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Executive summary

The project Safe Integration of Micromobility in the Transport System (SIMT)
investigated e-scooter and bicycle safety using three complementary data sources:

1. Naturalistic data,
2. Self-reported crash data, and
3. In-depth crash database records.

The project produced five peer reviewed journal papers and generated over 500 media articles
reaching an estimated 900 million readers. The key findings are summarized below:

Specific rider behaviors increase e-scooter crash risk. Analysis of approximately 6,900
rental e scooter trips in Gothenburg (covering 9,930 km and 709 hours of riding) identified 61
safety critical events (19 crashes and 42 near crashes). Riding single-handed increased the odds
of a crash by 6.5 times, phone use by 2.7 times, group riding by 2.7 times, and rider
inexperience by 2.2 times. Causal analysis confirmed that single-handed riding, phone use,
inexperience, high speed, and intersection presence are mechanistic contributors to crash risk.
These findings were enabled by the world’s first large-scale naturalistic e-scootering study
conducted in an urban environment (e-SAFER data) and are presented in three scientific papers
published in leading traffic-safety journals.

E-scootering is not inherently more dangerous than e-cycling. A comparison of rental
e-scooter and e-bicycle crash data across seven European cities showed that while crude injury
counts indicate a 20:1 ratio in favor of e-bicycles, this ratio reverses when exposure is properly
measured using high-resolution GPS data. In six of the seven cities studied, e-scooters had 2.5
to 10 times lower injury rates than e-bicycles. The higher absolute number of e-scooter crashes
reflects more frequent use, not higher per-trip risk. This finding challenges conclusions from
earlier studies that did not control for exposure, geography, and vehicle ownership.

Fatal crash profiles differ fundamentally across micromobility modes. Analysis of 204
fatal micromobility crashes in Sweden (2016-2024), drawn from Trafikverket’s in-depth
investigation database, revealed that e-scooter fatalities are predominantly single-vehicle
crashes (67%), frequently involve alcohol (44%), occur disproportionately on weekends and at
night, and predominantly involve privately owned vehicles (67%) rather than rental fleets. In
contrast, conventional bicycle fatalities are predominantly multi-vehicle collisions (60%)
involving older riders (median age 71). Head injuries are the dominant fatal injury type across
all modes (56—62%), while helmet use is extremely low (0—27%). These distinct risk profiles
demonstrate that a one-size-fits-all regulatory approach is insufficient and that mode-specific
prevention strategies are needed. These findings are published in Journal of Safety Research
article.

While the first two outcomes align with the original SIMT research work packages, the third
represents an additional contribution, addressing one of the work packages proposed for
SIMT2— a continuation project that unfortunately was not funded. The project was
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disseminated extensively, including presentations at scientific conferences (e.g., ICSC) and
practitioner-oriented events (e.g., POLIS). It also received substantial media attention,
generating over 500 news articles or broadcast segments—ranging from local outlets (e.g.,
Goteborgs-Posten) to major international media (e.g., The Washington Post)—with an
estimated reach of 900 million potential readers.

By leveraging unprecedented data across multiple levels of Heinrich’s accident triangle,
producing high-quality scientific literature, and delivering societally relevant insights, SIMT
stands among the first comprehensive research efforts worldwide to address e-scooter
safety—an emerging but increasingly critical topic in transportation.
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Sammanfattning pa svenska

Projektet Séker integrering av micromobilitet i transportssystemet (SIMT) undersokte
sakerheten vid elsparkcykel- och cykelanvindning med hjélp av tre kompletterande datakéllor:

1. Naturalistiska data,
2. Sjélvrapporterade olycksdata, och
3. Data fran djupstudier av olyckor.

Projektet resulterade i fem granskade vetenskapliga artiklar och genererade &ver 500
medieinslag med en uppskattad rackvidd pa 900 miljoner ldsare. De viktigaste resultaten
sammanfattas nedan:

Specifika forarbeteenden okar olycksrisken for elsparkcyklister. Analys av cirka 6 900
uthyrningsresor med elsparkcykel 1 Goteborg (9 930 km och 709 timmars koérning)
identifierade 61 sdkerhetskritiska hdndelser (19 olyckor och 42 nastan-olyckor). Att kéra med
en hand pa styret 6kade olycksrisken 6,5 ganger, mobilanvéndning 2,7 ganger, gruppdkning
2,7 ginger och oerfarenhet 2,2 ginger. Kausal analys bekriftade att enhandsékning,
mobilanvindning, oerfarenhet, hog hastighet och ndrvaro i korsningar &r mekanistiska
bidragande faktorer till olycksrisken. Resultaten mojliggjordes av vérldens forsta storskaliga
naturalistiska studie av elsparkcykelakning i urban milj6 (e-SAFER-data) och presenteras i tre
vetenskapliga artiklar publicerade i ledande trafiksdkerhetstidskrifter.

Elsparkcykeldkning ér inte mer riskfyllt éin elcykling. En jamforelse av olycksdata for
uthyrda elsparkcyklar och elcyklar i1 sju europeiska stader visade att det rda skadeférhéllandet
20:1 till nackdel for elsparkcyklar véinds nér exponeringen maéts korrekt med hogupplost GPS-
data. I sex av sju stidder hade elsparkcyklar 2,5 till 10 génger ldgre skadefrekvens én elcyklar.
Det hogre absoluta antalet elsparkcykelolyckor speglar mer frekvent anvidndning, inte hogre
risk per resa. Resultatet utmanar slutsatser fran tidigare studier som inte kontrollerade for
exponering, geografi och fordonsidgande.

