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In recent years, micromobility has seen unprecedented growth, especially with the introduction of dockless e-
scooters. However, the rapid emergence of e-scooters has led to an increase in crashes, resulting in injuries and
fatalities, highlighting the need for in-depth analysis to understand the underlying mechanisms. While helpful in
quantifying the problem, traditional crash database analysis cannot fully explain the causation mechanisms, e.g.,
human adaptation failures leading to safety—critical events. Naturalistic data have proven extremely valuable for
understanding why crashes happen, but most studies have addressed cars and trucks.

This study is the first to systematically analyze factors contributing to crashes and near-crashes involving
rental e-scooters in an urban environment, utilizing naturalistic data. The collected dataset included 6868 trips,
covering 9930 km over 709 h with 4694 unique participants. We identified 61 safety—critical events, including 19
crashes and 42 near-crashes, and subsequently labeled variables associated with each event according to the
codebook using video data.

Our odds ratio analysis identified that rider experience and behavior (e.g., phone usage, single-handed riding,
and pack riding) significantly increase the crash risk. Given the accessibility of rental e-scooters to individuals
regardless of their experience, our findings emphasize the need for rider training in addition to education.
Influenced by their experience with bicycles, riders may anticipate a similar self-stabilizing mechanism in e-
scooters. We found that single-handed riding, which compromises balance, poses a heightened risk, underscoring
the crucial role of balance in safe e-scooter operation. Furthermore, the purpose (leisure or commute) and
directness (point-to-point or detour) of the trip were also identified as factors influencing the risk, suggesting that
user intent plays a role in safety—critical events. Interestingly, our analysis underscores the importance of
adapting the crash and near-crash definitions when working with two-wheeled vehicles, especially those in the
shared mobility system.

1. Introduction

Micromobility, characterized as a light and sustainable transport
alternative to traditional means, has grown in popularity due to its po-
tential to reduce emissions, traffic congestion, and parking constraints.
Dockless electric scooters, or e-scooters, have become popular among
young adults, primarily due to the convenience and accessibility of
sharing services (Guo and Zhang, 2021). However, the unprecedented
growth has brought challenges, including increased crashes and,
consequently, deaths and injuries involving e-scooters. Research in-
dicates that e-scooters, often perceived and regulated similarly to bi-
cycles (Transportstyrelsen, 2021), exhibit distinct behavior (Dozza
et al., 2023; Li et al., 2023), and usage patterns compared to bicycles,
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with e-scooter riders facing ten times higher risk of crashes (Fearnley
et al., 2020). The distinct characteristics inherent to e-scooters neces-
sitates specific research to understand the mechanisms and factors un-
derlying the e-scooter crashes, as extrapolating findings from bicycle
crash studies may not yield accurate insights. Despite the growing body
of literature on e-scooter safety, there remains a significant gap in un-
derstanding the specific mechanisms and factors leading to e-scooter
crashes. For instance, most existing studies rely on police and hospital
reports, which often lack detailed insights into the behaviors that lead to
crashes. The lack of nuanced behavioral data and risk factors in e-scooter
crashes limits our ability to develop targeted interventions to improve e-
scooter safety.

This paper presents the first study of shared e-scooter usage in an
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urban environment which utilizes naturalistic data to identify prevalent
factors in Safety Critical Event (SCE: i.e., a crash or a near-crash). By
analyzing data gathered from 4694 unique e-scooterists in Gothenburg,
we aimed to calculate Odds Ratio (OR) and thereby identify any dis-
tinctions between SCE and regular e-scooter trips, as well as factors
influencing crash risks. Unlike previous studies, our study mitigates
population bias and uses non-intrusive equipment, ensuring a repre-
sentative sample and preserving rider dynamics.

2. Literature review

This literature review is organized into three sections. The first
subsection provides a detailed review of the current state of e-scooter
research, covering various studies on crash mechanisms, temporal and
spatial crash patterns, and the role of rider experience. The second
subsection discusses the methodologies and challenges of naturalistic
data collection, emphasizing the importance of accurately defining
SCEs. Finally, the third subsection describes the application and com-
plications of OR analysis in traffic safety research, highlighting the se-
lection of baseline events and their impact on the analysis. Together,
these sections not only identify the gaps in previous literature but also
provide the necessary background for the methodology used in our
study.

2.1. E-scooter safety and crash analysis

Several studies based on hospital reports and crash databases
(Mehranfar and Jones, 2024; Sanders and Nelson, 2023; Stigson et al.,
2021; Trivedi et al., 2019) indicate the magnitude of the safety issue
pertaining to e-scooters and outline injury patterns, but do not describe
the behavioral mechanisms leading to the crashes. Research by Stigson
etal. (2021) and Uluk et al. (2022) reported on temporal crash patterns,
with over half of e-scooter crashes occurring during the weekend. When
considering daily temporal trends, Shah et al. (2021) reported that 69 %
of e-scooter crashes happen in daylight. In contrast, Stigson et al. (2021)
noted that half of the crashes they studied occurred at night. Moreover,
Uluk et al. (2022) identified the peak period for crashes between 12:00
and 18:00, implying a complex role of time in crash occurrences. Spatial
analysis of e-scooter crashes by Shah et al. (2021) reveals that 67 % of e-
scooter crashes with motorized vehicles occur at intersections.
Complementarily, Stigson et al. (2024) indicated that 59 % of e-scooter
crashes involving passenger cars take place at intersections. Studies by
the Austin Public Health (2019) and Cicchino et al. (2021) highlighted
the high injury risk for first-time e-scooter riders, with one-third
suffering an injury during their first e-scooter ride. Such a significant
share emphasizes the crucial role of experience in safe e-scooter oper-
ation. Interestingly, research by Uluk et al. (2022) reveals that experi-
enced riders are three times more likely to suffer from traumatic brain
injuries when involved in crashes, signifying that the relationship be-
tween crash risk and experience is multifaceted.

