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Abstract
Introduction
Shared dockless electric scooters (e-scooters) are a popular shared mobility service providing an accessible last-mile transportation option in urban and campus environments. However, city and campus stakeholders may hesitate to introduce these scooters due to safety concerns. While prior e-scooter safety studies have collected injury data from hospitals or riding data under controlled or naturalistic conditions, these datasets are limited and did not identify risk factors associated with e-scooter riding safety. To address this gap in e-scooter safety research, this study collected the largest naturalistic e-scooter dataset to date and quantified the safety risks associated with behavioral, infrastructure, and environmental factors.
Method
A fleet of 200 e-scooters was deployed on Virginia Tech’s campus in Blacksburg, VA for a 6-month period. Fifty were equipped with a unique onboard data acquisition system, using sensors and video to capture e-scooter trips in their entirety. The resulting dataset consisted of 3,500 hours of data spanning over 8,500 trips. Algorithms were developed to identify safety critical events (SCEs) in the dataset and analyses were conducted to determine the prevalence of various SCE risk factors and associated odds ratios.
Results
Results from this study indicate that infrastructure-related factors, behavior of e-scooter riders and other actors, and environmental factors all contributed to the SCE risk for e-scooter riders in Virginia Tech’s pedestrian-dense campus environment. 
Conclusions
To help mitigate unsafe rider behavior, educational outreach programs should quantify the significant risks associated with infrastructure, behavioral, and environmental risk factors and provide clear recommendations to riders. Improved infrastructure maintenance and design may also improve safety for e-scooter riders.
Practical Applications
The infrastructure, behavioral, and environmental risk factors quantified in this study can be applied by e-scooter service providers, municipalities, and campus administrators to develop mitigation strategies to reduce the safety risks associated with e-scooter deployments in the future.
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Introduction 
Shared dockless electric scooters (e-scooters) are a popular shared mobility service providing last-mile transportation with the potential to replace car trips and increase transportation accessibility in urban environments. The need for last mile transportation is apparent, as 60% of vehicle trips in the U.S. comprise less than 6 miles of travel (Federal Highway Administration, 2017). In 2018, San Francisco, one of the first US cities to deploy an e-scooter fleet, saw 95,000 rides by 32,000 individual users in the first 30 days of deployment (Marshall, 2018). Additionally, by 2019, just 3 years after e-scooter deployments began in the U.S., shared e-scooter use had exceeded the upward growth observed in shared bike and e-bike use, with 86 million trips taken on e-scooters compared to 50 million trips using dockless and station-based bike share systems (National Association of City Transportation Officials, 2019). As of June 2021, e-scooter programs were active in 92 U.S. cities (Bureau of Transportation Statistics, 2021).
With the increased growth of e-scooter services, there has been an associated increase in hospital visits related to e-scooter injury, indicating an urgent need to address safety concerns and evaluate associated risk factors. Most e-scooter safety studies to date have been based on hospital records, and while those studies do capture some statistics about e-scooter crashes, they do not consistently identify or quantify the risks associated with e-scooter riding (Austin Public Health, 2018; Badeau et al., 2019; Bekhit et al., 2020; Bloom et al., 2021; Richter, 2018; Trivedi et al., 2019). A one-year study monitoring UCLA Santa Monica’s emergency room identified 249 visits related to e-scooter injuries compared to 195 injuries for bicyclists and 181 for pedestrians (Trivedi et al., 2019). Furthermore, the rate of e-scooter related injury in Auckland, New Zealand was estimated to be 60 per 100,000 trips while the rate of hospital presentation was 20 per 100,000 trips (Bekhit et al., 2020). Austin Public Health (2018) considered the location of injury in a study using Austin-Travis County Emergency Medical Service incident reports and Emergency Department data from Austin, TX to identify and subsequently interview 125 individuals potentially injured while operating an e-scooter. The results indicated a majority (55%) were injured on the street and one-third (33%) were injured on the sidewalk (Austin Public Health, 2018). Cicchino, Kulie and McCarthy (2021) interviewed 105 adult e-scooter riders who presented to an emergency department in Washington, DC in 2019 and found that crashes that occurred on the road had a higher injury severity than those occurring elsewhere, likely due to higher travel speeds and potential for collisions with motor vehicles. While hospital records provide valuable insight into physical injury details, the information is subject to recall bias and rider behavior and environmental factors are typically not available. 
Some e-scooter safety studies have collected riding data under controlled or naturalistic conditions, but these are very limited and did not identify risk factors associated with e-scooter riding safety. As in our study, Ma et al. (2021) collected kinematic data using an instrumented e-scooter; however, the resulting dataset was collected in a controlled environment limited to three experimental scenarios with only one rider.  Analysis focused on vibration events in relation to surface type and condition, and results demonstrated that the frequency of severe vibration events can vary by riding surface and that close encounters with other objects can occur on both sidewalks and in vehicle lanes (Ma et al., 2021). Todd et al. (2019) utilized stationary cameras in West Los Angeles to observe portions of e-scooter rides passing through the field of view of those cameras. During the 3 months the study was active, 171 trips were observed, none of which included a crash, and results focused on adherence to current regulations such as helmet usage (Todd et al., 2019). 
This study used a naturalistic method where data is passively collected under normal riding conditions. Large-scale naturalistic driving studies (NDSs) are a prominent approach in evaluating vehicle safety and driver behavior with cars (Dingus et al., 2016). The NDS method uses advanced onboard data collection systems to collect continuous and comprehensive driving data that typically includes multiple camera views, three-dimensional accelerometers, GPS sensors, radars, and gyroscopes (Guo, 2019). In addition, large-scale NDSs often include a reasonable number of infrequent safety critical events (SCEs), such as crashes and near crashes, providing crucial information about the moments leading up to a crash in order to identify causal factors.
This is the first large-scale e-scooter study focusing on collecting naturalistic riding data and identifying details about the conditions and behaviors surrounding e-scooter crashes. The resulting analysis directly controls for risk factors associated with e-scooter use to evaluate the prevalence and impact of riding behaviors, environmental factors, and infrastructure factors.
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E-Scooter Operations at Virginia Tech
During 2019–2020, a fleet of 200 shared e-scooters was deployed on the Virginia Tech campus under a partnership between the Virginia Tech Transportation Institute (VTTI), Ford, and Spin. The Virginia Tech campus, located adjacent to the suburban Town of Blacksburg, VA, contains approximately 39 miles of sidewalks, 20 miles of shared-use paths, 15 miles of roadways, and only 2 miles of bike lanes. As with typical e-scooter services, users had to download the associated mobile application and create an account to ride a scooter. During the account creation process, Spin obtains date of birth information from users to verify they are 18 or older. No other user demographic information is collected by Spin, and Spin did not share any of this data with the research team per their privacy policy. After successfully creating an account, users could then select any available scooter, scan the QR code to unlock the scooter for one dollar, and were charged 15 cents per minute until they completed their ride by uploading a picture of the scooter’s parking location in the associated mobile application.
Encouraging a safe e-scooter deployment was of paramount importance to Virginia Tech. As such, University administration, with guidance from this research team, imposed several operational constraints on the deployment, some of which diverged from typical urban e-scooter operations. Shared e-scooter use was restricted to the boundaries of the Virginia Tech campus, and certain areas were off limits due to concerns of high e-scooter coasting speeds (e.g., the Drillfield in the middle of the campus that connects the academic side to the residential side of campus). 
Within the e-scooter operational area, roadway infrastructure also differs from traditional urban operational areas in that only two signalized intersections and two traditional four-way intersections exist, as well as three roundabouts. E-scooter riding was permitted on both roadways and sidewalks, with speeds governed by the operator to 12 mph and with reduced speeds of 4 mph in certain high-pedestrian areas. Despite the speed limitation, e-scooters were able to reach observed speeds of 18 mph when coasting downhill. The operator deployed the e-scooters each day at 7 a.m. and collected them at half an hour past civil twilight, which largely prevented riding after dark. Service was suspended during periods of moderate to heavy inclement weather, and scooters were not deployed on special event days, such as football games, due to the higher levels of pedestrian and vehicular traffic. 
The e-scooter deployment consisted of two phases, as shown in Table 1: Phase 1 occurred between September 1 and November 5, 2019, while Phase 2 occurred between November 6, 2019, and the end of the study period on March 21, 2020. Phase 1 used Segway Ninebot ES4 vehicles with 8” non-pneumatic tires. Phase 2 used Segway Ninebot Max vehicles with 10” pneumatic tires, a different braking system, and a greater weight (42 vs 31 lbs.).
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	Dates
	E-scooter model
	Wheels
	Weight
	Braking system

