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Abstract

This study implements a Geographic Data Science
framework that transforms the Foursquare check-in
locations and user behaviour data into a series of
global urban networks. Through an innovative spa-
tially weighted community detection algorithm we
uncover functional regions for 9 global cities; and
through linkage to locally derived catchments for
around 330k check-in locations; attribute regions with
a range of measures that describe their diversity, mor-
phology and mobility. We then applied k-means clus-
tering to derive a global set of 4 functional region
types, enabling the comparison of Human Dynamics
and their contexts across the sample of global cities.

1 Introduction
Networks are an increasingly important conceptual and method-
ological tool in contemporary urban theory to both represent
and model various types of interaction, flow or relation (e.g.
movement, finance, communication, friendships etc), or to elu-
cidate hidden structure manifest through the agglomeration of
human interactions [3, 4]. Many applications of networks focus
on human dynamics across a range of temporal scales: from
mapping patterns of global migration to daily commuting pat-
terns [2]. However, developing an understanding of contem-
porary human mobility, behaviour, context and outcome poses
great challenge to many existing instruments that urban scholars
have traditionally relied upon for the empirical study of cities
(e.g. Census, Survey etc) [5].

However, new opportunities to explore the form and func-
tion of cities have been enabled by the volunteering of spatio-
temporally referenced digital traces left by human use of urban
environments [2]. In their raw form, data such as Foursquare
check-ins provide insight into both where and when activities
are taking place within cities; but as we demonstrate in this
short study, through their linkage, augmentation and analysis:
also provide great opportunity to model the functional form of
cities.

The universality of our implemented Geographic Data Sci-
ence framework enables transfer across multiple countries to: 1)
Define functional regions within cities; 2) Define check-in POI
(POI) catchments; 3) Create POI catchment contextual mea-
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sures related to urban and functional structure; 4) The mapping
of diversity of functional and contextual geography.

Through these measures we provide insight into human dy-
namics within and between sets of defined functional regions
across: Chicago, Istanbul, Jakarta, London, Los Angeles, New
York, Paris, Seoul, Singapore and Tokyo.

2 Urban Networks & Functional Regions
The objective of this analysis was to provide insight into the
emergent functional structure of different cities created through
the ordering of human activities into cohesive zones of intercon-
nected activity. In this analysis we create global urban networks
of user interactions and implement a geographically weighted
community detection technique to identify functional agglom-
erations of POI.

2.1 Creating and Cleaning the Network
For each city, a network was created using Python’s NetworkX
library, with nodes associated with each POI and connections
between them determined by the agglomeration of all individ-
ual’s sequences of Foursquare check-in activities. Edges were
therefore ascribed the total count of user check-in links. Cities
were isolated into separate graphs through the removal of edges
that spanned cities; and further edges removed that existed be-
tween non-travel related POI categories that exceed what one
would consider to be ’a walking distance’. Hypothesizing that
these check-ins are a result of the app not registering the use of
transportation, we focus only on localized movements, exclud-
ing all edges that exceed the median distance value between
POIs for each city. Although in this instance we were interested
in aggregate functional regions within cities (all activities), this
technique could be extended to different temporal bins to ascer-
tain how connectivity between different areas of the city varies
by time of day, day of the week or even month of the year.

2.2 Geographically Weighted Community Detection
Although recent work within Urban Geography has demon-
strated the utility of community detection techniques in the def-
inition of functional regions [3], these do not explicitly account
for geography, which is a primary driver or constraint to inter-
action.

Broadly speaking, interactions are more likely between POI
in “close” proximity; although interactions will vary between
urban contexts. As such, we first needed to examine the dis-
tances that Foursquare users travelled between check-in loca-



tions. For simplicity, we measured the euclidean distance be-
tween each POI for every user; these were then aggregated into
distance bins. Figure 1 shows how there is a distance decay in
travel between check-ins, but, for some cities (e.g. London and
Paris) there is complexity to these general patterns, with lower
initial propensity to travel to POI in close proximity.

Community detection was implemented using Python’s com-
munity package’s best partition method that searches for net-
work partitions by maximizing the modularity using the Lou-
vain heuristics. However, to better account for geography, we
first weighted the network edges by the inverse of geographic
distances between their associated nodes; thus prioritizing the
importance of more spatially proximate flows. The outcome
was a set of functional regions for each of the cities (See Table
1 and Figure 2). Polygon boundaries were created from POI
locations by applying Alpha Shapes to the associated POI loca-
tions within each identified community.

