Understand usage patterns of e-scooter sharing and policy implications

Center for Transportation, Environment, and Community Health
Final Report

Yujie Guo

March 31, 2020



DISCLAIMER

The contents of this report reflect the views of the authors, who are responsible for the facts and
the accuracy of the information presented herein. This document is disseminated in the interest
of information exchange. The report is funded, partially or entirely, by a grant from the U.S.
Department of Transportation’s University Transportation Centers Program. However, the U.S.
Government assumes no liability for the contents or use thereof.



TECHNICAL REPORT STANDARD TITLE
PAGE

1. Report No. 2.Government Accession No.

3. Recipient’s Catalog No.

4. Title and Subtitle
Understand usage patterns of e-scooter sharing and policy
implications

5. Report Date
March 31, 2021

6. Performing Organization Code

7. Author(s)
Yu Zhang ( 0000-0003-1202-626X)
Yujie Guo ( 0000-0003-3820-6840 )

8. Performing Organization Report No.

9. Performing Organization Name and Address
School of Civil and Environmental Engineering
University of South Florida

10. Work Unit No.

11. Contract or Grant No.

Tampa, FL 33620 69A3551747119
12. Sponsoring Agency Name and Address 13. Type of Report and Period Covered
U.S. Department of Transportation Final Report

1200 New Jersey Avenue, SE
Washington, DC 20590

4/1/2020 — 3/31/2021

14. Sponsoring Agency Code
US-DOT

15. Supplementary Notes

16. Abstract

Shared e-scooter is a fairly new transportation mode that emerged in late 2017. Since then, it has
gained popularity around the world; however, it also has spiraled into disarray in many cities due to the
lack of e scooter regulations and improper parking and riding behaviors. Limited understanding of
shared e-scooters restrains policymakers from developing more effective regulations and promoting
this sustainable transportation mode. This study takes a step towards understanding e-scooter user
behaviors by investigating factors that influence e-scooter sharing usage and auto mode substitution.

Survey data were collected from shared e-scooter users, and random parameter models were applied
to explore the factors influencing e-scooter sharing usage and mode substitution. Factors considered in
models include sociodemographic information, user behaviors, trip purposes, and health indicators.
Model results identify several factors that significantly influence shared e-scooter usage, factors include
user gender, helmet use, exposure to shared e-scooters, ownership of an e-scooter, where they ride,
opinions on speed limits, and trip purposes. The findings for auto substitution suggest that shared e-
scooters are potentially competing with TNC/taxi, lower costs and social/entertainment trip purposes
are the contribution factors. We also find that user household with multiple vehicles contributes to
private vehicle substitution. Research outcomes suggest shared e-scooters could play a significant role
in urban transportation sustainability. The insights toward better practices of e-scooter regulations and
planning are discussed at the end of paper to help cities improve the performance of shared e-scooter
programs and make it a more sustainable transportation mode.

17. Key Words 18. Distribution Statement
Shared e-scooters; User behaviors; Mode Public Access; Journal proceedings
substitution; E-scooter sharing usage

19. Security Classif (of this report) 20. Security Classif. (of this page) 21. No of Pages 22. Price

Unclassified Unclassified

Form DOT F 1700.7 (8-69)




1. Introduction

Micromobility has gained much attention in past years, from station-based bike sharing to dockless bike
sharing and, recently, shared e-scooters (unless specified, “e-scooter” in this research refers to “kicked e-
scooter”). These transportation modes provide users with a convenient option for short-distance travel.
Similar to dockless bike sharing, shared e-scooters can be picked up wherever available and returned to
any locations within the service area. Because of its convenience, fun riding experience, and flexibility, e-
scooter sharing has reenergized the micromobility trend pioneered by Lime and Bird in the United States.
Since its debut in late 2017 in Santa Monica, California, shared e-scooters have been adopted quickly
compared with other shared mobility modes (e.g. bike sharing, car sharing) (Populus, 2018); by the end of
2018, the number of e-scooter sharing trips exceeded station-based bike sharing trips (NACTO, 2019),
making it the most popular shared micromobility mode in the U.S.
Many cities have embraced shared e-scooters; as the National Household Travel Survey (NHTS)
suggests, 45.6% of vehicle trips in the U.S. are less than 3 miles, making those journeys open to
alternative micromobility modes (NHTS, 2019). Indeed, many published e-scooter sharing evaluation
reports suggest that shared e-scooter has promise for replacing vehicle trips (City of Santa Monica, 2019;
Mobility Lab, 2019) and are addressing first/last mile problems (City of Chicago,2020). However, e-
scooter sharing is a new mode to the general public, and cities do not have regulations for this new mode.
The boom of shared e-scooters has caused considerable complaints from the public regarding aggressive
rider behaviors, safety concerns, abuse of street space, etc. Gossling (2020) surveyed 173 news items
across the U.S., Europe, New Zealand, and Australia and found that shared e-scooter-related problems are
different among cities. Irresponsible riding, safety/injuries, and cluttering of e-scooters are the top
negative discussion points in many cities. To address these issues, Gossling (2020) suggests that urban
planners need to introduce policies regarding speed limit, dedicated parking, etc.
Given the popularity of e-scooter sharing demand and related issues, there is a need to understand user
behaviors of shared e-scooters. U.S. cities such as Chicago (IL), Portland (OR), and Arlington (VA) have
implemented pilot programs, and survey responses and operational data have been collected to
characterize user profiles and travel behaviors (motivations, mode substitution, etc.). Table 1 summarizes
some key findings from these pilot program reports. Outside the U.S., Bielinski and Wazna (2020)
conducted a survey of shared micromobility users in Poland, and results suggest that shared e-scooter
users tend to be younger than e-bike users and that shared e-scooters are mainly used for leisure trip
purposes, whereas e-bikes are popular for commuting. Similar findings on travel purposes also were
found in Washington, D.C. with regards to shared bikes and e-scooters (McKenzie, 2019).
Table 1: User characteristics and behaviors of riding shared e-scooters

Metrics Findings from Different Cities
User sociodemographics Majority of users are male, white, have higher income and higher
education degree (Mobility Lab, 2019; PBOT, 2018)
Average trip duration/length 12 min/1.5 mi (City of Chicago, 2020); 1.15 mi in Portland (PBOT,
2018)
Trip purpose (top 3) Social/entertainment, connect to/from bus, connect to/from Metrorail
(Mobility Lab, 2019); for fun, to/from work, social/entertainment
(PBOT, 2018)
Motivations factors (top 3) Get around faster, convenient, fun to ride (Mobility Lab, 2019);
looked fun/curiosity, get around faster/easier, save money (PBOT,
2018)
In addition to analyzing survey data, McKenzie (2019) and Zhu et al.,(2020) explored the spatial-
temporal travel patterns of shared e-scooters, and comparisons were made with bike sharing. To further
understand shared e-scooters, Bai and Jiao (2020), Caspi et al. (2020), and Jiao and Bai (2020) built
econometric models to explore how environmental, land use and demographic factors contribute to e-
scooter usage based on shared e-scooter trip data. These studies identify several influential factors that
include population density, student population, residents with higher education, employment rates,




presence of transit stations, street connectivity, mixed land use, etc. To provide a better riding
environment for shared e-scooters, Feng et al. (2020) and Zou et al. (2020) estimated trip trajectories of e-
scooter routes and identified street segments with most e-scooter trips; several unsafe spots were
identified, and suggestions were made to the city with regard to bike lane planning.

