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Short summary

Examining the route choices of shared e-scooter users allows planners to identify infrastructure pri-
orities, understand emerging mobility patterns, and evaluate the performance of the transportation
network. Studies exploring shared e-scooter route choices are, however, limited, especially when
compared with bicycle route choice. In fact, no study has explored the habitual route choice
behaviour of e-scooter users, for example from those who commute via e-scooter. This study ad-
dresses this by first identifying commuters from shared e-scooter GPS trajectory data in Lyon,
France, and then analysing their route choice preferences. In particular, through the estimation
of novel route familiarity measures, we explore i) whether shared e-scooter commuters have pref-
erences for taking familiar routes, ii) whether preference for familiarity is experience-dependent
(i.e. dependent on the travel cost of the route taken), and iii) whether commuters have decaying
memory (i.e. whether they care more about recent commutes than older commutes).
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1 Introduction

Over the past decade, shared e-scooter services have been extensively introduced in numerous cities
across the globe (Li et al., 2022; Mitropoulos et al., 2023). In theory, shared e-scooters could be
competitive for short to medium distance trips and become a constituent part of urban mobility
(Reck et al., 2021; Manout et al., 2024). However, in practice, the introduction of this service has
sparked various problems, particularly related to conflicts over public infrastructure use (Gössling,
2020). Because there is little dedicated infrastructure for e-scooters (both in terms of routes and
parking), they frequently compete with other transport modes such as bikes and users of public
space, leading to negative outcomes such as e-scooters being ridden on sidewalks or cluttering in
shared areas when parked.

Several studies have been conducted in the literature on e-scooter use exploring, for example, user
profiles (Gkavra & Susilo, 2026), usage profiles (Li et al., 2022), integration within the urban mo-
bility landscape (Reck et al., 2021; Manout et al., 2024), and service regulation (Gössling, 2020;
Hurlet et al., 2024). However, in comparison to shared bicycling, studies on the route choices of
shared e-scooter users remains under-researched (Chen et al., 2026). Zuniga-Garcia et al. (2021)
found that in the early days of shared e-scooters in Austin, USA, routes were split between side-
walks (18%), bike lanes (11%), and roads (33%). More recently, several studies have shown that
people using shared e-scooters tend to favor dedicated cycling infrastructure over other types of
routes, even when this requires taking considerable detours to access it (Schumann et al., 2025a;
Zhang et al., 2021). Other authors compared routes choice preferences between shared e-scooters
and bikes and found that they share preferences for some route characteristics such as crosswalks
and stops, and that they differ in tastes/perception for other characteristics, such as cycling lanes,
streetlights, car parking places, or safety (Cubells et al., 2023; Ringhand et al., 2024). Chen et al.
(2026) showed that e-scooter users do not value all types of cycling infrastructure equally, tending
to favor asphalt bike lanes over other surfaces because of the superior riding comfort they offer.
Furthermore, several authors found that e-scooter route choice was not only influenced by the

1



type of infrastructure (for e.g. bike lanes), but also the built-environment surrounding this infras-
tructure such as blue and green spaces, commercial amenities, or sidewalks (Cubells et al., 2023;
Schumann et al., 2025a; Chen et al., 2026).

No study, however, has explored the habitual route choice behaviour of e-scooter users, for example
from those who commute via e-scooter. This study addresses this by first identifying regular
commuters from shared e-scooter GPS trajectory data, and then analysing their route choice
preferences, where we aim to explore: i) whether shared e-scooter commuters have preferences for
taking familiar routes, ii) whether preference for familiarity is experience-dependent (i.e. dependent
on the travel cost of the route taken), and iii) whether commuters have decaying memory (i.e.
whether they care more about recent commutes than older commutes). Numerous studies have
explored preferences for route "stickiness" (Kim et al., 2017; Arriagada et al., 2025; Di et al., 2017),
but to the best of our knowledge, none have looked at familiarity in terms of route overlap, nor
explored experience-dependence or decaying memory.

