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A B S T R A C T

E-scooter sharing is a potential feeder to complement public transit for alleviating the first-and-
last-mile problem. This study investigates the integration between shared e-scooters and public
transit by conducting a comparative analysis in 124 European cities based on vehicle availability
data. Results suggest that the integration ratios of e-scooter sharing in different cities show
significant variations and range from 5.59% to 51.40% with a mean value of 31.58% and a
standard deviation of 8.47%. The temporal patterns of integration ratio for first- and last-mile
trips present an opposite trend. An increase in the integration ratio for first-mile trips is related
to a decrease in the integration ratio for last mile in the time series. Additionally, these cities
can be divided into four clusters according to their temporal variations of the integration ratios
by a bottom-up hierarchical clustering method. Meanwhile, we explore the nonlinear effects of
city-level factors on the integration ratio using explainable machine learning. Several factors are
found to have noticeable and nonlinear influences. For example, the density of public transit
stations and a higher ratio of the young are positively associated with the integration ratio to
a certain extent. The results potentially support transport planners to collectively optimize and
manage e-scooter sharing and public transport to facilitate multi-modal transport systems.

1. Introduction

Shared micro-mobility systems, including electric scooter (e-scooter) sharing and bike sharing, have gained popularity worldwide
due to various benefits. Shared e-scooters are usually dockless, they offer greater flexibility and allow for less physical effort due to
their smaller size compared with shared bikes (Gössling, 2020; Gao et al., 2021a; Li et al., 2022; Attard, 2022). E-scooter sharing
has been commonly considered a feasible solution for the first-and-last-mile problem due to its convenience and suitability for
short-distance trips (Zuo et al., 2018; Li et al., 2020; Gao et al., 2021b; Li et al., 2021b). Its potential for seamless integration with
public transit systems paves the way for enhanced multi-modal travel. Thus, understanding the usage patterns of e-scooter sharing
as a feeder mode to public transit is crucial for informing transportation policy and offering strategic improvements.

In recent years, a strand of studies has investigated the integration of shared micro-mobility systems (e.g., e-scooter and bike
sharing) with public transit, such as exploring the relationships between them (Kong et al., 2020; Gao et al., 2023a), analyzing the
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spatial and temporal patterns of first-and-last mile trips using shared micro-mobility (Fearnley et al., 2020; Guo et al., 2023), the
accessibility of shared micro-mobility services (Zuo et al., 2020; Li et al., 2020), the value of shared micro-mobility for solving the
first-and-last mile problems (Baek et al., 2021; Luo et al., 2021; Zuniga-Garcia et al., 2022), and the determinants of travel behavior
using shared micro-mobility as a feeder to public transit system (Cheng et al., 2022; Liu et al., 2022).

However, these studies predominantly focus on bike-sharing systems, with limited attention to e-scooter sharing. Additionally,
hey are often constrained by using data from a single city, limiting the generalizability of conclusions. As far as we know, no study
as examined the integration of shared e-scooters and public transit in multiple cities and conducted a comparative analysis to
eveal their similarity and divergence under various urban contexts. The lack of comprehensive data analytic results from multiple-
ity comparison obstructs the efficient promotion of the integration of e-scooter sharing and public transit towards multimodal
ransportation systems. In addition, single-city research is also insufficient to unravel the mechanism behind data analytic results
oncerning the integration of e-scooter sharing and public transit. Furthermore, a number of built environment (e.g., road network,
ublic transport stops, city size) and socio-demographic factors (e.g., population and employment density) could have substantial
mpacts on the usage of shared micro-mobility for first-and-last mile problem, namely integration of shared micro-mobility and public
ransit systems. These factors vary across cities (Fishman, 2016; Kong et al., 2020). Thus, the integration of shared micro-mobility
nd public transit and the corresponding usage patterns of using shared micro-mobility as a feeder to public transit may vary across
ifferent cities, which needs further explorations to provide insights about the underlying mechanism.

In this study, we collected the vehicle availability data from e-scooter sharing systems in more than one hundred European cities.
ur aim is to investigate to what extent shared e-scooters are used to integrate with public transit for first- and last-mile problems

n a data-driven manner and how the integration is influenced by city-level factors using interpretable machine learning. We aim
o address the following three research questions (RQ).

1. RQ1: Do the integration ratios of shared e-scooters with public transit present similar or distinct patterns in different cities
across space and time?

2. RQ2: What factors can potentially explain the variations in the integration ratios of shared e-scooters with public transit
among different cities?

3. RQ3: What are the quantitative impacts of different city-level features on the integration ratios of shared e-scooters with
public transit among different cities?

By combining the e-scooter sharing trip data with public transit systems, we identify the trips of using shared e-scooters as a
eeder to public transit by developing an inference method. Based on the massive trip data in 124 cities, the integration ratios of
-scooter sharing with public transit at the city level are quantitatively calculated for each city. Herein, the integration ratio is
efined as the percentage of trips using e-scooter sharing as a feeder to public transit over all e-scooter sharing trips. In particular,
he spatial and temporal patterns of integration ratios in these cities are analyzed. A comparative analysis is further implemented
o understand their similarities and dissimilarities using unsupervised clustering methods. Moreover, efforts have been made to
xplain the mechanism behind the differences among different cities. Multi-source data are collected to extract and quantify the
actors depicting city-level features, and utilized to investigate the impacts of these factors on the integration ratio of e-scooter
haring and public transit. A machine learning approach is employed to measure the relationship between potential factors and the
ntegration ratio. Meanwhile, a data-driven interpretation method is leveraged to explain the black box of machine learning and
ncover the nonlinear effects of each factor on the integration ratio. To our knowledge, this is the first study to provide insights
nd knowledge for the above-mentioned three research questions through comparison analysis of more than 100 cities, which offers
nique empirical evidence and support for promoting the integration of shared micro-mobility and public transit.