Profiler for dodsolyckor skiljer sig fundamentalt mellan mikromobilitetsfordon. Analys
av 204 dodsolyckor med mikromobilitetsfordon i Sverige (2016-2024), baserad pa
Trafikverkets djupstudiematerial, visade att dodsolyckor med elsparkcykel huvudsakligen ar
singelolyckor (67 %), ofta involverar alkohol (44 %), sker oproportionerligt ofta pa helger och
nattetid och frimst ror privatigda fordon (67 %) snarare dn uthyrningsfordon. Dddsolyckor
med konventionell cykel utgors didremot framst av flerfordonsolyckor (60 %) och involverar
dldre cyklister (medianalder 71 &r). Huvudskador &r den dominerande dodliga skadetypen for
alla fordonstyper (5662 %), och hjdlmanvidndningen dr extremt ldg (0-27 %). De skilda
riskprofilerna visar att en enhetlig reglering é&r otillricklig och att fordonsspecifika
forebyggande atgirder behdvs. Dessa resultat publiceras i1 en artikel 1 Journal of Safety
Research.

De tva forsta resultaten motsvarar SIMT:s ursprungliga arbetspaket, medan det tredje utgor ett
extra bidrag och beror ett arbetspaket som foreslogs for fortsdttningsprojektet SIMT2, som
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dessvirre inte beviljades finansiering. Projektet har presenterats vid flera konferenser, bade
vetenskapliga (t.ex. ICSC) och praktiskt inriktade (t.ex. POLIS). Det har dven fatt omfattande
medial uppmérksamhet med 6ver 500 artiklar och inslag — fran lokala medier (t.ex. Goteborgs-
Posten) till internationella (t.ex. The Washington Post) — med en uppskattad rickvidd pa cirka
900 miljoner potentiella ldsare.

Genom att utnyttja unika datakillor som tdcker flera nivaer av Heinrichs olyckstriangel,
producera hogkvalitativ vetenskaplig litteratur och leverera resultat med stor samhillsrelevans
ar SIMT ett av de forsta omfattande forskningsprojekten i vérlden som studerar sdkerheten vid
elsparkcykelanvéndning — ett nytt men snabbt vdxande och alltmer kritiskt omrade inom
transportsektorn.
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1 Background

Over the past decade, e-scooters and e-bikes have rapidly transformed urban mobility across
European cities, reflecting strong demand for flexible, low-cost, and compact transport options.
European shared-micromobility trips grew from 100 million in 2020 to 257 million in 2024
(Fluctuo, 2025), demonstrating sustained adoption momentum. The expansion, however, has
been accompanied by a corresponding surge in crashes, emergency department visits, and
hospital admissions globally (Cicchino et al., 2021; Stigson et al., 2021). Retrospective
analyses of hospital and police records reveal a high burden of severe injuries, particularly head
injuries and fractures (Trivedi et al., 2019), prompting public health systems and municipal
authorities to seek effective ways to balance mobility innovation with public safety.

Understanding the complex mechanisms underlying these crashes requires moving beyond
post-crash outcomes, which rarely capture the pre-crash behavioral and environmental
sequence that caused the incident. Naturalistic data collection using vehicles instrumented with
cameras and kinematic sensors provides an unprecedented opportunity to observe real-world
riding behavior as it unfolds, revealing the precise events and human behaviors that precipitate
safety-critical events (Dozza et al., 2016). For instance, the post-crash report may indicate that
the rider was involved in a single crash, but the rider may have actually lost control of the
vehicle while trying to avoid a crash with another vehicle which would be captured in
naturalistic data. One prior naturalistic e-scooter study (White et al., 2023) analyzed 50 e-
scooters from a fleet on the university campus and identified 85 crashes and 69 near-crashes,
characterizing behavioral and contextual factors in detail. However, that data collection was
confined to a university environment, potentially biasing the population to university-affiliated
users and limiting generalizability to diverse urban commuting contexts and leisure riders.
Therefore, although this methodology promises to unveil the true causes of crashes, its
application to micromobility is still extremely novel.

While the majority of micromobility injuries are non-severe, fatal crashes represent the extreme
end of the spectrum and may offer critical insights into crashes typically missed within
naturalistic data. Yet fatal crash data for micromobility has been scarce, fragmented, and often
subject to vehicle misclassification. Standard crash reporting systems designed for motor
vehicles typically lack the category granularity needed to reliably distinguish conventional
bicycles, e-bikes, and e-scooters, particularly as these categories evolved over recent years.
Sweden possesses a unique resource for addressing this gap: the Swedish Transport
Administration (Trafikverket) maintains an in-depth fatal crash investigation database built on
multidisciplinary expert investigations. Unlike regular police or hospital reports alone, these
investigations include detailed vehicle examination, forensic documentation, eyewitness
interviews, and post-crash photography. The richness of the dataset enables reliable
characterization of rare events and accurate comparison across vehicle modes. The detailed
investigation database thus provides an invaluable opportunity to characterize fatal crashes
across micromobility modes and identify mode-specific risk profiles not visible in aggregated
police or hospital data. Understanding how rider demographics, crash circumstances, and
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injury mechanisms differ across e-scooters, e-bikes, and conventional bicycles can inform
prevention priorities and regulatory design specific to each mode.

Leveraging these advanced data sources is essential to uncover the true underlying factors
driving micromobility risks, although the validity of cross-mode comparisons remains a
challenge due to uncontrolled exposures. To obtain accurate risk comparisons, we require both
accurate numerators (injury or crash counts) and accurate denominators (exposure, i.e., an
estimation of the amount of riding activity). As established in epidemiological literature,
exposure is critical for evaluating crash risk, yet it is often only roughly estimated when not
directly measured (Wolfe, 1982). For micromobility, this exposure problem is particularly acute
and prone to errors given the inaccuracies in the classification of micromobility vehicles and
sparse data collection points. Early studies from multiple cities (Oslo, Copenhagen, Auckland)
reported that e-scooter crash rates were 4 to 10 times higher than bicycle rates (Bodansky et
al., 2022; Feerdselsstyrelsens, 2020; Fearnley et al., 2020; Mcguinness et al., 2021). While these
findings raised legitimate safety concerns, the underlying comparisons were fundamentally
based on population estimates or survey-based participation counts, neither of which accurately
reflected actual usage. Studies comparing bicycle and e-scooter crash rates have not
systematically accounted for geographical disparities where bicyclists may travel further out
of the cities where road-user conflicts are less often, and moreover these studies have not
distinguished between rental and privately owned vehicles, and have not differentiated between
conventional bicycles and e-bike resulting in biased conclusions.

