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Abstract

Taking advantage of nearly 4 million transition records for
three years in London from a popular location-based social
network service, Foursquare, we study how to track the im-
pact and measure the effectiveness of cultural investment in
small urban areas. We reveal the underlying relationships
between socio-economic status, local cultural expenditure,
and network features extracted from user mobility trajecto-
ries. This research presents how geo-social and mobile ser-
vices more generally can be used as a proxy to track local
changes as government financial effort is put in developing
urban areas, and thus gives evidence and suggestions for
further policy-making and investment optimization.

Introduction

In 1997, the striking “Bilbao miracle” created by Guggen-
heim Museum not only provided Bilbao, a depressed Span-
ish port town, with a dramatic socio-economic growth, but
also provided evidence that city can blossom with cultural
investment (Gonzalez, 2011). Even though the ability of
cultural investment to promote local regeneration has been
widely accepted, large-scale evaluation and prediction of
its impact are still not practiced. The potential of network
science in providing insight on deprivation dynamics (Ea-
gle et al., 2010) along with the millions of human mobility
traces made available by location-based applications has so
far been untapped in culture-led regeneration studies. In
this paper, we present how geo-social network data from
location-based social network Foursquare' can be used to
quantify the effect of cultural investment on the urban re-
generation process in London’s neighbourhoods. We de-
fine new metrics on cultural investment and cultural fea-
tures in geo-social networks to measure the priority level
of culture for urban areas and show how differences in
these reflect on the network properties of local areas. In
addition, we propose an innovative approach to uncovering
the underlying relationships between socio-economic sta-
tus, cultural investment and geo-social network properties
using a fusion of network analysis and statistical analysis.
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Related Work

Conventionally, the investigation of socio-economic depri-
vation for urban areas has largely relied on government
statistics, by which data are generally obtained from tradi-
tional surveys. It is usually costly to implement and takes a
few years to carry out each time. With an aim to overcome
this limitation, researchers have recently started to mine
low-cost, real-time, and fine-grained new data sources for
socio-economic deprivation study. For instance, Eagle et al
(2010) discovered a high correlation between call network
diversity and urban area deprivation using call records da-
ta; Quercia et al (2012) found the topic of tweets and dep-
rivation level of urban area are correlated; Smith et al
(2013) using Oyster Card data to identify areas of high
deprivation level in London; Quercia and Saez (2014) ex-
plored the relationship between the presence of certain
foursquare venues with social deprivation; Venerandi et al.
(2015) using Foursquare and OpenStreetMap datasets to
explore the correlation between urban elements and depri-
vation of neighbourhoods; Hristova et al. (2016) discussed
the relationship between the prosperity of people and urban
places, and distinguished between different categories and
urban geographies using Foursquare and Twitter data. In-
spired by previous qualitative works in the urban planning
domain that found correlations between cultural investment
and urban development (Gonzalez, 2011), as well as quan-
titative studies from data scientists, we propose to use geo-
social network data to detect the change of socio-economic
deprivation related to cultural investment in urban envi-
ronment.

Hypotheses

As a base condition, we expect that different socio-
economic conditions and amounts of cultural expenditure
in neighbourhoods will lead to significantly different net-
work properties in the geo-social graph. Therefore, we hy-
pothesize that:

[H1] Areas with high cultural investment and deprivation
level have significantly different network and local proper-
ties from areas with low cultural investment and depriva-
tion level.



This assertion lays the foundation of further investiga-
tion into the nature of culture-led urban regeneration,
where based on existing case studies from literature (Gon-
zalez, 2011), we expect that cultural investment in more
deprived neighbourhoods results in growth. Specifically:
[H2] Areas with high cultural investment and deprivation
level experience significant growth with respect to network
and local properties from areas with lower cultural invest-
ment and deprivation level.

Dataset

Socio-economic Data

The dataset used to evaluate the socio-economic status is
The English Indices of Deprivation, a measure of depriva-
tion for small areas in England calculated by the Depart-
ment for Communities and Local Government. It produces
the Index of Multiple Deprivation (IMD), which reflects
the overall deprivation level. The versions used in this re-
search are the 2010 Index” and 2015 Index’, through a
comparative analysis of which, an insight of socio-
economic deprivation changes of urban areas can be de-
rived.