The remainder of this paper is structured as follows. Section 2 presents a review of relevant literature. Section 3 introduces
he collected e-scooter sharing data and study areas, followed by the methodology in Section 4. Afterward, we present the results
ccompanied by discussions in Section 5. Finally, Section 6 summarizes the findings and potential future work.

. Literature review

Shared micro-mobility services, particularly suitable for short-distance urban travel, are widely utilized as feeders to public transit
n response to first-and-last-mile problem. Many studies have examined the integration of various shared micro-mobility types with
ublic transit, focusing on usage patterns, accessibility evaluation, and behavioral analysis.

.1. Exploring the relationship between shared micro-mobility and public transit

The first strand focuses on exploring the relationship (e.g., competing and complementing) between shared micro-mobility
ystems and public transit systems. Most relevant studies employed survey-based methods to analyze the relationship of shared
icro-mobility with other transport modes (Shaheen et al., 2013; Fishman et al., 2014; McQueen et al., 2021; Montes et al., 2023).

or example, questions such as ‘‘Did you use shared e-scooters to access a bus?’’ and ‘‘How often do you use e-scooters to access
bus?’’ were proposed to examine whether the users utilize the e-scooter sharing for the integration with public transit in surveys

Portland Bureau of Transportation, 2019; Chicago Department of Transportation, 2020). According to survey results in Chicago
epartment of Transportation (2020), the shared micro-mobility systems may compete with or complement public transit systems.

n Chicago, more than 30% of the respondents would use e-scooters to get to or from the stations of public transit such as bus, rail,
2
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Table 1
The summary of numerical findings.

Reference Time Area Main findings

Chicago Department of
Transportation (2020)

2020 Chicago More than 30% of the respondents use shared e-scooters to connect
public transits

San Francisco Municipal
Transportation Agency’s
(2019)

2019 San Francisco Nearly 30% of users use shared e-scooters to connect public transits

6t-bureau de recherche (2019) April, 2019 French About 23% of e-scooter trips are combined with other transport
modes.

Christoforou et al. (2021) May to Jun,
2019

Paris About 37% of e-scooter trips are combined with other transport
modes.

Fearnley et al. (2020) November to
December, 2019

Oslo Nearly 23% of respondents would use e-scooter to connect public
transit modes.

Aarhaug et al. (2023) October to
November 2021

Oslo About 20% of e-scooter trips are combined with other public transit
modes.

Transport for London (2019) June 2021 to
November 2022

London 32% of e-scooter trips were integrated with a mode of public
transit modes.

or Metro. In 2019, nearly 30% of e-scooter users took the e-scooter as the first and last-mile connection tool, according to the survey
made by the San Francisco Municipal Transportation Agency (SFMTA) (San Francisco Municipal Transportation Agency’s, 2019). In
Europe, researchers implemented a quantitative survey in many French cities, where a total of 4382 responses were collected from
users of e-scooter sharing and 21 semi-structured interviews were conducted with Lime users. In this survey, the usage patterns
of e-scooter sharing and user profiles were analyzed, which indicated that about 23% of e-scooter trips were combined with other
transportation modes in France (6t-bureau de recherche, 2019; Laa and Leth, 2020). Christoforou et al. (2021) focused on Paris
and implemented surveys from 7 predefined locations and collected questionnaires from 459 respondents between May and June
2019. The answers covered travel habits, general usage, last trip, and socio-demographic information. Results showed that about
37% of e-scooter trips were combined e-scooters with public transport modes (i.e., buses, metro, Reseau Express Regional, and
streetcar). Between November 8th and December 1st 2019, Fearnley et al. (2020) performed a web survey on e-scooter sharing
usage in Oslo, where 549 responses were collected. According to the results, about 57% of respondents would use e-scooter sharing
in combination with other transport modes. Specifically, nearly 23% of them would use e-scooter sharing as the first- and last-mile
for public transport modes. Aarhaug et al. (2023) also took Oslo as the study area and collected 1921 responses in 2021. The study
reached a similar conclusion, where approximately 20% e-scooter trips were integrated with public transport modes.

Survey-based studies, while providing empirical and useful insights at the aggregated or average levels, often lack the spatial
nd temporal details in their data, which were insufficient for high-resolution analysis (Luo et al., 2021; Naroa et al., 2022).
ith advancements in information and communication technologies, the shared micro-mobility data can be collected passively,

llowing more detailed studies of the relationship between shared micro-mobility and public transport systems based on inference
pproaches (Campbell and Brakewood, 2017; Kong et al., 2020; Zuniga-Garcia et al., 2022; Cheng et al., 2022). A rough idea of the
elationship between shared micro-mobility and public transit is based on the distance of the trip origin and destination to nearby
ublic transit stations (Lin et al., 2019; Chen et al., 2022). For example, Cheng et al. (2022) extracted the integration trips of dockless
ike-sharing services and urban rail transport systems by building a 50-meter buffer for each rail station entrance. However, the
istance to public transit stations is not the only determinant of the relationship between shared micro-mobility and public transit.
onsequently, some studies proposed to combine additional information such as bus schedules, surveys, user characteristics, and
rip purposes, to identify the integration of shared micro-mobility and public transit (Zuniga-Garcia et al., 2022; Luo et al., 2021).
uniga-Garcia et al. (2022) proposed a two-stage framework to assess the relationship between e-scooter sharing and bus transit
ervices by isolating the effects of several factors including spatial location, time of the day, weekday, and weather. To some degree,
heir methods are more reasonable while needing more input information (i.e., more data resources). Taking advantage of these
hared micro-mobility data between June 2021 and November 2022, the Transport for London (TfL) analyzed the usage patterns
f e-scooter sharing comprehensively and found that 32% of e-scooter trips were integrated with a mode of public transport, in
combination of London Councils and three e-scooter operators (Transport for London, 2019). To improve the readability, we

ummarize the numerical findings in Table 1.