Previous studies involving data collection from e-scooters were
mainly conducted in controlled environments with recruited partici-
pants rather than adopting a naturalistic approach. Notably, the ana-
lyses by Leoni et al. (2023) and Ma et al. (2021) focused on road surface
identification, with the latter requiring the participants take a specified
route. On the other hand, Prabu et al. (2021), explored e-scooter in-
teractions with vehicles and required participants to wear a portable
data logger weighing 9 kg (which may have affected the balance and
kinematics).

White et al. (2023) conducted one of the few studies on e-scooters
using naturalistic data, analyzing collected data from 50 e-scooters,
identifying 85 crashes and 69 near-crashes. The study revealed a sig-
nificant increase in risk for infrastructure factors such as riding on gravel
and grass. Furthermore, the authors indicated that behavioral factors,
such as aggressive riding and group riding, increased the risk of SCEs.
However, the data collection was confined to the Virginia Tech campus,
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potentially biasing the population to university employees and students.
2.2. Naturadlistic data collection in traffic safety research

In traffic safety research, naturalistic data collection, which involves
the use of instrumented vehicles, typically recording kinematics and
video data, has served as a pivotal resource in understanding the
mechanisms leading up to an SCE. Defining an SCE is crucial when
analyzing naturalistic data because the definition severely impacts the
results. In traditional naturalistic studies, a crash was defined as any
contact between the subject vehicle (often referred to as the ego vehicle)
and another road user or the infrastructure (Dingus et al., 2006). This
definition of a crash notably included tire strikes, a contentious point
within the traffic research community, as they are perceived to have no
significant impact on safety. A fundamental challenge in naturalistic
studies is the low number of crashes (Guo et al., 2010a), leading re-
searchers to consider near-crashes as surrogates (Dozza, 2020; Guo
et al.,, 2010b) despite the lack of a clear, objective definition of what
constitutes a near-crash event (Dozza and Gonzalez, 2013). In the 100-
car study, a near-crash was defined as a conflict scenario that involved a
rapid evasive maneuver (Dingus et al., 2006). However, the inherent
subjectivity in defining a rapid evasive maneuver introduces in-
consistencies in near-crash identification, an issue that continues to be
explored within the research community. Given that micromobility ve-
hicles are used and controlled differently from motorized vehicles (i.e.,
cars and trucks) and include balancing tasks, the definition of an SCE in
these scenarios may require some revisions to better reflect the distinct
nature of micromobility.

2.3. Quantifying crash risk through odds ratio analysis

Typically, OR analysis (Agresti, 1999) is used to determine the
impact that various factors have on the occurrence of an SCE. The non-
crash (i.e., baseline) events influence OR calculation and require careful
selection. For instance, randomly selected baseline events may include
stationary ego-vehicle, biasing the data and skewing the results (because
the chance of a crash is clearly limited). Therefore, many strategies have
been used to find the “perfect” baseline. Victor et al. (2014), who, in
their analysis of SHRP2 naturalistic data, matched individual SCEs with
baselines based on driver, stationary duration, presence of surrounding
road users, speed, weather, and lighting conditions. Similarly, Klauer
etal. (2010), in their study of the 100-car data, identified baseline events
by matching the driver, time of day, day of the week, and surrounding
infrastructure.

Another issue in OR analysis is the number of baseline events in
relation to the number of SCEs. Increasing the proportion of baseline
events to SCEs potentially improves the accuracy of the analysis albeit
with the caveat that an increased number of baselines may not always be
feasible, as some SCEs may lack sufficient matching baseline events,
leading to skewed comparisons and potentially inaccurate conclusions.

3. Methods

Fig. 1 shows the overall process of data collection and analysis. The
process commenced with the data collection using instrumented e-
scooters. The collected dataset underwent pre-processing to ensure
synchronization between the kinematic and video data. Following syn-
chronization, we identified and reviewed potential events of interest to
determine the critical events. For each identified critical event, reference
baseline events were established. Labeling the baseline and critical
events was followed by an OR analysis to verify whether the prevalence
of several factors was statistically significantly different between base-
line and critical events.
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Fig. 1. Methodological steps from collection to statistical analysis.

3.1. Data collection and pre-processing

In this study, we collected naturalistic data from 17 instrumented Voi
e-scooters (Boda et al., 2023; Pai, 2022), which were a part of the fleet
that Voi deploys in Gothenburg, Sweden. Voi is a micromobility-sharing
company with over 100 thousand e-scooters worldwide.

A data logger mounted on the e-scooter sampled data at 10 Hz. The
data included 3-axis acceleration, 3-axis angular speed, Global Naviga-
tion Satellite Systems (GNSS) coordinates, wheel speed, and the posi-
tions of the two handlebar-mounted brake levers. As illustrated in Fig. 2
and Fig. 3, a camera with a 220-degree field of view (FoV) captured
videos with 0.4 MP at 30 fps. The wide FoV provided a visual repre-
sentation of the road, the handlebar, the front wheel, and objects at the
sides of the e-scooter. The data was stored in an encrypted format and
uploaded when the e-scooter connected to the mobile network. Within
the operational area (spanning 4 km radially from the city center), these
e-scooters were permitted to be ridden at a max speed of 20 km/h.

