flat-

thesis. A decade before Friedman, Cairncross (1997) made a similar claim already: not 

only does history end23, the death of distance is near. After humankind gets rid of 

distance, telecommunications will help dissolve the differences between rich and poor; 

between small and large.  This death-of-distance discourse in popular media is closely 

related to what Graham (1998) calls the substitution perspective on cyberspace. It argues 

that attachment to ‘place’ is replaced by new technologies: cyberspace is thus 

replacing ’human’ space. This perspective is often used by those who feel that 

technological change is endangering how society functions, leading to placelessness (E. 

Leamer & M. Storper, 2001). Online communities are alleged to form a complete 

substitute for the sense of belonging that place offers (Crang, Crosbie, & Graham, 2007). 

                                                
23 Cf. Fukuyama, 1992 
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The distance-destroying capability of technology has been disputed by other scholars 

who note the geographical dependence in the uses of the internet (Adams & Ghose, 2003).  

Geography remains relevant to transport costs, the ongoing evolution of digital divide, 

borders, and cultural differences. Additionally, co-presence remains a key element in the 

development of social capital, and building new relationships is greatly aided by spatial 

proximity, while the social depth of knowledge exchange declines across distance (E. E. 

Leamer & M. Storper, 2001; K. Morgan, 2004; Kevin Morgan, 2004). Thus, geography is 

very much alive in the digital cities of the 1990s, the place-based review sites of the early 

2000s (e.g. Yelp, Google Maps), and the hyper-local social network sites of the late 

2000s (Foursquare, Facebook Places).  

In short, geographers have long insisted that ’The net cannot float free of conventional 

geography” (Hayes, 1997 in Zook et al., 2004) and emphasize that it is impossible for 

internet users to completely disconnect from the material world in which we are 

embedded.  Thus the social networks represented through platforms like Twitter and 

Facebook have a geography that blends digital and material dimensions.  Online 

networks can function as a hub of camaraderie among individuals with unique interests 

unrepresented in the material community around them (such as online support groups or 

sexual fetish sites); or as a precursor to interactions in the material world (such as online 

dating sites or job seeking sites).  Although online, these social networks are still 

intrinsically connected to the off-line world and subject to similar social, cultural, 

linguistic and economic constraints.   
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However, as computers are increasingly used for social interactions that connect people 

and organizations around ideas, the relationship to geography becomes complex. 

Wellman (2001) examined computer networks that function as social networks to find 

that email connections increase social capital as ties, the bonds between individuals, are 

maintained with respect to geography.  When distance increases email replaces face-to-

face communication for strong tie relationships.  These individualized “fragmented 

community networks” are reinforced through connections such as email which allow 

communities that exist offline to “sustain interactions across vast distances”(Juris, 2004).  

ICTs enable complex social geographies of use, with interactions in cyberspace 

simultaneously influenced by physical proximity as well as a network distance in 

cyberspace (Li, Whalley, & Williams, 2001). This network distance in cyberspace is not 

mutually exclusive from the distances traversed the material world; the distances are 

related, reflexive and co-constructive. And it is precisely this nexus that makes studying 

the geography of Twitter networks so important. 

III. UNDERSTANDING THE GEOGRAPHY OF TWITTER 

Twitter, along with many of the ICT technologies that pre-dated it, gives users the ability 

to connect and communicate around mutual interests and needs rather than just spatial 

proximity (Civin, 2000; Zuckerman, 2008). Twitter users employ the platform to 

establish social-ties “based on shared interests instead of shared place” for interests 

lacking a critical mass in material space (Hampton, 2004, p. 218). While this gives users 

the potential ability to bypass local constraints and connect to individuals in 
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geographically distant spaces (S. Graham, 1998), it is doubtful that it renders geography 

meaningless in the constitution of social networks. 

Similar to email networks, Twitter does not require reciprocal ties. A user can follow a 

user without that user following them back. However, as the effort required to establish a 

tie is much lower on Twitter (simply a matter of pushing a button), it is likely to represent 

a weak-tie network. A Twitter user may follow a public figure they admire and want 

updates from without ever meeting in person.  For a tie to develop between users, 

geographic proximity is not necessary per se.  Although these connections may seem 

inconsequential, these weak ties communicate a constant stream of information that can 

help build social capital both at the local geographic level and within networks of interest 

across a variety of scales. Twitter, as a social network, gives us a unique opportunity to 

understand how people use the internet to connect across space and networks.  