.2. The determinants of the integration between shared micro-mobility and public transit

Moreover, some other studies made efforts to investigate the integration of shared micro-mobility and public transport systems
y exploring the determinants. The practical aim is to understand the determinants and promote the integration of shared micro-
obility with public transit by improving relevant factors such as infrastructure or built environments. To name a few, Cheng et al.

2022) employed a quantile regression approach to estimate the nonlinear effects of the built environment on the integration of the
ockless bike-sharing system and urban rail transport in Nanjing, China. Their results demonstrated that built environment factors
3

ad various impacts and magnitudes by selecting a different set of rail stations according to the quantiles of integration demand. For
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example, the relationship between the length of minor roads and the integrated use shows a strong relationship for the stations at
a low quantile, while becoming less significant at medium and high quantiles. Liu et al. (2022) analyzed the impact of passengers’
socio-economic attributes and perceived congestion on the route choice behavior in combined travels using bike-sharing systems
and metro systems. Baek et al. (2021) regarded e-scooter sharing as a potential alternative for last-mile trips and designed a stated
preference (SP) experiment in Seoul to examine the value of travel time of using e-scooter sharing. Their results illustrated that e-
scooters can be better integrated with subway stations. Ziedan et al. (2021) studied the influences of e-scooters on transit ridership
in Louisville, Kentucky, using fixed effects regression models. They found that e-scooter sharing did not have a significant impact
on local bus ridership, but it was unclear if e-scooter sharing could complement public transit as first- and last-mile feeder transport
modes. In addition, Liu et al. (2022) utilized smart card data to explore the route choice behavior of bike-metro trips (i.e., using
bike sharing as the feeder to metro stations). They employed a multinomial logit model to model the route choice behavior and
quantify the impacts of different factors, including passengers’ socio-economic attributes and perceived congestion.

2.3. The comparison among multi cities

Relevant studies have shown the significance of the integration of shared micro-mobility and public transport. However, these
tudies mainly focus on only a certain or small number of cities, ignoring the variety among different cities with different contexts.
ittle attention has been paid to the comparison of the integration of shared micro-mobility and public transport systems in multiple
ities. For instance, Kou and Cai (2019) compared the travel patterns of bike-sharing systems in eight cities, but only the trip distance
nd duration were analyzed without focusing on the integration of bike-sharing with public transit. Li et al. (2022) conducted
comprehensive comparison of shared e-scooter systems in 30 cities from four perspectives, including temporal usage patterns,

tatistical characteristics, utilization efficiency, and wasted electricity during idle time. The integration of e-scooter sharing with
ublic transit was not investigated at all. As far as we are concerned, there is no existing study that reveals and compares the
ntegration of e-scooter sharing with public transit in multiple cities, which is important in determining appropriate and tailored
lanning and management in different urban contexts. Meanwhile, no study has analyzed the quantitative impacts of different
ity-level features on the integration of e-scooter sharing with public transit across different cities, because such a study requires
assive data from multiple cities.

In this study, we address these gaps by employing empirical data on e-scooter sharing from 124 cities to explore how e-scooter
haring systems integrate with public transport. We analyze and compare spatio-temporal integration patterns and utilize multi-
ource data to assess city-level influences on the patterns. By applying explainable machine learning, we aim to elucidate the
on-linear effects of these factors on the integration of e-scooter sharing and public transit, contributing unique insights to this
ield of research.

. Data and study area

To achieve this aim, we collected the vehicle availability data from e-scooter sharing systems across 124 cities in 15 European
ountries for the analysis. These countries include Germany, Sweden, the United Kingdom, Italy, France, Poland, Switzerland,
orway, Austria, Finland, Belgium, the Netherlands, Spain, Hungary, and Slovakia. Significantly, the growing market for shared
icro-mobility in European cities makes them ideal subjects for this analysis (O’Brien, 2021).

The original vehicle availability data includes the locations of all idle shared e-scooters in a city, which are collected continuously
very 10 s. Based on the raw data, the e-scooter sharing trips are extracted using the method in Zhao et al. (2021). For each
ecorded trip, the available information consists of trip ID, e-scooter identifier, longitude and latitude of the origin and destination
f the recorded trip, and starting and ending timestamps of the trip. Due to potential issues like GPS positioning errors or manual
e-balancing operations, trips erroneously recorded were filtered out following the criteria outlined in Li et al. (2022).

Table 2 summarizes the data statistics at the country level. The statistics at the city level of 124 cities are available in the
upplementary materials and not presented herein in case of redundancy. The columns of ‘‘No. City’’, ‘‘No. E-scooters’’, ‘‘No. trips’’
epresent the number of cities, the number of e-scooters, and the number of trips in all cities in the given country, respectively. It
s important to note that the data collection periods across different cities were not the same. ‘‘Days (Sum)’’ in Table 2 denotes the
um of number of days in the data for all cities in a country. ‘‘Days (Max)’’ and ‘‘Days (Min)’’ in Table 2 represent the maximum
nd minimum number of days in the available data of a city in the country, respectively. The period ranges from three months to
ore than one year, reflecting the progressive nature of our data collection process. Cities with earlier data collection, such as cities

n Switzerland, exhibit longer collection periods, whereas some other cities, particularly in the UK, display shorter data collection
uration. ‘‘Average daily trips per city’’ refers to the average daily number of trips per city in a country.