Previous studies have depicted user profiles and explored user travel behaviors/patterns of shared e-
scooters. However, there is a lack of studies that explore how user characteristics and travel behaviors
affect the usage of shared e-scooters. To better promote its sustainability, there is also a need to
understand what factors encourage users to substitute vehicles with shared e-scooters. A better
understanding of such topics will allow policymakers to better promote and regulate shared e-scooters.
Similar studies have been explored by bike sharing (Guo et al., 2017; Barbour et al., 2019) and moped
scooter sharing (Aguilera-Garcia et al., 2020). To fill this research gap, this study applied econometric
models to investigate the factors that influence the usage and auto mode substitution of shared e-scooters.
Specifically, a survey questionnaire was developed that incorporated detailed questions about e-scooter
user sociodemographic information, riding experiences and behaviors, accident experiences, and mode
substitutions. The survey was disseminated to the public five months after an e-scooter sharing program
was launched in Tampa, Florida. The collected survey data were used for econometric modeling, and
modeling results provide insights into better understanding of user behaviors.

The contributions of this study are the following:

e Previous studies that explore factors that influence shared e-scooter usage rely on
ridership data. This study took another approach, based on user characteristics, and
provides another angle of understanding shared e-scooters usage.

e Shared e-scooters are promising for reducing auto use. Little is known about the
underlying factors that motivate auto substitution. This study provides insights into
understanding factors that lead to auto substitution.

e Findings from models and surveys shed light on the understanding of user behaviors of
riding shared e-scooters. The outcomes are compared with other shared micromobility
modes.

The rest of this paper is organized as follows. Section 2 summarizes the literature that explores
micromobility usage and auto mode substitution. Section 3 describes the methodological framework of
this study that includes study area, survey design, and model specifications. Section 4 presents and
discusses modeling results. Finally, Section 5 concludes the paper, discusses limitations and future study
directions, and offers policy implications.

2. Literature review

This section reviews the literature related to factors that influence usage and auto mode substitution of
shared micromobility. As e-scooter sharing is a relatively new transportation mode, research is still
limited compared with bike sharing; therefore relevant bike sharing and moped scooter sharing literature
is summarized to enrich the discussion.

2.1 Influential factors on shared micromobility usage

Previous studies that capture the determinants of affecting e-scooter sharing usage are based on trip data.
For details of these studies, refer to Bai and Jiao (2020), Caspi et al. (2020), and Jiao and Bai (2020).
These studies explored how the built environment, land use, and socio-demographics in an area affect the
use of shared e-scooters. These studies were undertaken at an aggregate level and do not provide much
information about underlying factors of shared e-scooter users that contribute to shared e-scooter usage.
Studies on other shared micromobility modes have provided considerable insights into the relationship
between individual characteristics and shared micromobility usage; examples of individual characteristics



include socioeconomic characteristics, travel behavior and history, personal attitude, and health
indicators.

Socioeconomic characteristics are closely related with shared micromobility usage. From a gender
perspective, 67—78% of bike sharing trips are made by men in countries such as the U.S., the UK, and
Australia, where biking is not the primary mode of transportation (Pucher et al., 2011). Males also tend to
ride shared bikes more frequently (Guo et al., 2017; Barbour et al., 2019). In terms of age, users of shared
e-scooters tend to be younger in Portland (PBOT, 2018) and Arlington (Mobility Lab, 2019), and studies
suggest younger users are more likely to use moped scooters frequently (Aguilera-Garcia et al., 2020).
Regarding ethnicity, studies found that Caucasians are generally overrepresented in bike sharing
programs (Buck et al., 2013; Fishman, 2016), and Caucasians also ride shared bikes more frequently
compared with other ethnicities (Barbour et al., 2019). Regarding income, users of bike sharing are
mostly wealthier populations (Fishman et al., 2015), and higher-income users ride shared bikes more
frequently (Barbour et al., 2019).

With regard to travel behaviors and travel history, vehicle ownership or use of private vehicles are related
to micromobility usage. User households with three or more vehicles tend to ride bike share less
frequently, similar to low parking time (Barbour et al., 2019). Users who never use private vehicles are
more likely to use moped scooters (Aguilera-Garcia et al., 2020). Use of other modes also have influence
on shared micromobility usage; individuals who are frequent bike sharing users are significantly more
likely to use moped scooter sharing, and individuals who never travel on foot are significantly less likely
to ride moped scooters (Aguilera-Garcia et al., 2020). Travel time is also an influential factor; users with a
short trip (<30 min) or a daily travel time greater than 90 minutes were more likely to be frequent bike
sharing users ) (Guo et al., 2017). Trip purpose is another indicator that influences shared micromobility
usage; users who frequently ride shared moped scooters for commuting purposes are more likely to be
frequent users (Aguilera-Garcia et al., 2020); lack of commuting, however, lessens the likelihood of being
a frequent bike sharing user (Barbour et al., 2019). Helmet use is also related with the use of shared
micromobility. Helmet use among shared bike users are significantly lower than private bike users
(Kraemer et al.,2012; Zanotto and Winters,2017) and a lack of access to helmets are critical barriers to
bike sharing programs in countries in which wearing helmets are mandatory(Fishman et al.,2012).
Personal attitude also significantly influences use of shared micromobility. Users with positive attitudes
(e.g., familiarity, satisfaction, green travel) towards bike sharing use ride shared bikes more frequently,
whereas negative attitudes (e.g., wastes travel time) present the opposite effects (Guo et al., 2017).
Eccarius and Lu (2020) explored the usage intention of university students. Lack of perceived
compatibilities with personal mobility needs, lifestyle, and personal values contribute to low intention of
using shared e-scooters, and awareness/knowledge of a shared system and environmental values
indirectly influence usage intention.

Active transportation and public health are closely linked. For example, riding shared bikes increases the
physical activities of users and brings health benefits (Otero et al., 2018). The health indicator is also
found to be related to the frequency of bike sharing usage. Barbour et al. (2019) found that users who are
overweight are more likely to ride shared bikes frequently, suggesting the potential of bike sharing for
improving public health.

2.2 Influential factors on auto mode substitution

Shared e-scooters can travel up to 15 mph, which makes them competitive with other transportation
modes. It disproportionately replaces walking and bicycling for all trip types(Sanders et al.,2020). Survey
results from different cities also show that shared e-scooters have great promise for replacing auto trips
(private vehicle driving, TNC/taxi); for example, 48.6% of shared e-scooter trips could have been
completed by vehicles if shared e-scooters were unavailable in Portland (PBOT, 2018); this value is
42.6% in Chicago (City of Chicago, 2020). Reduced auto use is not only good for alleviating traffic
congestion and mitigating air pollutant emissions but also leads to increased physical activities. However,
it is still unclear what factors encourage such mode substitution. For bike sharing, a few studies have
explored this topic. Auto substitution ratios for bike sharing vary across areas, from 20% in Melbourne,



Brisbane, and Minnesota to 7% in Washington, D.C. and 2% in London. Considering vehicles miles
traveled for bike sharing rebalancing, Melbourne, Brisbane, Minnesota, and Washington, D.C. show
reduced vehicle mileage travel, whereas London shows more vehicle mileage travel mainly due to a low
car mode substitution ratio (Fishman et al., 2014).

In terms of factors that motivate users to substitute driving with bike sharing, Yang et al., (2016)
conducted a survey in Nanjing to investigate factors motivating people to replace driving with metro
(with bike share as feeder mode). Several factors identified include long drive, inconvenience of parking,
traffic congestion, and high commuting expenses. Ma et al. (2019) conducted a survey about the
willingness to shift from driving to bike sharing from a psychological perspective and found that
perceived health benefits, ease of use, and usefulness have positive effects on people’s attitudes on
dockless bike sharing, and positive attitudes can be converted to higher willingness of mode shift from
driving to dockless bike sharing. From a sociodemographic perspective, Barbour et al., (2019) found that
users under age 30 are more likely to substitute bike sharing for driving, and respondents with high
annual household income (more than $200,000) present the opposite results. Also, they found that
respondents who commute by driving alone, who are obese (BMI above 30) are also more likely to
substitute bike share for driving.

