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Abstract 

Although interpersonal relationships (modeled as social networks) form, persist and dissolve within the 
provisions and confines of geographic space, they are rarely modeled within Geographic Information 
System (GIS) environment. This disconnect may be a result of a lack of research questions that ask about 
how social life is intertwined with the built environment, or lack of integrated modeling environments.  

Instead, researchers focus on either social discoveries (such as, the number of contacts an average agent 
has) or spatial discoveries (such as, the venues where agents are located on a Saturday night), though it 
beneficial to ask questions that combine each variable (does one’s choice of locale on a Saturday night 
depend on how many contacts one has?) in order to learn more about socialization, human behavior and 
quality of life in geography.  

Many fields of research play a role in the combination of Social Network Analysis and GIScience. These 
include theory and practice of modeling flows in GIS, how social connectivity data and social agents have 
been embedded in GISystems in the past (topics: physical networks, flow visualization, social 
regionalization, agent-based models). We review how complex network methods have been applied to 
spatial features (topics: social regionalization, transportation networks and studies of distance decay). 
Finally, we list topics that describe human interpersonal behavior as social systems (social network 
analysis), within proximal environments (community sociology) and with focus on communication and 
psychology (studies of interpersonal relationships). These topics are chosen based on their ability to 
illuminate parts of the study of social systems within geographic space that can show how, where and 
why we form relationships over geographic space.   

 

Keywords: Geography, GIS, Flows, Connectivity, Personal Relationships, Location-Based Social 
Networks (LBSN) 
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1 Introduction 

In our daily lives, we seamlessly combine spatial variables (such as traffic) and social network variables 
(such as a niece’s birthday party) to produce decisions (“attend party despite the cost of traffic”). Social 
and spatial variables can be considered econometric in nature. We naturally forfeit the benefits of 
geospatial infrastructure and environment for social betterment, and vice versa. In this mindset, one may 
ask: Do marriages suffer in certain cities because one spouse may not find a fulfilling social network? Is it 
better to live in a place with a strong Internet backbone for video chatting or to live in a place with many 
proximal friends who meet face-to-face? 

Unlike our minds, our current geographic models do not integrate interpersonal relationships (as modeled 
by the social network) into geographic space (as modeled by GISystems, henceforth GIS) to show 
simultaneous social and spatial variables of place and space. 

In this vein, spatial modelers do not tend to ask such questions about why humans connect and how these 
relationships affect place and space. For example: are certain communities at risk of being under or over- 
connected with other communities? Are there places where people are more prone to connect (e.g. are 
more social), and why? How much are we influenced by others to use certain geographies? What happens 
to geographies (such as cities) when external connections become more or less viable?  Yet, these types of 
questions are necessary for the understanding human behavior within the built environment, 
understanding how to build cities, and fostering communities, social capital and quality of life.  

1.1 One dataset, many views 

Researchers from diverse fields often study the same events, such as friends going to meet in a city, 
family calling one another from two separate countries, co-workers emailing one another from their 
homes. Yet, what is deemed “important” about of each event differs with the researcher’s background and 
research questions. Using the same geolocated telephone call data set, one may be interested in how 
spouses communicate during the workday, while another asks how the economic region will grow in the 
future based on commuter flows. In reality, the strength (or weakness) of marriages may a crucial factor 
in economic growth. 

Furthermore, methodologies to findings patterns in such data are diverse. The sociologist or social 
network analyst may find how “central” each family member is to his or her wider circle of family, using 
a mathematical formula to calculate one’s network “centrality“ among a network of a large extended 
family (Jackson 2008). The political geographer may be interested in the magnitude of telephone flows 
that connect two countries, as this may be an indicator of political ties, potential remittance flows, and 
foreign policy considerations. A GIS analyst may be interested in visualizing the magnitude of emails to 
find trends on who is connecting where (Luo and MacEachren 2014). An expert in agent-based modeling 
(ABM) may use this information to program agents to exhibit the monthly contact frequencies revealed in 
the data, so that agents can exhibit “typical” human behavior. A computer scientist may be interested in 
developing the fastest ways to catalog, retrieve and synthesize a large datasets that holds many cases of 
connectivity over geographic space (Doytsher et al. 2010).  