	Phase 1
	September 1, 2019 – November 5, 2019
	Segway Ninebot ES4
	8” non-pneumatic tires
	31 lbs
	Front electric brake and rear fender brake

	Phase 2
	November 6, 2019 – March 21, 2020
	Segway Ninebot Max
	10” pneumatic tires
	42 lbs
	Front mechanical drum brake and rear regenerative electric brake


Data Acquisition System
With the goal of becoming the first living-laboratory for dockless e-scooters, VTTI led the effort to gather comprehensive research data about the e-scooter deployment. The naturalistic riding data was collected from 50 e-scooters equipped with VTTI’s proprietary onboard data acquisition system (DAS) designed specifically for e-scooters. The DAS, designed to blend in with the scooter as much as possible, was installed between the stock components of the scooters’ standard IoT (internet of things) box on the forward-facing part of the scooter stalk. The DAS collected forward-facing video (see Figure 1), GPS, speed, and three-dimensional accelerometer data and only weighed 30 ounces (approximately 5% of the total scooter weight). To conserve the naturalistic component of this data collection, the researchers decided not to include face cameras in the DAS due to the insurmountable logistics that would be required with consenting individual riders on campus. This, coupled with the fact that the scooters could not be ridden to single-family residences since they were geofenced to campus boundaries, resulted in the study meeting the criteria for exemption from Institutional Review Board (IRB) review. The exclusion of a face camera also precluded the research team from attempting to draw conclusions about the rider’s demographics based on their visual appearance.
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[bookmark: _Ref116386566]Figure 1. Typical forward camera view of the E-Scooter DAS
The data used in this paper were collected from September 2019 to March 2020. Spin saw over 100,000 trips covering over 6,000 miles during this period and the naturalistic data subset encompassed roughly 3,500 hours of data spanning over 8,500 trips. While the resulting data subset only accounts for about 8.5% of the total rides throughout deployment, ridership on DAS-equipped scooters was actually closer to 15% of the total rides. However, some data loss occurred for reasons such as inefficient GPS signal strength between tall campus buildings, data storage and offload issues, and physical damage to the DAS. As the DAS-equipped scooters comprised approximately 25% of the fleet, the lower ridership rate of 15% on the equipped scooters can be attributed to a number of factors, including riders choosing non-equipped scooters and equipped scooters being pulled from the fleet for maintenance and upkeep.
Risk Assessment Methods
Defining and identifying Safety Critical Events 
To assess the relative risk associated with certain e-scooter riding factors, SCEs, including crashes and near crashes, needed to be identified in the collected data. We determined the definition of e-scooter crashes and near crashes by adapting pre-existing definitions applied to other prominent naturalistic studies (Hankey, 2016; Hammond, 2021; Guo et al., 2010). A scooter crash was defined as any contact that the subject scooter had with an object (including curbs), either moving or fixed. This also included any contact between the ground and the scooter (other than tires) or the ground and the rider (other than the rider’s foot). Near crashes were defined as any circumstance that required a rapid evasive maneuver by the subject scooter or any other vehicle, pedestrian, cyclist, or animal to avoid a crash. Near crashes also had to meet the following four criteria: 1) not a crash, 2) not pre-meditated, 3) evasion required by either the subject or another road user, including steering, braking, accelerating, or combination of control inputs that is performed to avoid a potential crash, 4) rapidity required (defined as the swiftness of the response required given the amount of time from the beginning of the subject’s reaction and the potential time of impact). Crash relevant events, which met all the same criteria as near crashes except for a lack of rapidity during the evasive maneuver, were also identified in the dataset but were not considered SCEs because of their lesser severity and lack of precedence to include crash relevant events as surrogates for crashes. 
Potential SCEs were discovered by searching the kinematic data for measurements such as high lateral and longitudinal acceleration via the application of data mining algorithms. Algorithms were developed using the kinematic data collected by the DAS to identify extreme situations where a potential near-crash or crash (as defined in the aforementioned video reduction data dictionary) existed. For example, events where the e-scooter fell over and hit the ground were identified by a combination of kinematic conditions, including a value of “0” in the accelerometer’s vertical (z) axis data. The total number of candidate SCEs that resulted from the data mining algorithms was over 2,000. All of these candidate events were reviewed via detailed video and data reduction by the VTTI Data Reduction Group, and were classified as either invalid or valid SCEs, with the valid events going on to further video reduction. 
We combined crash and near crash segments in our analysis to increase the power of the statistical testing and the precision of prevalence estimations, resulting in a SCE to baseline ratio of 1:10.4, larger than the commonly used 1:4 sampling ratio. The validity of using near crashes as crash surrogates to assess risk factors has been discussed extensively in NDS literature (Guo, 2019; Wu & Jovanis, 2013). A study by Guo et al. (2010) that focused on the validity of combining crashes with near crash surrogates discussed two principles: identical causal mechanism and constant crash-to-near crash ratio. Those principles were analyzed with three different statistical techniques and the authors determined that combining near crash surrogates with crashes results in a more conservative estimation of risk while increasing the precision of that estimation (Guo et al, 2010). 