2 Shared e-scooter commuter identification

Shared e-scooter data

The focus of this study is on analysing the route choices of travellers who regularly commute by
shared e-scooter. The route observation data has been collected from GPS trajectories of shared
e-scooter trips in Lyon, France. The GPS data covers the period of January 1, 2022, to March 1,
2024, where the user ID is given so that behaviour of an individual can be tracked across multiple
days. The GPS trajectories were map-matched to Lyon’s road/bicycle network, where the cycling
infrastructure information of each network link was obtained from the open source grandlyon data
(2026) platform. Table 1 displays the network attributes used for route generation and in the route
utility function.

Table 1: Network attributes used in the route choice model

Attribute Observed use Unit Description
No cycling infrastructure 62.60% [m]
Protected bicycle tracks 6.56% [m] see fig 1a
Painted bicycle lanes 8.41% [m] see fig 1b
Painted lane against traffic 5.15% [m] see fig 1c
Bus and cycle lane 2.85% [m] see fig 1e and fig 1f
Separate off-road cycling
track

1.95% [m] see fig 1d

Residential roads 12.49% [m] Residential roads: OSM tag
highway=residential

Rule-based method for determining commuters

Following Kone et al. (2025), commuters were identified using a rule-based method. First, a day
of GPS traces for an individual was flagged as a potential commuting day if at least two GPS
trajectories were observed that day, and the first points of two GPS trajectories occurred between
6-9am and 3-8pm, respectively. Based on the coordinates of the first and last GPS points of
the flagged potential home-to-work and work-to-home commutes, we then performed a spatial
clustering using the k-Medoids algorithm to identify home and work point clusters. Home/work
locations were approximated as the centroids of the home/work point clusters. An individual
with at least two days of both home-to-work and work-to-home trips was then assumed to be
a commuter. Fig. 3a and Fig. 3b display an example of the commutes for an individual and
their approximated home/work locations. In total, 1,703 users were identified as shared e-scooter
commuters, totally 24,142 trips. Fig. 2a displays the distribution of the number of commutes from
each individual, Fig. 2b displays the distribution of the departure times of the commutes, and Fig.
2c displays the distribution of the commute distances.

2



(a) (b)

(c) (d)

(e) (f)

Figure 1: Type of bicycle infrastructure : (a) Protected lane , (b) Painted lane, (c) painted
lane against traffic, (d) separate off-road cycling track , and (e,f) bus and cycle lane. Source
Google Street View 2025.

3 Route choice model and familiarity measures

Route generation method

To generate route alternatives, we adopted a doubly stochastic method Nielsen (2000). First, we
randomly generated 300 weights for each network link, based on the following cost function for
link a:

Va =
∑
k

(1 + ϵk)Xa,k + εa (1)

where k are the attributes in Table 1, Xa,k is the attribute k value for link a, ϵk ∼ truncated
normal distribution with mean = 0, std = 1, lower bound = 0, and upper bound = +∞, and εa ∼
truncated normal distribution with mean =

∑
k(1+ εk)Xa,k, std =

∑
k(1+ εk)Xa,k, lower bound

= 0, and upper bound = +∞.

Based on each of the 300 settings of the link weights, we conducted 300 shortest path searches
for each commute route observation. Then, we unified the route choice sets generated for each
observed commute from a commuter, so that the route choice set R is the same across commutes.
The observed commute routes were paired with the generated route with the greatest overlap.
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Observed routes with less than 70% overlap were discarded, which was 18% of observations. After
discarding commuters with less than two commutes remaining, as well as according to some other
criteria such as commute distance, 831 commuters remained. The average route choice set across
commuters was 1092, noting the choice set unification across commutes.