In March, 2012, Twitter was the second-largest online social network in the world with 

500 million registered users and 100 million active users (Twitter Blog, 2011). Twitter as 

a microblogging service allows users to set up profiles with a self-description of 160-

charactors and select a group of individuals to ‘follow’. When the user visits the site they 

can peruse through the 140-character updates, “tweets,” that each of the users they follow 

has sent out.  Users select those they follow, “friends,” but they do not select those that 

follow them, “followers.”  The combination of ‘followers’ and ‘friends’ are considered 

the ties that a user communicates with.  

III. A. EARLIER WORK ON TWITTER GEOGRAPHY 
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As an online social network, Twitter gives us the opportunity to see the relationships 

among individuals and makes it possible to understand how spatial distance influences 

weak tie networks. More specifically, researchers have analyzed the connection between 

the distance of a Twitter user (the ego) to their followers (their alters), and the social 

connectivity among the Twitter networks (the ego-alters) at the user level.  However, an 

analysis of ties among 100-million ego networks would be difficult to compute even in a 

“big-data” framework (Manovich, 2011) and thus many scholars such as Takhteyev et al. 

(2012) use small samples of geocodable users (based on user supplied location 

information). 

Takhteyev, Wellman and Gruz (2012) found that 39% of Twitter ties are shorter than 100 

km (roughly the size of a metropolitan area), and both national boundaries and language 

ties are significant in limiting the ties one forms on Twitter. The ties that do form across 

boundaries and long distances replicate airline ties between cities, economic ties, and 

migration patterns. Additionally, they discovered that ties at distances of up to 1,000 

kilometers are more frequent than would be expected from random ties, while ties at 

distances larger than 5,000 kilometers are underrepresented.  In short, even the weak tie 

Twitter social networks are shaped in part by geographical constraints. 

The Takhteyev et al. (2012) analysis of Twitter, while incorporating both geography and 

a large social network, aggregates the connections among individuals to regional clusters 

and uses cities (rather than individuals) as a unit of analysis. As a result, their work tells 

little about the individuals who inhabit the cities and the ties they form by using Twitter. 
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Like Takhteyev et al., we analyze the user supplied location of egos and alters and not 

geotagged tweets (generally via a GPS-enabled phone which can increase geographic 

accuracy but represents only 1-3 percent of all tweets). We also limited our analysis to 

randomly sampled egos that originate in the United States because we could more 

accurately geocode them, there were fewer barriers to language, and there was 

predictable spatial clustering. This eliminated the need to control for national borders or 

common language ties. Like Takhteyev et al, we determined social network analysis as 

the appropriate methodological body for this study as it allows for graphing and 

analyzing the relationships among virtual entities, and provides tools for comparing 

aspects of networks.  

III. B. BUILDING A TWITTER DATABASE 

This analysis examines the relationship between the spatial distance and social 

connectivity of the ego-alter networks on Twitter. To study this, we calculated the 

locations of a sample of Twitter users (egos) and harvested the network of each ego's 

followers (those that follow the ego's updates) and friends (those whose updates the ego 

follows).  We define the aggregate of both followers and friends as alters, as these are the 

nodes that have ties to the subject, or ego, of our sample. We refer to the sets of clusters 

that develop through aggregating ego-alter and alter-alter relationships as ego networks. 

Two of these networks are visualized in Figure 1.  The two egos are in the center as the 

hub of the network with their alters geographically dispersed.     
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C.  Figure 1— The geography of two different ego networks  
(ID 15486396 of Hillsborough, NC and ID 22535272 of Pittsburgh, PA with their respective alter 
connections.  

 

 

To download the necessary Twitter data we made extensive use of the Twitter 

Application Programming Interface (API). The API allows developers and researchers 

alike to query parts of Twitter’s database through HTTP requests. To do so, we wrote a 

number of custom scripts in the Ruby programming language using the ‘twitter’ 

library/gem24. We mainly used the REST API in a multistep approach to assemble the 

dataset used in this paper. Since the basic unit of analysis in this paper is the ego network, 

                                                
24 https://github.com/jnunemaker/twitter 
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the first step is constructing a random sample representative of Twitter users in the US. 