Data Reduction 
The research team developed a comprehensive data reduction protocol (Robinson et al, 2022)  for the DAS data that included 29 variables (a copy of which is included in the supplemental materials) and was adapted from an established Researcher Dictionary for Safety Critical Event Video Reduction Data (VTTI, 2015). The reduction protocol included some new variables and updated definitions unique to e-scooter riders on the Virginia Tech campus and the riding locations riders encountered outside of traditional roadways. The protocol was updated through an iterative process whereby a small sample of control and SCE video segments were reviewed, and the reduction variables and associated definitions were added and refined. For example, additional variables such as surface transitions and proximate hazards were identified to capture observed riding scenarios. E-scooter subject-matter experts from Ford and Spin as well as members of VTTI’s Data Reduction Group contributed to this process of identifying relevant variables for coding. 
VTTI’s Data Reduction Group used the resulting data reduction protocols to review the collected video and kinematic data and ultimately code all control segments and SCE segments using a rigorous process applied to other evaluations of risk in naturalistic data (Dingus et al., 2016). Under this process, a data reduction expert worked in conjunction with the research team and  trained individual data reductionists on how to use the finalized protocol to code the segments. To control for differences within and between data coders, each segment was initially coded by one data reductionist, followed by a quality control check conducted by a second reductionist who assessed the coded data across each variable and provided a second opinion. Events without consensus were further reviewed by the data reduction expert, who consulted the reductionists and the research team before making a final determination. Additionally, a data cleaning process with over 50 checks that involved crossing variable categories to further confirm the coded data occurred after all data was reduced. For example, events coded with surface type asphalt should also indicate riding locations with asphalt coded such roadway, bike lane, shoulder, etc. The data cleaning outputs were further reviewed by data reductionists, with quality control being conducted exclusively by the data reduction expert. A final review and data cleaning sweep then occurred before the data was delivered to the research team. 
The video data reduction protocol included an evaluation of the precipitating event for SCEs, defined as the state of the environment or action at the beginning of the event sequence that was critical to the e-scooter becoming involved in a crash or near crash. The classification of precipitating events provided insight into their impact on safety. Three categories of precipitating events were defined: the e-scooter conflicts with or loses control under circumstances related to either 1) infrastructure, 2) the presence or actions of other road users, or 3) the behavior of the e-scooter rider themselves. Precipitating events were verified during the quality control process by confirming that other variables related to a given precipitating event were similarly annotated. 
In addition to precipitating events, other variables were defined and reduced for further analysis to gain a more granular evaluation of risk factors that may impact safety. These risk factors included infrastructure-related variables such as riding surface type, transitions between different riding surfaces, and the riding location. Variables for behavioral factors such as other actor behavior, riding behavior, and group riding as well as variables for environmental factors like lighting, surface condition, level of demand, and direction of traffic flow were included (Figure 2). These variables contained several categories and combinations of variables were used for analysis. 
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Calculation of Risk Associated with Specific Risk Factors
We used the case-cohort approach (Dingus et al., 2016; Guo, 2019) to estimate the prevalence and relative risk associated with infrastructure elements, environmental and traffic conditions, and riding behavior. In our case-cohort study design, odds ratios (ORs) were calculated to estimate the prevalence of risk factors identified in the DAS dataset under general riding conditions and to estimate relative risk (i.e., odds of an SCE occurring) associated with a risk factor compared to a common reference level. The reference level selected is typically a common low risk condition (Guo, 2019). The relative frequency of each risk factor occurring in the random sampling of control segments was also used to estimate the prevalence of each risk factor. A total of 1,601 control segments were selected using a stratification design across time of day while sampling proportionally to the miles travelled within each week. Randomly sampled 5-second riding segments were taken from the naturalistic dataset during five equal time periods: early morning, late morning, lunchtime, afternoon, and end of day. Control samples were evenly split between Phase 1 and Phase 2.
For example, to evaluate the risk associated with riding on grass, asphalt/concrete was used as the reference level. The calculation of this OR uses the variables presented in Table 1 and the OR equation below. In this example, the frequency of an SCE occurring while riding on grass (variable “A”) as compared to the frequency of SCEs not occurring on grass (variable “B”) is multiplied by the frequency of control segment occurring while not riding on grass (variable “D”) as compared to the frequency of control segments while riding on grass (variable “C”). The resulting OR (27.94; see Table 2) represents the increased risk (since OR > 1) associated with riding on grass compared to riding on an asphalt/concrete surface. In contrast, an OR smaller than 1 represents lower risk compared to the reference level.