3.2. Candidate event identification

As illustrated in Fig. 1, the subsequent step involved the identifica-
tion of the SCEs. Similar to the 100-car, SHRP2, and K-100NRS (Cho
et al., 2023; Dingus et al., 2006; Victor et al., 2014), we relied primarily
on kinematic triggers (Table 1) to identify the candidate SCEs. Thresh-
olds on accelerations, speed, and brake activation determined anoma-
lous (potentially critical) events (Gelmini et al., 2021). For instance, if
the speed of the e-scooter was greater than 5 km/h, we flagged an event
as a toppled e-scooter when the absolute lateral acceleration exceeded 6
m/s2. Similarly, for the same speed condition, a harsh braking event was
identified when the longitudinal deceleration exceeded 3 m/s® and the

brake lever was engaged at the start of the deceleration (Li et al., 2023).
Additionally, a swerving maneuver was determined when the absolute
angular speed along the steering column axis exceeded 100 degrees/s
while the speed was above 5 km/h. Any trip with kinematics exceeding
the set threshold was marked as a candidate event, resulting in 1801
candidate SCEs. We used an iterative approach to determine thresholds
for identifying toppled e-scooters and swerving maneuvers. For angular
speed we considered thresholds from 10 degrees/s and in 10 degrees/s
increments, and lateral acceleration thresholds starting at one m/s?
increasing by one m/s2. For both parameters, we identified instances
exceeding these thresholds and randomly sampled 25 detections. If at
least one sample respectively indicated a toppled e-scooter or swerving,
we considered the threshold for detecting candidate SCEs. Although the
incremental approach was intended to minimize the false negative rate,
it resulted in a conservative threshold and a high false positive rate.

3.3. Review and critical event identification

This study adapted the definitions of crash and near-crash from the
naturalistic data studies on bicycles (Dozza et al., 2016; Dozza and
Werneke, 2014). A crash was defined as a non-intended event in which
the ego e-scooter collided with other objects or the rider fell off the
standing deck while the e-scooter was in motion. The non-intended
events which involved a rapid evasive maneuver by the ego e-scooter
or the surrounding road users were identified as near-crashes.

The context and patterns of each event were analyzed to identify
intentional crashes or near-crashes. Intentional SCEs were characterized
by deliberate actions that led to a crash, such as an e-scooter starting
from a standstill and crashing into a wall or other stationary objects.
These events were identified by reviewing videos, focusing on the

Fig. 2. Camera mounted on the e-scooter and visualization of the camera’s field-of-view (area colored in blue). (For interpretation of the references to colour in this

figure legend, the reader is referred to the web version of this article.)
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Table 1
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Candidate event type and the identifiers used.

Fig. 3. Frame from a video captured by the e-scooter.

Candidate event

type

Variables used

Topple
Braking

Swerving

Lateral accelerations in combination with the speed profile

Longitudinal accelerations in combination with the speed

profile and brake activation

Angular speed of the steering column in combination with the

speed profile

absence of spontaneity and the presence of premeditated actions.
Additionally, the behavior of the rider before the event, such as repeated
attempts to crash into objects or perform unsafe maneuvers, which
indicated a deliberate intent rather than an accident, was considered.
These intentional collisions were excluded from the analysis to maintain
consistency with previous naturalistic micromobility studies (Dozza and
Werneke, 2014), aligning with the approach used in traffic safety
research to exclude self-induced crashes, such as suicides, from crash
databases.

Using the data visualization tool developed for this study, shown in
Fig. 4, two analysts reviewed all the potential SCEs. The analysts, by
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Fig. 4. Screenshot of the data visualization tool used in the study.
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inspecting the video and verifying the conformity to the definitions of
crash and near-crash, classified the candidate events into SCEs and non-
SCEs. In case of disagreement among the analysts, two more members
from our research group stepped in to examine the events and resolve
the disagreement. As indicated in Fig. 1, this step involved a subjective
analysis of the events.

3.4. Matched baseline event identification

The analysis of SCEs involved the establishment of corresponding
baselines, adhering to a set of predefined criteria. For each SCE, the
corresponding baseline was identified at the same location, primarily
using GNSS coordinates (latitude and longitude) for the matching pro-
cess. Additional optional matching criteria were defined (in descending
order of importance): e-scooter speed, weather conditions, lighting
conditions, time of the day, and trip date. When no baselines were found
to meet all criteria for a particular SCE, the matches that met the most
criteria, guided by the order of importance of the criteria, were selected.
Our study adopted a 3:1 ratio for baseline-to-SCE events to balance
precision and cost. While a higher ratio could potentially increase pre-
cision, it also comes with the risk that some SCEs do not have enough
matching baselines, which could compromise the robustness of the OR
analysis.