Previous authors (Takhteyev, et al., 2012) have sampled Twitter users by ‘listening’ to 

Twitter’s Streaming API. The Streaming API allows researchers to tap into a continuous 

stream of Twitter messages that, depending on one’s access level, constitutes of a random 

sample of 1% or 10% of all Tweets sent around the world. However, using sent tweets to 

sample Twitter users will oversample the most active users. In addition, if harvesting is 

performed during specific time intervals (as Takhteyev et al. did) users in time zones that 

are generally ‘asleep’ will be under-sampled. To circumvent this issue, we take a 

different approach.  

Twitter assigns each user an incremental identifying integer. Jack Dorsey – one of 

Twitter’s founders – has user id 12 and by signing up for a new Twitter account the last 

id at the time of data mining was determined (ID 388628058). Using those ids as the 

lower and upper bound, a sample of 100,000 random user ids was taken and for each of 

those ids the ‘users/lookup’ API call was used to download information for that user. Of 

the 100,000 initial users, only 86,313 are still active (the others have been deleted or 

suspended by Twitter due to a violation of the ToS). The information available for each 

active user includes: name, location (user-defined), number of friends, number of 

followers, number of tweets, and last tweet. 

Since we are interested in spatial networks, the second step was to geocode all user-

defined locations to specific latitude-longitude pairs. This means converting “Chicago” 

into “41.89, -87.70”. While it might be easy to geocode “Chicago”, deciding whether 
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“Paris” refers to “Paris, France,” “Paris, Kentucky,” or “Paris, Texas” is much more 

challenging. To circumvent some of the messiness inherent in geocoding user-defined 

locations (especially user defined locations such as “The Moon” or “Cloud 9” (see also M. 

Graham, Hale, & Gaffney, 2012), we used three geocoding services (Bing, Google, 

Yahoo) simultaneously. A geocoding result was considered to be reliable if all three 

services were in agreement (i.e. the distance between the coordinate pair for all three 

services was less than 10 miles) and the entry is at least at the city level (i.e. “Brooklyn” 

and “New York City” are included but “Kentucky” is not). From the 86,313 existing 

users in the sample, 21,518 (24.9%) satisfy these criteria. As a final step, and a starting 

point for the dataset used in this paper, we randomly selected 500 users whose location 

was within the contiguous United States and had tweeted more than once. 

C.  Table 1: Break-down of sampling strategy 
Data Set Size 

Original Sample 100,000 

Existing users in sample 86,313 

Geocodable users 21,518 

Geocodable users within US 6,943 

Starting sample of geocodable users within 
US 500 

Final sample after cleaning 400 

 

For every user in the starting sample (n=500), all friends and all followers (alters) were 

downloaded using Twitter’s ‘followers/ids’ and ‘friends/ids’ methods. All alters were 
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geocoded using the same process outlined in the previous section – and thus non-

geocodable alters were removed. As a final step, we download all alter-alter connections 

for each ego's geocodable alters. This establishes the strength of the social relationship 

within each ego’s network (how frequently do their friends/followers connect with each 

other).  We consider each ego network to be independent and do not include alter-alter 

ties that transcend ego networks. After a geocoding error in the dataset necessitated 

additional cleaning, the final data set of 400 ego networks25 has a total 55,880 unique 

alters and ~4.5 million ties. Of those ties 87,292 are between egos and alters, while the 

other ~4.4 million are between alters. The ties of two of these 400 ego networks are 

visualized in Figure 1 above. 

                                                
25 41 egos did not have any geocodable alters and were thus not included in the final 
dataset.  59 egos were geocoded to fictional locations and had to be cleaned from the 
dataset manually. Based on their alter-alter connections a user-generated location of 
“Earth”/”Mars” did not refer to Earth, TX or Mars, PA, but was entered flippantly as is 
the problem with user-generated data (M. Graham, et al., 2012). 
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IV. THE SPATIAL AND SOCIAL GEOGRAPHY OF TWITTER 

As we analyze ego networks, we compare social and spatial ‘distance’ on the network 

level.26 That means that for both dimensions, we need to come up with distance 

measures that reflect the ‘average’ distance within that network. In spatial statistics, the 

standard distance is often used. Analogous to how standard deviation is used to measure 

the dispersion or variation in a conventional statistical distribution, standard distance 

measures how clustered or dispersed points are around the mean (geographic) center. 