The prevalence of a risk factor (riding on grass, in our example) is the ratio of the frequency of control segments while riding on grass (variable “C”) to the total number of control segments (the sum of variables “C”, “D”, and “F” [total control segments not including those where the risk factor: riding on grass, or the reference level: riding on asphalt/concrete]), using the equation below.

[bookmark: _gjdgxs][bookmark: _Ref79055211]Table 2. Contingency Table for Risk Factors and Safety Outcomes
	
	Sample size with risk factor present
	Sample size in reference level
	Sample size with other factors present
	Total sample size

	SCE
	A
	B
	E
	A+B+E

	Control segments 
	C
	D
	F
	C+D+F

	Total
	A+C
	B+D
	E+F
	A+B+C+D+E+F


Results 
Altogether, 85 crashes and 69 near crashes were identified in the DAS data. The precipitating events for crashes and near crashes are summarized in Table 3, which is organized into three broad categories: infrastructure (67% of SCEs), presence of other road users (19% of SCEs), and rider behavior (14% of SCEs). Loss of control related to infrastructure was the most frequent precipitating factor for both crashes and near crash conflicts, accounting for nearly half of all SCEs. The loss of control related to infrastructure was coded by reductionists when the e-scooter was not in direct conflict with another actor or object, the e-scooter was not travelling at an excessive speed (defined as ≥ 15 mph), the rider was not engaging in trick riding or other behaviors that would influence the conflict, and infrastructure factors were observed and seemingly related to the SCE.  This includes factors such as surface type, surface condition, and in most cases, surface features including transitions from one surface type to another (e.g., concrete to grass). Conflict with a fixed infrastructure element was the second most frequent precipitating factor, accounting for 18% of the SCEs. Typically, this was coded by reductionists when the e-scooter rider impacted the raised edge of a paved surface, curb, or other proximate hazard such as a building or a short stone pillar. When combined, these top two infrastructure-related factors accounted for 65% of all SCEs.
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	Precipitating Factor Category
	Precipitating Factor Details
	Crashes
	Near Crashes
	SCE Total
	SCE Percentage