The literature review provides an overview of factors that affect shared micromobility usage and auto
substitution from a person perspective. As the literature review shows, a rich array of influential factors
has been discovered for shared micromobility usage. Influential variables for auto substitution are less
discussed. These variables can potentially also influence shared e-scooter usage and mode substation and
provides insightful information for survey design, model specification, and results comparison.

3. Methodological framework

To investigate the factors that influence e-scooter sharing usage and auto substitution, a survey was
designed and disseminated to the public that incorporated questions about user riding behaviors,
experiences, and sociodemographic information. The survey data were used to estimate econometric
models, and model results were interpreted to help better understand user behaviors. This section
describes the study area, survey design, and model specifications.

3.1 Study area and e-scooter sharing program

Tampa is the economic hub of west central Florida and is the third most populous city in the state. Its
economy is founded on a diverse base that includes tourism, health care, finance, insurance, higher
education, and technology, among others. According to DATA USA, in 2018 Tampa had a population of
393,000, ranking it the 49th most populous city in the U.S. Travel in Tampa heavily relies on private
vehicles—76.1% of workers drive alone for daily commuting, 9.97% choose carpool, and only 2.47% use
public transit. Private vehicle dependence causes significant traffic congestion. According to TOMTOM
(2019), Tampa ranked as the 2nd most congested city in Florida and 25th nationally in 2018.

An e-scooter sharing program was introduced in Downtown Tampa in May 2019, with four vendors—
Bird, Jump, Lime, and Spin. Each vendor could distribute up to 450 e-scooters on the street. The
objective of the program was to introduce a new, low-cost transportation method to enhance the mobility
and address first/last mile needs in the Downtown area. To better understand the performance of the
program, the City of Tampa partnered with the University of South Florida to conduct a comprehensive
evaluation of the program. As part of the evaluation process, a survey was disseminated to the public five
months after the program was launched to collect public opinion. The study team also collected shared e-
scooter operational data and accident data. Evaluation results suggest that the program has made
Downtown areas better connected and has positive impacts on the local economy, especially
entertainment and restaurants. However, a low shared e-scooter supply and use are observed in areas with
higher poverty ratios. The City also received complaints from the public regarding to parking issues,
high-speed sidewalk riding, usage violations in “no ride” zones, and violation of traffic rules. A majority



of the public still hope shared e-scooters can be continued in the city, but adjustments are expected to
address the complainant issues.

3.2 Survey design and data collection

The e-scooter sharing survey was disseminated to the public, including users and non-users. Design of
survey questions was based on extensive review of survey questionnaires from other cities and shared
micromobility literature. The survey asked non-users about sociodemographic information, e-scooter
collision experiences (type of collision, cause, level of injury, etc.), safety perceptions, and opinions on
the program. Safety perceptions asked for opinions on speed limits and right-of-way of e-scooters. Users
were asked additional questions related to their riding behaviors and experiences and mode substitution.
For riding behaviors, users were asked about the frequency of riding shared e-scooters, helmet use, where
they ride shared e-scooters (sidewalk, bike lane, street lane, etc.), motivations for riding shared e-scooters,
and trip purposes. For mode substitution, users were asked to recall their latest e-scooter sharing trip, trip
purpose, motivation factors, and what other transportation modes they would have used for that trip if the
e-scooter sharing program were unavailable. As Barbour et al. (2019) found that the health indicator
“BMI” also influences user bike sharing usage and mode substitution, questions about user height and
weight were also included in the survey to enable computation of BMI value for each survey respondent.
The survey was coded in Qualtrics, which is a web-based survey. To ensure that the survey could reach a
wide range of demographics, various channels were used to distribute it, including through the
Hillsborough County Metropolitan Planning Organization (MPO), local homeowner associations, and e-
scooter sharing operators. The City of Tampa also posted the survey through social media multiple times,
and the link was added to the City’s official webpage for the shared e-scooter program. In addition, the
research team also distributed flyers in Downtown Tampa that contained the survey link and explained
the purpose of the survey to pedestrians who accepted the flyers. The survey was disseminated from
October 29-December 3, 2019, and a total of 698 user responses were collected. After data cleaning, 585
responses were kept for model estimation.

3.3 Sustainability of shared e-scooter program

The sustainability of shared e-scooter program was confirmed. In Tampa, survey statistics suggest that
45.4% of trips would have been made by vehicles if the program did not exist. After one year from when
program was started, around 1 million trips were taken by shared e-scooters and 1.18 million miles were
traveled by shared e-scooters. If it is assumed that the travel distance of vehicles and shared e-scooters are
equivalent, shared e-scooters reduced 0.54 million vehicle miles traveled. Given that the average vehicle
miles traveled per driver is 13,476 miles (FHWA, 2018), shared e-scooters in Tampa reduced 40 vehicle
drivers annually. Given average gasoline consumption and carbon dioxide emission per mile (EPA,
2018), shared e-scooters reduced 53,566 gallon gas and 476.7 tons of carbon dioxide. The reduced vehicle
miles traveled and traffic emissions due to vehicle substitution bring significant environmental benefits.

3.4 Model specification

To explores factors influencing e-scooter sharing usage and auto mode substitution, an econometric
modeling approach was adopted. This section discusses the methodology of the econometrics models
applied in this study.

3.4.1 E-scooter sharing usage model

To encode the user frequency of riding shared e-scooters, users were asked “How often did you ride
shared e-scooters?” The choice set included “Once a while,” “Occasionally, but less than once per week,”
“1 to 3 times per week,” “4 to 6 times per week,” “7 or more times per week,” and “I don’t know, just
started using shared e-scooters.” For users who ride shared e-scooters more than once a week, it showed
the regularity of using this mode; thus, these users were grouped and termed “regular/ frequent users.”
Users who rode shared e-scooters “occasionally, but less than once a week” were termed “occasional
users,” and users who rode shared e-scooters once a while were termed “infrequent users.” Users who just



started riding shared e-scooters were filtered from the dataset, which resulted in 544 observations in total,
including 193 infrequent users, 184 occasional users, and 167 regular users.
Since the dependent variable (e-scooter sharing usage) has discrete values, and these values are ordered
from low to high, an ordered probability model was suitable for model estimation. According to
Washington et al. (2020), an ordered probability model is derived by introducing a latent variable z as a
basis for modeling the ordinal rank of e-scooter sharing usage. This unobserved variable is typically
specified in a linear form as follows:
z= BX+ ¢ 1)
Where f is a vector of estimable parameters, X is a vector of independent variables and ¢ is a random
disturbance term. Using Equation 1, for each observation, the observed ordinal data y can be defined as:
y=1 Ifz<puo (Infrequent user)
y=2 |If po<z<pus (Occasional user) 2
y=3 Ifz>u; (Regular user)
Where [oand i are thresholds that define y and are jointly estimated with p parameters. The estimation
of probability of specific ordered responses for each observation can be accomplished by assuming ¢ is
normally distributed with mean 0 and variance 1, then the ordered probit model with the probability of
each usage category can be derived as follows:
P(y =1) = @(uo — BX)
P(y =2) = o, — BX) — P(uo — BX) @)
P(y=3)=1- o(-pX)
Where @ () is a cumulative normal distribution function and o is set as 0 without loss of generality. This
standard form treats parameters B as constant across observations, which restricts each variable to having
same impact on each observation. Such fixed parameter assumption may not be correct. In the model
estimation, it is important to consider the possibility of unobserved heterogeneity across observations. To
handle unobserved heterogeneity, a random parameter ordered probit model was introduced and
simulated maximum likelihood estimation been developed by adding a randomly distributed error term ¢
(e.g. normal distribution) (Greene 2007):