1.2 Combining social and spatial 
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Despite efforts to integrate social variables into GIS (Goodchild et al. 2000; Yu and Peuquet 2009; 
Goodchild and Janelle 2010; Torrens 2010), research findings on interpersonal connections tend to either 
consider geographic topology or social relationships. As a result of this segregation, we find, for example, 
that obesity correlates with social network configuration (Christakis and Fowler 2007) and correlates with 
city form and accessibility (Ketsens et al. 2012, Ingame et al. 2009). Yet, we do not interact with others 
without geography; these variables should be used concurrently in a united model, to understand obesity. 
Also, two separate studies reveal the communication and network behavior of college students (Eagle et 
al. 2009) and how the campus is designed to host social interaction (Sevtsuk et al. 2009). As a further 
testament of the lack of cross-cutting integration, Sevtsuk et al. and Eagle et al.’s studies were performed 
on the same college campus during the same timeframe.  

Nevertheless, we find a number of successful studies of interpersonal relationships in geographic space. 
Emch et al. (2012) simultaneously model a social network of individuals and each’s position in 
geographic space to determine that the spatial closeness of two agents, over their levels of interpersonal 
interaction, is a stronger cause of disease spread. Other successful models of disaggregate (e.g. agent-
based) social systems in a geographic setting include those of urban gangs (Hipp et al. 2010; Radil et al. 
2010; Papachristos et al. 2013) transportation choice (Frei and Axhausen 2011; Arentze et al. 2012). 

1.3 Characteristics of a holistic field  

This field should be able to integrate social networks into a GIS environment in order to show human 
connections over space. It should be able to utilize human behavioral data, such as the choice to ride a 
subway, in order to reflect the decisions of the individual. The holistic field should also be equipped for 
studies that can respond to social theory questions.   

A holistic view of social and spatial variables must be able to capture how humans use contacts and 
geography simultaneously (as in Ryley and Zanni 2013). It should leverage information about the 
magnitudes of connectivity on edges of the networks of places. Heavy flows of people (such as migrants) 
or information (such as telephone calls) interchange between certain locations, indicate that locations 
well-connected. Such connections reveal social desire to connect with humans or the built environment at 
the destination and are often formalized as formulas predicting the decay of connectivity with increased 
distance between points of interest. 

Flow models and distance decay laws are integral to understanding how social choices in geography, but 
fall short of revealing the role of social variables in spatial decision-making, and vice versa, because they 
employ aggregate data of flows between cities that remove the individual’s path. Thus, agents or unique 
individual IDs should be used to connect to individual’s geographic behavior to his or her social behavior 
in terms of relationships. 

A holistic view of social and spatial variables must also have quantitative information about interpersonal 
relationships. The interpersonal relationship is often qualitative, private and ill-defined, presenting a 
challenge for its inclusion as a variable in spatial models. Yet, studies in Social Network Analysis (SNA) 
and computational social science have been successful at quantifying relationships and the relationship 
structures of groups, and such numeric representation facilitates the use of the relationship as a 
quantitative variable.  
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However useful, SNA simplifies complex relationships to a variable defining the presence or absence of a 
relationship between two agents. This representation needs to be bolstered by a deeper theoretical 
understanding about dyadic interpersonal relationships that can describe relationship types, inception and 
maintenance techniques. Regarding groups, a similar problem of minimization in representation arises, 
but can be remedied with rich accounts of urban and community dynamics—how humans behave in 
groups and within institutions. This field is also a natural fit for integration in a GIS because it often 
focuses on relationships in neighborhoods and cities.  

1.4 Topics and Agenda  

In this article, we outline bodies of literature that are useful for understanding social systems and social 
networks within the context of geographic space. We aim to help researchers in both social and spatial 
fields to avoid assumptions about the alternative variable. For instance, as a computational social 
scientist, to forgo modeling a social system within a spatial environment would be to assume that agents 
congregate and form ties without the help of the built environment. As a geographer, to disregard valuable 
data on (geolocated) social relationships would be to assume that places are not affected by their 
connections to other places or by their quality of social life. Neither of these assumptions will lead to 
salient findings about social behavior in geography. 

In the following section, we outline bodies of research that can be helpful in this endeavor. A goal for the 
field of integrated social and spatial research is to use geo-located human behavioral data with GIScience 
and Social Network Analysis (SNA) techniques in order to respond to questions about social theory. 
Table 1 summarizes the strengths of each topic listed in the following section. The presence of a number 
indicates that the topic provides a technological, methodological, and/or theoretical contribution. The 
number of the value is only to designate a list. Topics are listed, roughly, from focus on the spatial 
environment (1) to focus on the human (9).  