	Infrastructure
	Loss of control related to infrastructure
	47
	25
	72
	47%

	
	Conflict with fixed infrastructure element
	19
	8
	27
	18%

	
	Conflict with plant
	2
	1
	3
	2%

	
	Subtotal
	68
	34
	102
	67%

	Presence of Other Road Users
	Conflict with pedestrian
	1
	13
	14
	9%

	
	Conflict with another e-scooter
	3
	8
	11
	7%

	
	Conflict with bicycle
	0
	3
	3
	2%

	
	Conflict with parked vehicle
	1
	1
	2
	1%

	
	Subtotal
	5
	25
	30
	19%

	Rider Behavior
	Loss of control related to riding behavior
	10
	6
	16
	10%

	
	Loss of control related to excessive speed
	2
	4
	6
	4%

	
	Subtotal
	12
	10
	22
	14%

	Total
	85
	69
	154
	100%


While no crashes were identified between an e-scooter and a moving vehicle in our dataset, conflicts with other road users, including pedestrians (9%), other e-scooters (7%), bicycles (2%), and parked vehicles (1%) did account for 19% of the SCEs. Abnormal riding behavior, accounting for 10% of all SCEs, was coded by data reductionists when behaviors such as hard braking, trick riding, aggressive riding, or riding at an excessive speed were observed. Excessive speed was a riding behavior observed in only 1% of the SCEs. 
[bookmark: _30j0zll]One notable difference between crashes and near crashes was the considerably higher prevalence of conflicts with other road users (pedestrians, other e-scooters, bicycles, and vehicles) among near crashes (36.2%) compared to crashes (5.9%). This pattern implies that while the presence of other active road users are risky, e-scooter riders and/or other road users are typically able to make successful evasive maneuvers to avoid an actual crash. Conversely, the prevalence of infrastructure-related factors was much higher among crashes (78%) than near crashes (48%), likely related to rider behaviors (e.g., misjudging the magnitude of the infrastructure elements that can successfully be ridden over, not having the skill to successfully navigate around proximate hazards or over non-smooth surface types), infrastructure factors (e.g., presence of uneven or degraded surfaces) and overall e-scooter handling and stability in relation to the infrastructure and behavioral factors.
Assessing Risk Factors 
The prevalence and ORs associated with various risk factors were evaluated in three broad categories—infrastructure, behavioral, and environmental factors—each of which are discussed in the following sections. 
Infrastructure Factors 
As previously stated, infrastructure factors were the most prevalent precipitating factor for SCEs and the overall risk associated with various infrastructure elements was examined in detail. The riding surface was found to be a key factor affecting e-scooter riding safety. The impact of riding surface was evaluated from two aspects: the type of riding surface and transitions between different surface types.
Riding Surface. As shown in Table 4, asphalt/concrete was used as the reference level surface, as both surfaces are smooth and were associated with relatively low risk in the analysis of the control segments. The other surface types were aggregated into three categories based on the characteristics of the surface as well as relative frequency and accounted for 9% of control segments across all three categories. The first surface type category (S1) consisted of solid, but rough, surfaces, including aggregate surfaces, brick, cobblestone, wood planks, or decorative tiles. This category accounted for 6% of control segments and was associated with 2.11 times higher risk (95% confidence intervals [CIs] are included in brackets) compared to the reference level of asphalt/concrete. The second category (S2) consisted of loose surfaces, including gravel, dirt, mulch, or sand. Although loose surfaces only accounted for 1% of control segments, they were associated with 27.64 times higher risk. Similarly, grass surfaces (S3) accounted for only 2% of the control segments but were associated with 27.94 times higher risk. E-scooters are designed to be operated on flat pavement and riding on all other surface types introduces significant risk.
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	Riding Surface Type
	Observations in SCE Segments
	Observations in Control Segments
	Prevalence
	Odds Ratio and 95% CI 

	
	Risk Factor
	Ref. Level
	Risk Factor
	Ref. level
	SCEs
	Controls
	

	S0 (reference)
	-
	77
	-
	1463
	50%
	91%
	-

	S1 vs. S0
	10
	77
	90
	1463
	6%
	6%
	2.11 [1.06, 4.22]

	S2 vs. S0
	16
	77
	11
	1463
	10%
	1%
	27.64 [12.40, 61.58]

	S3 vs. S0
	50
	77
	34
	1463
	32%
	2%
	27.94 [17.08, 45.71]

	S0: Asphalt or concrete; S1: Aggregate/brick/cobblestone/wood planks/decorative tile; S2 Loose gravel/dirt/mulch/sand; S3: Grass. 


[bookmark: _3znysh7]Surface Transitions. The risk associated with transitioning from one type of surface to another was also evaluated and results are shown in Table 5. The absence of a surface transition was used as the reference level. Overall, any exposure to a transition between surface types was associated with a significant increase in SCE risk. The most common transition (38% of control segments) occurred to or from an uneven/degraded surface, which was coded when the rider was on concrete or asphalt, and included potholes, surface degradation, cracked pavement, and shifted pavement. Transitioning to/from an uneven or degraded surface was associated with 2.06 times higher risk compared to no transition. Transitioning between pavement and grass surfaces was associated with 38.01 times higher risk, while transitioning between gravel/dirt and grass surfaces was associated with 58.6 times higher risk. Even normal transitions between sidewalks to/from roadways through curb cutouts were associated with 2.54 times higher risk, which can likely be attributed to the change in grade at the transition. Attempting to transition to/from sidewalks by traversing over curbs increased SCE risk 19.53 times. 
While e-scooters are designed to safely handle relatively small transitions and uneven surfaces, e-scooter manufacturer manuals recommend keeping speeds between 3–6 mph when riding over such surfaces (Ninebot & Segway, 2021). This study did not control for speed specifically in the odds ratio and this study’s e-scooter riders did not attempt the riskier transitions very frequently (grass = 5%, curbs = 1%). It is worth noting that riding over those transitions presents a significant risk and should be avoided altogether, or when unavoidable, those transitions should be traversed at extremely low speeds or walked over.
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	Riding Surface Transition
	Observations in SCE Segments
	Observations in Control Segments
	Prevalence
	Odds Ratio and 95% CI