B =B+ ¢ (4)
3.4.2 Mode substitution model

To sample mode substitution, users were asked “For your last ride on a shared e-scooter, if the e-scooters
was not available, what other transportation mode would you have used instead? (most preferred).” The
choices and counts (percentage) of selecting that choice included “Walking” 202 (38.4%), “Public transit
(HART, etc.)” 3 (0.6%), “Lyft, Uber or taxi” 141 (26.8)%, “Coast Bike Share” 15 (2.9%), “Private
bike/e-scooter” 17 (3.2%), “Drive the car” 99 (18.8)%, “Car share (e.g., Zipcar)” 1 (0.2%), “As a
passenger in friend, family member, or another person’s car” 8 (1.5%), “I wouldn’t have made the trip”
30 (5.7%), and “Other” 12 (2.3%). Among these options, “Drive the car,” “Walking,” and “Lyft, Uber or
taxi” were selected most often. This study was interested in understanding the contributing factors for
substituting auto modes (e.g., private vehicle driving, TNC/taxi). As the substituted mode choices are
discrete outcomes, to model discrete outcomes, multinomial logit (MNL) model is appropriate. For
modeling purposes, this study reduced the choice set to 4 options, including “Walking,” “Driving,”
“TNC/taxi,” and “Other.” “Other” includes all choices in the choice set except “Walking,” “Driving,” and
“TNC/taxi” as those choices (e.g. ‘Car share’, ‘Public transit’) had a rather low choice count.

The definition of an MNL model follows (Washington et al., 2020). Given a set of discrete outcomes
(e.g., substituted mode choices), the function determining the choice outcome probabilities can be defined
as

Tin = BiXin + €in (5)

Where B; is a vector of estimable parameters for discrete outcome i. Assuming the disturbances follow
extreme value Type | distribution, a standard multinomial logit model has the form:



EXP (—BiXin) (6)
21 EXP (—Bixin)

Pn(i) =

In this research, B, (i) can be referred as the probability of respondent n used shared e-scooters to
substitute mode i, | denotes all mode choices that users can substitute. Similarly, it is necessary for logit
model to account for the unobserved heterogeneity across the populations, then Equation 6 can be
rewritten as:

PO = [ RO FBle)p 7)

Where f(B|¢) is the probability density function (e.g. normal distribution) of B, ¢ refers to a vector of
parameters that describe the densify function (mean and variance). This function allows some of 8 to be
fixed and some of B to account for the variational effects of x on outcome probabilities across
observations. The resulting model is called mixed logit model.

3.4.3 Model estimation

The estimation of the random parameter ordered probit model and the mixed logit model was undertaken
by a simulated maximum likelihood approach because the integrations of probability functions are not in
a closed form. There has been considerable research on how to best draw B from f(B|¢) so that accurate
approximation of probability can be derived with as few draws as possible (Washington et al.,2020).
Drawing sample values randomly is one of the start points, and the most popular alternative to random
draw is the Halton draw, which is found to be much more efficient compared to random draw (McFadden
and Ruud, 1994; Bhat, 2003). In this study, 1000 Halton draws were used, which has been shown to be
more than enough for model estimation (Bhat, 2003; Milton et al., 2008; Anastasopoulos and Mannering,
2009; Behnood and Mannering, 2016). To confirm the significance of random parameters, in addition to
significant t-statistics of the random parameter error term, this study also conducted a likelihood ratio test
that compared models between fixed parameter and random parameter. The model estimation process was
conducted in NLOGIT version 6 (Greene, 2016). The marginal effects of models were obtained in
NLOGIT for variable interpretation. Marginal effects reflect the probability change on y if a variable x
changes by one unit.

4. Results and discussion

This section presents survey observations, model estimation results, and variable interpretations for
shared micromobility usage and mode substitution.

4.1 Survey statistics in the model

Tables 2 and 3 present independent variables included in the model; all variables are categorical
indicators. The count and percentage of these indicators in total observations is also presented, and each
indicator has at least 20 observations.

Table 2: Summary statistics for variables included in e-scooter usage model

Variable Description Counts  Percentage
Socioeconomic factors
Male indicator (1 if respondent is a male, 0 otherwise) 326 0.60
Live in Downtown Tampa (1 if respondent lives in downtown Tampa, 0
. 201 0.37
otherwise)
Own an e-scooter (1 if respondent owns a private usable e-scooter, 0 27 0.05

otherwise)

E-scooter riding behavior



Ride e-scooters on bike lane (1 if respondent mostly rides shared e-scooter on

bike lanes, 0 otherwise) 131 0.24
Wear a helmet (1 if respondent wears a helmet at least once while riding an e-
; 60 0.11
scooter, 0 otherwise)
Low speed limit (1 if respondent thinks the speed limit of e-scooter should be
. 82 0.15
lower than 10 mph, 0 otherwise)
Motivation factor of riding shared e-scooters
Easy to use (1 if respondent thinks shared e-scooter is easy to use, 0
. 392 0.72
otherwise)
General trip purposes of riding shared e-scooters
Dining (1 if respondent rides shared e-scooter for dining, 0 otherwise) 305 0.56
Sightseeing (1 if respondent rides shared e-scooter for sightseeing, 0 218 0.40
otherwise) '
Recreation (1 if respondent rides shared e-scooter for recreation, 0 otherwise) 386 0.71
Commuting (1 if respondent rides shared e-scooter for commuting, O
. 234 0.43
otherwise)
Table 3: Summary statistics for variables included in mode substitution models
Variable Description Counts Percentage
Socioeconomic factors
Male indicator (1 if respondent is a male, O otherwise) 311 0.59
Medium-high income indicator (1 if respondent’s annual household income is 157 0.30
more than $99,999 and less than $199,999, 0 otherwise) '
High income indicator (1 if respondent’s annual household income is 114 0.22
more than $200k, 0 otherwise) '
College degree indicator (1 if respondent’s highest completed level of
S, . 246 0.47
education is college degree, 0 otherwise)
Household with more than one vehicle (1 if respondent’s household has more
. . 372 0.70
than one vehicle, 0 otherwise)
Live in Downtown Tampa (1 if respondent lives in downtown Tampa, 0
. 348 0.66
otherwise)
E-scooter riding behavior
Infrequent user (1 if respondent rides shared e-scooter once a while, 0
. 171 0.33
otherwise)
Motivation factor of riding shared e-scooter for last trip
Lower cost (1 if respondent thought the cost of riding shared e-scooter is 147 028

lower than other transportation modes, 0 otherwise)

It was just for fun (1 if respondent rode shared e-scooter for fun, O otherwise) 287 0.55



Fast and flexible (1 if respondent thought riding shared e-scooter is fast and
flexible, O otherwise)

Difficult vehicle parking (1 if respondent thought parking was difficult at that
time, O otherwise)

Trip purpose for last shared e-scooter ride

Social/ entertainment purpose (1 if respondent’s last shared e-scooter trip was
for social/ entertainment purpose, 0 otherwise)

Health indicator
Overweight (1 if respondent has BMI over 25, 0 otherwise)

4.2 E-scooter sharing usage frequency

312

125

306

287

0.59

0.24

0.58

0.55

Table 4 shows the modeling results of shared e-scooter usage in Tampa. “Commuting” was the only
random parameter in the model. This significance was confirmed by conducting a likelihood ratio test,
and test statistics rejected the null hypothesis (fixed and random parameter models are the same) with
over 95% confidence. The parameter estimates in Table 4 provide a general sense of direction of variable
impacts on model outcomes. Table 5 shows marginal effects that quantify variable impacts on each
discrete outcome; the marginal effect values are statistically significant for infrequent users and regular

users. Interpretation mainly focuses on the outcomes of regular users.