Table 1. Topics of interest and respective characteristics for the spatial analysis of social systems. 

Topic Uses GIS Uses SNA Uses Human 
Behavioral Data 

Responds to Social 
Theory Questions 

Physical Networks 1    
Transportation Networks  2 2  
Flow Visualization 3  3  
Social Regionalization 4 4 4  
Agent-Based Models 5  5  
Social Distance Decay  6 6 6 
Social Network Analysis  7 7 7 
Community Sociology   8 8 
Interpersonal Relationships   9 9 
Numbers represent the presentation order of the topic.  

Each topic informs an integral part of the larger picture of social relationships in geographic space. 
Notably, some topics are more advanced than others for this goal, and when combined with another topic, 
a more holistic picture of actions in the built environment arises.  
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For example, research on distance decay (section 2.6) that uses Euclidean distance to signify distance 
between two people may be improved by accounting for travel time in the built environment with 
transportation network analysis (section 2.5). Efforts that show movement flows (section 2.2) could be 
enriched by considering why connections are made with those at the other end of a trajectory (section 
2.9). The development of such models would result in enhanced scholarship on social theories, 
understanding of the human aspect of place and space, urban planning initiatives, and policy in health, 
education and transportation sectors. 

 

2 Relevant Literature 

2.1 Geographic Networks  

Geographers traditionally model physical, not social, networks and flows on these networks within a 
GISystem. These traditional networks include those of roads and water streams (Haggett and Chorley 
1969). The routing of goods and commodities has been of interest to GIScientists, and has resulted, for 
instance, in the widespread use of Esri ArcMap’s Network Analyst software (Esri 2013). However, these 
flows tend to follow road networks, whereas social networks do not. Moreover, the breakthroughs in early 
computer mapping of migration flow currents (Tobler 1959; 1978), have not found their way into 
mainstream GIS software. An exception is the work of Sevtsuk and Mekonnen (2012), in building tools to 
apply network methods to city form. Their research can be used, for instance, to find the building that is 
most likely to be passed by an automobile in New York City. Mainstream software does provide powerful 
tools for the analysis of networks applications of non-social flows such as fright, supply and traffic 
management. These not comprised of individual decisions and so, do not reflect social networks and 
social decisions. Yet, the basic infrastructure, such as the GIS’ ability to read Origin/Destination (OD) 
matrices and calculate network variables (such as shortest path), should be leveraged for networks that 
indicate social interaction.  
 

2.1 Transportation Networks 

There are few geographic features that are approached with complex network metrics that are also used in 
social networks. Transportation networks, geographic in nature, are often analyzed with such metrics, but 
analysis tends to reflect upon the network’s structural qualities (Barrat et al. 2004), without regard to 
geographic location, though in one case, the structure is considered as a factor of local or regional 
coverage (Derrible and Kennedy 2010). Also the dynamics of flows (such as number of airline 
passengers) on the network are often disregarded in favor for the analysis of the structure. Barthélemy 
(2011) provides an excellent review of spatial network types, structures and metrics. We note that 
although the networks presented in this piece are geographic in nature, there is no mention of integration 
with GISystems to correlating such networks with other features in the landscape (such as demographic 
data or natural features) for inquiry and exploration.  

On one hand, systems are sometimes described as Small World (Watts and Strogatz 1998) Scale-Free 
(Barabasi and Albert 1999), or as hub and spoke configuration (O’Kelley 1998). These distinctions are 
drawn from evidenced by the network’s properties, such as its distribution of nodes with certain numbers 
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of neighbors (degrees). In applications of commuters (DeMontis et al. 2010), railways (Sen et al. 2003) 
and subway systems (Latora and Marchiori 2001) small-world indicators are tested. Also, the nodes of 
transportation systems are characterized (Derrible 2012) with network analysis measures.  

Such studies reveal that travelers can have faster (though longer) traversal distances in small-world road 
networks, though traffic jams can rapidly form on these structures (Xu and Sui 2007). Also, airline 
networks show many triangles but maximize movement efficiency (Guimera et al. 2005; Xu and Harriss 
2008). Although these transportation analyses are currently not integrated with GISystems, they represent 
a step towards this possibility since they overtly apply complex network theory to geospatial features (e.g. 
an airport or train station) or by assessing the national and local places that have transportation networks 
with different (or similar) features (Xu and Sui 2007).  The beneficial layering and operational techniques 
found in GIS would help examine such spatial entities. 

