
Shared micro-mobility pa�erns as measures of city similarity
Position Paper

Grant McKenzie
McGill University

Montreal, Quebec

grant.mckenzie@mcgill.ca

ABSTRACT

Micro-mobility services, such as dockless e-scooters and e-bikes,

are inundating urban centers around the world. The mass adoption

of these services, and ubiquity of the companies operating them,

offer a unique opportunity through which to compare cities. In this

position paper, a series of spatiotemporal measures are proposed

based on activity data collected from sharedmicro-mobility services.

The purpose of this paper is to identify a number of ways that these

new mobility services can serve to augment existing city similarity

approaches.
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1 INTRODUCTION

The dynamics of a city are often best identified and understood

through relative comparison with other cities. Comparison allows

us to understand what aspects of a city are unique, and what facets

of a city contribute to its identity [13]. Comparison is often con-

ducted through assessing the similarities of different properties, or

dimensions, of a city such as the population demographics [11] or

urban structure [4]. More recently, researchers have made use of the

plethora of user-contributed content pertaining to cities turning to

place descriptions [6] and even tourist photographs [15] to quantify

differences and similarities between urban centers. This topic of

city similarity has been a focus of research for many academics,

urban planners, and policy makers as the ability to quantify these

similarities allows for a range of possibilities including inferring
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the future of cities, identifying travel recommendations, and better

understanding how a specific policy might impact a certain city.

The purpose of this short paper is to highlight these data and

propose a new set of measures for assessing similarity based on the

mobility patterns exhibited by users of shared short-range vehicles,

namely e-scooters and e-bikes. While these platforms are similar in

some ways to existing modes of transportation such as traditional

bike-share, the rapid influx of these new services have changed the

transportation landscape. The global coverage of these companies

(e.g., Bird e-scooters are in 120 cities [14]) means that data are

being collected through a common platform for users across many

different cities. These data all reflect micro-mobility users within

different cities, yet the commonality of the platform and method of

data collection make it particularly useful for similarity analysis.

While a city may or may not have an existing bike-share platform,

and the metro services may range with respect to data availability,

the data provided through these shared mobility services offer an

unprecedented opportunity to compare the exact same services

across a number of urban centers and populations.

What I present here is a vision for how these data could be used

to assess similarity of cities, namely through trajectory analysis,

as well as inclusion of contextual data for a city. A number of

measures are proposed with the hope that they be further explored

as additional dimensions on which to augment or enhance existing

urban similarity measures.

2 SHARED MICRO-MOBILITY SERVICES

For the purposes of this short paper I define shared micro-mobility

services as those services that provide short term electric rental

vehicles to the general public for a fee. The vehicles tend to be

dockless1 and on average the trips are shorter than those of tradi-

tional vehicle travel (e.g., automobile or metro trips). Specifically,

the services described here are operated bymulti-national, for profit

companies (not local or regional governments). Examples of such

platforms are Lime2 and Jump.3

Shared mobility services have been the focus of a number of

different studies (see [3] for an overview) from parking etiquette [5]

and health impacts [9], to vehicle distribution optimization [2] and

the development of efficient e-scooter batteries. A recent study

out of Paris, France surveyed scooter-share users in the city and

discovered that scooters are used by a very narrow demographic

of the population [1], a finding that speaks to the applicability of

certain similarity measures. Our own work on this topic identified

1As opposed to the more traditional docking station based services
2https://li.me
3https://jump.com - Owned by Uber
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3.3.1 Existing land use & zoning. Shared mobility data can be in-

tersected with existing land use or zoning boundaries in order to

show the percentage of trips originating or ending in the same or

different land use types. Similarly, the combination of time of day,

day of the week, and land use provides insight into the identity of a

city particularly as compared to other cities that follow very differ-

ent regional or network layouts. These data can also be compared

to the regions identified in Section 3.2.2 either as validation (e.g.,

are the origin regions more likely to overlap with residential land

use) or in identifying differences between authoritative land use

datasets and those regions identified though micro-mobility user

behavior.

3.3.2 Sociodemographic population data. Sociodemographic data

clearly has a role to play in providing additional contextual infor-

mation to shared mobility patterns. Data collected via national or

regional censuses provide information regarding age, gender, race,

income, etc. aggregated to regions within a city. These data have

been shown to be highly spatially correlated and combining these

data with shared mobility trajectories will highlight sociodemo-

graphic differences. Existing research has shown there are substan-

tial differences in the populations that do or do not have access

to these services [10]. This type of spatial equity analysis can be

used to differentiate cities from one another with regards to access

to shared mobility services. Lastly, a number of census platforms

(such as the American Community Survey) provide data regarding

dominant mode of travel for commuting. These values can be com-

pared to shared mobility trajectories for the purpose of validation

or identification of regions where the two datasets disagree.

3.3.3 Existing points of interest. Point of interest (POI) datasets

(e.g., Google Places, Foursquare Venues) are immensely useful in

providing contextual information related to the purpose of trips.

While previous analysis may be able to identify trips originating

or ending at work or home, POI data can tells us additional infor-

mation regarding where a vehicle was dropped off or picked up.

For instance, bars and nightclubs tend to cluster in specific areas

of the city [8]. Inclusion of a POI category dataset in analysis of

shared mobility patterns will allow us to determine if there is a

relationship between vehicle use and activity (as proxied via POI

category). For example, are Jump users more likely to head to an

entertainment region of the city after work on Fridays than other

days of the week?

4 NEXT STEPS

This short position paper presents some preliminary thoughts on

the use of shared micro-mobility patterns in assessing similarities

between cities. The explosive growth of these services around the

world offers an unprecedented opportunity to compare and con-

trast spatiotemporal mobility patterns within cities. Here I have

presented some possible methods and techniques for analyzing

these data and highlighted some of the ways these data can be of

use to urban planners, transportation engineers, and policy makers.

Next steps will involve implementing many of the ideas pre-

sented in this paper and assessing the viability of the similarity

approaches that have been proposed. We are still very much on

the cusp of what is possible with data from these services and the

limits of these data are yet to be fully explored.
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