City Frequency of Regions µ POI µ Distance σ Distance

Istanbul 81 1344.6 1.497 1.182

Paris 20 643.6 0.627 0.446

Seoul 7 1901.2 0.771 0.670

Singapore 10 2102.6 0.794 0.740

Tokyo 26 2133.5 0.548 0.508

London 20 1069.1 0.659 0.494

Los Angeles 8 1708.8 1.508 1.152

Jakarta 18 1101.6 1.055 0.853

New York 16 1918.5 0.579 0.391

Chicago 7 1656.0 0.850 0.638

Table 1: The frequency of regions identified for each city, mean (µ)
POI per community, alongside the mean (µ) and standard deviation

(σ) of the edge distance in KM.

Figure 1: The proportion of check-ins by distance.

(a) New York, USA. (b) Istanbul, Turkey.

Figure 2: Functional regions within Istanbul and New York with POI
shown as white dots (Note; POI data for Brooklyn was not provided).

Each functional region represents a distinctive cluster of ag-
gregate Foursquare user activity. Prior to the contextualiza-
tion of these areas, we first examined how the aggregate user

check-in trajectory profile varied from the associated city aver-
age. To illustrate this we compare two clusters within Tokyo,
Japan in Figure 3. The area labelled partition 4 represents the
core of central Tokyo and has high POI density, and more com-
pact structure; whereas partition 14 is more peripheral, and has
lower POI density. Sub-figure 3b illustrates how partition 14
has a more distinctive set of trip behaviour relative to partition 4
which is more similar to the city average.

(a) Two functional regions within
Tokyo, Japan; highlighting a

central area, and one towards the
urban periphery.

(b) The proportion of check-ins
between two functional regions,

and the Tokyo Average.

Figure 3: Functional regions within Tokyo.

3 Contextualizing POI Locations
POI linkage through user interaction and their geographic loca-
tion are key drivers of those spatially located functional regions
demonstrated in the previous section; however, at a local area
level patterns of use are both driven by POI type (e.g. travel,
food etc); and other measures of the wider built environment.
There is much literature within urban planning and architecture
that explores how the morphology of the built environment (e.g.
street geometry) may influence activity within places and limit
or enhance attraction between locations[4]. The objective here
was therefore to capture a range of contextual measures for each
POI, that would be later used to compare the functional regions.

3.1 Defining a Catchment and Input Variables
The first stage was to define a “catchment” for each of the 330k
POI. A polygon delineating the bounding box of all POIs within
each city was used to create a NetworkX graph from Open-
StreetMap (OSM) data using the OSMnx library [1]. From
this city-wide graph of the street network, a sub graph was con-
structed that was centered at the latitude and longitude of each
POI. The radius of each sub graph was extended according to
a ten minute walking distance from the POI. A convex hull of
the sub graph was then extracted for each POI which are the
catchments we use in the subsequent analysis (Figure 4).

Figure 4: A Catchment showing a ten minute walking catchment
along the street network in Paris from a selected POI (red), with other

POI within the area highlighted in yellow.



Within each POI catchment area, we defined a series of mea-
sures using either OSMnx [1] or spatial analysis of the catch-
ment area characteristics; these are summarized in Table 2.

Measure Description Label

Average Circuity Total edge length divided by sum of great circle distance between nodes incident to each edge. circuity avg

k Average Average degree of catchment. k avg

n Number of nodes in catchment n

Node Density Km n divided by area in square kilometers. node density km

Self-loop Proportion Proportion of edges in catchment that have a single incident node. self loop proportion

Street Length Average Mean edge length in undirected representation of catchment (meters). street length avg

Street Length Total Sum of edge lengths in undirected representation of catchment. street length total

Street Per Node Average Average number of streets per node. street per node avg

Eigenvector Centrality Ratio Ratio of eigenvector centrality between POI and other POIs within catchment. ratio eig

Percent Same Type Percentage of POIs of same category inside catchment. percent same type

POI Count Number of other POIs inside catchment. n pois

Average Afternoon Average Foursquare check-ins of all POIs in catchment between 15:00 and 18:59 (%). avg afternoon

Average Midday Average Foursquare check-ins of all POIs in catchment between 10:00 and 14:59 (%). avg midday

Average Morning Average Foursquare check-ins of all POIs in catchment between 06:00 and 09:59 (%). avg morning

Average Night Average Foursquare check-ins of all POIs in catchment between 19:00 and 23:59 (%). avg night

Average Overnight Average Foursquare check-ins of all POIs in catchment between 00:00 and 05:59 (%). avg overnight

Table 2: Initial measures used to compare POI contexts.

Measure Description

Diversity Entropy score (Shannon Index) measuring diver-
sity in the categories of POIs

Morphology and Be-
haviour

The aggregation (mean) of POIs information re-
sulted from the catchment area (CA) morphologi-
cal profiles and average check-ins by time of day

Mobility Functional region distance decay function

Table 3: Functional region contextual differentiation.