Standard distance (SD) is thus also calculated in a similar fashion: 

𝑆𝐷 =  
𝑑!!!!!

𝑛  
 

where d is the distance to a given point i (x,y) from the mean center and n is the total 

number of features. 

Analogous to spatial distance, the average distance within a social network can be 

proxied by the network density: 

𝑁𝑒𝑡𝑤𝑜𝑟𝑘 𝐷𝑒𝑛𝑠𝑖𝑡𝑦 =
𝑇

𝑛(𝑛 − 1) 

where n is equal to the number of nodes (alters plus egos) and T is equal to the number of 

ties. Density is thus simply a ratio of the number of ties in the network to the number of 

                                                
26  All social network analyses were done using igraph (Csardi and Nepusz, 2006), spatial 
analysis using aspace (Bui et al., 2011), graphs were made with ggplot2 (Wickham, 2009) – all of 
which are packages for R (Development Core Team, 2011). 
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possible ties (Faust & Wasserman, 1994). Since the networks in this paper are all non-

reflexive ego-networks and thus always have ego-alter connections, density becomes an 

indicator for how often alters are connected among themselves. As such, density indicates 

how ‘closely knit’ a specific ego network is. A density of 1 means that all nodes in the 

network are connected to every other node. A density of 0 means that there are no ties 

between any of the nodes. 

In a similar fashion, we also look at triads. A triad is a set of three nodes, who may or 

may not share a social relation with each other (Kitts and Huang, 2010).  Simmel 

(Simmel & Wolff, 1950) argued specifically that triads are a complex unit that cannot be 

understood simply through analyzing individual nodes or ties. For example, in a work 

relationship with manager A and employees B and C, ties exist between A-B and A-C. 

However, if no tie exists between employees B-C, manager A may exert specific power 

over the employees (e.g. paying one more than the other).  Taking into account the 

direction of the ties, there are 16 possible triad configurations. For any network, these 

configurations can be counted, which is often referred to as a ‘triad census’ (Davis & 

Leinhardt, 1972). Of specific interest for network analysis are those configuration that are 

transitive. If a tie from A -> B exists, and one from B -> C, a triad is transitive if a tie 

from A -> C exists (if that tie does not exist, the triad is referred to as intransitive). Some 

social relations are often transitive: if A has power over B and B has power over C, then 

it is likely that A also has power over C. On the other hand, romantic relationships tend to 

be intransitive (Kitts and Huang, 2010).  In Twitter networks, we expect to find transitive 

triads much more often in networks that are spatially clustered: if user A follows user B 
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and C, user B is much more likely to also follow user C if they are spatially co-located as 

this implies they may have some relationship outside of Twitter.  If entities located near 

each other are more likely to share commonalities (Tobler, 1970a), they more likely 

explore these commonalities within their Twitter networks as well. We calculate 

transitivity for network (G) as: 

𝑇 𝐺 =
3𝜆(𝐺)
𝜏(𝐺)  

where 3λ is equal to all transitive triads and τ represents the total number of triads.  

 

IV. A. EXPLORING SPATIAL DISTANCE WITHIN TWITTER NETWORKS 

Spatializing online social networks (cf. Figure 1 for an example of two spatial ego 

networks) immediately shows that digital space and material space are interconnected. 

Indeed the fact that Twitter provides a location field and most Twitter users fill it out 

suggests that material location is an important part of how people are using Twitter. 

Additionally, the abundance of Twitter ego-alter connections in the U.S. shown in Figure 

2 below highlights that although users can connect to people all over the world, the 

majority of ties from this sample of U.S. based egos are domestic. This supports the 

findings that Takhteyev et al. (2012) made based on Twitter ego-alter distances.  
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C.  Figure 2 — The ties for all 400US-based egos and their global alter 
connections 

 

 

Looking at the distribution of standard distances (Figure 3), it is clear that most networks 

(68%) have a standard distance radius of less than 3000 kilometers (mean = 2541; median 

= 2322; Standard Deviation = 1464). As the distance from the East Coast to the West 

Coast of the United States is ~4,800 kilometers, this supports what is visually illustrated 

in Figure 2. Twitter networks in the U.S. are spatially constrained and follow established 

network patters that are constrained by national borders and population density.  