Table 4 Random parameter ordered probit model estimation results for usage frequency of shared e-

scooters
. o Estimated t
Variable Description Parameter  Statistic
Constant -1.09 -7.21
Sociodemographic factors
Male indicator (1 if respondent is a male, O otherwise) 0.34 3.06
Live in Downtown Tampa (1 if respondent lives in downtown Tampa, 0
. 0.45 3.76
otherwise)
Own an e-scooter (1 if respondent owns a private usable e-scooter, 0
. 0.50 2.32
otherwise)
Behavior and opinions
Ride e-scooters on bike lane (1 if respondent mostly rides e-scooters on bike
] 0.34 2.63
lane, 0 otherwise)
Wear a helmet (1 if respondent wore a helmet at least once while riding an e-
: 0.40 2.51
scooter, 0 otherwise)
Easy to use (1 if respondent feels shared e-scooter is easy to use, 0 otherwise) 0.53 4.62
Low speed limit (1 if respondent thinks the speed limit of e-scooters shall be
. -0.65 -3.60
lower than 10 mph, 0 otherwise)
General trip purposes of riding e-scooters
Dining (1 if respondent rides shared e-scooters for dining, 0 otherwise) 0.69 591
Sightseeing (1 if respondent rides shared e-scooters for sightseeing, 0 0.29 529

otherwise)



Recreation (1 if respondent rides shared e-scooters for recreation, 0

otherwise) 0.30 2.40
Commuting (1 if respondent rides shared e-scooters for commuting, 0 0.75 6.46
otherwise) (Standard deviation of parameter estimate, normally distributed. In

parentheses) (1.00) (9.67)
Threshold 1 1.34 15.45
Number of observations o544
Log-likelihood at convergence —481.3

Table 5: Average marginal effects for parameter estimates shown in Table 4 (y = 1 [infrequent user], y =
2 [occasional user], y = 3 [regular user])

Marginal Effects

Indicators
[y=1] [y=2] [y=3]
Male indicator -0.11 0.01 0.10
Live in Downtown Tampa -0.14 0.00 0.14
Own an e-scooter -0.14 -0.04 0.17
Ride e-scooters on bike lane -0.11 -0.01 0.11
Wear a helmet while riding an e-scooter -0.12 -0.02 0.14
Easy to use -0.17 0.01 0.16
Low speed limit 0.24 -0.07 -0.16
Dining -0.23 0.03 0.20
Sightseeing -0.09 0.00 0.09
Recreation -0.10 0.01 0.09
Commuting -0.23 0.00 0.24

With regard to sociodemographic variables, male respondents had, on average, 0.1 higher probability of
riding e-scooters regularly comparing with female. This aligns with the bikesharing literature, that male
users are more likely to ride shared bikes in general (Pucher et al., 2011; Akar et al., 2013; Goodman and
Cheshire, 2014; Barbour et al., 2019). Respondents who lived in Downtown had, on average, a 0.14
higher probability of riding e-scooters regularly than people who lived outside of Downtown Tampa.
Since shared e-scooters are deployed only in the Downtown area, people living there had higher exposure
to shared e-scooters and, consequently, used it more frequently. It is interesting to find that respondents
who personally owned an e-scooter had, on average, a 0.17 higher probability of riding e-scooters
regularly compared with non e-scooter owners, most likely because e-scooter owners are more familiar
with riding e-scooters. Compared with the privately-owned e-scooters, shared e-scooters are free from
charging and stealing issues. These might have motivated e-scooter owners to use shared e-scooters more
frequently. Similar findings were also discovered for bike sharing (Guo et al., 2017).

In terms of shared e-scooter riding behaviors, users who had worn a helmet at least once had, on average,
a 0.14 higher probability of riding shared e-scooters regularly. In the survey comments, some users also
mentioned that lack of a helmet discouraged them from riding e-scooters because of safety concerns.
Thus, available helmets could motivate users to ride shared e-scooters more frequently. It was also found
that users riding shared e-scooters in bike lanes had, on average, a 0.11 higher probability of riding it



regularly. Some survey comments mentioned that sidewalks in Tampa are uneven, which may cause
riders to fall off an e-scooter; they believe that bike lanes provide a better riding experience that facilitate
higher e-scooter usage. Furthermore, users who thought the speed limit should be slower than 10 mph
had, on average, a 0.16 lower probability of being regular users and, on average, a 0.24 higher probability
of being infrequent users. The imposed speed limit of riding an e-scooter is 15 mph in Tampa. Users
preferring a lower speed used shared e-scooters less often due to safety concerns. If safety concerns are
caused by unfamiliarity with riding e-scooters, a face-to-face training program might help. Finally,
respondents who thought an e-scooter was easy to use had, on average, a 0.16 higher probability of riding
one regularly; this finding is also consistent with bike sharing (Guo et al., 2017) and suggests that a better
design of shared e-scooters (e.g., more stability) would encourage people to use them more frequently.

In terms of trip purpose, it was found that dining, sightseeing, recreation, and commuting purposes all
increased the likelihood of riding e-scooters regularly. Specifically, users who rode shared e-scooters for
dining and commuting purposes had a higher probability (on average, 0.2 and 0.24, respectively) of being
regular users than recreation (0.09) and sightseeing (0.09) purposes. This finding is interesting, as
previous shared e-scooter literature suggests that shared e-scooters are mainly used for leisure trip
purposes and commuting is not the main trip purpose (Hardt and Bogenberger, 2019; Caspi et al., 2020);
it coincides with survey statistics. However, if users rode shared e-scooters for commuting, they tended to
use it frequently, suggesting that some users adopted shared e-scooters as a regular mode for commuting.
Moped scooter sharing literature also suggests that users riding moped scooters for commuting tend to be
frequent users (Aguilera-Garcia et al., 2020). In terms of dining, shared e-scooters provided a convenient
way to access restaurants in the Downtown area without worrying about vehicle parking. Whereas
recreation and sightseeing are leisure trip purposes, which do not occur as often as commuting or dining
purposes in daily life, they also contribute to higher usage frequency. Other trip purposes that were
insignificant in the model included shopping, connecting to public transit, and others. The commuting
indicator was the only random parameter in the model, with a mean of 0.75 and a variance of 1, indicating
a mixed impact on e-scooter sharing usage. Specifically, 77.3% of users who used shared e-scooters for
commuting were more likely to ride it regularly.

4.3 E-scooter sharing mode substitution

Table 6 presents the model outcomes of auto mode substitution. In this mixed logit model, household
with more than one vehicle was the only random parameter, and the significance of this random
parameter was confirmed by conducting a likelihood ratio test; test statistics rejected the null hypothesis
(fixed and random parameter models are the same) with over 90% confidence. To interpret model
outcomes, marginal effects of variables were computed and are listed in Table 7. Interpretation of the
variables mainly focused on vehicle driving and TNC/taxi.