Route choice model

To estimate the dynamic route choices of shared e-scooter commuters, we estimate a Multinomial
Logit (MNL) choice model with lagged variables. The probability of choosing route r on commute
n is given by:

Pr,n(β, λ) =
exp(Vr,n(β, λ))∑

s∈R exp(Vs,n(β, λ))
(2)

where Vr,n(β, λ) is the deterministic utility of route r on commute n, defined as follows:

Vr,n(β, λ) =β1Xr,1

(
1 +

∑
k=2

βkXr,k

)
+ βIDIDr + βPS ln(PSr)

+ βDFDFr,n(λ) + βEDFDEFr,n(β, λ) + βF1
Fr,1

(3)

Xr,1 is the total length of route r, and Xr,k for k = 2, ... is the proportion of route r that is network
attribute k, for the network attributes in Table 1. No cycling infrastructure is chosen as the ref-
erence category (βk=0), so that the other βk parameters are interpreted as relative dispreferences
to the reference category. IDr is the intersection density of route r measuring the number of in-
tersections passed per km. PSr is the path size term for route r that measures the distinctiveness
of the route (Duncan et al., 2020), so that ln(PSr) corrects for route overlap correlations. DFr,n,
DEFr,n, and Fr,1 are the route familiarity measures that will be described below. Note that route
choice preferences are assumed to be constant across time/commutes, i.e. the estimated tastes are
not dynamic, but some of the variables are.

First, we define the overlap between route r (on commute n) and the chosen route rm on commute
m < n as:

σ(r, rm) =

∑
a∈Ar∩Arm

la
√
Lr

√
Lrm

(4)

where Ar is the set of links in route r, la is the length of link a, and Lr is the total length of route r.

The decaying-memory route familiarity measure of route r on commute n is as follows:

DFr,n(λ) =

n−1∑
m=2

λ(n−m)σ(r, rm) (5)

where 0 ≤ λ ≤ 1. The measure captures the extent to which route r on commute n overlaps
with previous routes taken by the commuter on commutes m prior to n. λ = 1 implies that the
commuter cares about all the previous routes they took. λ → 0 implies that the commuter cares
only about recent commutes (i.e. they have decaying memory). Note that it is particularly relevant
to measure familiarity in terms of overlap in the current study as shared e-scooter travellers do
not always originate and destinate in the same place. It thus captures whether travellers tend to
connect with familiar routes, even when starting or ending in different places.

The decaying-memory experience-dependent route familiarity measure of route r on commute n is
as follows:

DEFr,n(β, λ) =

n−1∑
m=2

λ(n−m)σ(r, rm)V rm,m(β) (6)

where V rm,m(β) = β1Xrm,1 (1 +
∑

k=2 βkXrm,k) + βIDIDrm for the chosen route on commute m:
rm. This measure captures whether familiar routes are more likely to be taken when they have
lower generalised travelling costs, i.e. higher (less negative) V .

In order to mitigate “The Initial Condition Problem" of not being certain the first observed com-
mute was the first actually taken, we adopt the method proposed by Woolridge (2020) of including
preference for familiarity with the initial observed commute route taken:

Fr,1 = σ(r, r1) (7)
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4 Estimation results

Table. 2 displays the parameter estimation results. As can be seen from the adjusted ρ2 metric,
the model provides good fit to the data. The parameters are all statistically significant, apart from
for bus and cycling lanes and painted lanes. This implies that shared e-scooter commuters do not
have preferences for bus and cycling lanes or painted lanes over no cycling infrastructure. They do,
however, prefer protected lanes and separated cycling tracks, which makes sense. Note that due
to working in "Value of Distance space", a negative parameter estimate for the network attributes
implies a less negative dispreference compared to the reference category: β1(1 + βk). The com-
muters are for example willing to travel 8.2% longer distance to travel on separated cycling tracks
than on roads without cycling infrastructure. Some cycling infrastructure attributes are actually
dispreferred over no cycling infrastructure, which is perhaps surprising, but a large majority of
roads in Lyon have no infrastructure, and e-scooters tend to be used more on pavements/roads
than bicycles. This finding is also not uncommon in e-scooter route choice studies. Chen et al.
(2026), for example, found that bike lanes did not, on the whole, significantly attract e-scooters
riders. Ringhand et al. (2024) also found no significant increase in route choice probability in
favour of main roads with dedicated cycling infrastructure. Shared e-scooter commuters in the
present study were found though to have a much stronger dispreference to travelling on painted
lanes against traffic (+0.149) than with traffic (+0.014). This finding is consistent with that of
Schumann et al. (2025b), who found that travelling in the contra-flow direction of a one-way road
- whether legally permitted to or not - is consistently associated with lower choice probabilities.
We also find here that shared e-scooter commuters have a dispreference for travelling on residential
streets, and tend to avoid routes passing many intersections.