Takhteyev et al. (2012) similarly found that the city pairs of Twitter users follow existing 

routes of connectivity throughout the world, like airlines and migration routes .  
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C.  Figure 3—Frequency of Distribution of distance calculated as the 
standard distance in decimal degrees among ego networks 

 

We assume that Twitter connections are frequently within the same city with users 

following a few national level users that extend ties to distant cities that alter the standard 

distance.  Figure 3 illustrates this relationship as some users connect to friends and 

followers on both coasts (extending the standard distance upward); very few develop ties 

outside of the United States. Moreover, standard distance is positively correlated with the 

size of a user’s Twitter network suggesting as an ego-network expands there are more 

chances for outliers that can greatly increase this measure of average spatial distance. 
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Indeed, Figure 4 shows the extent to which network size is correlated with standard 

distance (Spearman’s rho correlation coefficient = 0.4027). Larger networks, those with 

more ties for the egos to connect with, do extend over a larger distance.  Moreover, larger 

ego networks on Twitter are more likely to be Twitter accounts associated with 

corporation (like The New York Times) which have followers throughout the world, or 

Twitter accounts used by marketers that adopt a strategy of randomly following accounts 

with the hope that it will be reciprocated.    

                                                
27 Since the relationship in Figure 4 is not linear but is monotonic, we use 
Spearman’s rho instead of Pearson’s r. 



 

 

137 

C.  Figure 4—The network size (defined as number of nodes) by the Standard 
distance (in decimal degrees) for each ego network  

 

In addition to the standard distance among ego networks, we calculated the median 

distance for the same networks.  This relationship, demonstrated in Figure 5.  All egos 

were based in the United States implying that the average network with less than 250 

followers is primarily connecting with others in the United States and in nearby cities. 

We assume this is because the median distances are substantially shorter than the 

standard distance for 97% of our sample, and the two network distance measures are 

closely correlated at 0.67.  This relationship is demonstrated in figure 5 where the vast 
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majority (88%) of our results fall at a threshold under 2000 kilometers in median distance, 

and 4000 kilometers in standard distance. 

C.  Figure 5 — Standard Distance (x) compared to median distance (y) 
amongst egos and alters  
(size and intensity of point indicates number of alters for each ego) 

 

As most networks are relatively small (mean network size is 150.3 alters, the median 

distance is affected by outliers and thus not very representative of the average distance in 

the total network. We will therefore use the standard distance for the remainder of this 

analysis.  In the next section we expand our analysis of the spatial distance of network 
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ties to consider how social distance is measured, and then how social distance relates to 

these spatial extents of Twitter networks.

IV. B. SOCIAL DISTANCE WITHIN TWITTER 

Although Twitter networks are shaped by geographic proximity, it is also clear that they 

are social as well. Figure 6 diagrams one of the 400 ego networks in this study. While 

some alters in this network do not connect to any other alters, it is evident that the sub-

community of alters connect with each other as well as the ego. This is in line with other 

studies on virtual communities (Wellman & Gulia, 1999) as well as previous work on 

communities on Twitter (van Meeteren, Poorthuis, & Dugundji, 2009), which shows that 

Twitter users indeed form communities that are often centered around common interests.  

This clustering tendency is present in our data set as well. For an ego-network that has no 

alter-alter connections, the network density multiplied by the number of nodes should 

always equal 1, which is only true for 9% of the networks in the sample. This is low, 

especially when one takes into consideration that all alters that were not geocodable are 

excluded from this data set.28  

The mean network density for each ego network across the data set is 0.17, which is a 

common network density threshold among communities comprised of friends and family 

in material space (Wellman, 1979). Similar to spatial distance, network density is 

correlated with the size of the network but the direction is reversed. Figure 7 

demonstrates the frequency of network densities among ties by showing the count of ego-

                                                
28 56% of all alters were filtered, bringing down the number of ties from 47 million to 4.5 million 
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networks for each network density threshold. Larger networks generally have lower 

network density and this pattern is repeated in this dataset (cf. Figure 8 – Spearman’s rho 

= -0.78). As the number of alters increases for an ego it is unlikely that every alter will 

continue to develop a connection with every other alter.  In smaller networks (with 3-5 

alters), it is easy for the alters to all connect with each other.  The relationship between 

transitivity (the transitive triads divided by the total number of triads) and network size 

logically follows the same trend as more alters join the network, they are not related to 

each other. Figure 8 demonstrates this concept as the size of the network increases, the 

density drops off dramatically.   