Table 6: Mixed logit model estimation results for mode substitution

Estimated .
Variable Description Parameter  t-Statistic
Walk constant (defined for the walk substitution utility function) 1.29 6.09
Socioeconomic factors
Male indicator (1 if respondent is a male, 0 otherwise; defined for driving
substitution utility function) 0.87 2.31

College degree indicator (1 if respondent’s highest completed level of
education is college degree, 0 otherwise; defined for walk substitution utility
function) -0.35 -1.81

Medium-high income indicator (1 if respondent’s annual household income is
more than $99,999 and less than $199,999, 0 otherwise; defined for other
modes substitution utility function) 0.48 1.99



High income indicator (1 if respondent’s annual household income is more
than $200k, 0 otherwise; defined for TNC/taxi substitution utility function) 0.83 3.33

Household with more than one vehicle (1 if respondent’s household has more
than one vehicle, 0 otherwise; defined for driving substitution utility function)

(Standard deviation of parameter estimate, normally distributed. In -2.17 -1.2

parentheses) (4.25) (1.81)
Live in Downtown Tampa (1 if respondent lives in Downtown Tampa, 0

otherwise; defined for TNC/taxi substitution utility) 0.43 2.01

Live in Downtown Tampa (1 if respondent lives in downtown Tampa, 0

otherwise; defined for driving substitution utility function) -1.24 -2.68

E-scooter riding behavior

Once a while user (1 if respondent rides shared e-scooter once a while, 0
otherwise; defined for TNC/taxi substitution utility function) -0.61 -2.53

Motivation factors of riding shared e-scooter for last trip

It was just for fun (1 if respondent rode shared e-scooters for fun, 0
otherwise; defined for other modes substitution utility function) 0.36 1.6

Fast and flexible (1 if respondent thought shared e-scooter is fast and
flexible, O otherwise; defined for other modes substitution utility function) -0.56 -2.37

Lower cost (1 if respondent thought the cost of riding shared e-scooter is
lower, 0 otherwise; defined for TNC/taxi substitution utility function) 0.67 2.99

Difficult vehicle parking (1 if respondent thought parking was difficult at
that time, O otherwise; defined for driving substitution utility function) 1.46 3.22

Trip purpose

Social/ entertainment purpose (1 if respondent’s last shared e-scooter trip was
for social/ entertainment purpose, 0 otherwise; defined for TNC/taxi
substitution utility function) 0.64 3.13

Health indicator
Overweight (1 if respondent’s BMI is above 25, 0 otherwise; defined for

driving substitution utility function) -0.76 -1.73
Number of observations 546

Log likelihood at zero [LL(0)] _799.9

Log likelihood at convergence [LL(B)] -658.9

P2 [1' (LL(B)/ LL(O)] 0.096
Corrected p? [1- (LL(B)-number of estimated parameters, K)/ LL(0)] 0.087

Table 7: Marginal for parameter estimates shown in Table 6

Average marginal effects

Variable Walk TNC/taxi Drive Other

Constant (defined for walk substitution utility function) 0.26 -0.13 -0.05 -0.08



Average marginal effects

Variable Walk  TNC/taxi Drive  Other
Socioeconomic factors

Male indicator (defined for driving mode substitution) -0.02 -0.01 0.04 -0.008
College degree indicator (defined for walk mode .0.03 0.02 0.006 0.01
substitution utility function) ' ' ' '
Medium-high income indicator (defined for other modes -0.007  -0.003 0.02
substitution utility function) ' ' ' '
High income indicator (defined for TNC/taxi -0.02 003  -0.004 -0.006
substitution utility function) ' ‘ ' ‘
Household with more than one vehicle (defined for -0.02 -0.02 005  -0.009
driving substitution utility function) ' ' ' '
Live in downtown Tampa (defined for TNC/taxi -0.02 003 -0003  -0.006
substitution utility function) ' ' ' '
Live in downtown Tampa (defined for driving 0.01 0.01 -0.03 0.004
substitution utility function) ' ’ ' ’
Riding behaviors

Infrequent user (defined for TNC/taxi substitution utility 0.02 -0.03 0.004 0.008
function) ' ' ' '
Motivation factor of riding shared e-scooter for last trip

It was just for fun (defined for other modes substitution — _ , 001  -0.004 0.03
utility function) ' ' ' '
Fast and flexible (defined for other modes substitution 0.02 00L 0004 -0.03
utility function)

Lowgr cost (defined for TNC/taxi substitution utility -0.02 004  -0.007 -0.007
function)

Difficult vehicle parking (defined for driving -0.02 -0.01 0.04 -0.006
substitution function) ' ' ' '
Trip purpose

Social/ entertainment purpose defined for TNC/taxi -0.04 007  -001 -0.02
substitution utility function) ' ' ' '
Health indicator

Overweight (defined for driving substitution utility 001 0.01 -0.03 0.006

function)

For socioeconomic variables, in terms of driving mode substitution, being a male user had, on average, a
0.04 higher probability of substituting shared e-scooters for driving. This suggests that shared e-scooters
were more attractive to male users than driving. Users that lived in Downtown Tampa were, on average,
0.03 less likely to substitute private vehicle driving with shared e-scooters, possibly because respondents
living in Downtown did not use private vehicles a lot in the Downtown area—expensive parking and
congested traffic motivates them using other modes such TNC, bike sharing, etc. User households with
more than one vehicle had, on average, a 0.05 higher probability of driving substitution. This is opposite
to previous bike sharing literature, that users tend to use shared bikes less when they have access to
vehicles (Barbour et al., 2019). Compared with bike sharing, shared e-scooter is more effective for auto
substitution. Households with more than one vehicle is the random parameter in this model, with a mean
of -2.17 and a variance of 4.64. This suggests that 68% of shared e-scooter users (with multiple household
vehicles) were less likely to substitute driving with shared e-scooters. With regards to TNC/taxi
substitution, users who had a high income or who lived in Downtown Tampa had, on average, a 0.03
higher probability of substituting TCN/taxi. Studies suggest that ridesourcing users also tend to be higher
income groups and live in urban areas (Clewlow and Mishra, 2017). Given that users who are substituting



TNCl/taxi tend to be the main users of TNC/taxi, this implies competition between TNC/taxi and shared e-
scooters.

In terms of riding behavior and opinions, for users who substituted vehicle driving with shared e-scooters,
parking was the main motivation factor. Users who had vehicle parking issues had, on average, a 0.04
higher probability of substituting driving. Thus, in areas with stressful parking issues, especially during
big events, shared e-scooters can be deployed to encourage people to use the non-motorized mode. For
users who substituted TNC/taxi, users who rode shared e-scooters infrequently had, on average, a 0.03
lower probability to substitute TNC/taxi, suggesting that frequent users or occasional users tends to use
shared e-scooters to replace TNC/taxi. This finding also suggests the potential competition between
shared e-scooters and TNC/taxi. Users who thought the cost of shared e-scooter was lower lead to, on
average, a 0.04 higher probability of substituting shared e-scooters for TNC/taxi. Thus, the lower cost of
shared e-scooters attracts TNC/taxi users.

With regards to trip purposes, for users who substituted TNC/taxi with shared e-scooters, users with
social/ entertainment trips had, on average, a 0.07 higher probability of substituting TNC/taxi. Shared e-
scooters provide a fun way to travel and can be very attractive for leisure trips compared with TNC/taxi.
From a health perspective, for users who substituted private vehicle driving with shared e-scooters, it was
found that overweight users were, on average, 0.03 less likely to substitute driving, opposite the bike
sharing mode (Barbour et al., 2019). Overweight users may use bike sharing to replace vehicle driving as
a means of physical exercise; shared e-scooter does not require as much physical effort as bike sharing, so
overweight users might be less likely to use it to replace vehicle driving.

5. Conclusions and policy implications

Shared e-scooters are surging in the United States and bring numerous benefits to society, both positive
(e.g., reduced vehicle trips) and negative (e.g., high-speed riding on sidewalks). Previous studies on
shared e-scooters have characterized user profiles and travel patterns; however, few investigated how user
profiles and travel behaviors factors could affect the use and auto mode substation of shared e-scooters.
Understanding these factors can help policymakers better regulate and promote shared e-scooters as a
sustainable transportation mode. This study contributes to the existing literature by performing
econometric modeling analysis to identify factors that influence e-scooter sharing usage and auto mode
substitution.

This study identified several factors that affect e-scooter sharing usage, findings that are generally aligned
with other shared micromobility literature—users who are male, ride shared e-scooters for commuting,
and have positive attitudes towards e-scooters (e.g., easy to use) tend to ride shared e-scooters more
frequently. Our estimated model also suggests that users who have higher exposure to shared e-scooters,
own private e-scooters, ride shared e-scooters in bike lanes, and ride shared e-scooters for dining and
leisure trip purposes are more likely to be regular users. Users who prefer lower speed limits ride shared
e-scooters less frequently.