 
2.3 Flow Data Visualization 

The visualization of flow data has become a topic of interest for geographers and cartographers interested 
in spatial interaction. Software projects are dedicated to help users find patterns in flow data: these 
advancements include Flowmapper software (Tobler 2004), which allow for symbology (such as color 
and size) to visualize flow data by weight or type; flow mapping (Guo 2010) which allows for 
unsupervised classification of flows in the vein of  (Takatsuka and Gahegan 2002). Recent analyses of 
migrants in the UK, commutes and holidays in Germany, France and Denmark (Rae 2009; Limtanakool et 
al. 2007; 2009) leverage visualizations of flows to explain spatial patterns, rather than rely on covariance 
or eigenvalue statistics of an OD matrix. Others search for new visualization methods in OD matrices, 
such as representing flows as cells that connect between two spatial grids (Wood et al. 2010) or as ‘star’ 
like features where each central node is classified geometrically as in Weighted Radial Variation (WRV) 
(Andris 2011). While prescriptions for flow software and data structures that can satisfy social network 
representation have been made (Glennon 2010; Kim et al. 2012) there little is available to analyze, 
visualize, and program a social network of agents in a GIS setting. One promising example is SNA 
software studio Gephi (Bastian et al. 20009) which has a number of useful plugins that allow visualized 
social networks to be explored as georeferenced GIS files. Yet, large scale flow visualization is important, 
as it provides fast and reliable renderings that give the investigator clues as to which places he or she may 
want to investigate, and to give the investigator an overview of well-connected and poorly-connected 
pairs of places.  

2.4 Social Regionalization 

Social interaction data have also been used to partition geographic regions, such as the urban hierarchy in 
Montana (Davies 1979), and the persuasions of Connecticut residents towards New York or Boston 
(Green 1955). Tangentially, the partitioning of a graph of similar voting patterns between U.S. county 
centroids (Guo 2008) follows work on partitioning space by clustering minimum spanning tress 
(Assunção et al. 2006). Regions segmented based on similarities (used to form a region) and differences 
(used to split regions) in surnames (Cheshire et al. 2010), commuters (Nielsen and Hovgensen 2008), 
currency circulation (Brockmann et al. 2006), and telephone calls (Ratti et al. 2011; Calabrese et al. 2011) 
have produced new ‘social’ partitions that map culture hearths and peripheries. This integration teaches us 
about the nature of socialization and its boundaries in geographic space, and brings us closer to the 
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creation of “functional” regions instead of those that rely on arbitrary political divisions or natural 
features. These studies illuminate the physical, demographic, infrastructural and political boundaries that 
serve as obstacles for socialization, and may prevent the spreading of many things, from political 
preferences to diseases. These methods use aggregate data flows, and can be improved by using 
individual social networks, which show connections in more detail and sidestep subjective decisions such 
as how to define a network node (as a city, county, nation, etc.), and issues that arise from representing a 
distribution of human behavior as a summary statistic.   

2.5 Agent-Based Models 

When the human is integrated into a spatial model as an individual, not as part of a census, he or she is 
usually done so as part of an agent-based model (ABM). Agents are programmed to reflect a typical 
decision-making person through advancements in Computational Social Science (Torrens 2010). Agent-
based models can be programmed to enact the observed social behavior “rules” found in ethnographic and 
data-driven studies. An elderly agent might be programed to e-mail his or her friends four or five times 
more often than his or her family (Sayago and Blat 2010). Moreover, agents should have specific goals, 
cultures, customs and plans (Yu and Peuquet 2009) that reflect cultural or social norms. While ABMs 
represent the individual, and thus, can represent a number of different perspectives in the landscapes 
(Couclelis 1997), current use of ABM do not often use individuals who are represented as part of a larger 
social network, which prohibits analysis about social influence, such as the spreading of information. Yet, 
this field could integrate this characteristic, and should be studied and leveraged because it can show the 
individual creating, maintaining and dissolving relationships in a social network model as linked to his or 
her behavior in a GIS model. The disaggregate nature of these types of models give an extra degree of 
freedom that can be used to show, perhaps whether a disintegrated friendship (as shown in the social 
network) might correlate with reduced visits to a certain part of a city (through the agent’s behavior in a 
GIS). Promisingly, the functionality of some software such as NetLogo (Tisue and Wilensky 2004) can 
successfully integrate a social network with GIS layers and can be explored.  

