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Abstract The micromobility is shaping rst- and last-mile
travels in urban areas. Recently, shared dockless electric scooters
(e-scooters) have emerged as a daily alternative to driving for
short-distance commuters in large cities due to the affordability,
easy accessibility via an app, and zero emissions. Meanwhile, e-
scooters come with challenges in city management, such as traf ¢
rules, public safety, parking regulations, and liability issues. In
this paper, we collected and investigated 5.8 million scooter-
tagged tweets and 144,197 images, generated by 2.7 million users
from October 2018 to March 2020, to take a closer look at
shared e-scooters via crowdsourcing data analytics. We pro led
e-scooter usages from spatial-temporal perspectives, explored
different stakeholders (i.e., riders, gig workers, and ridesharing
companies), examined operation patterns (e.g., injury types, and
parking behaviors), and conducted sentiment analysis. To our
best knowledge, this paper is the rst large-scale systematic study
on shared e-scooters using big social data.

Index Terms shared e-scooter, social networks, big data

I. INTRODUCTION

Micromobility is an emerging term usually referring to the
usage of docked and dockless lightweight devices (e.g., bikes)
for short- and medium-length trips. As a new mode of mi-
cromobility, shared dockless electric scooters (e-scooters) are
gaining popularity in recent years. A recent survey conducted
in February 2019 showed 11% of Paris residents reported
using e-scooters either frequently or from time to time [1].
Aiming at closing rst- and last-mile transit gaps for residents,
many ridesharing companies, such as Lime, Bird, and Lyft,
deployed thousands of e-scooters in more than 60 cities across
the United States. According to the National Association of
City Transportation Of cials (NACTO) [2], people took 38.5
million trips on shared e-scooters in 2018.

Smartphones are one of the key enablers of e-scooter shar-
ing service. To ride a shared e-scooter, users must download
e-scooter apps (see Figure 1(b)), sign up, input payment
information, and scan a QR code to unlock the e-scooter.
Figure 1(a) shows an e-scooter parked outside one plaza, and
Figure 1(c) illustrates a user interface of e-scooter apps on
which riders can check ready-to-go e-scooters parked nearby.
After nishing the trip, riders make a payment on the app, and
the e-scooter is locked automatically. However, most existing
e-scooter studies ignored the fact that e-scooters must be
operated through smartphones, leading to a missing research
perspective from the riders comments shared via smartphones,
especially via social media apps.

We think social media is a good data source to investigate
the e-scooter usages because of its diversity, scalability, and
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Fig. 1: Shared dockless e-scooters and smartphone apps

transparency [3]. First, multimodal social data enables detailed
pro les of e-scooter sharing services in various aspects. For
example, free-form text can infer which topics people care
about. The shared images can be used to analyze gender gaps
and self-reported injuries of riders. The posted timestamps and
GPS information make the temporal-spatial analysis possible.
Even the embedded emojis contribute to the sentiment analy-
sis. Second, performing a large scale study of micromobility
with social media data is exible and effortless regarding
when the survey is conducted, how long it lasts, which e-
scooter brands, cities, and even countries are considered.
On the contrary, interviews, questionnaires and observations
based surveys, which many existing works rely on, lack such
scalability. Third, users expect the data they posted on some
social media platforms (e.g., Twitter) to be publicly avail-
able, addressing potential concerns of such non-reproducibility
caused by unreachable rst-party data.

In this paper, we chose to use Twitter as our lens to examine
shared e-scooters comprehensively through big social data
analytics. Speci cally, we monitored and tracked 5.8 million
English tweets mentioning the word scooter or the scooter
emoji ;. via Twitter Streaming APIs in a real-time manner from
October 2018 to March 2020. After cleaning data, we pre-
sented an overview of temporal (both monthly and hourly) and
geospatial tweet distributions. Then, we explored the involved
popular topics using LDA topic models. The discovered topics
were grouped into four categories, i.e., e-scooter deployments,
stakeholders, operations, and emotions. For topics in each
category, we leveraged heterogeneous Twitter data, including
text, @mentions, GPS data, general photos, screenshots of e-
scooter apps, emojis, and emoticons, to reveal useful patterns.

As the rst step to conduct a systematic, large-scale study
on shared e-scooter using big social data, contributions and

ndings of this paper can be summarized as follows:

Trends of scooter usages indicated by the number of tweets
varied from country to country: a decreasing pattern for the
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United States, New Zealand, and Australia, stable for the
United Kingdom, and increasing for Canada and India.
We inferred twelve topics people discussed extensively on
Twitter, such as shared e-scooter regulations in cities, gig
jobs, parking issues, and scooter-related injuries.

We pro led geospatial distributions of e-scooter tweets at
the city level across the United States, and summarized the
commonalities of local regulations on shared e-scooters.
Using both tweet text and brand logos recognized automat-
ically from images, we analyzed e-scooter market shares.
We con rmed a gender gap in shared e-scooter riders with
34.86% identi ed as female and 65.14% as male.

We estimated the median trip payment and duration by
e-scooter app screenshots, and classi ed scooter-related
injuries and parking places.