With regards to factors that affect TNC/taxi substitution, modeling results suggest that shared e-scooters
potentially are competing with TNC/taxi. A contribution factor is lower traveling cost offered by shared
e-scooters. Users who take social and entertainment trips are more likely to substitute shared e-scooters
for TNC/taxi. For private vehicle driving substitution, users who are male, households that have more
than one vehicle, and difficult vehicle parking are the contribution factors for driving substitution,
although such mode substitution is less for users who are overweight. It is interesting that households that
have more than one vehicle presents the opposite outcome with bike sharing, which suggests that shared
e-scooters could be more effective for reducing auto use than bike sharing.

Based on research outcomes, shared e-scooters could play a significant role in urban transportation
sustainability. Compared with bike sharing, shared e-scooters add potential to reduce auto trips in cities,
not only because of a higher auto substitution ratio but because shared e-scooters are also attractive to
user households with multiple vehicles. Their environmental benefits are huge considering reduced traffic
congestion, traffic noise, and emissions. Based on research outcomes, we propose three implications for



shared e-scooter operators and policymakers to better regulate and promote shared e-scooters and achieve
the goal of sustainability:

1. Encourage frequent use: To encourage users to ride shared e-scooters more frequently, our
model suggests that making shared e-scooters easy to use and having users wear a helmet
increase the probability of being regular users. Thus, operators could provide users with e-
scooters that have good user experience (e.g., are more stable), provide free helmets for new
users, or a reward users who have ridden e-scooters for a certain number of times. In survey
comments, some users mentioned they feel unsafe riding e-scooters due to the unavailability
of helmets and are afraid of falling from e-scooters. The increased usage of e-scooters
generates higher revenues for shared e-scooter companies that can offset helmet and device
improvement expenditures. Also, helmets provide safer riding for users and create a positive
image for the company. For policymakers, cities may consider building a well-connected
bike lane network; our modeling results suggest that users who ride e-scooters in bike lanes
have a higher probability of being frequent users. A well-connected and protected bike lane
will help users feel safer and encourage more users become frequent users.

2. Ride e-scooters on bike lanes or sidewalks: Whether e-scooters should be allowed to be
ridden on sidewalks is constantly debated in many cities. Pedestrians complain about high e-
scooter speeds on sidewalks, while users feel safer doing so. Our survey statistics show that
63% of users rode shared e-scooters on sidewalks and 24% rode in bike lanes; for users who
rode shared e-scooters on sidewalks, 58% thought it was safer. Another survey question
statistics show that a total of 46% of riders would prefer bike lanes, and 43% would prefer
sidewalks. One of the reasons that users prefer using a bike lane could be the pleasant riding
experience offered by bike lanes; as survey comments suggested, users complained about
uneven sidewalks that lead to falling from e-scooters. Understanding the reasons behind
riding shared e-scooters on bike lanes and sidewalks is important. The City of Tampa could
encourage users to use bike lanes to address complaints about high-speed riding on
sidewalks, and other actions are needed to make it successful—build more connected and
protected bike lanes to improve the safety of bike lane riding, which will also increase shared
e-scooter usage, as our model suggests; for unskillful users who are concerned about safety
of bike lane riding, regular in-person training sessions or online tutorial videos could be
provided to help new riders to use the vehicles on bike lanes; and if riding on sidewalks and
bike lanes are both allowed, the imposed speed limit on sidewalks could be lower than that
on bike lane to make other street users more comfortable.

3. Encourage auto substitution: There are several ways to encourage auto substitution based
on model results. First, study results suggest difficult parking is a motivation factor. Shared
e-scooters could be deployed to areas with limited parking spaces but high demand from
activities to help people move around. Also, cities could increase parking fees and/or reduce
parking spots to stimulate the mode shift from driving to e-scooter and encourage the use of
micromobility. Second, shared e-scooters and TNC/taxi are potential competitors. Promoting
shared e-scooters could reduce TNC/taxi trips. To compete with TNC/taxi, e-scooter sharing
companies may consider reducing the cost of using shared e-scooters to attract TNC/taxi
users, which could further reduce vehicle use in a city.



This study had some limitations. First, the survey data were collected only five months after the program
began, so the analysis results are applicable to that ramp-up period. If similar studies are conducted again,
modeling results could change. Second, an online survey may not be accessible to people who have no
access to internet and computer or are unfamiliar with this technology; a paper or phone survey could be
added to get a more representative sample.

There are several avenues to which this research could be refined and extended. First, the study could be
expanded and refined by including a few travel-pattern related questions in the survey, such as daily
travel time and use frequency of other transportation modes and considering the variables in the
modeling. Second, from methodological perspective, the analysis could adopt more complex econometric
modeling techniques (e.g., heterogeneity in means and variance, latent variable model) and combining
different indicator variables. Third, many cities have surveyed shared e-scooter users such as Portland,
Santa Monica, etc. Similar studies could be conducted in different cities, and it would be interesting to
discover the similarities and differences of factors between cities. Lastly, if membership programs are
available for shared e-scooters in other cities, it would be interesting to investigate behavior differences
between members and non-members.

References

Aguilera-Garcia, A., et al. (2020). Exploring the adoption of moped scooter-sharing systems in Spanish
urban areas. Cities 96: 102424 %@ 100264-102751.

Akar, G., et al. (2013). Bicycling choice and gender case study: The Ohio State University. International
Journal of Sustainable Transportation 7(5): 347-365 %@ 1556-8318.

Anastasopoulos, P. C. and F. L. Mannering (2009). A note on modeling vehicle accident frequencies with
random-parameters count models. Accident Analysis & Prevention 41(1): 153-159.

Bai, S. and J. Jiao (2020). Dockless E-scooter usage patterns and urban built environments: a comparison
study of Austin, TX, and Minneapolis, MN. Travel Behaviour and Society 20: 264-272.

Barbour, N., et al. (2019). A statistical analysis of bike sharing usage and its potential as an auto-trip
substitute. Journal of Transport & Health 12: 253-262 %@ 2214-1405.

Behnood, A. and F. L. Mannering (2016). An empirical assessment of the effects of economic recessions
on pedestrian-injury crashes using mixed and latent-class models. Analytic Methods in Accident Research
12:1-17.

Bhat, C. R. (2003). Simulation estimation of mixed discrete choice models using randomized and
scrambled Halton sequences. Transportation Research Part B: Methodological 37(9): 837-855.

Bielinski, T. and A. Wazna (2020). Electric Scooter Sharing and Bike Sharing User Behaviour and
Characteristics. Sustainability 12(22): 9640.

Buck, D., et al. (2013). Are bikeshare users different from regular cyclists? A first look at short-term
users, annual members, and area cyclists in the Washington, DC, region. Transportation Research Record
2387(1): 112-1109.

Caspi, O., et al. (2020). Spatial associations of dockless shared e-scooter usage. Transportation Research
Part D: Transport and Environment 86: 102396.

City of Chicago (2020). E-scooter pilot evaluation.
City of Santa Monica (2019). Shared Mobility Pilot Program Summary Report.



Clewlow, R. R. and G. S. Mishra (2017). Disruptive transportation: The adoption, utilization, and impacts
of ride-hailing in the United States.

DATA USA. Retrieved 3/17, 2020, from https://datausa.io/profile/geo/tampa-fl/.

Eccarius, T., & Lu, C.-C. (2020). Adoption intentions for micro-mobility—Insights from electric scooter
sharing in Taiwan. Transportation Research Part D: Transport and Environment, 84, 102327.

EPA (2018). Greenhouse gas emission from a typical passenger vehicle.

Feng, C., et al. (2020). Estimating e-scooter traffic flow using big data to support planning for
micromobility. Journal of Urban Technology: 1-19.

FHWA (2018). Average annual miles per driver by age group. From
https://www.fhwa.dot.gov/ohim/onh00/bar8.htm.