4 Mapping the Diversity of Functional Regions
To gain an understanding of the functional regions similarities
and differences we developed a multidimensional comparison
implementing k-means clustering. We posited three drivers of
functional region differentiation, which are shown in Table 3.

4.1 Diversity
Entropy was calculated as follows:

H = −
s∑

i=1

pilnpi (1)

where s is the number of categories, pi is the proportion of
POIs of each category and ln is the natural log.

4.2 Morphology and Behaviour
The variables calculated for each POI catchment were aggre-
gated into the functional regions. The variables describing the
proportion of check-ins by time of day (morning, midday,...)
were averaged over those POI within each region. Additionally,
the means of the variables(n pois, percent same type, ratio eig,
streets per node avg, street length total, street length avg,
self loop proportion, circuity avg, k avg, n, node density km)
characterizing catchment morphology were reduced through
application of principal component analysis. Four principal
components that explained 77% of the variance derived (Fig 5).

4.3 Mobility
We defined the aggregate regional mobility mathematically
through the parameter exponential decay function f(x) in the
Equation below, where x is a vector of distances between POI.
We then used TensorFlow to obtain the best fit for each of the

city’s empirical observations y, optimizing parameters c and k
by minimizing the L2 loss between y and f(x). This gave a set
of exponential decay parameters that estimated likely relative
impedance between POI locations for given regions.

f(x) = maxiyi × c× ek(
maxixi−x/maxixi) (2)

4.4 Comparing Multidimensional Characteristics
A challenge when implementing k-means clustering is to select
an appropriate number of clusters. Here we utilize a clustergram
plot which along the x axis plots a range of potential k values;
and along the Y, a weighted mean principal component score.
Each line relates to a functional region and relative score for
each iteration of k; and dots represent the cluster average PCA
scores. An indication of the best fit for k relates to a model
where these centroids are well separated (See Figure 6). From
this figure, we selected 4 clusters as an appropriate k value.

(a) PC1 & PC2.

(b) PC3 & PC4.

Figure 5: Vars contributing to PC1 & PC2 (a) and PC3 & PC4 (b).
As such, for k=4, we ran k-means 10,000 times (as it is

stochastic), extracting the result that had the lowest total within



Figure 6: A Clustergram showing how different iterations of K
impacted cluster separation.

Figure 7: The % of POI within functional region clusters by city.

cluster sum of squares; ie, most compact clusters. After clus-
tering, we appended the original data back onto the clusters and
examined these distributions relative to the global averages.

• C1: has low diversity (-0.82), the highest value of night
check-ins (0.95), and low PC3 (which seems to be mostly
driven by the proportions of self loops - see Figure 6)

• C2: has moderately high diversity (0.3), check-ins followed
typical peak hours (morning and afternoon), adopts an al-
most linear decay with regards to the travel distance between
venues (high c and low k). This is the most numerous cluster.

• C3: has the lowest diversity and check-ins at night and
overnight, while the highest avg of check-ins at midday. PC1
which seems to be driven by node density is very low (these
clusters are mostly peripheral areas of the city)

• C4: has the highest diversity (0.65) and overnight check-ins.

4.5 Human Dynamics within Global Cities
The frequency of POI within each of the functional region clus-
ters is shown in Figure 7. No city other than Istanbul (which
has a very high POI frequency) are ascribed all clusters, how-
ever these distributions do offer insight into the compatibility of
these locations in terms of human dynamics and contexts. For
example, New York, Chicago, London and Paris share similarly
distributed clusters; whereas other cities have more unique dis-
tributions such as Singapore and Tokyo.

The utility of these distributions can be illustrated by plotting
archetypal functional regions across comparable cities. We do
this by examining the input scores for each region, and selecting
those that are are closest to the average for a particular cluster
(see Figure 8). We would expect these clusters to have similar

characteristics in terms of POI diversity, urban morphology and
user check-in behaviour.

(a) London. (b) Paris.

(c) Chicago. (d) New York.

Figure 8: Archetypal functional regions (Cluster 2).

5 Conclusions
This report has outlined how social media data such as
Foursquare can be utilized to provide insight into the structure
and function of cities. Through our innovative Geographic Data
Science methodology we create a framework for identification
and description of functional regions across global contexts,
linking a range of measures ascribed down to the local level.
There are numerous avenues for future research: for example,
the exploration of potential modes of transit linking POI se-
quences, although, this may require more granular time stamps,
or the use of modeled distance decay as integral models that
may predict future system states.
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