2 Objective and research questions

2.1 Objective

The SIMT project aimed to systematically characterize safety outcomes across the different
micromobility modes across different injury levels. The overarching objective was to provide
evidence-based understanding of crash mechanisms, injury risk, and rider vulnerability across
e-scooterists and e-bikers, thereby establishing foundations for innovative data-driven
countermeasures to improve traffic safety.

2.2 Research questions (RQs)

RQI1. What behavioral, contextual, and environmental factors causally influence crash risk in
naturalistic e-scooter riding, and how do these factors operate mechanistically to generate
safety-critical events?

RQ2. How does injury risk differ between e-scooters and e-bike when exposure is precisely
measured, and confounding variables (geographic venue, usage intensity, mode utilization
patterns) are controlled?
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RQ3. How do fatal crash characteristics including rider demographics, crash typology, vehicle
ownership status, and injury mechanisms differ across e-scooterists, e-cyclists, and e-
scooterists, and what implications emerge for prevention?

2.3 PhD education and synergies

The SIMT project provided partial funding to support the doctoral education of Rahul Rajendra
Pai at Chalmers University of Technology. This project sponsored a substantial portion of
doctoral work including doctoral coursework, peer-reviewed journal publications,
dissemination through international conference presentations and the licentiate degree.

SIMT depended on and leveraged broader data ecosystem work (including e-SAFER for data
collection support) and sought/used synergies with adjacent efforts and collaborations.

3 Work packages overview

3.1 Conceptual framework: Heinrich triangle and safety pyramid

This project used the multi-level safety analytical framework inspired by the Heinrich triangle
(Heinrich, 1941), which organizes safety outcomes by frequency and severity. The classical
formulation describes a pyramid structure in occupational safety where minor incidents vastly
outnumber severe injuries, which in turn outnumber fatalities. This inverse relationship
between event frequency and severity holds because many of the same underlying causal
factors contribute across all levels.

Applying this framework to traffic safety yields (see Figure 1):

Base layer (high frequency, low-to-moderate severity): Safety-critical events typically
observed in naturalistic riding data including crashes and near-crashes that riders experience
during normal use. These events occur frequently, enabling behavioral analysis of mechanism
and contributing factors, but typically result in minor injuries or near-misses without
hospitalization.

Middle layer (intermediate frequency, moderate-to-high severity): Injury crashes requiring
medical care occur less frequently but with greater consequence (hospitalization, missed work,
lingering disability). At this level, comparative risk assessment across modes and geographies
becomes feasible through injury data.

Tip layer (rare events, highest severity): Fatal crashes represent the extreme tail of outcome
severity but occur so infrequently yet represent the maximum public health impact and demand
detailed investigation of circumstances and mechanisms.

10
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Figure 1 The safety framework and the areas covered by the project. The document icons in the picture represent the
scientific papers produced in SIMT and referenced in this report on several occasions.

3.2 Work Package Structure and Contributions

The three work packages (WP) within the SIMT project (Figure 2) map directly to these three
layers of Figure 1, providing complementary evidence across the safety pyramid and enabling
an understanding of micromobility safety across injury and frequency levels.

WP1: Crash Causation for E-Scooters

WP1 covered the base layer of the safety triangle and investigated high-frequency safety-
critical events using naturalistic riding data collected from instrumented rental e-scooters. WP1
revealed the behavioral and environmental mechanisms underlying crashes and applied formal
causal inference to identify modifiable factors. This mechanistic evidence provided the
foundation for designing behavior-change and rider-education interventions.

WP2: E-Scooters vs E-Bicycles in European Cities

WP2 formed the middle layer by characterizing injury risk across modes and geographies using
high-resolution GPS data and injury information from rental fleets. By measuring exposure
from GPS travel logs, WP2 enabled exposure-controlled comparisons across vehicle types and
cities and supported data-driven policy on comparative safety and regulatory prioritization.

WP3: Fatal Crashes and Rider Profiles

WP3 covered the tip layer by examining fatal crashes using in-depth investigation data from
the Swedish Transport Administration. By applying consistent methodology across modes,
WP3 characterized the highest-severity outcomes and identified mode-specific risk profiles.
The rare-event analysis revealed prevention priorities at the extreme of the outcome spectrum.

WP3 represents a contribution beyond the SIMT project's original scope. In fact, WP3 and
WP4 were initially planned as part of a follow-on project (SIMT2). Unfortunately, that project

11
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was not approved by Trafikverket. We were still able to deliver on WP3 and we are currently

seeking funds to also complete WP4 within Rahul’s PhD work.

SIMT - Original plan

SIMT-2 Original plan

(" N\ )
WPO Management
WP1 WP2 WP3 WP4
Crash E-scooter vs Crash Safety
causation e-bike severity assessment
\_ J\_ Wy,

Delivered within
this project

Planned work in
followup project

Figure 2 Work packages within the project.

4 WPI1: Crash causation for e-scooters

WP1 addressed a core limitation of much of previous micromobility safety analysis: crash and
injury databases describe outcomes but rarely explain the pre-crash mechanisms and
behaviours that lead to safety-critical events.