. Methodology

We first collect the vehicle availability data from e-scooter sharing systems and extract all trips using shared e-scooters in each
ity. Secondly, we identify the trips that integrate e-scooter sharing and public transit, namely the trips using shared e-scooters as
he feeder transport mode for the first-mile and last-mile travel to public transit stations. In this regard, the integration ratio of using
-scooter sharing as the feeder to public transport in each city can be attained. Afterward, the spatial and temporal patterns of the
ntegration ratios in different cities are investigated and compared. Lastly, an explainable machine learning method is employed
o explore the influences of city-level factors on the integration. The city-level factors are extracted and fused from multiple data
esources.
4
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Table 2
The summary of the data used for analysis.

Country No. City No. E-scooters No. trips Days (sum) Days (max) Days (min) Average daily trips per city
(Sum days in all cities) (Max days in a city) (Min days in a city)

Austria 4 4,675 1,833,427 880 440 146 2,083
Belgium 2 8,528 669,004 258 129 129 2,593
Finland 3 34,226 8,870,938 1,117 407 350 7,942
France 7 26,724 8,728,435 2,046 446 144 4,266
Germany 44 176,527 46,457,741 10,776 497 129 4,311
Hungary 1 3,211 182,676 147 147 147 1,243
Italy 9 13,679 2,215,159 1,946 479 129 1,138
Netherlands 2 1,276 170,147 293 147 146 581
Norway 5 36,905 12,553,214 1,475 494 163 8,511
Poland 9 16,504 2,132,406 1,932 303 143 1,104
Slovakia 1 1,769 136,648 299 299 299 457
Spain 2 2,468 848,751 425 295 130 1,997
Sweden 16 55,450 13,915,142 4,292 433 145 3,242
Switzerland 7 8,845 2,156,108 2,953 507 130 730
United Kingdom 12 29,709 7,140,771 2,557 306 128 2,793
Total 124 420,496 108,010,567 31,396 – – 3,440

4.1. Identifying e-scooter trips integrating with public transit

As the e-scooter trip data are passively collected, no information can directly reveal whether the user used the shared e-scooter as
feeder to get access to public transit or not, in a specific recorded trip. Several inference methods have been proposed in relevant

iterature to identify such feeder trips. In this study, a straight-forward but widely adopted method is employed. The approach is
ased on the distance between the origin and destination of an e-scooter trip and nearby transit stations (Lin et al., 2018; Chen
t al., 2022; Cheng et al., 2022). An e-scooter trip is regarded as a first-mile trip (FMT) to public transit if the distance between the
nd point of the e-scooter trip and the nearest transit station is smaller than a given threshold and the distance between starting
oint of the e-scooter trip and the nearest transit station is larger than the given threshold. If the distance between the starting point
f an e-scooter trip and the nearest transit station is shorter than a given threshold, and the distance from the ending point of the
-scooter trip to its nearest transit station is larger than the given threshold, the e-scooter trip will be treated as the last-mile trip
LMT). The distance threshold is set as 50 meters according to existing studies (Chen et al., 2022; Cheng et al., 2022). Please note
hat there is no perfect approach to infer whether a trip using e-scooter sharing is integrated with public transit or not. Some other
ethods may combine more information for identifying the integration of e-scooter sharing and public transit. However, considering

hat our study covers the e-scooter sharing data of 124 cities, it is hard to collect additional data for all the cities. Therefore, we
dopt a practically feasible and well-utilized method from the relevant literature.

Again, we focus on the integration ratio of using e-scooter sharing with public transport systems. The integration ratio refers
o the percentage of trips using e-scooter sharing as a feeder to public transit in all trips using e-scooter sharing, reflecting the
robability of using e-scooter sharing to integrate with public transit. For a certain period in a city, the ratio of first-mile integration
rip (RFMT) and the ratio of last-mile integration trip (RLMT) are defined as the number of FMT and LMT divided by the total
umber of e-scooter trips.

𝑅𝐹𝑀𝑇 =
𝑁𝐹𝑀𝑇
𝑁𝑇

(1)

𝑅𝐿𝑀𝑇 =
𝑁𝐿𝑀𝑇
𝑁𝑇

(2)

where 𝑁𝐹𝑀𝑇 and 𝑁𝐿𝑀𝑇 denote the number of FMT and LMT, respectively. 𝑁𝑇 is the total number of e-scooter trips in the period.
The sum of RFMT and RLMT at a given period for a city is defined as the ratio of integration trip (RIT).

4.2. Temporal signature and clustering analysis

We propose a temporal signature to capture the temporal fluctuations (or patterns) of RFMT and RLMT in a city. It is also utilized
to measure the similarities and dissimilarities of integration ratio among different cities. Considering the difference in the covered
periods of data in different cities, the temporal signature is calculated for each city based on the day of the week and the hour of
the day. Specifically, the RFMT and RLMT are first calculated for each hour in a day and in each city. Then, the average value for
a specific hour among different weeks is calculated as the element in the temporal signature, which can be expressed as:

𝑆𝑖 = [𝐸𝑖,1,1,… , 𝐸𝑖,𝑗,𝑘,… , 𝐸𝑖,7,24] (3)

where 𝑆𝑖 is a 1 × 168 vector that covers the average RFMT or RLMT in each hour from Monday to Sunday. 𝑖 is the city number.
𝑗 is from 1 to 7 representing the day of the week, i.e., Monday to Sunday. 𝑘 is from 1 to 24, representing the hour in a day. The
emporal signatures for RFMT and RLMT for 𝑖th city are calculated and denoted as 𝑆𝑓

𝑖 and 𝑆𝑙
𝑖 , respectively.

