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Summary

We use location data from multiple mobile phone applications to describe daily, weekly, seasonal and
annual activity patterns. Geodemographics, or ‘the analysis of people by where they live’, provides an
organising framework, extended to represent the ways in which neighbourhood residents interact with
workplaces, recreational and leisure destinations and transport infrastructure. We evaluate how in-app
location data can be incorporated into geodemographic analysis to better understand the flux of activity
patterns that characterise densely populated areas throughout the day. Limitations and net benefits of in-
app location data are critically assessed to evaluate the ways in which activity-based geodemographics are
robust, effective and safe to use when characterising the population at large.
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1. Introduction

Geodemographics present a conventional organising framework for representing the ways in which
neighbourhoods are differentiated. They use a range of techniques for summarising large volumes of
data into summary profiles that policymakers find helpful in making resource allocation decisions (see
Figure 1 for an illustrative geodemographic classification).
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Figure 1: London Output Area Classification (Singleton and Longley, 2015)

There has been long-standing research of geodemographics in the UK with popular geodemographic
classifications including the Output Area Classification and the Workplace Zone Classification
(Vickers and Rees, 2007; Gale et al., 2016; Cockings et al., 2020). These classifications use variables
pertaining to individuals at their normal places of residence or work, albeit not identified for specific
points in time — Output Area Classification at place of residence and Workplace Zone Classification at
place of employment. They are therefore not fully representative of the full activity patterns of the
population beyond nighttime residence and work. This paper aims to evaluate time-stamped in-app
location data to address the research gap introduced above. By developing a classification that combines
people’s place of residence, work, and any intermediate activity patterns they engage in,
geodemographic classifications can uncover the differences in temporal profiles of activities. This
paper therefore firstly presents the concept of space-time convergence to explain population mobility
and highly variegated lifestyles. Secondly, the emergence of big data, and specifically mobile phone
location data is presented as an opportunity to capture a fuller range of everyday activities of app users.
Thirdly, the benefits of location data are presented against their drawbacks to then evaluate what
constitutes a reliable, valid and ethical research using such data. Combined with the argument for a
more spatially and temporally granular geodemographic classification, this paper demonstrates that in-
app location data’s potential of advancing geodemographics is highest when combined with
conventional data sources.

2. Time Geographies; Space-time convergence

To fully understand the individual, not only different activities must be considered together, but there
is also a need to understand that location has both space and time components. Torsten Hagerstrand
(1970) was credited in thinking about movement in space and time by emphasising the importance of
accounting individuals/households at a micro-level rather than at a large aggregate scale when it comes
to recording changes in their movements. Hagerstrand’s (1970) argument is that time needs to be taken
into account along with space, something that is clearly demonstrated in Figure 2.
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Figure 2: Simple model demonstrating the space-time concept developed by Hagerstrand (Miller
2008)

The changing nature of place was a result of occurrences like transportation space-time convergence
with the invention of airplanes, high mobility and telepresence. Despite people sharing workplaces and
homeplaces, their lifestyles can be dramatically different due to mobility and space-time convergence
i.e., fragmentation of activities (Miller 2007). It therefore becomes crucial to take space-time
convergence into consideration when analysing the population’s mobility patterns. A facilitator in
achieving that is big data, and more specifically location data that will be discussed in the following
sections.

3. Big data; a new opportunity for GIS

‘Big data’ is data that is huge in volume, diverse in variety and high in velocity, and has influenced the
way in which data is managed (Kitchin, 2013). Big data sources include location data that is
automatically collected from smart-phone devices which can help track population movement (Deville
et al.,, 2014). As a tool that is integrated in people’s lives, especially in developed countries, the
smartphone allows for near real-time tracking of activities which can be used to augment current data
gathering methods (Raento Google et al., 2009).

3.1 Benefits of mobile phone location data

Having access to location data facilitates the understanding of individuals’ activity patterns near real-
time and allows researchers to characterise the population based on lifestyle and day-to-day activities.
This in turn solves the problem of obsolescence and leads to greater temporal granularity with regards
to the periods covered by the available data. There is no longer the need to wait for census or survey
datasets which are collected at specific time periods. Rather than just focusing on data from one point
in time in the past, ‘big data’ allows analyst investigation of where people go, what activities they are
involved with and what other areas they interact with near real-time. Population density is constantly
changing throughout the day, with the night-time population significantly differing from the day-time
population.