C.  Figure 6— Sample egonetwork for user id 16850608.  
Ego in red. Alters in yellow. 
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C.  Figure 7—Frequency of Network Density among ties 
total number of networks at each network density level.
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C.  Figure 8—The network size, defined as number of nodes in each network 
by the density of each ego network: Network Density decreases as size 
increases.  

 

With multiple measures of social distance calculated for the standard distance among the 

ego networks, this analysis turns to understanding the relationship between social 

distance and the spatial distance among the ego-networks in our sample.  

IV. C. COMPARING SOCIAL AND SPATIAL DISTANCE WITHIN TWITTER 

While most users have ego networks that combine local ties and long distance ties, this 

analysis shows that more spatially clustered networks are also more dense—friends and 
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followers create triads through also following each other. This relationship is 

demonstrated in Figure 9 where the standard distance and the network density are 

negatively correlated (Spearman’s rho = -0.40). As standard distance among the ego and 

alters increases, the density of the network (relationships among the alters) decreases, 

implying that networks are less related as they extend over larger distances.  The points in 

Figure 9 the number of alters in the network is represented through the size and shade 

intensity of the point, this demonstrates that larger networks are the least dense as fewer 

of their alters connect to other alters.  
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C.  Figure 9—The density of each ego network by the standard distance

 
Granovetter’s (1973) Strength of Weak Ties (SWT) theory argues that the stronger a tie 

between two people, the more their social networks will overlap. For example a marriage 

is a strong tie between two individuals, and as their tie is strong, it is likely their social 

networks will overlap, and individual contacts (even weak ties) will become contacts 

(also weak ties) of both entities. This is especially relevant as Twitter ties are most 

frequently weak ties. Granovetter referred to this type of cluster as a “social 

neighborhood” with clear spatial implications as “neighborhood” infers spatial proximity. 

In the same time period, Walter Tobler, famously inferred that spatial proximity 

(nearness) implies similarity (Tobler, 1970b). We explore both SWT theory and Tobler’s 
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Law for Twitter through comparing the social and spatial distance of ego-alter 

relationships on Twitter. 

We defined physical nearness through the variance of a standard deviation of distance 

calculated in kilometers. Networks are more spatially clustered if they have a lower 

measure of Standard distance. They are more dispersed if they have a higher Standard 

distance. Figure 9, above, identifies the relationship between this measure of physical 

distance and the network density of this study's ego networks (the clumpiness of a 

network, or social distance, described above). This relationship identifies a decay in 

network density as physical distance increases. This can also be visualized with the box-

plot (cf. Figure 10) below that gives a better sense of the decline in network density as the 

standard distance increases.  One can also see in Figure 9 that network size (indicated by 

the size and shade of the points) is related to physical distances; as networks increase in 

size (more alters), tend to become more diffuse and extend across a larger distance.  

Distance strongly impacts the transitivity of networks at the shorter distances with this 

relationship leveling out after about 2000 kilometers (roughly the distance from Boston, 

MA to Chicago, IL). We assume this relationship results from a bi-coastal effect with few 

connections between the densely populated cities on the coasts of the United States and 

the less-populated hinterlands. This relationship of nodal connectivity among these cities 

was also identified by Castells (1996) and by Takhteyev et al. (2012). 
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In short, this demonstrates that network density drops sharply as physical distance among 

the egos and alters increases.  This suggests that social distance and physical distance are 

inversely related.    

C.  Figure 10 — The density of each ego network by distance as a box plot.  

 

While there is a clear general trend in the relationship between physical distance and 

social distance, it is also evident that there are a number of ego-networks that do not 

match this pattern.  Better understanding the reasons for this variation provide important 

insight; outliers in Figure 9 were individually identified for closer examination.  This 

revealed that many outliers were not ego-networks of independent individual users, but 
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networks comprised of (or heavily influenced by) the actions of corporate Twitter 

accounts, group-users and bots whose specific patterns we describe below.   