We also conducted a comprehensive social sentiment anal-
ysis via facial emojis and emoticons to measure the general
public s emotions and feelings on e-scooter sharing services.

Il. RELATED WORK

There is a large body of work investigating the advantages,
disadvantages, and problems of shared e-scooters in urban
transportation. Severengiz et al. [4] quanti ed the environ-
mental impact of shared e-scooters in the city of Bochum,
Germany, and demonstrated e-scooters could bring the envi-
ronmental bene ts. However, another study [5] conducted a
Monte Carlo analysis and showed that e-scooters might poten-
tially increase life cycle emissions relative to the transportation
modes that they substituted. Helie et al. [6] reported dockless
e-scooters needed a lifespan of at least 9.5 months to be a
green micromobility solution.

Multiple studies have explored the challenges caused by the
increased usage of shared e-scooters in urban areas. Bresler
et al. [7] examined the patterns of the motorized scooter
related injuries for riders, and pleaded requirements to develop
appropriate public policies such as using helmets to mitigate
injuries. Sikka et al. [8] studied the safety risks and incidence
of injuries for pedestrians who shared the sidewalk with e-
scooters. In [9], researchers summarized the potential privacy
and security challenges and concerns related to e-scooters,
which was helpful to both riders and service providers.

To ensure traf ¢ safety and improve urban planning, a few
recent studies have sought to enforce regulations and build
public infrastructures for shared e-scooters. Gessling [10]
analyzed local media reports and concluded that urban plan-
ners needed to introduce policies regarding maximum speeds,
mandatory use of bicycle lanes, and the max number of
licensed operators. Kondor et al. [11] demonstrated that actual
bene ts brought by e-scooters highly depended on the avail-
ability of dedicated infrastructure. McKenzie [12] compared
the spatial-temporal trip patterns between dockless e-scooters
and docked bike-sharing services to offer suggestions on pub-
lic policies and transportation infrastructures for e-scooters.

When analyzing the shared e-scooter usage, most of above
works only focused on a particular aspect, such as environmen-
tal impacts [4], [5], [6], injuries [7], [8], security concerns [9],

and infrastructure organization [10], [11], [12]. In this paper,
we harvested millions of tweets covering 18 months to provide
a comprehensive understanding of shared e-scooters. Diverse
techniques like natural language processing (NLP), optical
character recognition (OCR), logo detection and recognition,
and sentiment analysis were applied on heterogeneous Twitter
data (e.g., text, GPS data, images, and emojis) to produce
insights and patterns from multiple perspectives.

I1l1. DATASET

We rst described the data collection and cleanup. Then we
investigated data spatial-temporal distributions.

A. Data Collection

We utilized Twitter s Streaming APIs to crawl real-time
tweets containing either the word scooter or the scooter
emoji ... We collected more than 5.8 million tweets generated
by 2.7 million unique users from October 6, 2018 to March
14, 2020. We also extracted 178,048 different image URLs
inserted in the collected tweets. Among them, 144,197 images
were retrieved successfully and the rest 33,851 images expired.

B. Data Cleaning

One of the challenges when dealing with messy text like
tweets is to remove noise from data. We performed three types
of noise reduction to enhance data analysis step by step. First,
we detected and deleted tweets generated by Twitter bots.
Inspired by the bot detection approach proposed in [13], we
conceived the two types of Twitter users as bots: (1) those who
posted more than 525 scooter-tagged tweets, i.e., more than
one such tweets per day, during the data collection period;
(2) those who posted over 100 scooter-tagged tweets in total
and the top three frequent posting intervals covered at least
their 90% tweets. For the two types of bots, we removed
104,739 tweets created by 90 bots and 8,318 tweets from 18
bots respectively.

When analyzing word co-occurrence, we observed Braun,
Taylor, Scott, Justin, and Swift were among the top 20 words
with the highest co-occurring frequency with scooter in the
same tweet. After careful reviews, we found the scooter in
such tweets might not refer to the real scooter studied in
this paper. Instead, it implied Scott Samuel Scooter Braun,
an American entrepreneur who triggered many hot topics
with other celebrities on social media. Therefore, we removed
scooter-tagged tweets that contained the words of Taylor,
Swift, Justin, Bieber, Scott, Samuel, Braun, Ariana, Grande,
and Borchetta. Thus, 1,541,815 related tweets were deleted.

To further reduce false positives, we designed a set of
keywords to distinguish shared e-scooters from other types
of scooters, such as kick scooters and motor scooters. Specif-
ically, we picked out tweets containing at least one word of
Share and the shared e-scooter brands including Bird, Lime,
Spin, Bolt, gruv, Lyft, Sherpa, VeoRide, Taxify, Jump, Ra-
zorUSA, Scoot Networks, and Skip. Note that our approach is

exible enough to add new shared e-scooter startups for future
investigations. Finally, we put together 416,291 tweets in total
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(including original tweets, replies, retweets, quoted tweets)
and 258,495 unique tweets (excluding retweets). Besides, we
obtained 17,695 images posted along with these tweets.