From this WP, two papers were published and the third paper is under review in reputed
international peer-reviewed scientific journals.

1. Rahul Rajendra Pai, Marco Dozza (2025) “Understanding factors influencing e-
scooterist crash risk: A naturalistic study of rental e-scooters in an urban area”, Accident
Analysis & Prevention, 209, 107839.

2. Rahul Rajendra Pai, Marco Dozza (2025) “What influences crash risk and crash
prevalence for e-scootering? Insights from a naturalistic riding study”, Transportation
Research Part F: Psychology and Behaviour, 114, 160-170.

3. Rahul Rajendra Pai, Carol Flannagan, Marco Dozza “Beyond association: Causal risk

factors for e-scooter injury from a naturalistic riding study.” (Under review in Safety
Science)

4.1 Data source

WP1 was based on a naturalistic dataset from instrumented rental e-scooters operating in
Gothenburg. The data collection was supported through the FFI project e-SAFER (in
collaboration with Voi, Autoliv, Folksam, Veoneer and Trafikverket), while SIMT focused on
making the dataset analysis-ready and extracting safety-relevant knowledge (event
identification, coding, and risk analysis).

The instrumented e-scooters recorded synchronized onboard sensor signals and forward-facing
video, capturing both the kinematic signature of events and the surrounding traffic context. The
logger sampled kinematic signals at 10 Hz (accelerations, angular speeds, GNSS, wheel speed,
brake-lever position), while a wide field-of-view camera recorded video at 220° field of view

12
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and 30 frames per second, providing visibility of road scenes and rider—infrastructure
interactions.

For the WP1 analysis, the dataset comprised 6,868 trips from 4,694 unique participants,
covering 9,930 km over 709 hours, collected between July 2022 and December 2023. Within
this dataset, 61 safety-critical events were identified (19 crashes and 42 near-crashes), and each
was paired with baseline events for comparative analysis.

4.2 Methodology

Figure 3 summarizes the analytical workflow from data collection through statistical analysis

in WP1.
~.| Candidate L( Video L( Baseline 1( Label L( Statistical

event verification of . critical and :
\’@/ detection j_L critical eventsj_L selection f@asellne eventsj_k analysis

Figure 3 The overall process of data collection and analysis in WP1.

4.2.1 Redefining the crash

Crash and near-crash definitions developed for passenger cars or even bicycles do not transfer
to e-scooters without modification. E-scooters present distinct dynamics, standing posture,
electrical propulsion that create challenges absent from previous research.

E-scooters often traverse curbs, edges, and mixed infrastructure. Minor wheel strikes or surface
impacts generate kinematic signatures that may resemble a crash but do not represent
meaningful loss of control or injury mechanisms. Classifying such strikes as crashes inflates
event counts and distorts causal analysis. WP1 observed that a subset of incidents can be
intentional events (deliberate impacts, stunts) which also generate kinematic anomalies.
Treating intentional events as crashes biases the analysis by conflating deliberate behavior with
unintentional safety failures.

Given this additional layer of subjectivity in identifying crashes which is unprecedented in
traffic safety, near-crash definitions that have always been subjective to an extent and often
depend on evasive manoeuvres or rapid control inputs become more complex than ever to
identify.

To address these challenges, WP1 developed operational definitions linking kinematic triggers
to video verification, in practice this meant:

e Crash: A rider makes contact with the ground or another object (vehicle, pedestrian,
infrastructure) and experiences an unintended dismount or fall. Inconsequential
contacts (low-speed curb strikes with maintained balance) are excluded.

e Near-crash: A rider executes a rapid corrective manoeuvre (hard braking, sharp steering,
body repositioning) in response to an incipient loss of balance or collision risk, visible
in video context. Routine steering adjustments and intentional manoeuvres (stunts,
tricks) are excluded.

13
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Video footage collected was therefore not an extra datapoint but rather was the critical piece of
the puzzle that made WP1 defensible. Inertial triggers and other signals are necessary to scale
detection, but without video they can systematically misclassify events (overcounting minor
contacts, missing context, and mixing intentional and unintentional events). Video provides the
ground truth needed to (i) correctly interpret what the kinematics represent, (ii) verify whether
an interaction was actually safety-critical, and (iii) refine detection logic so that it captures
events that matter for safety understanding and countermeasure design.

4.2.2 Crash detection algorithm for e-scooters

Automated event detection employed a hybrid kinematics-and-video approach: Kinematic
triggers (sudden acceleration/deceleration, large angular velocity changes, wheel-speed
anomalies) flagged candidate events, reducing the search space. Video review of kinematically-
flagged segments then confirmed or rejected candidates using the crash/near-crash definitions.
This hybrid approach reduced manual review workload while maintaining human judgment on
ambiguous cases.

Video-verified events were used to refine kinematic trigger logic iteratively. Events confirmed
as safety-critical in video informed algorithm refinement; events classified as inconsequential
or intentional by human coders were used to reduce false positives. The algorithm was not fixed
but improved via feedback from ground-truth coding.

Because shared-mobility fleets typically deploy standardized sensor hardware across all
vehicles, the validated trigger logic is portable beyond the instrumented subset. In principle,
this enables three operational use cases: (i) continuous, fleet-wide event detection using
standardized kinematics, (ii) rapid post-event verification and severity triage using event
metadata or video clips, and (iii) evidence-informed identification of crash hotspots and high-
risk behavioural patterns to inform fleet management and infrastructure prioritization.

In addition, as a future application, a fleet-wide detection algorithm could trigger an in-app
prompt after a suspected crash; if the user does not respond within a defined time window, an
escalation procedure could be initiated. Because GNSS is already available in shared
micromobility operations, the location of the suspected crash can be determined accurately for
follow-up actions.