Chu et al. (2010) defined a classification system to separate bots, automated programs 

that use Twitter to exploit the platform, from human users.  They found that automated 

bots comprise 13.8% of Twitter users, humans are 47.7% of the users, and a combination 

of humans and bots that they refer to as ‘cyborgs’ are 37.5% of users (Chu, et al., 2010).  

In our study we determined that some of the largest networks (represented by large dark 

circles above), are not individual users but ‘bots’ or ‘cyborgs’.  For example, in Figure 9, 

the large network with a density of 0.4 and 3,800 km of Standard distance is a nursing 

jobs list, (@tmj_mia_nursing) for Miami, FL.  This bot follows the other “tweet-my-

jobs.com” Twitter bots, which also reciprocally follow it.  It is additionally followed by 

an assortment of human Twitter users who are interested in nursing jobs in Miami, FL 

(career counselors and unemployed nurses).  This arrangement of reciprocal following by 

and with other tweet-my-job bots which are scattered around the U.S. and focused on 

other local labor markets explains why it is such an outlier from the relationship between 

physical distance and social distance shown by most ego-networks in this sample. 

Another example of a large outlying ego-network  is the Twitter account for a band 

(@Adventhorizon1) which has a standard distance of 6,337 km and a density of .02999.  

This account represents not an individual, but a group of individuals that follow 

individuals in the cities they tour in with the hope of a potential reciprocal following.  
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This is different from an individual user who follows users to obtain updates from their 

‘tweets’, the band was ‘following’ users to enhance their own publicity. 

In contrast, the account with the lowest standard distance (0 kilometers), and highest 

network density (0.88), and highest network density normalized by size (12.5), is 

associated with a church youth group (@WRCC_DP) in Noblesville, IN that follows and 

is followed by other 7-individuals (not bots) within Noblesville, IN.  This is intriguing as 

it represents a near perfect conflation of space and sociability as it is a social group using 

Twitter in the same way they interact in material space.  

Another variation is a user @schnaus23, located in Palmdale, CA follows mostly high-

school friends in and around Palmdale, but is additionally followed by a spam-bot in 

Saudi Arabia (whom he doesn’t follow back), but this increases the SDD among his alters 

(which is 7,628 km) while lowering his network density to 0.333 (as none of his friends 

follow the bot).  Other outliers in the sample appear distant from their alter as a result of 

locational mismatches.  One Twitter user @ Ciahky_Park indicated his location as "San 

Francisco", but clearly lives in Seoul, Korea, tweets in Korean and all of his followers are 

in Seoul.   

This suggests that the relationship between spatial and social distance in Twitter networks 

is even clearer than suggested by Figure 9 as the scores for many of the outliers are 

inflated or deflated by single alters (e.g., @schnaus23) or because of unusual strategies 

not generally associated with real social networks (@tmj_mia_nursing or 

@Adventhorizon1) or by miscoding of the locational data (@ciahky_park). 
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IV. D. TRANSITIVITY WITHIN TWITTER NETWORKS 

One advantage of this ego-level methodological design is that we can understand the 

geography of Twitter users at the ego level rather than an aggregate of their geography or 

connectivity at the city level. This also provides insight into how information travels 

through these social networks.  Because network density is a rather crude measure of 

social distance, the following section uses transitivity as a more meaningful 

approximation of social closeness. Transitivity allows us to examine how effectively 

information can travel among the alters. If a network has a high level of transitivity, alters 

are connected (as with network density), but they also have a directional connection that 

allows them to transmit information directly and efficiently without connecting to the ego 

as an intermediary.  

In social relations, not all ties all equal. Network density is crudely counting the number 

of ties in a network, treating them all equally. Transitivity compares the number of 

transitive triads (see figure 11) to the total number of triads in a network. Transitivity 

accounts for directional connectivity as it looks at ties within triads – a set of three nodes. 

As demonstrated in Figure 11, three different network substructures all have a network 

density of 0.5 (calculated as three ties between nodes divided by six possible ties), but 

each has a different implication for how information can travel within the network. In the 

first example (Figure 11—left), there are three directed ties between users A-B, A-C and 
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B-C (a transitive triad29) and any information (e.g. a tweet) that A sends reaches both B 

and C directly and has a chance to be amplified (by B’s retweeting of the message to C).  

