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GEOSPATIAL ANALYSIS OF NETWORKS

Koylu, C., Tian, G., & Windsor, M. (2022). Flowmapper.org: a web-based framework for designing origin–destination flow maps. Journal of Maps, 1-9.



Moody, J. (2001). Race, school integration, and friendship segregation in 

America. American Journal of Sociology, 107(3), 679-716.

Middle + High School Friendships | Color represents 

race (AD health-North Carolina).

Christakis, N. A., & Fowler, J. H. (2007). The spread of obesity in a large social 

network over 32 years. New England Journal of Medicine, 357(4), 370-379.

Patients | Larger dots represent obesity (Framingham 

Heart Study).WHAT ABOUT SOCIAL 
NETWORKS?
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Abizaid, C., Coomes, O.T., Takasaki, Y. and Arroyo-Mora, J.P. (2018). Rural social networks along Amazonian Rivers: Seeds, labor and soccer among communities on the Napo River, Peru. Geographical Review, 92-119.

Faust, K., Entwisle, B., Rindfuss, R.R., Walsh, S.J. and Sawangdee, Y., 2000. Spatial arrangement of social and economic networks among villages in Nang Rong District, Thailand. Social Networks, 21(4), pp.311-337. 

Schramski, S., & Huang, Z. (2016). Spatial social network analysis of resource access in rural South Africa. The Professional Geographer, 68(2), 281-298. 

Sohn, C., Christopoulos, D. and Koskinen, J.  (2020). Borders moderating distance: a social network analysis of spatial effects on policy interaction. Geographical Analysis, 52(3), 428-451.

Walther, O., Prieto-Curiel, R., Padron, J., & Scheuer, J. (2022). Mapping the Travel Geography of the 9/11 Terrorist Network. Available at SSRN.

Spatial arrangement of social and economic networks 

among villages in Nang Rong District, Thailand

Rural social networks along Amazonian Rivers: Seeds, labor 

and soccer among communities on the Napo River, Peru

Spatial social network analysis of 

resource access in rural South Africa

Borders moderating distance: a social 

network analysis of spatial effects on 

policy interaction. 

Mapping the travel geography of 

the 9/11 terrorist network



CHALLENGES

1) Spatial social network analysis produces very different types of output. 

2) We can’t (yet) answer very basic questions about a spatial social network.

3) We lack null hypotheses about SSN topology. 

 We don’t have an expectation, so we can’t compare to actual. 



KEY BASIC QUESTIONS

Are “powerful” nodes near advantageous geographic features? (Rivers, grocery store)

Do “powerful” nodes cluster? 

What geographic features appear to hinder or enable connections?

What types of social networks exhibit local ties and where are the ties?

What types of social networks are more “efficient” than others?

Do subgroups in social networks also cluster in geographic space?



RESEARCH CONTRIBUTIONS

Theoretical

Advances in 

Relational 

Space

New 

Statistical 

Approaches

Increase the 

use of GIS in 
Interdisciplinary 

Research
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U.S. MAFIA NETWORK

680 nodes

2,699 edges

Andris C and DellaPosta D, Freelin B N, Zhu X, Hinger B and Chen H (2021) To Racketeer Among 
Neighbors: Spatial Features of Criminal Collaboration in the American Mafia. International Journal of 
Geographical Information Science, DOI: 10.1080/13658816.2021.1884869. (Sociogram from 
DellaPosta, D. (2017).)

Node size = Degree

Color = Family

https://www.tandfonline.com/doi/full/10.1080/13658816.2021.1884869
https://www.tandfonline.com/doi/full/10.1080/13658816.2021.1884869


Research 

Question:

Do ‘powerful’ 

members 

live near the 

geographic  

‘center’ of 

their 

families?

New Visual Approach: Centrality/Centrality Plot



Research Question:  Are 
high-degree members in 

central geographic locations?

Photo credit: various.



NEW APPROACH: “SCAN 
METHODS FOR SPATIAL 

SOCIAL NETWORK 
HOTSPOT DETECTION”

Research Question:

Where are connected clusters located?

Liang, X., Baker, J., DellaPosta, D., & Andris, C. (2023) Is your 

neighbor your friend? Scan methods for spatial social network 

hotspot detection. Transactions in GIS. DOI: 10.1111/tgis.13050.



EDGESCAN AND NDSCAN SCAN STATISTICS

Focal Window

KNN = 7

Count Summary Statistics

Node = 8

EdgeScan Focal Statistic

Edge = 5

NDScan Focal Statistic

Network Density = 0.18
Focal node

Non-focal nodes

Edge

Inputs to the EdgeScan and NDScan Algorithms

• Requirement: Nodes and edge list (.txt, .csv, .xls)

For each node in the spatial social network, calculates the focal statistics:

 

𝑁𝐷 =
2 ∗ 𝐸𝑑𝑔𝑒

𝑁𝑜𝑑𝑒 ∗ (𝑁𝑜𝑑𝑒 − 1)

Euclid

400m

Manha

500m

-Comparison to Getis-Ord GI*

-Sensitivity test with three window definitions (Euclidean Distance, Manhattan Distance, K Nearest

Neighbors) and sizes (distance or k neighbors)



LocalGi algorithm with 1km distance band and z scores from the number of nodes in the distance band. The inset maps show the sampled NDScan and EdgeScan results of the highlighted areas in Getis-Ord GI* base map.