3.5. Critical and baseline event labeling

As illustrated in Fig. 1, labeling the critical and baseline events
involved subjective analysis of the data. The codebook (a detailed
description of the variables that have been labeled primarily using video
data; see Appendix A) has been adapted from the BikeSAFE study
(Werneke et al., 2015) to include e-scooter-specific variables. Our
codebook initially covered 27 variables pertaining to five key areas:
rider, infrastructure, environment, trip characteristics, and conflict
partner. Except for GNSS coordinates and the type of road user, which
were used for descriptive statistical purposes, most variables were
considered potential influencers of crash risk. However, upon further
analysis, only 16 of these variables proved to be of interest and were
subsequently utilized in the study. Given the matched baseline approach
of the study, the effect of variables such as type of road, weather con-
ditions, would be nullified and hence were excluded from further
analysis. For each SCE and its corresponding baseline events, segments
of 30 s were extracted and labeled in accordance with the codebook. For
SCEs, the segments included 20 s before and 10 s after the event, while
for baselines, segments consisted of 20 s before and 10 s after passing the
location of the corresponding SCE. The same two analysts who examined
the candidate events independently reviewed the clips in a randomized
sequence to minimize the influence of personal bias. Additionally,
continuous variables, such as surface type, were labeled at the 20-second
mark for each clip. When analysts disagreed over the interpretation of
certain variables for specific events, a systematic process was imple-
mented to resolve the discrepancies. The research group, drawing on the
members’ expertise, reviewed each of the specific instances. The review
was followed by a discussion in which the analysts explained their
perspectives and the labels were finalized based on consensus.

3.6. Description of the novel variables

While most of the 16 variables used in our analysis are self-
explanatory and have been used in previous naturalistic driving
studies, this study introduces five novel variables which are less intui-
tive. The experience of the rider corresponds to the number of trips pre-
viously taken on Voi e-scooters, and the mean speed refers to the average
of speed values greater than zero. Pack riding, a widely observed phe-
nomenon, indicates whether the ego e-scooter was part of a group of e-
scooters or bicycles. The directness factor is a measure indicating the
extent to which a trip was point-to-point or detour. This approach is
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similar to Aarhaug et al. (2023), who identified trips not made for the
purpose of travel when the distance traveled exceeded the trip planner
map distance by a predetermined limit. The measure was calculated as
the ratio of the recommended distance from the origin to the destination
of the trip (from OpenStreetMap) to the actual distance traveled during
the trip. Initially, we aimed to adopt the threshold of 0.5 for classifying
trips as detours, based on the value used by Aarhaug et al. (2023);
however, found the threshold to be too low for our data. Consequently,
we adjusted the threshold to 0.6, classifying trips with a value lower
than the threshold as detour. In other words, it was considered a detour
trip if the distance traveled was greater than 1.7 times the recommended
distance. The adjusted threshold still leaves a margin for personal choice
of routes and potential disruptions in traffic.

We utilized OpenStreetMap to determine the proximity of the origin
and destination of the trips to specific points of interest: public transit
stations, restaurants, and educational institutions. The proximity was
calculated using the Euclidean distance between the trip’s origin or
destination and the nearest point of interest. A trip was considered to be
in the proximity of a point of interest if the calculated Euclidean distance
was less than a threshold of 25 m, an approach similar to that used by Li
et al. (2022). These proximities, in conjunction with the directness
factor, served as a crucial determinant in identifying the purpose of the
trip.

To categorize the trips according to the purpose, we implemented an
unsupervised machine-learning technique of k-means clustering. This
method of categorizing trips was based on the approaches implemented
by Shah et al. (2023) and Liu et al. (2020). The clustering process took
into account various factors, including the directness factor, proximity
to points of interest, trip distance, mean speed, day of the week, and
speed above zero (the percentage of the trip where the speed was greater
than zero). The optimal number of clusters was determined based on the
Davies-Bouldin index and Silhouette scores (Davies and Bouldin, 1979;
Rousseeuw, 1987), which led us to a model with seven clusters for
further interpretation. These clusters were further combined into two
broader categories, representing leisure and commute trips (for a
detailed description of clustering, see Appendix B).

3.7. Odds ratio (OR) calculation

The ORs were calculated to assess the effect of each labeled variable
on the occurrence of an SCE. A 95 % confidence interval estimated the
statistical significance of the ORs. Consider the variable phone usage: let
SCEphone and Baselinephone represent the number of SCE and baseline
events with phone usage, respectively. Similarly, let SCEqo-phone and
Baselineno phone represent the number of SCE and baseline events
without phone usage, respectively. The OR for phone usage is then

SCE, Basel "
calculated as OR = gt
no—phone

It is worth noting that in our study the sum of Baselineppone and
Baseline;o phone Was three times the sum of SCEphone and SCEpo-phone. AR
OR that exceeds one signifies an increased risk, while an OR less than
one signifies a decreased risk. The OR is deemed statistically significant
if its confidence interval does not include the value one.

p
Baselineppone *

4. Results
4.1. Description of the dataset

From July 2022 to December 2023, 4694 unique participants took
6868 trips, covering 9930 km in 709 h. The average trip distance was
1.45 km, and the average trip duration was 6.19 min. Fig. 5 shows the
overall geographic coverage of all the trips and illustrates all the routes
taken. Notably, each e-scooter traversed a substantial part of the oper-
ation zone, indicating that the entire zone was well covered by the in-
dividual e-scooters. It is worth noting that although we initially
deployed 17 e-scooters for data collection, some e-scooters were
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Operation zone
Scooter 1
Scooter 2
Scooter 3
Scooter 4
Scooter 5
Scooter 6
Scooter 7
Scooter 8
Scooter 9
Scooter 10
Scooter 11
Scooter 12
Scooter 13
Scooter 14
Scooter 15
Scooter 16
Scooter 17
Scooter 18
Scooter 19
Scooter 20
Scooter 21

Fig. 5. Geographic coverage of all the trips in the dataset (the map representing Gothenburg city center was generated using Kepler.gl).