In the second example (Figure 11—center) B-A, A-C, and C-B, A’s tweet initially only 

reaches C and will only reach B if C decides to retweet. In the third example (figure 11—

right) A-B, A-C, and C-A a tweet from A will reach B and C but, since B and C are not 

connected, has no chance of being retweeted between the two.  In short, a higher degree 

of transitivity in a Twitter network means that the ‘echo chamber’ effect in that network 

will be larger and information with be more efficiently disseminated.   

C.  Figure 11—Three of the potential network sub-structures for transitive 
and intransitive triads 

 

We tested for the impact of transitivity on distance in Twitter ego networks and 

discovered a comparable relationship to Butts et al’s (2012) study30 on travel patterns 

                                                
29 All transitive triads are closed triads, but not all closed triads are transitive as transitivity 
accounts for the directional connectivity in the triad. In figure 11 the left and center triads 
are closed triads.  
30 Butts et al. (2012) analyzed aggregated human travel networks to look at the connection 
between the social networks and spatial travel patterns for several Metropolitan Statistical 
Areas in the United States. While they used ties based on daily travel patterns and not node-
based individual data, they identified a decreasing relationship 𝑦 ∝ 𝑥!!.!"  between 
distance (in decimal degree) and transitivity implying that the alters were less connected as 
distance increases.   
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where distance increased as network transitivity decreased. This relationship is 

demonstrated in Figure 12, (Spearman’s rho = -0.13), where as distances increases, the 

ability for information to travel from the Ego through the network decreases. 

Both network density and network transitivity decline as distance increases.  However, 

there is an important difference in these measures at the local level.  In ego-networks with 

a standard distance of less than 500-kilometers, transitivity is extremely high (0.25).  

After 500-kilometers, transitivity appears to remain relatively constant (oscillating around 

0.1) even as physical distance increases greatly.   This implies that while there is a high-

level of network density among ties with a standard distance less than 3000-kilometers, 

the triads are not as transitive in this threshold as they are at a distance of less than 500-

kilometers. This suggests that the Twitter network is structured in such a way that 

information flows most effectively among ties extending less than 500-kilometers – most 

likely because those users have something inherent in common and have an offline 

relationship. 
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C.  Figure 12 — the Network transitivity by the Standard distance (in decimal 
degrees) 
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V. CONCLUSIONS 

This analysis describes the geography of follower networks on Twitter.  Despite the 

ability of Twitter to transcend physical distance, it retains a strong local connectivity. 

Distance is not dead, nor is it completely dominant as ties extend beyond the local but are 

less effective past a 500km threshold. Twitter is effectively used to unite individuals both 

in their local communities as well as allow users to identify and follow a particular subset 

of users farther away.  

In many ways Twitter is reflective of the “social neighborhoods” that exist offline. As 

networks get larger in size they do not keep the same ratio of connectivity that is present 

in smaller communities. At the same time, Twitter fosters communities around 

specialized areas of interest that previously could not be formed (due to spatially 

disparate members) in material space. However those ties are infrequent and less 

effective for transmitting information.  Both online and offline, social networks create a 

space that simultaneously unifies individuals while identifying distinct differences in 

their patterns and their relationships to space (M. Castells, 2001). 

Twitter, as a networked community has a role in mimicking the relationships we form in 

material space. These ties are stronger and increasingly effective in more local 

geographies. Takhteyev (2012) identified a large number of ties between cities at less 

than 3,000 kilometers apart and a rapid decrease of tie strength as distance increases 

beyond that threshold.  We determined that ties among users at less than 500-kilometers 

of distance are stronger with interrelations that make the dissemination of information 



 

 

154 

among local Twitter followers more effective than information across distances of over 

500-kilometers.   This finding has notable implications for the use of Twitter among local 

organizations, governments, and media sources to communicate pertinent information to 

a geographically proximate population.  As such, Twitter could serve as an effective tool 

for disseminating information during crisis situations. 

While Twitter is one online social media tool, these findings are likely indicative of 

patterns replicated in other media networks.  This analysis demonstrates how locality and 

spatial proximity still matter in the 21st century.  Although technology enables 

individuals the option to extend far beyond their local community to build ties or 

converse with individuals across the globe, these ties are less frequent and have less 

meaning than the local ties that mimic existing relationships.   
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