2.6 Social Distance Decay  

Researchers show how communication flows and likelihood of friendship between a pair of people decays 
with the Euclidean distance between their origin and destination, but without account for underlying 
geography of the pair’s situation, including political, physical and social boundaries.  

For instance, the probability of acquaintanceship for two random people drops by approximately 90% for 
each additional 100 minutes of car travel time between the (random) pair (Lee et al. 2010) On the Twitter 
network, 80% of friends are separated by over 1,000 kilometers (km), while over 50% of friends on the 
FourSquare check-in network are separated by less than 1 km (Scellato et al. 2010). Online chat 
conversations are longer, but less frequent when the pair is distant (Leskovec and Horvitz 2008). 
Communication probability also decreases with distance in a cell phone network, and friendship 
probability follows suit in a blog community (Liben-Nowell and Kleinberg 2008). The average duration 
of phone calls increases with distance, reaching a plateau when partners are 40 km apart (Lambiotte et al. 
2008). Online photo sharing data has also been used to show that probability of friendship decreases with 
distance (Crandall et al. 2010). Others show that travel distances decay as a power law, movement and 
diffusion exhibits mathematical scaling properties such as Lévy flight behavior (Gonzalez et al. 2008). 
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These types of analyses are performed by those with high computing power, physicists, computer 
scientists, which can shape the research questions (boyd and Crawford 2011), and thus, have left little 
room for integration of the large agent-based networks and GIS. In fact geography has been equated with 
distance, as seen in many titles, including (Barthélemy 2011) who describes “geography in social 
networks” with a list of distance decay functions. Others name their work “geography” when rendering 
the Euclidean distance values that exist between every individual pair of geo-located nodes, shown as 
probability distributions (probability density function) and lauded for their ‘fat tails’ or log normal 
behavior, as a physical law (e.g. Scellato et al. 2010). They are not sufficient for geographic analysis 
because they lack the underlying spatial landscape and topology, city form, accessibility and real-life 
issues of spatial configuration and geometry (as echoed by Loglisci et al. 2010). Understanding these laws 
in the context of a GIS can provide more information about how relationships fare given, obstacles to 
face-to-face meetings, different places from which a member of a relationship hails, or interaction spaces. 

2.7 Social Network Analysis 

A social network can be thought of as a systematic representation of connections between agents (people), 
manifested in a graph of nodes their connections. The complex calculations and treatment of these data 
structures is generally referred to as social network analysis (SNA), a field now considered to be within 
the domain of Computational Social Science (CSS) (Lazer et al. 2009). SNA is a robust, burgeoning field 
with dedicated journals and textbooks, but has interacted little with GISystems (Andris 2011). 

Most social network analysis produces valuable knowledge about human behavior without using 
geographic space as a variable in their findings. Social network analysis can human behavior on topics of 
teamwork and incentives (Kerns et al. 2006), trust propagation (Watts and Dodds 2007), innovation 
(Bettencourt et al. 2007), Pluralistic Ignorance (Centola and Wilier 2009), the benefit of weak ties 
(Granovetter 1973) and strong ties (Centola and Macy 2007), and social influence (Salganik and Watts 
2008). Some social network analysis claims to predict obesity, depression, anxiety, loneliness, drinking, 
eating, exercise within contacts (such as Christakis and Fowler 2007), or future friendships (Clauset et al. 
2008). Additionally, the public can learn about a new fashion or innovation, but it is only when friends or 
a critical mass of people display the novelty or fashion that the adoption is realized “complex contagion” 
(Centola and Macy 2007). These human behaviors and ‘rules’ for social systems are integral for 
understanding how decisions such as attending a concert or traveling to a new university, are made in the 
built environment as based on the influence of one’s social network. These are especially important in 
policy: perhaps members of a social network are susceptible to a certain communicable disease because a 
friend has been diagnosed. Due to privacy issues, a public health agency could not contact the friends of 
this agent (as retrieved from phone call records). However, using a GIS, the neighborhoods of the friends 
can be mapped, and policy can be applied to certain geographic areas—such as townships or school 
districts.  