3.2 Drawbacks of mobile phone location data

Because such data are produced for marketing purposes, quality control that complies with academic
standards is not a requirement and thus there are certain challenges involved when repurposing the data
(Lansley and Cheshire, 2018). Firstly, data are not random but instead self-selective depending on who
owns a smart phone and uses any of the range of apps that can be installed on it, which then becomes
an issue of representation. Secondly, the large volumes of data produced might lead to technical
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difficulties when storing and managing the information, which might act as a barrier to researchers
utilising the data. Thirdly, the GPS location provided by the smartphone might be subject to accuracy
concerns (Raento Google etal., 2009; Wu and Zhao, 2015). Lastly, there are ethical concerns associated
with location data because it consists of personal data that can be disclosive when released in the form of
timed location with co-variates (Georgiadou et al. 2019). As de Montjoye et al. (2013:1) emphasised, four
spatio-temporal points can be enough to uniquely identify 95% of individuals.

4. Empirical analysis: location data and Geodemographic classification

Locationally time-stamped in-app impressions can reveal activity patterns which when combined with
the place of work and residence can facilitate the creation of a geodemographic classification that is
representative of the changing dynamics of today’s population. In addition to helping reach greater
temporal granularity, the individual-level location data will facilitate greater spatial granularity. The
most granular unit at which geodemographic classifications are produced is the postcode level in the
private sector, and the output area level in the public sector. Utilising data provided at the most granular
level possible, increases the potential of moving away from the one-size-fits-all classification and
overgeneralisations, towards location-specific characterisations.

Completely shifting away from conventional data to dynamic data shows a misunderstanding of what
the two data types have to offer and thus both should be used together in recognition of their distinct
benefits (Kitchin, 2013). Additionally, research outputs that aggregate the results having the GPS
accuracy threshold in mind, will not suffer as much from the limitations associated with GPS
technologies. With regards to the biggest drawback, ethical concerns can be mitigated in relation to the
processing of the data, the output of research results, and researcher training by accessing the data in
secure research environments and performing statistical disclosure control procedures prior to releasing
any analysis results.

Despite all the drawbacks of location data, there is a need for research to move away from just relying
on conventional data since all the population insights are hidden in data collected from our everyday
realities. By weighting the benefits against the limitations, location data is still recognised extremely
valuable and should be incorporated in geodemographics to characterise the highly dynamic population
near real-time.

Our empirical analysis of Greater London uses in-app location data and geodemographic classifications
to characterise user probable place of residence, work and leisure activities. This is achieved using the
London Output Area Classification (LOAC) and London Workplace Zone Classification (LWZC) to
classify sequences of user impressions and develop summary profiles of user origin-destination
pairings. Location data also facilitate the creation of temporal profiles that leverage greater
understanding of how individuals interact with different spaces at different times of the day and week.
Figure 3 presents the workflow that we develop for the analysis. We present the outline findings in
terms of origin-destination and activity pattern matrices for the pre-pandemic year of 2019.
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lllustrative data point to demonstrate the structure of the in-app location dataset

] Device ID Latitude Longitude Time stamp Postcode

20 1234567 51.5244 -0.1342 2020-10-10 WCI1EGBT

Subset the in-app location dataset to only include UPRN's that are ‘
16:00:01

within the geographic boundary of the Greater London Authority

Subset dataset to only include data points
within 2019; a pre-pandemic year

Subset dataset to only include devices (‘Device ID') that ‘

appear more than times 5 times per menth London Output Area

Cli i jon 2011
Home location Example of analysis output
Locate home and work for each ‘Device ID’ by Device ID Home Work Location
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and activity pattern work-home group at different times of Group together devices sharn:kg hohms and
matrices for each group the day and week work subgroups

Figure 3: Workflow of analysis used to link location data to London residential and workplace
geodemographic classifications

5. Conclusion

This geographically extensive temporal analysis demonstrates the importance of incorporating location
data in geodemographic classifications to facilitate the characterisation of the population near real-time
based on their everyday activities instead of only their socio-economic characteristics. This can be
achieved by creating a series of temporal profiles that represent the population dynamics at different
times of the day, week and year. In recognition of the benefits location data can offer, this paper argues
in favour of developing new facets of geodemographic research. However, given the several drawbacks
and ethical concerns that location data pose, it’s crucial for researchers to be cautious when handling
and analysing the data. Not only the data might be under-representative of certain population segments,
but temporal coverage might not be persistent across users either. Dealing with a data sample instead
of census increases the complexity of using location data for geodemographics. Researchers therefore
need to perform all necessary steps to ensure that the data is as representative as possible but also
combine it with conventional data which provide more complete information of the population’s
characteristics. Once the discussed factors are taken into consideration, it is feasible to utilise location
data to produce near real-time geodemographics of the population.
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