rendered unusable due to vandalism and subsequently replaced during
the study. As a result, a total of 21 e-scooters were included, although at
any given point in time, no more than 17 e-scooters were operative.
Fig. 6 illustrates the distribution of the trips over the course of the
week, revealing usage peaks (particularly in the late afternoon), with
Wednesdays and Fridays showing the highest trip frequencies.
Conversely, Sundays recorded the lowest number of trips. Panel A of
Fig. 7 presents a histogram of trip distances, showing that most trips fall
within the 0-2 km range: as the distance increases beyond 2 km, there is
a noticeable decline in the number of trips. Panel B of Fig. 7 illustrates a
histogram of trip durations, showing that most trips last less than ten
minutes: few trips exceeding this duration. Fig. 8 shows the geographical
distribution of the 61 SCEs (19 crashes and 42 near-crashes). The light
markers indicate near-crashes and the dark ones, crashes. Given that the
baseline events and SCEs were matched based on GNSS coordinates, the

1404

701

Number of trips

positions of the baselines are identical to those of the SCEs.

Fig. 9 illustrates the distribution of conflicting road users: light motor
vehicles were the most common. Notably, heavy vehicles were not
present in any safety—critical interactions, and only two events involved
multiple conflicting road users. In 28.6 % of the SCEs, no road users were
involved. Of the 19 crashes, only two involved evasive maneuvers: one
involved braking and the other, swerving. In contrast, all but one of the
42 near-crashes involved evasive maneuvers: 28 involved braking, five
swerving, and eight both braking and swerving.

4.2. Factors contributing to increased risk

Table 2 reports the ORs and the confidence intervals for the variables
in the codebook (Appendix A).
As reported in Table 2, a rider with an experience of less than or

Mon Tue Wed

Thu Fri Sat Sun

Fig. 6. Number of trips by day of the week.
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Fig. 7. Panel A: Distribution of the distance of the trips. Panel B: Distribution of the duration of the trips.

Q Near-crash
Q Crash

Fig. 8. Geographical location of critical events in Gothenburg (the map was generated using Kepler.gl).

Light Vehicle (30.2%)
None (28.6%)
E-scooter (19.0%)
Pedestrian (15.9%)
Bike (4.8%)

Animal (1.6%)

HHRNDT

Fig. 9. Road users conflicting with the e-scooterist in the safety—critical events.

equal to 5 trips was twice as likely to experience a critical event as those
with more experience. Further, e-scooterists with an experience lower or
equal to 5 trips were responsible for 28 % of the SCEs. Pack riding was
associated with 2.7 times increased risk compared to riding alone. Phone
usage and single-handed riding significantly increase risk by factors of
2.67 and 6.51, respectively. Fig. 10 illustrates the relationship between
the OR and mean speed in relation to the experience of riders. At each
point on the x-axis, we computed the OR using the corresponding
experience level as a threshold. Simultaneously, we calculated the
average of the mean speeds for all trips up to and including the
respective experience levels. It may seem counterintuitive that riders
traveling at an average speed of 11 km/h or lower were over three times
more likely to experience an SCE (Table 2). This observation may be
explained by the positive correlation between experience and mean

Table 2
Odds ratios and confidence intervals for the variables.

Variable 0Odds ratio Confidence interval
Rider factors

Rider experience < 5 trips 2.23* [1.12, 4.46]
Phone usage 2.67* [1.05, 6.81]
Pack riding 2.68* [1.39, 5.17]
Single-handed riding 6.51% [1.58, 26.89]
Object on handlebar 1.61 [0.73, 3.55]
Infrastructure factors

Intersection 0.98 [0.53, 1.73]
Construction work 1.00 [0.20, 5.09]
Visual occlusion 1.00 [0.20, 5.09]
Environmental factors

Temperature < 5 °C 1.54 [0.72, 3.31]
Trip characteristics

Detour vs point-to-point trips 4,93* [1.79, 13.60]
Leisure vs commute trips 2.40* [1.33, 4.35]
Weekend trips 1.27 [0.65, 2.48]
Trip distance < 1.45 km 1.25 [0.68, 2.29]
Trip duration < 371 s 1.16 [0.63, 2.17]
Mean speed < 11 km/h 3.69* [1.81, 7.53]
Instantaneous speed < 11 km/h 0.75 [0.31, 1.82]

* indicates statistical significance.

speed, as indicated in Fig. 10.

Detour trips, which increased the risk of incurring an SCE by a factor
of 4.93, accounted for 16 % of the SCEs. On the other hand, leisure trips
increased the risk by 2.4 and contributed to 51 % of the SCEs.
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Fig. 10. Mean speed and OR as functions of experience.

Table 2 includes additional variables that are not described in detail
here. While these additional variables contribute to the description of
the dataset, the lack of statistical significance limits their potential
impact, therefore they are not further discussed in this paper.

5. Discussions

In this study, we used naturalistic data to identify which factors were
most prevalent in SCEs involving rental e-scooters and thus possibly get
new insights into crash causation for micromobility vehicles. However,
the definition of crashes and near-crashes are not straightforward and
even less so for micromobility.

5.1. Crashes and near-crashes

The proportion of crashes to near-crashes in this study follows the
widely accepted Heinrich triangle (Heinrich, 1941). However, the dis-
tribution differs from that observed in the previous naturalistic study on
e-scooters by White et al. (2023), in which the number of crashes was
notably higher than near-crashes. The reason for the difference may lie
in the different definitions of crashes and near-crashes, different envi-
ronments (university campus vs. urban), and/or different populations
(university students vs. road users traveling in the city center).