	
	Risk Factor
	Ref. level
	Risk Factor
	Ref. level
	SCEs
	Controls
	

	No transition (reference)
	-
	41
	-
	901
	27%
	56%
	-

	Gravel/dirt to/from grass
	16
	41
	6
	901
	28%
	1%
	58.6 [21.79,157.57]

	Pavement to/from grass
	64
	41
	37
	901
	61%
	4%
	38.01 [22.79,63.41]

	Sidewalk to/from curb
	8
	41
	9
	901
	16%
	1%
	19.53 [7.17,53.23]

	Sidewalk to/from road cutout
	22
	41
	190
	901
	35%
	17%
	2.54 [1.48,4.37]

	Uneven/degraded surface
	51
	41
	543
	901
	55%
	38%
	2.06 [1.35,3.16]


[bookmark: _2et92p0]Riding Location. The small footprint and versatile nature of e-scooters allows riders to traverse various riding locations. We examined the safety performance of e-scooters on different types of riding locations as shown in Table 6. The shared-used path served as the reference level in this analysis. Riding in a location without a designated path (i.e., off-road) can increase the SCE risk by 24 times, which is to be expected when considering the riding surface results presented earlier. In contrast, riding on sidewalks, crosswalks, roadways, and bike lanes was associated with significantly lower SCE risk compared to riding on a shared-use path, supporting the manufacturer’s recommendation to ride e-scooters on flat pavement (Ninebot & Segway, 2021). Riding on an ADA access ramp was associated with 3.26 times higher risk, likely due to the winding nature of the ramps that exist on the Virginia Tech campus.
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	Riding Location
	Observations in Safety Critical Event Segments
	Observations in Control Segments
	Prevalence
	Odds Ratio and 95% CI

	
	Risk Factor
	Ref. level
	Risk Factor
	Ref. level
	SCEs
	Controls
	

	Shared-Use path 
(Reference)
	-
	95
	-
	756
	62%
	47%
	-

	No designated path (off-road)
	65
	47*
	42
	731
	42%
	3%
	24.07[14.78,39.19]

	ADA access ramp
	7
	88
	18
	738
	5%
	1%
	3.26[1.33,8.03]

	Road shoulder
	4
	95
	13
	756
	3%
	1%
	2.45[0.78,7.66]

	Parking lot
	28
	88
	153
	731
	18%
	10%
	1.52[0.96,2.41]

	Sidewalk
	41
	82
	513
	696
	27%
	32%
	0.68[0.46,1]

	Crosswalk
	15
	92
	197
	705
	10%
	12%
	0.58[0.33,1.03]

	Roadway
	26
	90
	349
	689
	17%
	22%
	0.57[0.36,0.9]

	Bike lane
	3
	95
	103
	753
	2%
	6%
	0.23[0.07,0.74]


Additional infrastructure factors were examined, including traversing through various types of intersections, presence of proximate hazards such as utility poles and sidewalk furniture, and path width, but these variables did not have a significant result on inherent risk. 
Behavioral Factors
As expected, the behaviors of e-scooter riders and surrounding trafficway actors had an impact on riding safety. E-scooter riders responded to the behavior of other active trafficway users, such as pedestrians, vehicle drivers, bicyclists, or other e-scooter riders in only 2% of control segments (Table 7). In those cases, the other active trafficway users were acting irregularly (either behaving aggressively, moving unexpectedly, or were possibly distracted) and such behaviors were found to increase risk to e-scooter riders by 13.2 times. 
[bookmark: _Ref116387204]Table 7. Prevalence and Relative Risk of Behavioral Risk Factors
	Behavioral Factors
	Observations in Safety Critical Event Segments
	Observations in Control Segments
	Prevalence
	Odds Ratio and 95% CI

	
	Risk Factor
	Ref. level
	Risk Factor
	Ref. Level
	SCEs
	Controls
	

	Other actor behavior: Irregular vs. Normal
	31
	123
	30
	1571
	20%
	2%
	13.20 [7.73, 22.52]

	Riding behavior: Aggressive vs. Normal 
	74
	67
	149
	1374
	48%
	9%
	9.72[6.78,13.93]

	Riding behavior: Risky vs. Normal 
	87
	67
	227
	1374
	56%
	14%
	7.86 [5.55, 11.13]

	Grouping: Group riding vs. Riding alone
	29
	125
	142
	1459
	19%
	9%
	2.38 [1.54, 3.70]