C. Temporal Distribution

We pro led the temporal distributions of e-scooter related
tweets using two time granularities, i.e., by month and by
hour. Figure 2(a) and 2(b) illustrate the monthly percentage of
posted tweets in different countries. Followed by New Zealand,
United Kingdom, Canada, and Australia, the United States
accounts for more than 82% of all collected tweets. As shown
in Figure 2(a), months in summer contributed the highest
monthly data volumes in the United States in 2019. There is
a signi cant drop when comparing data volumes in Nov. and
Dec. 2019 with that in Nov. and Dec. 2018. We think there are
two possible reasons. First, e-scooter users are more likely to
discuss their riding experience online when trying e-scooters
for the rst time. Second, strict e-scooter regulations and
policies, such as limiting the number of companies authorized
to operate scooters in each city, were imposed in many U.S.
cities in 2019.

Besides the United States, we investigated the monthly
data distributions of other seven countries in Figure 2(b).
The two peaks in New Zealand and Canada occur in local
summer months, which may indicate that e-scooters are used
more frequently during summer. Together with New Zealand,
Australia shows a decreasing trend regarding the monthly data
volume. On the contrary, Germany and India demonstrate an
increasing trend. The amount of e-scooter tweets posted per
month from United Kingdom and France are relatively stable.

We also explored the hourly tweet distributions regarding
both workdays and weekends in the United States, as shown
in Figure 2(c). As we expected, the tweet amount on each day
of the week is lower between 0:00 am and 7:00 am than the
daytime. The most active time during weekdays is between
10:00 am to 5:00 pm (see the orange line). However, the peak
time on weekends is between 12:00 pm and 7:00 pm (see the
blue line). One possible reason is that many riders tend to start
their outdoor activities later on weekends.

D. Geospatial Distribution

We selected the United States as an example to study the
geospatial distribution of e-scooter related tweets at the state
level. The percentage of tweets posted from each state in the
United States is demonstrated in Figure 4(a), where California
(28.8%) and Texas (11.7%) account for more than 40% of
all tweets. We also noticed six (CA, TX, GA, FL, NC, OH)
out of the top ten states with the highest percentages were
among the ten most populous states. After normalizing by state
population, we obtained a relatively smooth distribution, as
shown in Figure 4(b). It is interesting to note that Washington
D.C., one of the least populated states, generated the highest
number of posted tweets per million residents. McKenzie [12]
reported that scooter-share trips in Washington D.C. supported
leisure, recreation, or tourism activities more than commuting,
which may explain our ndings.

IV. ToriCc DISCOVERY

In this section, we explored and summarized underlying
topics about e-scooter sharing services on social media. The
Latent Dirichlet Allocation (LDA) is one of the most widely
used topic models in text mining to gain deep and meaningful
insights from unstructured data. We treated each tweet as
an individual document to build a corpus to train the LDA.
On each document, we rst Itered out commonly used stop
words, then tokenized, lemmatized, and stemmed the rest
words. On the entire corpus, we applied the Term Frequency-
Inverse Document Frequency (TF-IDF) to drop irrelevant
words and give high weights to important ones.

As the LDA model produced a list of words representing
each topic, we manually parsed the word lists and assigned
topic names accordingly. Table | shows the 12 topics we
concluded based on the LDA results (we found the highest
coherence score was achieved when setting the number of
topics as 12.). These topics were further clustered into four
categories, namely Deployment, Stakeholder, Operation, and
Emotion, based on their meanings and domains. Speci cally,
we grouped Transportation, City, and Regulation into the
category of Deployment. Three distinct roles in business, i.e.,
e-scooter riders, gig workers (such as chargers), and e-scooter
operating companies, formed the category of Stakeholder. We
also identi ed four typical aspects that people were concerned
about during scooter operations, including scooter products,
transactions, parking, and injuries associated with e-scooters.
At last, both positive and negative emotions involved in shared
e-scooters were categorized as Emotion. In the following
sections, we will present detailed insights for each category.

V. SCOOTER DEPLOYMENT

In this section, we studied the geospatial distributions of
tweets at the city level, and explored the policies and regula-
tions on shared e-scooters enforced by local authorities.

A. Deployment in Cities

We leveraged tweets geo-tagged with precise GPS (lat, lon)
coordinates to explore the scooter deployment in cities. Within
the United States, we collected 3359 exact GPS coordinates
located in 579 cities. The exact GPS coordinates are demon-
strated in Figure 5(a), where a deeper color indicates a higher
GPS data density. Figure 5(b) shows the GPS data distribution
aggregated by county. From the two gures, we can see
that most extensive scooter deployments occurred in large
cities at East Coast and West Coast, and other metropolises
of the United States. Three cities in California contributed
more than 15.6% of all GPS-tagged tweets Los Angeles
with a proportion of 7.9%, San Francisco (4.2%), and San
Diego (3.5%). Washington D.C.(2.1%), New York (2.1%), and
Miami (1.5%) ranked as the top three in the east coast cities.
In addition, scooters were also very popular in metropolises
including Chicago (2.6%), Austin (2.4%), Nashville (2.3%),
Atlanta (2.2%), Dallas (1.7%), and Denver (1.5%).
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