While crash identification is typically unambiguous, some e-scooter
crashes involved intentional collisions with other road users, particu-
larly vulnerable road users and infrastructure. These intentional crashes,
such as a scooter starting from standstill and crashing into wall were
deemed not to be incidental but rather deliberate. Although this iden-
tification was subjective, these voluntary crashes exhibited a distinct
pattern of non-spontaneity which was hard to miss. In order to maintain
comparability with previous naturalistic data studies (Dozza et al., 2016;
Dozza and Werneke, 2014), we have excluded these intentional colli-
sions even if they may fit the definition of a crash. Voluntary crashing,
which involved the use of e-scooters in such a manner that was more
akin to vandalism than transport, could be influenced by a multitude of
factors, including but not limited to the lack of personal ownership of the
vehicles and the absence of established social norms around e-scooter
usage. The exclusion of voluntary crashes from our analysis is not un-
usual in traffic safety research and can be likened to the exclusion of
suicides or self-induced crashes from crash databases. Unlike crashes,
the identification of near-crashes has always been subjective (Dingus
et al., 2006; Dozza and Gonzalez, 2013). The pre-meditated crash ten-
dencies displayed by e-scooter riders have increased the complexity of
identifying near crashes.

Alongside the challenge of identifying self-induced critical events,
another challenge arises when considering minor, inconsequential col-
lisions. In the SHRP2 and the 100-car naturalistic driving study, a large
share of the crashes were tire strikes with curbs (Dingus et al., 2006;
Kidd and McCartt, 2015). E-scooter riders in Gothenburg tend to switch
between pavement, bicycle lanes, and roadways, leading to a high
incidence of tire strikes. The frequent transitions between different road
types often lead to minor, inconsequential collisions. Although these
low-risk tire strikes technically fit the crash definition, they were also
excluded from the analysis because the rider maintained complete
control of the vehicle during the collision.

One notable difference between the crashes and near-crashes was the
presence or absence of evasive maneuvers. Riders did not attempt
evasive maneuvers in 89 % of the crashes, which suggests that the riders
either did not have the opportunity or did not even try to avoid the
crash. These findings are consistent with those from the 100-car natu-
ralistic study: evasive maneuvers were far more common in near-crashes
than crashes (Dozza, 2013). Only in one of the 42 near-crashes no
evasive maneuver was attempted by the rider. The prevalence of evasive
maneuvers in near-crash situations starkly contrasts with crash in-
cidents, implying that these maneuvers may often prevent near-crashes
from escalating into actual crashes.

5.2. Factors influencing crash risk

Our findings suggest that riders using e-scooters for leisure activities
are more prone to be involved in SCEs. Our methodology builds upon the
work by Shah et al. (2023) and Liu et al. (2020) and categorizes e-
scooter riders into two categories: those using e-scooters for leisure and
those using them for commuting, providing novel insights into these
categories for the first time. In our clustering inputs, we considered the
proximity of e-scooter trips to specific points of interest, such as public
transit stations, restaurants, and educational institutions. A trip was
considered in proximity if the calculated Euclidean distance to the
nearest point of interest was less than a certain threshold. Given that e-
scooter use was concentrated in city centers, we set our proximity
threshold at 25 m, in contrast to the approach by Li et al. (2022), who set
this threshold at 50 m. A larger threshold could potentially lead to a
higher rate of false positives, incorrectly classifying trips not in prox-
imity to points of interest.

The directness factor, an indicator of riding pattern, also influences
safety, with detour trips subject to five times increased risk. Rider
profiling is a potential strategy to understand and mitigate these risks.
Identifying riders who frequently engage in detour trips or use e-scooters
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for leisure activities would facilitate targeted nudges to promote safer
riding behavior. For our study, we employed a threshold of 0.6 to
classify trips as either point-to-point or detour, a modification from the
previously published limit of 0.5 (Aarhaug et al., 2023). This update was
necessary as the earlier threshold proved too lenient, leading to mis-
classifications in our data. The new threshold was chosen to more
accurately reflect the variability in riders’ choice of route, which could
be influenced by several factors, including a preference for specific
infrastructure types, ongoing construction work, or traffic congestion.

Our findings indicate a statistically significant increase in risk asso-
ciated with single-handed riding (OR 6.51). Unlike a bicycle, which has
the ability to self-stabilize (Kooijman et al., 2011), e-scooters’ current
geometry does not result in the same inherent balancing mechanism
(Paudel and Fah Yap, 2021). Thus, single-handed riding on e-scooters
may compromise the rider’s ability to steer and maintain balance
effectively, thereby increasing the likelihood of SCEs. Implementing a
computer-vision-based rider monitoring system may help prevent these
crashes, if not reduce their severity. The system could monitor the rid-
er’s hands and disable the throttle when single-handed operation is
detected, effectively reducing the speed of the e-scooter. Similar to the
observations in the previous naturalistic studies (Klauer et al., 2014;
Victor et al., 2014), engagement in a secondary task was also associated
with heightened risk. Notably, phone usage (OR 2.67), which coincided
with single-handed riding in many cases, contributed to an increased
risk of crashes. Riders unlock the e-scooter with a mobile application,
which could be used to detect phone usage during the ride. This infor-
mation could then be used to limit the top speed of the e-scooter, in
addition to alerting the rider about the potential risks when phone use is
detected.