Fishman, E., et al. (2012). "Barriers and facilitators to public bicycle scheme use: A qualitative
approach."” Transportation research part F: traffic psychology and behaviour 15(6): 686-698.

Fishman, E. (2016). Bikeshare: A review of recent literature. Transport Reviews 36(1): 92-113 %@ 0144-
1647.

Fishman, E., et al. (2014). Bike share’s impact on car use: Evidence from the United States, Great Britain,
and Australia. Transportation Research Part D: Transport and Environment 31: 13-20 %@ 1361-9209.

Fishman, E., et al. (2015). Factors influencing bike share membership: An analysis of Melbourne and
Brisbane. Transportation Research Part A: Policy and Practice 71: 17-30.

Goodman, A. and J. Cheshire (2014). Inequalities in the London bicycle sharing system revisited: impacts
of extending the scheme to poorer areas but then doubling prices. Journal of Transport Geography 41.:
272-279 %@ 0966-6923.

Guo, Y., et al. (2017). Identifying the factors affecting bike-sharing usage and degree of satisfaction in
Ningbo, China. PloS One 12(9).

Hardt, C. and K. Bogenberger (2019). Usage of e-scooters in urban environments. Transportation
Research Procedia 37: 155-162.

Jiao, J. and S. Bai (2020). Understanding the shared e-scooter travels in Austin, TX. ISPRS International
Journal of Geo-Information 9(2): 135.

Kim, J.-K., et al. (2007). Bicyclist injury severities in bicycle—-motor vehicle accidents. Accident Analysis
& Prevention 39(2): 238-251.

Kraemer, J. D., et al. (2012). "Helmet wearing among users of a public bicycle-sharing program in the
District of Columbia and comparable riders on personal bicycles." American journal of public health
102(8): e23-e25.

Ma, X., Cao, R., & Wang, J. (2019). Effects of psychological factors on modal shift from car to dockless
bike sharing: A case study of Nanjing, China. International Journal of Environmental Research and Public
Health, 16(18), 3420.

McFadden, D. and P. A. Ruud (1994). Estimation by simulation. The Review of Economics and
Statistics: 591-608.

McKenzie, G. (2019). Spatiotemporal comparative analysis of scooter-share and bike-share usage patterns
in Washington, DC. Journal of Transport Geography 78: 19-28.



https://www.fhwa.dot.gov/ohim/onh00/bar8.htm

Milton, J. C., et al. (2008). Highway accident severities and the mixed logit model: An exploratory
empirical analysis. Accident Analysis & Prevention 40(1): 260-266.

Mobility Lab (2019). Arlington County shared mobility (SMD) pilot evaluation report.

NHTS (2019). Popular vehicle trips statistics. Retrieved 3/28, 2020, from https://nhts.ornl.gov/vehicle-
trips.

Otero, I., et al. (2018). Health impacts of bike sharing systems in Europe. Environment International 115:
387-394.

PBOT (2018). 2018 E-scooter Pilot user survey results.

Pucher, J., et al. (2011). Bicycling renaissance in North America? An update and re-appraisal of cycling
trends and policies. Transportation Research Part A: Policy and Practice 45(6): 451-475 %@ 0965-8564.

Sanders, R. L., et al. (2020). "To scoot or not to scoot: Findings from a recent survey about the benefits
and barriers of using E-scooters for riders and non-riders.” Transportation research part A: policy and
practice 139: 217-227.

TOMTOM. (2019). Tampa traffic. Retrieved from https://www.tomtom.com/en_gb/traffic-index/tampa-
traffic#statistics

Washington, S., et al. (2020). Statistical and Econometric Methods for Transportation Data Analysis.
CRC Press.

Yang, M., Liu, X., Wang, W., Li, Z., & Zhao, J. (2016). Empirical analysis of a mode shift to using public
bicycles to access the suburban metro: Survey of Nanjing, China. Journal of Urban Planning and
Development, 142(2), 05015011.

Zanotto, M. and M. L. Winters (2017). "Helmet use among personal bicycle riders and bike share users in
Vancouver, BC." American journal of preventive medicine 53(4): 465-472.

Zhu, R., et al. (2020). Understanding spatio-temporal heterogeneity of bike-sharing and scooter-sharing
mobility. Computers, Environment and Urban Systems 81: 101483.

Zou, Z., et al. (2020). Exploratory analysis of real-time e-scooter trip data in Washington, DC.
Transportation Research Record: 0361198120919760.



https://www.tomtom.com/en_gb/traffic-index/tampa-

	1. Introduction
	2. Literature review
	2.1 Influential factors on shared micromobility usage
	2.2 Influential factors on auto mode substitution

	3. Methodological framework
	3.1 Study area and e-scooter sharing program
	3.2 Survey design and data collection
	3.3 Sustainability of shared e-scooter program
	3.4 Model specification
	3.4.1 E-scooter sharing usage model
	3.4.2 Mode substitution model
	3.4.3 Model estimation


	4. Results and discussion
	4.1 Survey statistics in the model
	4.2 E-scooter sharing usage frequency
	4.3 E-scooter sharing mode substitution

	5. Conclusions and policy implications
	References




Accessibility Report





		Filename: 

		USF_YR4_ZHANG_FINAL_UNDERSTAND-USAGE-PATTERNS.pdf









		Report created by: 

		



		Organization: 

		







[Enter personal and organization information through the Preferences > Identity dialog.]



Summary



The checker found no problems in this document.





		Needs manual check: 0



		Passed manually: 2



		Failed manually: 0



		Skipped: 0



		Passed: 30



		Failed: 0







Detailed Report





		Document





		Rule Name		Status		Description



		Accessibility permission flag		Passed		Accessibility permission flag must be set



		Image-only PDF		Passed		Document is not image-only PDF



		Tagged PDF		Passed		Document is tagged PDF



		Logical Reading Order		Passed manually		Document structure provides a logical reading order



		Primary language		Passed		Text language is specified



		Title		Passed		Document title is showing in title bar



		Bookmarks		Passed		Bookmarks are present in large documents



		Color contrast		Passed manually		Document has appropriate color contrast



		Page Content





		Rule Name		Status		Description



		Tagged content		Passed		All page content is tagged



		Tagged annotations		Passed		All annotations are tagged



		Tab order		Passed		Tab order is consistent with structure order



		Character encoding		Passed		Reliable character encoding is provided



		Tagged multimedia		Passed		All multimedia objects are tagged



		Screen flicker		Passed		Page will not cause screen flicker



		Scripts		Passed		No inaccessible scripts



		Timed responses		Passed		Page does not require timed responses



		Navigation links		Passed		Navigation links are not repetitive



		Forms





		Rule Name		Status		Description



		Tagged form fields		Passed		All form fields are tagged



		Field descriptions		Passed		All form fields have description



		Alternate Text





		Rule Name		Status		Description



		Figures alternate text		Passed		Figures require alternate text



		Nested alternate text		Passed		Alternate text that will never be read



		Associated with content		Passed		Alternate text must be associated with some content



		Hides annotation		Passed		Alternate text should not hide annotation



		Other elements alternate text		Passed		Other elements that require alternate text



		Tables





		Rule Name		Status		Description



		Rows		Passed		TR must be a child of Table, THead, TBody, or TFoot



		TH and TD		Passed		TH and TD must be children of TR



		Headers		Passed		Tables should have headers



		Regularity		Passed		Tables must contain the same number of columns in each row and rows in each column



		Summary		Passed		Tables must have a summary



		Lists





		Rule Name		Status		Description



		List items		Passed		LI must be a child of L



		Lbl and LBody		Passed		Lbl and LBody must be children of LI



		Headings





		Rule Name		Status		Description



		Appropriate nesting		Passed		Appropriate nesting










Back to Top