4.2.3 Baseline selection

For each identified safety-critical event (crash or near-crash), a baseline trips were selected as
reference points. Baseline trips differed from event trips only in that no safety-critical event
occurred during the trip; all other collected signals and video were available for analysis. The
influence of multiple baseline selection methodologies and proportion of baseline events in the
dataset were tested within the WP1. Comparing critical events against baseline enables direct
quantification of behavioural and contextual conditions, isolating factors associated with
safety-critical outcomes.

4.3 Results

Risk factors

14
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Analysis of the 61 safety-critical events used two analytical approaches: (1) crude odds ratios
to identify behavioural and contextual factors associated with safety-critical events, and (2)
formal causal inference (parametric g-formula with confounder adjustment) to distinguish
associations from causal effects.

Crude odds ratios from the matched baseline design indicate that the following factors
increased likelihood of a safety-critical event relative to baselines:

e Single-handed riding: OR = 6.51 (vs. two-handed control).

e Phone use during riding: OR = 2.67 (vs. no phone use).

e Pack or group riding: OR = 2.68 (vs. solo riding).

e Inexperience (< 5 prior trips): OR = 2.23 (vs. > 5 prior trips)
e Detour-like trips: OR = 4.93 (vs. point-to-point trips).

e Leisure trips: OR = 2.40 (vs. commute trips).

e Lower mean speed (< 11 km/h): OR = 3.69 (vs. > 11 km/h).

Confounder-adjusted causal estimates identified single-handed riding, phone use, inexperience,
high speed, and intersection presence as significant mechanistic contributors to safety-critical
event risk.

4.4 Practical issues in naturalistic e-scooter data collection

Collecting naturalistic data on shared-mobility vehicles introduces operational constraints that
reduce data completeness and continuity. These must be acknowledged as dataset limitations
rather than methodological oversights:

e Data governance and GDPR: Continuous video recording on shared-mobility vehicles
raises strict privacy requirements. Substantial effort was devoted to negotiating data
access arrangements, ensuring GDPR compliance with video retention policies, and
controlled handling procedures before analysis could begin.

¢ Vandalism and theft: The instrumented scooters and/or logging equipment were subject
to vandalism/theft, causing interruptions and required mitigation actions such as adding
dummy 3D printed camera units to avoid vandalism and continue collection.

e Real-world fleet variability: As part of an active rental fleet, the number of functioning
instrumented units and data arrival rates fluctuate due to maintenance, redeployment,
and downtime. Data collection is subject to operational fleet dynamics, not researcher
control.

4.5 Conclusions

A critical methodological observation from WP1 concerns intentional crashes and vandalism-
like events. These incidents may reflect the absence of ownership norms and established social
expectations around shared micromobility, distinct from traditional vehicle ownership where
riders internalize responsibility. The findings of the WPI1 also suggests that prevention
strategies must address both behavioural risk (rider skills, attention) and systemic risk
(operational design, infrastructure, social norms).
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Implications for intervention strategy span multiple levels. At the individual level, rider training
in addition to education targeting inexperienced users specifically instruction on balance
maintenance and manual control. The training may be critical as many riders bring learned
expectations from bicycle riding that do not generalize to e-scooter platform dynamics.
Behavioural interventions such as rider monitoring systems and phone-use detection with speed
limitations for infringements can mitigate high-risk behavioural patterns. At the operational
level, micromobility operators can optimize safety information targeting the riders involved in
leisure and detour usage in high-risk areas and implement rider monitoring systems that detect
and respond to phone use or pack riding. At the infrastructure level, dedicated e-scooter lanes
may provide physical separation from multi-vehicle conflicts, reducing intersection exposure.

4.6 Further reading

The detailed methodological and analytical information on all aspects of WP1 can be found in
the following peer-reviewed publications:

1. Rahul Rajendra Pai, Marco Dozza (2025) “Understanding factors influencing e-
scooterist crash risk: A naturalistic study of rental e-scooters in an urban area”, Accident
Analysis & Prevention, 209, 107839. https://doi.org/10.1016/j.aap.2024.107839

2. Rahul Rajendra Pai, Marco Dozza (2025) “What influences crash risk and crash
prevalence for e-scootering? Insights from a naturalistic riding study”, Transportation
Research Part F: Psychology and Behaviour, 114, 160-170.
https://doi.org/10.1016/1.trf.2025.05.030

3. Rahul Rajendra Pai, Carol Flannagan, Marco Dozza “Beyond association: Causal risk
factors for e-scooter injury from a naturalistic riding study.” (Under review in Safety

Science)

5 WP2: E-Scooters vs E-Bikes in European Cities

WP2 addressed a recurring weakness in micromobility safety comparisons: many earlier
studies compare e-scooters and bicycles using injury counts without controlling for where
vehicles operate, who rides them, and how much they are used (exposure) (Bodansky et al.,
2022; Feerdselsstyrelsens, 2020; Fearnley et al., 2020; Mcguinness et al., 2021). WP2 therefore
focused on an exposure-controlled injury-risk comparison under identical operational
conditions.

From this WP, one paper was published in an international peer-reviewed scientific journal.

1. Rahul Rajendra Pai, Marco Dozza (2025) “Is E-Cycling Safer than E-Scootering?
Comparing Injury Risk Across Europe when Vehicle-type, Location, Exposure, Usage,
and Ownership are Controlled”, Journal of Safety Research, 94, 469-472.

5.1 Data source

WP?2 analysis integrated high-resolution GPS data and injury data from rental e-scooter and e-
bicycle fleets across seven European cities: Givle (Sweden); Berlin and Diisseldorf (Germany);
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and Cambridge, Liverpool, Kettering, and Northampton (United Kingdom). Data collection
spanned 13 months (July 2022 through August 2023).