Consistent with the findings of White et al. (2023), our study found
that pack riding also escalates the crash risk by a factor of 2.68. The
riders’ heightened risk may be due to reduced safety margins (Bargman
et al., 2015; Gibson and Crooks, 1938) or becoming overly focused on
the leading riders, a phenomenon referred to as target fixation. Although
some rental companies offer a group ride feature to discourage tandem
riding and increase ridership, such an option was not available to Voi
users in Gothenburg at the time of our data collection. In light of these
findings, providing all users with comprehensive information at the
outset of each trip is crucial. This information, which could include best
practices for pack riding, may complement technical solutions to detect
behaviors such as tailgating.

The rider’s experience plays a crucial role in the likelihood of being
involved in an SCE, a finding that aligns with observations from previous
studies on e-scooters and bicycles (Austin Public Health, 2019; Cicchino
et al., 2021; Dozza et al., 2023). E-scooter riders with more experience
not only face lower risks but also tend to maintain higher average speeds
during their trips as illustrated in Fig. 10. Recognizing the significant
impact of rider experience on mitigating risks, rental e-scooter com-
panies offer online traffic schools or educational programs. These ini-
tiatives encourage the riders to acquire the necessary knowledge and
skills for safe riding before they hit the road. However, moving from
rider education to rider training may be essential to improve safety for
new riders. Interestingly, according to Uluk et al. (2022), riders with
experience have a three times the odds of traumatic brain injury, sug-
gesting that the experience factor introduces complex risk dynamics.

Fig. 6 reveals a lack of e-scooter operation between 22:00 and 05:00
on Fridays and Saturdays; in fact, city regulations ban e-scooters from
riding at those times. Consequently, the impact of nighttime riding
during the weekend could not be estimated. In line with the findings of
Peci et al.”’s (2022) study in Gothenburg and the comprehensive review
by Badia and Jenelius (2023), our data (presented in Fig. 7) also indicate
that e-scooters are predominantly used for short distances (less than 2
km) and durations (less than 10 min).
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5.3. Ecological validity of data collection

In this study, the logging of sensors onboard the e-scooter allowed for
unintrusive data collection, unlike previous naturalistic studies in which
the user was required to carry heavy instrumentation during data
collection (Prabu et al., 2021). While including a rider-facing camera in
the setup could have offered additional insights into behavior and dis-
tractions, challenges in system integration as well as legal and privacy
considerations led to its exclusion.

A unique aspect of this study is that the participants were not
recruited and covered a wide range of e-scooter riders, thereby making it
more representative of the rider population. Further, participants were
not directed to take specific routes or travel within a specified location,
as they were in studies by Ma et al. (2021) and Prabu et al. (2021). While
their method provides researchers with better control over the data, it
could potentially lead to riders exhibiting slightly more cautious riding
behavior.

5.4. SCE and baseline identification

Identifying candidate events and, subsequently, SCEs depends on the
presence of an anomaly in the sensor data from the e-scooter. While
anomalies in the sensor data will be present during a crash, they may not
be in near-crashes. The data mining process will not flag the trip as an
SCE if the rider does not conduct any strong evasive maneuver. The
exclusion of such instances introduces a bias. Additionally, the bias is
further compounded by the fact that setting the threshold for anomaly
detection is a tradeoff between sensitivity and specificity. If the
threshold is set too low, more SCEs might be flagged (high sensitivity),
but there is also a risk of classifying non-critical events as SCEs (low
specificity). On the other hand, if the threshold is set too high, most non-
critical events might be accurately determined (high specificity), but
many SCEs could be omitted (low sensitivity). Notably, this study is the
first to objectively define the anomaly detection thresholds used to
identify candidate events on an e-scooter.

Inspired by the case-crossover approach used by Victor et al. (2014)
and Klauer et al. (2010), we used matched baselines to account for
confounding factors and ensure similar conditions for both the baselines
and SCEs. Traditionally, in a case-crossover approach, trips from the
same participant are used as baselines to compensate for rider-specific
confounding factors, and additional constraints on other variables are
implemented in the matching process. However, such an approach was
not feasible for our study given the limited number of trips per partici-
pant in the dataset. Opting for a matched baseline approach led to the
exclusion of only one crash and one near-crash from the analysis due to
the absence of corresponding baseline events. Our conservative
approach ensured a fair comparison but may have influenced the results,
potentially underestimating the statistical significance of some factors.

5.5. Future studies

The matched baseline approach used in this study might obscure the
effects of the variables used for matching on crash causation. In other
words, variables such as presence of intersection, road type, and travel
time cannot be associated with crash risk because of our study design.
Future studies may benefit from adopting a random baseline method-
ology to gain a clearer view of how these factors influence crash risks.
Furthermore, the crude OR analysis used in this study assumes the in-
dependence of each contributing factor. Transitioning to logistic
regression could allow the estimation of adjusted odds ratios, capturing
the complex interdependencies between risk factors. Additionally,
calculating metrics such as population attributable risk percentage could
further enhance our understanding of the potential reduction in crashes
that could be achieved by addressing each factor.
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6. Conclusions

In this study, we have examined the factors contributing to e-scooter
crashes and near-crashes, offering the most ecologically valid insights
into e-scooter crash causation to date. By analyzing naturalistic data, we
have redefined what constitutes crashes and near-crashes for these
unique two-wheeled vehicles, highlighting the inadequacy of traditional
definitions based on cars and trucks. Our findings reveal that deliberate
e-scooter crashes and near-crashes, often resembling acts of vandalism,
are a significant concern. These incidents may arise from the lack of
ownership and established social norms around e-scooter usage. Future
research should analyze these intentional crashes to obtain a deeper
understanding of what triggers these events.