SENSITIVITY TESTS FOR EDGESCAN AND NDSCAN

How should users select neighborhood
definition and window size?

By Window Size

• Mean EdgeScan value (and Std) increases with
window size, while NDScan value and (Std)
may decrease.

• For distance-based methods, the percentage
of nodes passes the minimum point threshold
increases with window size.

By Neighborhood Definition

• The observations of window size are consistent
across neighborhood definitions.

• KNN tends to overestimate EdgeScan values
and have more dispersed outcomes.

Table: Mean EdgeScan and
NDScan values and number of
nodes with at least two
neighbors (MinPts = 3) at
varying neighborhood
definitions

New York City

City of Detroit
Table: Mean EdgeScan and
NDScan values and number of
nodes with at least two
neighbors (MinPts = 3) at
varying neighborhood
definitions
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Food sharing ties via a survey: 40 nodes and 51 edges.

THRIVE Network

Kelly J, Sarkar D, and Andris C (2024) Locality, Personal Ties, and Efficiency in a Food 
Security Network. Annals of the American Association of Geographers, 1-12.

https://www.tandfonline.com/doi/full/10.1080/24694452.2024.2338096
https://www.tandfonline.com/doi/full/10.1080/24694452.2024.2338096


RESEARCH QUESTIONS

1) Power, situation and accessibility:

Are better-connected organizations near 

points of interest (POIs)? 

Are they near the geographic center of 

the network?

2) Physical distance:  

Which nodes tend to connect to their 

nearest alters? 

3) Local disconnection: 

Which pairs of nodes are nearby but 

disconnected? We will suggest new ties 

between these nodes.



POWER, SITUATION AND ACCESSIBILITY

RESEARCH 
QUESTION: 

ARE MORE 
‘CENTRAL’ 

NODES MORE 
‘CENTRAL’ IN 
GEOGRAPHIC 

SPACE?

Pearson Correlation Coefficient 
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RESEARCH 
QUESTION: 

WHOSE 
CONNECTIONS 
ARE VERY CLOSE 

/ EFFICIENT?

Metric: 

“k-fulfillment”

How many of your k 

nearest neighbors are 

you connected to? 

k = degree



Local connections between 

entities are uncommon. 

Only six nodes (12%) are 

connected to their nearest 

neighbor, and 12 (30.0%) 

are connected to either their 

first or second closest 

neighbor. 

Twenty-eight organizations 

have a k-fulfillment value of 

0.



Metric: “Local network 

flattening ratio”

Total distance to reach k 

nearest edges / total 

distance to reach a node’s 

actual k edges.

k = degree

Nodes range from 0.0039 (Beans 

and Rice of Pulaski) to 1 (4 

organizations) (mean = 0.276). 

Whose connections are 

very close / efficient?



Global flattening ratio is ~0.301.**

The Giles Mission has a low local 

flattening ratio (0.045), implying it 

forgoes nearby nodes for distant 

nodes; it connects to nearby nodes, 

but its flattening ratio is low 

because it connects with Feeding 

America. 

Feeding America has a low k-

fulfillment (0.3) but a high flattening 

ratio (0.679). 

Whose connections 

are very close / 

efficient?

**Sarkar, D.,  Andris, C., Chapman, C. A., & Sengupta, R. 

(2019). Metrics for characterizing network structure and 

node importance in Spatial Social Networks. International 

Journal of Geographical Information Science, 33(5), 1017-1039.



RESEARCH QUESTION: 
WHERE SHOULD NEW 

CONNECTIONS BE MADE?

Metric: “Missed 

Connections” based 

on the ‘route factor’

Route Factor:  See: Black, W. (2003). Transportation: A 

Geographical Analysis. New York: Guilford Press.
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Simulation StorytellingNEEDS



NEEDS: EDUCATION & TRAINING FOR SOCIAL 
NETWORK RESEARCHERS
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mailto:clio@gatech.edu




Please send SSNs our way! 

clio@gatech.edu

mailto:clio@gatech.edu


Spatial Social 

Networks (SSN) 

Visualization and 

Metrics with R 

(friendlycities-

gatech.github.io)

R TUTORIAL AND PACKAGE : S SNTOOLS

https://friendlycities-gatech.github.io/SSN_tutorial/
https://friendlycities-gatech.github.io/SSN_tutorial/
https://friendlycities-gatech.github.io/SSN_tutorial/
https://friendlycities-gatech.github.io/SSN_tutorial/
https://friendlycities-gatech.github.io/SSN_tutorial/
https://friendlycities-gatech.github.io/SSN_tutorial/








SNOMAN : AN ONLINE OPEN SOURCE TOOL FOR SOCIAL NETWORK MAPPING 
ANALYSIS







TAKE AWAYS

Social networks are understudied in spatial analysis (and 

vice versa).

To learn about spatial social networks, we require 

mapping tools and techniques.

Future work includes simulation, storytelling, and 

education.

Thanks to collaborators: Max Hill, Sichen Jin, Xiaofan Liang, Dipto Sarkar, Jaimie Kelly, and Daniel DellaPosta.
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