Both vehicle types were operated by a single mobility-sharing provider in identical geographic
service zones (geofenced areas) within each city, ensuring geographical and operational
homogeneity for valid comparison. High-resolution GPS position tracking (1-10 Hz sampling)
from the entire active fleet of both modes enables reconstruction of precise distance travelled,
duration, and speed profiles.

The dataset comprises 686 e-scooter crashes and 35 e-bicycle crashes with injury reports during
the observation window across the seven cities. The single-operator structure in identical
service zones controls confounding to a large extent from different rider population, usage
patterns, and geographical area of operation.

5.2 Methodology

Figure 4 summarizes the analytical workflow from data collection through injury risk analysis
in WP2.

¢

-

%© &\ Identify cmesL( Filter crashesL( Calculate L( Iniury risk
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% / modes operatej—L presence j— metrics j_L

Figure 4 The overall process of data collection and analysis in WP2.

5.2.1 Exposure measurement from GPS

Exposure was quantified using three distinct metrics constructed from GPS data: crashes per
100,000 trips, crashes per 1,000 hours of riding time, and crashes per 10,000 kilometres
travelled. Exposure was aggregated across all active rental units of each mode across the entire
collection period, disaggregated by mode and city. Rider-reported crashes were filtered to
include only incidents in which riders sustained injuries; crashes caused solely by hardware
defects were excluded to isolate rider-related crash risk.

5.2.2 Crash rate calculation and cross-mode comparison

Crash rates were computed by dividing the number of crashes by the three-exposure metrics.
Each crash rate provides a different information: the influence of frequency-of-use is observed
in the crash per trip, the ride duration influence is obtained from the crashes hours travelled,
and the distance influence is visible in the crashes per kilometers traveled.

5.3 Results

Crude injury counts show 686 e-scooter crashes versus 35 e-bicycle crashes (ratio
approximately 20:1). The crude metric lacks exposure normalization and therefore provides a
biased comparison. When exposure is accounted through crash-rate estimates, the risk
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hierarchy reverses, e-scooterists show lower injury rates (2.5-10 times lower) than e-cyclists in
6 of 7 cities.

This reversal is attributable to unequal exposure rather than differential modal safety. The 686
e-scooter crashes represent a substantially larger denominator of e-scooter trips, hours, and
kilometers than the 35 e-bicycle crashes. E-scooters are used more frequently in these cities,
generating higher absolute crash counts but lower incident rates per unit riding activity.

The exposure-controlled analysis demonstrates that previous comparative studies relying on
crude crash counts or approximate exposure metrics produced systematically biased
conclusions. While our analysis also has some limitations and cannot be considered conclusive
evidence, controlling location, exposure, and usage patterns is critical for a fair comparison of
injury risk among transportation modes.

5.4 Conclusions

WP2 challenged the widely held assumption that e-scooters are substantially riskier than e-
bicycles. When injury rates are computed with high-resolution exposure measurement and
control for geographic venue, vehicle ownership, and usage patterns, e-scooterists experience
lower crash rates than e-cyclists across most observed cities. This reversal reveals the
magnitude of bias introduced in prior comparative studies that relied on crude crash counts or
approximate population-level exposure estimates rather than direct measurement from the
population at risk.

Future safety assessments across micromobility and other transportation modes should
incorporate GPS-derived exposure metrics and geofencing data as standard practice as more
and more vehicles have high resolution connected sensors. This represents a data collection
and analytical standard that moves beyond retrospective approximation and toward real-time,
high-resolution measurement. Regulatory authorities and municipal planners evaluating
comparative vehicle safety should be cautious of studies when making decisions based on
reports without explicit exposure measurements or with exposure proxies derived from
populations different from those generating the injury counts.

5.5 Further reading

The detailed methodological and analytical information on all aspects of WP2 can be found in
the following peer-reviewed publication:

1. Rahul Rajendra Pai, Marco Dozza (2025) “Is E-Cycling Safer than E-Scootering?
Comparing Injury Risk Across Europe when Vehicle-type, Location, Exposure, Usage,
and Ownership are Controlled”, Journal of Safety Research, 94, 469-472.
https://doi.org/10.1016/1.1s1.2025.06.015

6 WP3: Fatal crashes and rider profiles
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WP3 examined rare but highest-severity safety outcomes: fatal crashes across e-scooters, e-
bicycles, and conventional bicycles.

From this WP, one paper is under review in an international peer-reviewed scientific journal.

1. Rahul Rajendra Pai, Rikard Fredriksson, Marco Dozza “Three modes, three profiles:
Characterising fatal crashes on e-scooters, e-bikes, and conventional bicycles in
Sweden.” Accepted for publication on Journal of Safety Research.

6.1 Data source

WP3 used the Swedish Transport Administration (Trafikverket/STA) in-depth fatal crash
database, covering 2016—2024, and included all fatal crashes (death within 30 days) involving
conventional bicyclists (n=152), e-cyclists (n=34), and e-scooterists (n=18) in Sweden
(suicides and death due to sickness excluded), totalling 204 fatalities.

What makes this database highly valuable for micromobility safety is that each case is
investigated by a multidisciplinary team including police officers, Trafikverket’s crash
investigator, forensic pathologists, and medical personnel. Investigation documentation
includes on-scene photographs (vehicle, rider, environment, collision points), detailed vehicle
inspection and technical examination, police narrative reports and eyewitness interviews,
forensic examination and autopsy findings including injuries sustained, blood alcohol content
(BAC) testing and toxicology results, rider demographics (age, address, prior traffic history),
helmet use documentation.

6.2 Methodology

Figure 5 summarizes the analytical workflow from data pre-processing through cross-mode

comparison in WP3.
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Figure 5 The overall process of data processing and analysis in WP3.