Additionally, we grouped these cities into different clusters, which can reflect the similarities and dissimilarities between different
roups. To consider both RFMT and RLMT in temporal signatures simultaneously, the RFMT and RLMT for a city are concatenated
nto a new vector (𝑆𝑓𝑙

𝑖 ) with 336 elements, where 𝑖 represents the 𝑖th city. To find the similarity of cities in different levels, a bottom-
p hierarchical clustering method is adopted. Each city (𝑆𝑓𝑙) starts as its own cluster, and then, pairs of clusters are successively
5
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Fig. 1. Illustration of the random forest method.
Source: Cheng et al. (2019).

merged together according to the similarity among clusters. Finally, a hierarchical tree with different levels of similarity is generated,
where cities within the lower level cluster are more similar than the cities within the high level cluster. Specifically, suppose 𝑠, 𝑡
represent the cluster in a lower level, and they are clustered into cluster 𝑢 and 𝑣 in a higher level. To represent the similarity between
different clusters, we adopt the Euclidean distance according to Li et al. (2022), which is defined as:

𝑑(𝑠, 𝑡) =
√

(𝑠1 − 𝑡1)2 + (𝑠2 − 𝑡2)2 +⋯ ... + (𝑠336 − 𝑡336)2 (4)

Afterward, it is necessary to determine the method calculating the distance between newly generated clusters. The Ward’s method
is employed to minimize the variances of 𝑆𝑓𝑙

𝑖 within a group (Ward, 1963). As a incremental, it is formulated as:

𝑑𝑖𝑠(𝑢, 𝑣) =
√

|𝑢| + |𝑠|
𝑇

𝑑(𝑣, 𝑠)2 +
|𝑢| + |𝑡|

𝑇
𝑑(𝑣, 𝑡)2 −

|𝑣|
𝑇

𝑑(𝑠, 𝑡)2 (5)

where 𝑠 and 𝑡 are jointed as the new cluster 𝑢, 𝑣 is other unused clusters in the tree, | ∗ | is the number of elements in this vector
and 𝑇 = |𝑢| + |𝑠| + |𝑡|.

4.3. Influences of city-level factors on RFMT and RLMT

After analyzing RFMT and RLMT, we employ explainable machine learning to quantitatively reveal the potential associations
between the RFMT or RLMT and the factors at the city level. The machine learning method is adopted since it does not make any
assumptions on the relationships between city-level factors and dependent variable, and can unravel the impacts of factors in a
data-driven way (Gao et al., 2021c).

We use the random forest to model the relations between integration ratios and city-level factors. The dependent variables are
RFMT and RLMT calculated in Section 4.1. The explanatory variables at the city level are calculated for each city based on multiple
data sources. As a tree-based model, the random forest has been widely applied, which combines multiple individual decision trees
by using the bootstrapping method to optimize model fit and prediction. The process of a random forest model can be illustrated
in Fig. 1. Different observations are bootstrapped for each tree. Also, the candidate splitting variables in each tree are chosen
by a random selection from the full set of explanatory variables. In each single tree, splitting is continued until the tree reaches
the maximum depth. After estimating base tree models, the majority voting strategy is employed to compute the result. The final
predicted outcome is the average of the predicted values of all trees.

We divide the city-level explanatory factors into five categories, including socio-demographic variables, land use variables, public
transit variables, road network variables, and other variables. Considering that a city encompasses various terrains, such as forests,
mountains, and rivers, where shared e-scooters are not available or rarely utilized, the municipal boundaries of a city do not
accurately represent the real service area of the e-scooter sharing within the city as shared e-scooters mainly operate in central
areas of European cities. Hence, we focus on the e-scooter sharing service areas for our analysis in calculating city-level factors,
and all relevant factors are calculated within the defined service areas. We estimate the service area of e-scooter sharing in a city
using an approach derived from e-scooter trip data in Li et al. (2022). The method mainly contains three steps. (1) For each city,
we determine the range of the e-scooter sharing data by assessing the locations of both trip origins and destinations. (2) Using this
range, we then generate a grid layer with each cell measuring 100 m. The number of trip origins and destinations within each cell
is counted. (3) We eliminate the cells with less than four trip origins and destinations. The remaining cells constitute the e-scooter
sharing service area for the given city.

The socio-demographic variables representing the information of the population are calculated based on the dataset acquired
from the WorldPop Hub (WorldPop, 2023). The website provides spatial raster datasets depicting the population structure — that
is, the count of individuals with different genders and age periods per cell. In each city, we restrict our attention to the dataset
6
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within the defined e-scooter sharing service area and the city-level socio-demographic variables are subsequently consolidated by
gender and age groups. These computed socio-demographic variables encompass population, population density, male proportion,
and ratios of different age groups. To account for the influence of the native, we have also integrated the native-to-foreign resident
ratio to represent the migration level. Since there is no information related to the native at the small range, we procure the data
from the source (City Population, 2016).

Road network variables, including road densities and the proportions of different levels of roads, are sourced from OpenStreetMap
OSM). Before initiating calculations, we first trim the road network to match the calculated service area. The newly adjusted
oad networks are then categorized into distinct levels, including major roads, branch roads, and pedestrian-only roads. The term
‘major road’’ is designated for thoroughfares predominantly used by automobiles. ‘‘Branch roads’’, on the other hand, refer to roads
hat cater to micro-mobility solutions, including cycling lanes and residential streets. Lastly, ‘‘pedestrian-only roads’’ are exclusive
athways for pedestrians, typically maintaining a low-speed limit.