2.8 Urban Sociology 

In urban and community sociology, social networks are considered important parts of a city or 
neighborhood. Examples of community case studies (Chrisman 1970; Wellman 1979; Fischer 1982) 
provide expertise fraternization of race and gender and socioeconomic groups in communities. These 
types of in-depth case studies illuminate valuable detail of understanding nuances and qualitative metrics 
such as trust and support that one cannot ascertain from big data studies. The factors that lead to growth, 
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development, change, and deterioration of communities is a specialty in this field that is not found in 
other topics, and should be applied to spatial models. GIS can benefit this field, as many personal social 
networks are illuminated in one place (such as rural Thailand (Verdery et al. 2012)) and may not be 
generalizable across communities, unless other communities are found to have the same variables (such 
as a fishing industry). Studies that generalize across communities show how migration and 
telecommunication is an economic driver of globalization (Sassen 2000; Massey 2005; Castells 2009; 
Rojas 2010) but do not incorporate empirical models of physical space in their theoretical contributions to 
worldwide flow systems. GIS analysts can better understand the flows of remittances from these studies 
on globalization, and add these variables as informal economic indicators of places.  

2.9 Interpersonal Relationships 

The study of interpersonal relationships has much to offer GIS analysts, and gain from modeling spatial 
topology. Though relationships cannot escape the provisions and obstacles posed by the built 
environment, the field tends to be focused on the relationship itself. Research topics in this robust, 
interdisciplinary field classify salient types of relationships, and illuminate processes of relationship 
progression, features of successful marriages (Gottman et al. 2005), and verbal and non-verbal 
communication mechanisms (Duck et al. 1991). In addition, studies on relationship maintenance and 
commitment (such as Rusbult et al. 2004) can inform researchers studying massive telephone call or 
instant message datasets of the role of the telephone in maintain social ties, how frequently these actions 
should take place, and the benefits and drawbacks. That long distance relationships (LDRs) and 
derivatives such as long distance romantic relationships (LDRRs) (Stafford 2005) have not embraced as 
an examinable feature of the landscape is unfortunate. Authors of these studies find, for example, that of 
LDDR partners that become geographically reunited, one-third end their relationships within 3 months of 
the reunion (Stafford et al. 2006). Studies of geolocated LDRs can be extremely useful to geographers, 
especially those interested in connectivity, flows, ICTs, and transportation. Also, the study of Geography 
is GIS can enrich studies of LDRs by describing the obstacles and travel costs to face-to-face meeting, 
and enumerating the “competing” options available to each party in their respective social environments 
(Stouffer 1940). In order to integrate relationships into GISystems, we should look to mathematically-
modelled relationships found in Gottman et al. (2005). 

Although we find many helpful pieces in the story of how socialization occurs within the context of 
geographic space a clearer path is needed for comparing one’s connectivity behavior to one’s social 
relationships. We have discussed the prospects and drawbacks of certain literatures that pertain to social 
systems within geography. How these literatures will fit together, complement one another, and be 
applied to research endeavors is yet to be seen.  

3 Discussion and Conclusions 

By pulling from the aforementioned fields, researchers may be able to approach a more unified 
understanding of socialization in geographic space. The above fields each contribute important 
paradigms, theories, models and terminology necessary for understanding social systems within 
geography, or as the technical convergence of SNA and GIS. Future social/spatial models will show how 
people behave in geographic space due to one another, and can be both informed by and used to benefit 
the scholarship of many topics in geography. A small sample includes chain migration: how we move to 
a new place due to our family and friend relationships; discrete choice models at the household level: how 
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we decide on where to live and which modes of transportation to use based on our family members; 
spatial cognition: how we are drawn to places where our contacts have live(d), work(ed), or visit(ed).  

This review leaves us with a number of issues, namely that the GIS or SNA researcher is still left without 
a technical “how-to” for social networks in GIS. We believe researchers might benefit from (a) more 
concrete examples of integration, (b) a taxonomy of different types of spatially-embedded social networks 
and models (e.g. networks where each node is one city); (c) an outline of best practices, new metrics and 
methods; (d) the creation of a better terminology for describing the behavior of convergent social and 
spatial systems (e.g. the term “cluster” is used in both fields to mean different things); (e) an agenda of 
research questions to test with models of human socialization in geographic space; (f) tips for managing 
big data in this domain. We hope to address these issues in future work.  
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