WP3 employed primarily descriptive analysis (characterization of patterns) rather than
complex statistical modelling, as the rare-event setting (18 e-scooter fatalities) limits statistical
power for multivariate analysis. The approach emphasized detailed, transparent description
enabling readers to identify patterns and form hypotheses.
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From each in-depth investigation case file, we systematically extracted standardized variables
spanning eight domains: rider demographics (age, gender, address, prior crash/violation
history), crash typology (single-rider fall versus multi-party collision involving vehicle,
pedestrian, or infrastructure), temporal context (date, time of day, day of week, season),
location characteristics (urban versus rural, intersection versus midblock, road type),
environmental factors (weather, lighting), vehicle factors (equipment condition, manufacturer
specifications, evidence of modifications), behavioural factors (helmet use, impairment
measured by BAC and drug screening), and injury patterns (primary fatal injury site). This
structured abstraction ensured consistent data capture across all 204 cases despite the
heterogeneity inherent in real-world crash circumstances.

We also manually reviewed photographs, to identify the vehicle ownership (private or rental)
and simultaneously verifying the classification of the vehicle type specifically for entries before
the introduction of specific categories for e-bike and e-scooters. The technical reports from
vehicle inspections were also consulted whenever available.

6.3 Results

Analysis of 204 fatal crashes identified fundamentally distinct rider and crash profiles across
the three micromobility modes:

Crash typology: e-scooterist fatalities are predominantly single-vehicle (66.7%), whereas
conventional bicyclist fatalities are predominantly multi-vehicle (59.9%); e-cyclists are
intermediate (50% single-vehicle).

Ownership: e-scooter fatalities are mostly on private vehicles (66.7%); rental e-scooters
account for 22.2%. Conventional bicycle and e-bike fatalities with known ownership occur on
private vehicles.

Temporal profile: e-scooterist fatalities are concentrated on weekends and extend into
nighttime, unlike conventional cyclists and e-cyclists whose fatal crashes occur mainly
weekdays and daytime.

Alcohol: alcohol is prominent in e-scooter fatalities (44.4%) and to a lower extent among e-
cyclists (26.5%) but less common among conventional bicyclists (12.5%).

Helmet use & injury region: Helmet prevalence is extremely low across all modes (0-27%),
and head injuries are the dominant fatal injury type across modes (~56—62%).

Rider age: e-scooterist fatalities involve younger/middle-aged riders (median 47.5) compared
to e-cyclists (median 71.5) and conventional bicyclists (median 71.0).

Conflict partners (multi-vehicle): passenger cars are the most common conflict partner across
cohorts; conventional bicyclists and e-cyclists more often involve larger goods vehicles in fatal
multi-vehicle crashes, while e-scooterist multi-vehicle fatalities are rare and concentrated in
passenger-car conflicts.

Location/intersections: fatalities occur predominantly in urban areas, and around half occur at
intersections across modes.
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6.4 Micromobility classification issue

Vehicle mode misclassification represents a recurring problem in micromobility safety research
with material consequences for prevention and policy. Visual similarity results in e-bikes to be
confused with conventional bicycles, particularly when motors are not visually obvious.
Language terminology ambiguities introduce additional confusion: in Swedish, the term “el-
skoter” refers to electric scooters but is sometimes applied colloquially to electric wheelchairs
(permobil), creating potential confusion in transcription or interview-based coding. Crash
reporting systems designed decades ago for cars and trucks have limited category granularity,
meaning additions such as “e-bike” as distinct from “bicycle” or “motorized” require system
updates and training. Multiphase reporting systems where crash information passes through
multiple actors (scene responder, police report, hospital, database entry) may accumulate
transcription errors.

A key strength of the STA in-depth fatal crash investigations is that misclassification can be
addressed rather than merely acknowledged as a limitation. In-depth investigations included
on-scene and vehicle documentation and retained post-crash photographs, enabling post-hoc
verification even if specific micromobility categories were introduced later. While most of the
crashes in the dataset are correctly classified, post-crash photographs show vehicle structure,
motor/battery components, wheel type, and platform design visual features that definitively
categorize mode in some cases where initial coding was ambiguous. The correction process
ensured the final cohorts represented the most accurate categorization available.

However, limitations remain where photographs cannot reliably detect software modifications
or speed-limiter circumvention (an illegally modified e-scooter at 50+ km/h appears identical
to one at 25 km/h), and vehicle categories relevant for traffic safety sometimes diverge from
regulatory categories. Several crashes in the Trafikverket in-depth data allow even the software
modified vehicle identification using the technical report from the police who tested the vehicle
on a test platform but was not available across all the crashes. The technical clarification reports
are important because they inform how the case should be classified from a regulatory
standpoint and whether vehicle modification plausibly contributed to the crash sequence and
outcome severity.

6.5 Conclusions

The distinct fatal crash profiles across micromobility modes indicate that a uniform, vehicle-
agnostic regulatory approach represents a missed opportunity for tailored prevention strategies.
A regulatory framework designed to address the challenges of conventional cyclists (multi-
vehicle collision dynamics, older-age vulnerability) will not address the distinct challenges of
e-scooterists (alcohol intoxication, single-rider crashes, weekend and late-night crashes), nor
the intermediate pattern of e-cyclists. Consequently, policymakers should develop mode-
specific regulations and countermeasures informed by evidence of what differentiates each
mode's crash profile.

The high prevalence of alcohol intoxication in e-scooter fatalities not only gives evidence to
support to the introduction legal blood alcohol concentration limits for e-scooter operation but
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also suggest that intelligent systems able to detect and prevent intoxicated riding may also be
highly beneficial to society. Additionally, the pervasive absence of helmet use combined with
high prevalence of fatal head injuries underscores the importance of universal helmet
promotion, possibly extending beyond current mandates limited to riders under age 15. While
helmets cannot prevent all fatalities and must be complemented by system-level safety
improvements, the evidence of preventable head injury burden supports helmet policies and
public education.