Additionally, leveraging public transportation data from OpenStreetMap, we compute the variables relevant to public transit. We
alculate the density of public transit stations by dividing the number of stations located within the service area by the total area
f the service zone. The public transit stations considered in this analysis encompass bus stops, tram stops, and subway stations. It
hould be noted that the station in the OpenStreetMap refers to station platform, so two station platforms for opposite directions
f a route with the same bus station name are both counted as two stations in this study. Another crucial variable we assess is
he number of public transit trips, which is counted by using the General Transit Feed Specification data (GTFS) in different cities.
enerally, a city with more public transport trips has a higher public transport accessibility.

Besides, some other variables are calculated as summarized in Table 3. There are some differences in the periods and sample
izes of e-scooter sharing data in different cities. To avoid their impacts on analysis, we consider ‘‘Number of trips’’ and ‘‘Number
f days’’ to represent the number of collected trips and the number of days in each city, respectively. Two time-related factors

‘Weekday’’ and ‘‘Period of the day’’ are considered. The hours are grouped according to the change in RFMT and RLMT (Fig. 5),
.e., [3:00, 9:00), [9:00, 15:00), [15:00, 21:00), [21:00, 3:00). Additionally, the number of e-scooters will affect the convenience of
-scooter sharing and consequently influence the integration ratio with public transit. So the feature ‘‘Number of e-scooters’’ is also
aken into account. The detailed description of city-level factors is summarized in Table 3.

.4. The interpretation of model results

After modeling the relationship between RFMT (or RLMT) and city-level factors, we leverage a data-driven interpretation
echnique to reveal the relationship. Partial dependence analysis has been widely used to investigate nonlinear effects in many
elevant studies (Wang et al., 2022; Pérez-Fernández and García-Palomares, 2021). However, an assumption of partial dependence
nalysis is that the features have no correlation with each other, which may be violated in empirical studies. We use an
lternative method, accumulated local effect analysis. The accumulated local effect analysis still works even if the used features
re correlated (Gao et al., 2023b), and can be formulated as:

𝐴𝐿𝐸(𝑥𝐼 ) = ∫

𝑥𝐼

min(𝑥𝐼 )
𝐸𝑥𝑅|𝑥𝐼 [

𝜕𝛷(𝑥𝐼 , 𝑥𝑅)
𝜕𝑥𝐼

|𝑥𝐼 = 𝑘𝐼 ]d(𝑘𝐼 ) − 𝑐𝐼

= ∫

𝑥𝐼

min(𝑥𝐼 )
∫

𝜕𝑓 (𝑥𝐼 , 𝑥𝑅)
𝜕𝑘𝐼

P(𝑥𝐼 |𝑘𝐼 )d𝑥𝐼d𝑧𝐼 − 𝑐𝐼 (6)

where 𝜕𝜙(𝑥𝐼 ,𝑥𝑅)
𝜕𝑥𝐼

represents the gradient at the point and the local effect of 𝑥𝐼 on the dependent variable. The gradient can be replaced
y the first-order difference if the utilized model has no gradient. Since the accumulated local effect analysis ignores the outlier
alues by involving conditional distribution, the estimated local effect of a feature on the dependent variable is not impacted by
he correlation. More technical details about accumulated local analysis are available in Molnar (2020).

. Results and discussion

.1. The integration ratio of first-and-last-mile trips

The distribution of RIT is shown in Fig. 2. The RIT, namely the proportion of e-scooter sharing being used as the feeder tool from
r to public transit stations, shows considerable variation across cities. The value of RIT ranges from 5.59% to 51.40% in different
ities. The mean value is 31.58% and the standard deviation is 8.47%. In over 76 cities, the RIT exceeds 30%, indicating that in
hese cities, more than 30% of e-scooter trips are integrated with public transit systems. However, a few cities have a very low
ntegration ratio. For instance, Corby in the UK has the lowest RIT (5.59%). It suggests that e-scooter sharing is not commonly used
or first-and-last-mile connections to public transit in Corby. Notably, two other UK cities, Oxford and Portsmouth, also demonstrate
igh RIT values, with Oxford exceeding 50%, the highest in our study. This manifests that e-scooter sharing is popular as a feeder
o public transit in Oxford and Portsmouth.

To validate our findings, we conducted a comparative analysis of our RIT values with existing studies based on surveys or other
pproaches. In Paris, our RIT value is about 32.4%, marginally lower than the 37% reported by Christoforou et al. (2021). The
IT value for London in our study is around 35%, slightly exceeding the 32% derived from surveys by Transport for London but
ery close to it (Transport for London, 2019). A small discrepancy is observed for the results in Oslo, where our results indicate
hat 26% of e-scooter sharing trips are integrated with public transport, slightly larger than 23% and 20% reported in Fearnley
7
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Table 3
The description of considered factors.

Explanatory variables Unit Definitions Min Max Mean

Socio-demographic features
Service Area km2 The service area was estimated by using the e-scooter

data
0.443 422.605 45.107

Population Number of individuals living in the service area 1739 2,123,080 183,247

Population density /km2 The population within the service area divided by the
size of the service area

624.33 17,620.95 3685.14

Male ratio % Number of males divided by the population of the given
city

46.71% 50.42% 48.74%

Ratio of the young % Number of individuals aged 15–29 divided by the
population of the given city

12.67% 23.95% 16.89%

Ratio of the adult % Number of individuals aged 30–50 divided by the
population of the given city

22.27% 33.82% 26.30%

Ratio of the elder % Number of individuals aged 50–65 divided by the
population of the given city

11.90% 23.74% 19.44%

Other ratio % Number of individuals aged smaller than 15 or bigger
than 65 divided by the population of the given city

30.33% 41.25% 37.37%

Ratio of the native % The percentage of native individuals in a city 50.00% 96.93% 83.03%

Land use variables
Ratio of commercial % The percentage of commercial area in the service area 0.0% 19.3% 4.82%