Cultural Expenditure Data

The cultural expenditure data used in this work is the local
authority revenue expenditure and financing®. This dataset
is based on returns from all 444 local authorities in Eng-
land, showing how they allocate their yearly spending on
various services, including “cultural and related services”.
In this study, revenue spending data for the financial years
2010/11, 2011/12, and 2012/13 are involved.

Foursquare Data

Alongside the two official datasets from government intro-
duced above, we also use user mobility records and infor-
mation of venues in London from Foursquare. It contains
all “transitions” (pairs of check-ins by users between two
different venues) occurring within London for three years
from January 2011 to December 2013. In total, there are
3,992,664 transitions generated between 17804 venues in
London during the study period.

Geo-social Network

The Foursquare dataset can be depicted as a spatial net-
work of venues connected by transition flows of users. It is
a directed graph where nodes represent start and end ven-
ues, while edges correspond to transitions. The weight of
the edge is proportional to the number of transitions made
by all users between the two venues. We assume the im-
pact of expenditure can be observed after 9 months through
Foursquare. Formally, we define our yearly dataset as a

*https://www.gov.uk/government/statistics/english-indices-of-deprivation-2010
*https://www.gov.uk/government/statistics/english-indices-of-deprivation-2015
*https://www.gov.uk/government/collections/local-authority-revenue-
expenditure-and-financing

directed graph G, = (V, E;) for t = 1,2,3, where t indi-
cates the different snapshots in time of the dataset. The
network properties are shown in Table 1.

t Duration V] |E| {C) (k)
1 2011.1-2011.12 15832 469229 0.221 59
2 2012.1-2012.12 16189 715113 0.228 70
3 2013.1-2013.12 17684 742017 0.240 84

Table 1: Network Properties at Each Snapshot: Number of Nodes
|V|, Number of Edges |E|, Average Clustering Coefficient {C), and
Average Degree (k).

Metrics

Network Metrics

The network measures used are in-degree centrality, out-
degree centrality, and average clustering coefficient. In-
degree centrality represents how many in-flow transitions
the nodes of an area receive from other areas. Out-degree
centrality of an area represents how many transitions start
from this area, but end in other areas. The local clustering
coefficient captures the degree to which the neighbours of
a given node are connected with each other. For a node i
with degree k;, the local clustering coefficient (Watts &
Strogatz, 1998) is defined as:

C: = _ L 1)

Yoki(ki = 1)

where L; represents the number of edges between the k;
neighbours of node i. Then, average clustering coefficient,
which reflects the overall level of clustering in an area is
measured by averaging the local clustering coefficients of
all the nodes within it.

Cultural Advantage Metrics

Cultural Expenditure Advantage
To evaluate the priority of cultural expenditure for a local
area than the city average, we define cultural expenditure
advantage (CEA). The CEA for area i is represented as:
-1

CEA, = CE; (Ziel CEi) )
TE; \XieTE;
where CE; is the cultural expenditure of neighbourhood i,
TE; is the total expenditure of i; and / is the set of neigh-
bourhoods in the city.

Cultural Venue Advantage
Similarly, a metric of cultural venue advantage (CVA) is
given to measure the extent to which an area provides more
cultural venues than the city average. Here, cultural venue
includes 58 categories of Foursquare culture related ven-
ues, such as museums, art galleries, theatres, libraries, and
parks. The CVA4 for neighbourhood i can be defined as:
cv; (&-e, cvi>‘1
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where CV; is the number of cultural venues in i and TV; is
the number of all venues in i.



Evaluation & Results

Socio-cultural Neighbourhood Groups

In this subsection, we provide a general view at borough
level to exam the observability of cultural investments’
effects in the geo-social data and investigate whether dif-
ferent socio-economic status and cultural expenditure in
neighbourhoods would result in significantly different
properties in the geo-social network graph. This study lays
the foundation for deeper discussions on smaller areas.