Aggressive riding behavior was defined as risky weaving or speeding, creating an unsafe proximity to other road users, or operating the e-scooter at a speed unsafe for the conditions. Aggressive riding behavior was found to be present in 9% of control segments and to lead to a 9.72 increase in risk. Overall, e-scooter riders displayed riskier behaviors (defined as trick riding, aggressive riding, or riding at an excessive speed) 14% of the time and these behaviors were associated with a 7.86 times increased SCE risk compared to normal riding behavior. Group riding referred to the subject rider appearing to ride with one or more other person, including other e-scooters, pedestrians, bicyclists, or skateboards. Group riding accounted for 9% of control segments and was associated with 2.38 times higher risk compared to riding alone, possibly due to higher levels of distraction or a potential increase in unexpected movements when riding along with others. 
Environmental Factors
[bookmark: _tyjcwt]While less significant than infrastructure and behavioral factors, environmental factors also had an impact on e-scooter riding safety. The results shown in Table 8 indicate that riding outside of daylight conditions was associated with 5.52 times higher risk compared to riding during full daylight, suggesting that visibility plays a crucial role in e-scooter safety. While the e-scooter service at Virginia Tech was limited to the hours from 7 a.m. to civil twilight (which ranged from 5–7 p.m. during the study), low-light conditions early in the morning or in the evening or during inclement weather were observed (1% of baseline prevalence) and could have impacted safety. 
[bookmark: _Ref116387249][bookmark: _Ref79059337]Table 8.  Prevalence and Relative Risk of Environmental Risk Factors
	Environmental Factors
	Observations in SCE Segments
	Observations in Control Segments
	Prevalence
	Odds Ratio and 95% CI

	
	Risk Factor
	Ref. level
	Risk Factor
	Ref. Level
	SCEs
	Controls
	

	Lighting: Non-daylight vs. Daylight
	11
	143
	22
	1579
	7%
	1%
	5.52 [2.62, 11.61]

	Direction of traffic flow: NA vs. In traffic flow
	120
	34
	1077
	524
	78%
	67%
	1.72 [1.16, 2.55]

	Surface condition: Dry vs. Others
	115
	39
	1059
	542
	75%
	66%
	1.51 [1.03, 2.20]

	Level of demand: Others vs. LOD A
	74
	80
	795
	806
	48%
	50%
	0.94 [0.67, 1.31]


The direction, or flow, of the traffic surrounding the e-scooter riders was also coded. During most control segments (67%), riders were not riding in an area with an expected flow, meaning there was either a commingled traffic flow, such as on a sidewalk with pedestrians travelling in both directions, or no flow existed due to a lack of other users. Riding in areas without a directional traffic flow was associated with 1.72 times the risk compared to riding in traffic flow. 
Dry surface conditions were compared with other types of surface conditions, including wet surfaces and the presence of snow/ice, standing water, or loose material/debris. Surprisingly, dry surface conditions were associated with a 51% increase in SCE risk (OR = 1.5). We hypothesize that e-scooter users rode more cautiously and/or avoided loose materials under non-dry conditions, thus leading to the lower SCE risk. 
[bookmark: _3dy6vkm]The level of demand (LOD) variable was used to measure the level of traffic surrounding e-scooter riders, which included all other trafficway users (i.e., pedestrians, e-scooter riders, bicyclists, vehicles). The various levels of demand are defined in Table 9. LOD A accounted for 50% of all riding conditions. However, there was no statistically significant difference between the risk associated with LOD A and other levels. 
[bookmark: _Ref79059896]Table 9. Level of Demand Definitions
	LOD
	Level of Demand Definition

	LOD A
	No other users or very distant users. Subject rider is likely unaffected by surrounding actors

	LOD B
	One or two other user(s) nearby. Subject rider is required to moderate speed and or steering maneuvers to navigate as a result of other users being present.

	LOD C
	Moderate number of other users. Subject rider must maintain close speed and steering control and heightened awareness of numerous users.

	LOD D
	Many other users in close proximity. Traffic demand likely exceeds the amount of actors that can be serviced efficiently. Similar to “stop-and-go” conditions found in other types of traffic ways.