In regards to the route familiarity measures, the results make sense: there is a positive preference
for route familiarity (+1.220), where the preference for familiarity increases when a lower travelling
cost was experienced (+0.997). The positive preference for familiarity is expected given results
from previous studies, but it is an interesting finding that preference is experience-dependent. It
makes sense: if a bad route choice was made - for example if it was long, did not travel on preferred
cycling infrastructure, or passed many intersections - then there is less of an incentive to travel the
route / sections of the route again. It is also an interesting finding that the commuters did not
have decaying memory (λ = 0.966), suggesting that commuters care about all of their previous
commuting route choices. This aligns with travellers having a positive preference for familiarity
with the first observed commute route taken (+6.677).

Table 2: Estimation Results

Parameter Coefficient Std. Error t-stat p-value

Total route length −6.665 0.129 −51.477 ***
Protected lanes −0.020 0.040 3.339 ***
Separated cycling track −0.082 0.096 5.653 ***
Painted lane 0.014 0.074 −1.249
Residential street 0.082 0.108 −5.035 ***
Painted lanes against traffic 0.149 0.080 −12.420 ***
Bus and cycling lanes −0.011 0.064 1.180
Path size term 0.323 0.025 12.769 ***
Intersection density −0.148 0.007 −20.134 ***
Decaying familiarity 1.220 0.115 10.651 ***
Initial condition for familiarity 6.677 0.280 23.824 ***
Decaying experience-dependent familiarity 0.997 0.048 20.866 ***
lambda (λ) 0.966 0.007 133.760 ***

Log-likelihood -16583.267
Adjusted ρ2 0.396
Total number of observations 5,092
Number of commuters 831
*** p < 0.01, ** p < 0.05, * p < 0.1.
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5 Conclusion

This study has, for the first time, explored the habitual route choice behaviour of shared e-scooter
commuters. Commuters were identified from shared e-scooter GPS trajectory data, and then
novel route familiarity measures were estimated to provide new insights into their habitual choice
behaviour. The findings of this study, which reveal experience-dependent and non-decaying prefer-
ences for route familiarity, may hold practical value for transportation practitioners. In particular,
the trade-off between route familiarity and travel costs in route choice probabilities could be lever-
aged in the design of route guidance strategies. Future research could investigate heterogeneity
in familiarity preferences, including identifying travellers who tend to switch routes frequently, for
example due to boredom or repeated unsatisfactory experiences. In a related direction, it would
be valuable to examine whether travellers persist in using familiar routes even when superior al-
ternatives are available. Such behavior could highlight the importance of making effective initial
route decisions.
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(a) Distribution of the number of commutes by the identified commuters in
Lyon metropolitan area

(b) Distribution of the departure hours of identified shared e-scooter commuters
in Lyon metropolitan area

(c) Distribution of the trip distances of identified shared e-scooter commuters
in Lyon metropolitan area

Figure 2: Descriptive information on identified shared e-scooter commuters
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(a) Home to work (b) Work to Home

Figure 3: Plot of GPS trajectories for an identified shared e-scooter commuter, with ap-
proximated home and work locations.
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