In Figure 1, we reveal the relationship between IMD and
cultural advantage in 2010. Here, the colour bar presents
IMD scores in 2010, where a higher number indicates more
deprived areas. As we can see from this plot, yellow bub-
bles cluster in the middle/lower part, suggesting more de-
prived boroughs spent relatively less on culture and show
average cultural venue advantage at the beginning of the
study. Then in Figure 2, we discuss how the local authori-
ties spent their money in the next two years, and how net-
work features changed accordingly. It can be observed that
more deprived boroughs spent more money on culture and

had larger number of venues and transitions created.
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Figure 1: Initial IMD Score, CEA, and CVA of London Borough

Overall, boroughs with different initial IMD scores and
culture expenditure priorities show different network pat-
terns. Based on this observation, we identify four groups of
London wards outlined in Table 2 for further investigation.
Here, wards are firstly grouped into more deprived and less
deprived classes according to whether their deprivation
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level in 2010 is higher or lower than the city average.
Then, they are further classified according to their cultural
spending priority. Specifically, if the CEA of a ward is
more than 1, it is clustered into the more advantaged
group; otherwise, it is put into the less advantaged group.

Group 1 Group 2 Group 3 Group 4
Initial less more more less
IMD deprived deprived deprived deprived
CEA more less more less
advantaged advantaged advantaged  advantaged
N 160 192 88 114
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Table 2: Groups of London Wards in ANOVA Analyses.

Hypotheses Evaluation

In the following hypotheses evaluation, two types of
ANOVA analyses will be applied to get a deeper under-
standing of the patterns we found at borough level, and test
how they vary between ward groups and time periods.

[H1] Network and Local Properties

To test [H1], we employ independent one-way ANOVA to
examine whether statistically significant differences exist
in terms of a set of network and local features between
different ward groups.

From the output results, we can see that there are signif-
icant effects of groups on six features at the p <.05 level.
The factor that distinguishes less and more deprived groups
is average clustering coefficient with a statistically signifi-
cant main effect of F(3,550) = 4.15,p = .006. Further-
more, less deprived wards have higher means of average
clustering coefficient. The other five features reveal signif-
icant difference between cultural advantaged and disadvan-
taged groups. Their means are plotted in Figure 3, from
which we can find areas that gave higher priority to culture
had larger venue created number, node number, in-degree
centrality, out-degree centrality, and venue created density
on average. Additionally, Group 3, that was more deprived
in 2010, but invested relatively larger amount of money in
culture later, performed best in most cases.

Through One-way ANOVA analysis, we find that urban
areas with high cultural investment and deprivation level
show significantly higher values in network properties than
those areas with low cultural investment and deprivation
level, which suggests that [H1] is true.
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Figure 2: Culture Expenditure, and Foursquare Features Changes of London Boroughs in Later Years
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Figure 3: Means Plots for Five Variables with Statistically Significant Effects in Independent One-way ANOVA Analysis
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Figure 4: Means Plots for Variables with Statistically Significant Effects in Factorial Repeated Measures ANOVA Analysis

[H2] Growth of Network and Local Properties

After discussing the overall differences between groups,
we test whether groups experienced significant differences
in growth with respect to network and local properties in
this part. Technically, we examine whether there are statis-
tically significant differences between different years and
whether interaction effects exist between group and time
point by using factorial repeated measures ANOVA.

Figure 4 gives the means plots of the features that show
significant effects. It can be found that Group 3 and Group
1 had dramatic advantages for all the three years. To con-
sider groups separately, Group 3 had the highest values,
while Group 4 had the lowest. In addition, significant in-
teraction effects between group and year are found in three
features: venue created density (p=.008), in-degree central-
ity (p=.038), and out-degree centrality (p=.037).

In this subsection, we detect how the growth of net-
work and local properties varied between groups and con-
firm [H2] by finding that areas with high cultural invest-
ment and deprivation level experience significant growth
with respect to network and local properties from areas
with lower cultural investment and deprivation level.

Discussion & Conclusions

In this work, we have investigated the socio-economic im-
pact of cultural expenditure on London neighbourhoods,
visible through the lens of location-based mobile data. We
propose an innovative approach to giving insights on un-
derlying relationships between socio-economic status, cul-
tural investment and geo-social network properties. By
applying new cultural metrics and traditional network met-
rics to the geo-social graph of transitions between venues

on Foursquare, we show that areas with high cultural in-
vestment and deprivation experience significant growth. It
will have significant implications for location-based mo-
bile systems, local governments and policymakers alike.
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