[bookmark: _1t3h5sf]Discussion
As the results of this study show, infrastructure is a major risk factor for e-scooter riders. Perhaps the most pronounced evidence is that transitioning between different surface types can increase SCE risk by up to 60 times (gravel/dirt to grass OR = 58.62). Even common transitions between sidewalks to/from roadways through curb cutouts can still double SCE risk (OR = 2.54). Riding on rough and/or soft surfaces was observed in only 9% of the control segments, but was found to at least double the risk, which can be up to 27 times higher when riding on grass. 
There are many ways to mitigate the risks associated with infrastructure. Unlike passenger vehicles that operate on strictly defined road infrastructure, dedicated e-scooter facilities do not currently exist, and most of the surrounding infrastructure design and traffic management systems have yet to fully consider e-scooter traffic. Consequently, e-scooters operate on all types of facilities and in all types of locations. Educational outreach coupled with improved traffic management and signage that provides clear recommendations of where to ride e-scooters and informs e-scooter riders of the risks associated with riding on or transitioning between surfaces other than flat pavement may mitigate the risk. Further, considering that users were observed to transition over uneven or degraded surfaces in over a third of the control segments, doubling their SCE risk, proper infrastructure maintenance, while costly, has a significant role in the safety of e-scooter riders. Infrastructure design conducive to e-scooter safety, such as a system of paved paths or increased bike lanes, may also reduce the frequency of users riding on or transitioning between non-paved surfaces, thus reducing the prevalence of SCEs. Lastly, e-scooter manufacturers and providers should explore design changes, such as the inclusion of all-terrain tires and suspension systems to improve overall e-scooter handling and safety.
Riding behavior also has a substantial impact on safety. For example, aggressive riding can increase SCE risk by 10 times (OR = 9.72) and riding in groups is twice as dangerous as riding alone. In general, abnormal riding behavior accounted for 14% of baselines and increased SCE risk by eightfold (OR = 7.86). As the NDS data was collected from the beginning of the e-scooter deployment on the Virginia Tech campus, most of the riders were novices with limited riding experience at the beginning of deployment, which could have contributed to some of the abnormal riding behavior. However, the prevalence of abnormal riding behavior remained level across the phases of the deployment. These results suggest that it is crucial to influence e-scooter riders’ behavior as well as the behavior all other trafficway users through safety campaigns, educational outreach, and proper training and orientation programs. An alternative method for deterring dangerous riding behaviors is to improve enforcement of e-scooter policies and laws, likely through a combination of law enforcement and integrated safety features implemented by the e-scooter operator, such as algorithms that detect risky behaviors and provide notifications and/or place restrictions on user accounts with repeated offenses, as well as active management measures such as the Spin Insight Level 2 sidewalk riding detection system, a camera-based computer learning technology which Spin began piloting in some e-scooter fleets subsequent to the data collection period in this study. E-scooter operators can also curtail aggressive riding and reduce the potential for high-severity injuries by limiting the speed of the e-scooters, as was done with the Virginia Tech deployment. 
While our results did not include any conflicts with moving vehicles, another study using e-scooter related hospital records noted that 8.8% of conflicts were with a vehicle (Trivedi et al., 2019). Motor vehicle-involved e-scooter crashes tend to be the most severe, with 80% of fatal e-scooter crashes worldwide involving a conflict with a motor vehicle (Shah et al., 2021). The lower rate of conflicts with other road users in our study may be attributed to the policies put in place by Virginia Tech (e.g., allowing e-scooters on sidewalks, unlike many deployments in urban areas) as well as the campus environment itself, which exposes e-scooter riders to less vehicle traffic than a typical urban environment where e-scooters are deployed. 
Despite strict limits on operating hours (7 a.m. to civil twilight) during the Virginia Tech deployment, low visibility conditions still presented in about 1% of control segments and were associated with five times higher risk (OR = 5.52). Better lighting on e-scooters, traffic routes with improved lighting and weather-dependent management strategies may help mitigate such risk. 
Conclusions
Shared e-scooter services provide an efficient and environmentally friendly mode of first and last-mile transportation. However, based on hospital records, some early deployments have resulted in concerning instances of e-scooter-related injuries. It is imperative to understand the primary causes of e-scooter accidents to provide service providers and municipalities guidance to reduce safety-related incidents during large-scale deployments in the future. 
The data collection and analysis methods pioneered in this study resulted in the collection and annotation of a first-of-its-kind comprehensive e-scooter dataset using a unique onboard DAS with multiple kinematic sensors. Results from this study indicate that infrastructure-related factors, behavior of e-scooter riders and other actors, and environmental factors all contributed to the SCE risk for e-scooter riders in Virginia Tech’s pedestrian-dense campus environment. 
As a novel and emerging travel mode, shared e-scooter service brings challenges in traffic safety research and management. This study identified and quantitatively assessed key risk factors. To help mitigate unsafe rider behavior, proper safety education and training is crucial. Educational outreach programs should quantify the significant risks associated with riding on and transitioning between unrecommended riding surfaces (i.e., loose surfaces and grass) and encourage riders to select safer riding surfaces. However, not all infrastructure-related risk factors can be addressed with educational outreach. For instance, encountering degraded riding surfaces may not always be avoidable, suggesting that proper infrastructure maintenance may also improve safety for e-scooter riders. While some infrastructure maintenance and design may seem cost-prohibitive, municipalities and college campuses that choose to adopt formal e-scooter programs should evaluate the costs and benefits of providing sufficient infrastructure to support safe e-scooter deployment to capitalize on the benefits associated with fewer car trips, such as increased car parking availability and reduction in carbon dioxide and other emissions. 
Practical Applications
With the increased growth of e-scooter services, it is imperative to understand the primary causes of e-scooter crashes to provide service providers, municipalities, and campus administrators guidance to reduce safety-related incidents during large-scale deployments in the future. The results quantify risk factors associated with riding e-scooters and can inform educational outreach and training to encourage safer riding behaviors. Municipalities and college campuses that choose to adopt formal e-scooter programs should also consider enforcing operational constraints on the e-scooter service, such as reduced e-scooter speeds and limiting operations to occurring during ideal environmental conditions as was done during the Virginia Tech deployment. 
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