Ratio of industrial % The percentage of industrial area in the service area 0.0% 22.3% 4.9%

Ratio of leisure % The percentage of leisure area in the service area 1.1% 66.8% 8.0%

Ratio of residential % The percentage of residential area in the service area 2.2% 92.6% 69.4%

Ratio of retail % The percentage of retail area in the service area 2.9% 16.1% 2.9%

Road network variables
The length of road km The length of roads within the service area of a city 58.797 47,060.053 552.320

Ratio of major roads % The length of major roads divided by the total length of
road network in a city

6.9% 40.1% 18.4%

Ratio of branch roads % The length of branch roads divided by the total length of
road network in a city

15.8% 76.3% 46.7%

Ratio of pedestrian-only roads % The length of pedestrian-only roads divided by the total
length of road network in a city

7.9% 73.6% 34.9%

Density of major roads km/km2 The length of major roads divided by the area of the city 10.588 64.400 23.235

Density of branch roads km/km2 The length of branch roads divided by the area of the city 31.557 143.131 59.196

Density of pedestrian-only roads km/km2 The length of pedestrian-only roads divided by the area
of the city

13.678 124.763 45.815

Public transit variables
Station density /km2 The number of public transit stations divided by the area

of the city
1.347 69.820 17.250

Number of public transit trip The number of public transport trips counted by GTFS
data

32 271 283 30 111

Other features
Number of trips The number of collected trips in the given city 2243 14,478,828 871 052

Number of days The number of days in the given city 128 507 253
Time features
Workday The value is 1 if the trips are in workday, otherwise is 0 0 1 –

Period of the day The period of the day, which has four values 0 [3:00,
9:00), 1 [9:00, 15:00), 2 [15:00, 21:00), 3 [21:00, 3:00)

0 3 –

Supply
Number of e-scooters The number of e-scooters in the given city 264 41,592 3391
Location
Longitude The longitude of the city −5.989 24.938 9.565

Latitude The latitude of the city 36.718 63.431 51.427

et al. (2020) and Aarhaug et al. (2023), respectively. These comparisons reveal that our RIT values are consistent with those from
other sources, underscoring the reliability of our analysis. The observed differences could stem from various factors, including
survey methodologies, respondent biases, and distinct definitions of public transit. In summary, this empirical comparative analysis
substantiates the credibility of our findings.
8
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Fig. 2. The distribution of RIT (the ratio of integration trip).

Fig. 3. The spatial distribution of RIT.

5.2. Spatial pattern analysis

The spatial distribution of the integration ratio is depicted in Fig. 3. The results exhibit a clear pattern with higher RIT values
in cities located in areas 𝐴 and 𝐵 (mainly in the UK and France), while cities in area 𝐶 (including Germany, Austria, Italy, etc.)
tend to have lower RIT. RIT in cities of area 𝐷 is the lowest among all the areas. One potential explanation is that cities in area 𝐷
experience lower temperatures compared to other areas, particularly in winter. Consequently, e-scooter sharing is less preferred as a
mode of connection with public transport in colder weather. To quantify this spatial pattern, we calculate the spatial autocorrelation
of RIT using Moran’s I and obtain a value of 0.248, with significance at the confidence level of 99% (𝑝 < 0.001). This suggests that
the RIT in a city is more similar to that of an adjacent city than that of a distant city, indicating the presence of spatial dependency
in the integration ratio. However, it is important to note some exceptions. For instance, Corby in area 𝐴 exhibits the lowest RIT,
while Leipzig in area 𝐶 records an RIT of 47.96%, surpassing most other cities in the same area.
9
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Fig. 4. The hierarchical relationship of the temporal features for the RFMT and RLMT between cities.

5.3. Temporal pattern analysis and clustering

Fig. 4 visualizes the results of hierarchical clustering based on the temporal signature in Section 4.2. The 𝑥-axis represents the
distance between clusters, which is calculated using the Ward linkage. The 𝑦-axis represents the cities, but their names are omitted for
readability. A version of the figure including city names is available in the supplementary materials. Adjusting different thresholds
for clustering may lead to different clustering results. According to the shape of the clustering hierarchical tree, we use a threshold
shown in the gray line in Fig. 4 to divide the cities into four clusters.

In Fig. 5, we further present the average temporal signatures of cities in each cluster on a weekly basis. These clusters differ
primarily in the magnitude for average RFMT and average RLMT, the range of RFMT and RLMT, and fluctuation in temporal patterns
of RFMT and RLMT. We display the average temporal signatures of all cities in black and gray dash curves in Fig. 5 as benchmarks,
which are helpful for identifying the differences in temporal signatures in different clusters. The unique patterns of each cluster can
be interpreted as follows:

• Cluster 1 (Fig. 5(a)): Cluster 1 has the largest variations in RFMT and RLMT values, as compared to other clusters. The RFMT
values of the cities in Cluster 1 range from 0 to 30.69% with a standard deviation being 7.42%, while the RLMT values vary
from 0 to 31.18% with a standard deviation being 7.57%. Cities, including Bristol, Liverpool, Oxford, and Trzebinia, have zero
RFMT and RLMT values at midnight. This is likely ascribed to the fact that e-scooter sharing in these cities is not available at
midnight due to regulations. For example, the business operation time of e-scooter sharing in Oxford is between 4 a.m. and
10 p.m (Oxford E-scooter, 2022).