A substantial proportion of e-scooter fatalities involved privately owned e-scooters rather than
rental fleet vehicles, indicating a critical regulatory gap. Safety interventions so far have
focused primarily on rental fleets such as geofencing, speed limiters, which address only a
portion of the fatality risk. To be more effective prevention should extend to private e-scooter
users.

6.6 Further reading

The detailed methodological and analytical information on all aspects of WP3 can be found in
the following peer-reviewed publication:

1. Rahul Rajendra Pai, Rikard Fredriksson, Marco Dozza “Three modes, three profiles:
Characterising fatal crashes on e-scooters, e-bikes, and conventional bicycles in
Sweden.” (Accepted for publication on Journal of Safety Research)

7 Dissemination and publications
Scientific outputs

The project outputs include 5 high impact peer-reviewed journal papers (three published, one
accepted and one under review). See Figure 1 for information on how the different papers link
to the overall scope of the project.

1. Rahul Rajendra Pai, Marco Dozza (2025) “Understanding factors influencing e-
scooterist crash risk: A naturalistic study of rental e-scooters in an urban area”, Accident
Analysis & Prevention, 209, 107839.

2. Rahul Rajendra Pai, Marco Dozza (2025) “What influences crash risk and crash
prevalence for e-scootering? Insights from a naturalistic riding study”, Transportation
Research Part F: Psychology and Behaviour, 114, 160-170.

3. Rahul Rajendra Pai, Carol Flannagan, Marco Dozza “Beyond association: Causal risk
factors for e-scooter injury from a naturalistic riding study.” (Under review in Safety
Science)

4. Rahul Rajendra Pai, Rikard Fredriksson, Marco Dozza “Three modes, three profiles:
Characterising fatal crashes on e-scooters, e-bikes, and conventional bicycles in
Sweden.” (Accepted for publication on Journal of Safety Research)

5. Rahul Rajendra Pai, Marco Dozza (2025) “Is E-Cycling Safer than E-Scootering?
Comparing Injury Risk Across Europe when Vehicle-type, Location, Exposure, Usage,
and Ownership are Controlled”, Journal of Safety Research, 94, 469-472.
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Licentiate thesis:

Rahul Rajendra Pai “Is the risk worth the ride? Crash causation analyses of naturalistic e-
scooter data”, Licentiate thesis, Department of Mechanics and Maritime Sciences, Chalmers
University of Technology, Sweden 2025.

Conferences, invited talks, and professional outreach:

1. Rahul Rajendra Pai; Rikard Fredriksson; Marco Dozza “Apples to apples: Quantifying
crash risk for e-scooter & e-bike on equal grounds” 13th International Cycling Safety
Conference, Oslo, Norway 2025.

2. Rahul Rajendra Pai; Christy Pearson “What’s actually safe, and what isn’t? Learnings
from a camera-based behaviour analysis” Annual POLIS Conference 2024, Karlsruhe,
Germany 2024

3. Marco Dozza; Rahul Rajendra Pai; Alexander Rasch; “Naturalistic micromobility data:
opportunities and threats” 8th Annual Meeting of the Cycling Research Board, Zurich,
Switzerland 2024.

4. Rahul Rajendra Pai; Marco Dozza “E-Scooters: Transport or leisure? Findings from
naturalistic data collection” 11th International Cycling Safety Conference, The Hague,
Netherlands 2023.

Media/press and public engagement

SIMT generated substantial media interest, helping translate Trafikverket-funded research into
public value. Results were covered by major international and Swedish outlets including 7he
Washington Post and Swedish national/regional media such as Dagens Industri and
Goteborgs-Posten bringing data driven nuance to a debate about micromobility safety and
regulation. Over 500 news articles/segments have reached 900 million potential readers.
Coverage repeatedly emphasized two key takeaways: that rider behavior and use context are
major drivers of safety outcomes, and that “apples-to-apples” comparisons (controlling for
location and exposure) are essential when judging the relative risk of e-scooters versus
e-bikes—helping move public discussion from headlines toward informed policy.

8 Conclusions

Crashes involving e-scooters are strongly associated with riders not adhering to social norms
in traffic, as well as with specific behaviors that this project discovered to increase crash risk.
Examples include riding with only one hand on the handlebar, using a mobile phone while
riding (regardless of whether phone use directly causes one-handed riding), and riding in
groups. These risky behaviors should be addressed through targeted training initiatives and the
implementation of intelligent technologies that can support safer riding practices.

E-scootering is not inherently more dangerous than e-cycling. When exposure, ownership, and
geographical location are taken into account, e-scooter riding can be safer than e-cycling. This
finding was consistent across several European cities and may reflect the characteristics of the
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vehicles provided by rental services at the time of the study. It is important to note, however,
that these results may not generalize to privately owned e-scooters or e-bikes. Nevertheless, it
is clear that controlling for exposure, location, and ownership is essential for any fair and
meaningful comparison across micromobility modes.

Analyses of Trafikverket’s in-depth crash database reveal a strong association between fatal
outcomes and:

1. vehicle ownership (specifically privately owned e-scooters),
2. helmet use (across all micromobility modes), and
3. alcohol use (across all micromobility, but particularly among e-scooter riders).

The magnitude of these associations is substantial enough that causal relationships are highly
plausible. While helmet use can be promoted through regulations and public campaigns, the
issue of intoxicated riding may also be mitigated through intelligent technologies implemented
both in vehicles and in the surrounding infrastructure.

E-scooters are not unsafe, e-scootering is. The naturalistic data once again demonstrated their
unique value in identifying the root causes of crashes and highlighting the critical role of rider
behavior in traffic safety. These insights underscore that infrastructural or regulatory changes
alone may be insufficient if behavioral factors are not explicitly addressed.
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