This study is the first to highlight the heightened risk associated with
detour trips, which pose a greater risk compared to point-to-point travel.
Our findings underscore the importance of distinguishing between lei-
sure and commuting e-scooter trips, as leisure trips are associated with a
higher risk of SCEs. Additionally, our analysis indicates that the rider’s
experience plays a crucial role in safety; colloquially, inexperienced
riders are more susceptible to SCEs. The study also reveals that single-
handed riding, phone usage, and pack riding significantly increase
crash risk, suggesting the need for targeted interventions such as rider
monitoring systems and speed limitations based on phone usage
detection.

In conclusion, this study makes substantial contributions to the un-
derstanding of e-scooter safety and offers practical recommendations for
improving rider safety through targeted interventions and advanced
monitoring technologies. The findings of this study can be useful to city
administrations, planners, and micromobility operators. Decision-
makers and transportation planners can develop policies and infra-
structure, such as dedicated e-scooter lanes, to ensure safe and efficient
operation. Micromobility operators can optimize e-scooter distribution
and implement rider monitoring systems to detect risky behaviors and
set speed limitations.
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Table Al
Description of variables in the codebook.
Category Variable Subcategory/Entry type Description
Rider Rider experience The number of trips previously taken on Voi e-scooters
Phone usage Handheld If there was any phone usage involved.
Using the phone holder
No phone usage
Pack riding Present If the ego e-scooter rider was riding alongside other e-scooters or bicycles.
Absent
Hand position Both hands on The position of both the hands.
One hand on
No hands on
Object on handlebar Present If there was any type of object on the handlebar or the stem of the e-scooter.
Absent
Gloves Yes If the rider was wearing gloves.
No
Infrastructure Type of road Bicycle lane
Sidewalk
Roadway
Shared
Other
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Table A1 (continued)
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Category

Variable

Subcategory/Entry type

Description

Environmental

Trip characteristics

Conflict partner

Type of road surface

Surface condition

Road issues

Intersection

Construction
Visual occlusion

Lighting conditions

Weather conditions

Temperature
Wind speed
Precipitation
Directness factor
Trip purpose

Trip day

Trip distance

Trip duration

Mean speed
Instantaneous speed
GNSS co-ordinates
Road user type

Appendix B. Clustering trips

Asphalt
Cobblestone
Wood
Gravel
Grass

Tiles

Other

Dry

Wet

Icy

Snowy
Other
Potholes
Obstructions
Other
Signalized
Non-signalized
Roundabout
Present
Absent
Present
Absent
Daylight
Dark

Dusk

Dawn

Sunny
Cloudy
Rainy
Snowy
Other

Value in °C
Value in m/s
Value in mm

Leisure
Commute

Distance in km
Duration in seconds
Speed in km/h
Speed in km/h

Pedestrian

Bicycle

E-scooter

Light vehicle (Car/Van)
Heavy vehicle

Animal

None

Other

The hourly temperature recorded by Swedish Meteorological and Hydrological Institute (SMHI)
The hourly wind speed recorded by SMHI

The hourly precipitation value recorded by SMHI

The ratio of recommended distance by OpenStreetMap to the actual distance of the trip.

The trip purpose determined using the k-means clustering.

The day of the week the trip taken.

The actual distance traveled during the trip.
The duration of the trip.

The average speed the trip

Speed at the precipitating event

The GNSS co-ordinates of the event.

In our study, we implemented an unsupervised machine-learning technique of k-means clustering to categorize the trips according to the purpose.
The clustering process took into account the directness factor, mean speed, speed above zero (the percentage of the trip where the speed was greater
than zero), day of the week, trip duration, trip distance, and proximity to points of interest. (public transit stations, restaurants, and educational
institutions). A trip was considered in proximity if the Euclidean distance between the origin/destination of the trip and the nearest point of interest

was less than 25 m.

The optimal number of clusters was determined based on the Davies-Bouldin (DB) index and Silhouette scores. The 7 K-means model was selected
for further analysis as it had the optimal combination of high silhouette score and low DB index, as shown in Figure B.1.

11
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Fig. B1. DB index and silhouette score for different K-means cluster.

The 7 K-means clusters were further combined into two broader categories, representing leisure and commute trips. Clusters 3, 5, and 6 were
classified as leisure trips. Notably, Clusters 3 and 5 had a lower average directness factor of 0.7, compared to 0.9 for the other clusters. Cluster 3
specifically had a lower average speed (7.1 km/h vs 14.1 km/h for other clusters) and low speed above zero percentage (47 % vs 80 % for other
clusters). Cluster 5 had trips with an unusually long average trip distance (4.2 km vs 1.5 km). Lastly, Cluster 6 included trips primarily originating or
ending in proximity to a restaurant or a pub, with some of those trips taken over the weekend.

Conversely, clusters 1, 2, 4, and 7 were classified as commute trips, all showing similar patterns in terms of average trip distances, speed above zero
percentage, average speeds, and directness factor. Specifically, cluster 7 had all trips originating or terminating near a public transit station, suggesting
a connection to other trips. Cluster 4 had trips that began or ended at schools or universities. Cluster 2 contains only weekday trips, has a high
directness factor, and has the highest average speed and speed above zero percentage. Cluster 1 has features similar to cluster 2 in terms of high
average speed, speed above zero percentage, and directness factor, with the key difference that cluster 1 consists of trips taken only on weekends.

It is important to acknowledge that the interpretation of the clusters and their categorization into leisure and commute is subjective. Other re-
searchers might interpret or group the clusters differently. The objective here is to illustrate how crash risk varies with different trip patterns.
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