• Cluster 2 (Fig. 5(b)): Cluster 2 contains 71 cities from Austria, Belgium, Finland, France, Germany, Italy, Norway, Poland,
Spain, Sweden, Switzerland, and the United Kingdom. This cluster consists of most cities, while the ranges of RFMT and RLMT
in Cluster 2 are lower than those of Cluster 1. The ranges of RFMT and RLMT are 14.16%–24.18% (the mean and standard
deviation are 16.90% and 2.15%) and 12.60%–19.24% (the mean and standard deviation are 17.08% and 1.31%), respectively.
The smallest RFMT and RLMT values of this cluster are higher than 0, as e-scooter sharing is still operating at midnight in
these cities. The cities in the same country may have different regulations for e-scooter sharing. For example, two UK cities,
e.g., London and Birmingham, are in Cluster 2, because both two cities have no restrictions and can be used at midnight. In
terms of the fluctuation in the temporal patterns (Fig. 5(b)), temporal patterns of RFMT and RLMT in this cluster are distinct
from those in Cluster 1. There is one obvious peak for both RFMT and RLMT on each day of the week. The peak of the average
RFMT occurs at midnight when the RLMT reaches the lowest point. As for RLMT, the peak in each day is around 11 p.m.,
where the value of RLMT is small.

• Cluster 3 (Fig. 5(c)): Cluster 3 contains 12 cities. Compared with Cluster 2 (Fig. 5(b)), the average magnitudes of RFMT and
RLMT are higher in Cluster 3. The RFMT ranges from 17.90% to 31.76% and the range of RLMT is from 16.76% to 31.00%,
10
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Fig. 5. Temporal signature of RFMT and RLMT during one week for each cluster. 𝑌 -axis shows the values of RFMT or RLMT. The black and gray dash curves
are the average temporal signatures of RFMT and RLMT among all cities, and are used for comparison benchmarks.

where the mean value for RFMT and RLMT are 22.43% and 22.85%, respectively. Similar to Cluster 2 (Fig. 5(b)), the peaks
of RFMT and RLMT in Cluster 3 are at the midnight. However, the temporal changes of RFMT and RLMT in Cluster 3 display
fluctuating patterns. On the contrary, there is no obvious increasing or decreasing pattern during the daytime, as displayed in
Fig. 5(b).

• Cluster 4 (Fig. 5(d)): This cluster contains 31 cities. The temporal patterns of RFMT and RLMT are similar to those in Clusters
2. However, the magnitudes of RFMT and RLMT are lower than those in Cluster 2, with the RFMT ranging from 7.2% to
16.37% and the RLMT ranging from 7.26% to 12.80%, where the mean value for RFMT and RLMT are 10.73% and 10.80%,
respectively. The temporal pattern of the RFMT is similar to that in Cluster 2, with a clearly visible peak during the daytime.
According to Fig. 5(d), we can find that the temporal pattern of RFMT is similar to that in Cluster 2 (Fig. 5(b)), where the
RFMT shows a decreasing trend after reaching the peak at about 5 a.m.. However, the temporal pattern of RLMT is similar to
that in Cluster 3 (Fig. 5(c)), which does not show a clear increasing or decreasing trend.

Although the four clusters show some distinct temporal patterns of RFMT and RLMT, they also present some similarities. Overall,
the temporal patterns of RFMT and RLMT have opposite trends. More specifically, an increase in RFMT generally accompanies a
decrease in RLMT. The phenomenon is particularly prominent in Cluster 2 (Fig. 5(b)). Cluster 1 is an exception where the values of
RFMT in the early morning (around 5 a.m.) tend to be higher than those during the daytime as the e-scooter sharing system closes
at midnight. This may be because fewer public transit services are available in the early morning, as many lines of public transport
are still not open. Therefore, more people will use e-scooters to go to a farther public transit station with public transit services.

Furthermore, in Fig. 6, we present a summary of city-level variables, comprising two subfigures. Fig. 6(a) provides an overview
of socio-demographic and land-use variables, while Fig. 6(b) summarizes infrastructure-related and supply variables. Each line in
the sub-figures represents a cluster, and each point of the line represents the mean value of a specific city-level variable for the
cities within that cluster. To ensure comparability, we normalize the variable values by dividing them by their respective maximum
values.

Analyzing Fig. 6(a), we observe that among the four clusters, only population and population density exhibit noticeable variance.
On the other hand, other demographic variables, such as the ratio of the young, and the elderly, and gender distribution, show limited
11
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Fig. 6. The summary of city-level variables. The values of a factor are normalized by the maximum value among the cities for the convenience of comparison,
so the value of a factor is between 0 and 1.

Table 4
Performance metrics of random forest algorithms.
Performance metrics RFMT RLMT

Coefficient of determination (R2) 0.915 0.941
Root Mean Square Error (RMSE) 1.28% 1.07%
Explained Variances (ER) 0.957 0.970

differences between the clusters. Regarding land-use variables, the Residential ratio does not display significant variation when
compared to the other four land use variables. Notably, each cluster achieves the highest value in certain categories. For instance,
Cluster 1 attains the maximum value for the Retail ratio, Cluster 2 has the highest Commercial ratio, Cluster 3 is predominantly
focused on the Leisure ratio, and Cluster 4 demonstrates the highest Industrial ratio.

Regarding infrastructure, there is a distinct disparity in the ratio of major roads and branches among the clusters. Clusters 1
and 3 are characterized by a higher percentage of major roads, while Clusters 2 and 4 exhibit a greater proportion of branch roads.
Notably, there is a high correlation between the length of roads and different types of roads, leading to a shared pattern among
them. Particularly, cities within Cluster 2 stand out with the maximum mean value for various road variables, including the length
of roads, length of major roads, length of branch roads, and length of pedestrian-only roads. Conversely, the curves of the other three
clusters are closely aligned and show minimal differentiation in these road-related variables. Furthermore, it becomes evident that
Clusters 1 and 2 boast higher E-scooter density and Station density compared to the other clusters, indicating distinctive mobility
infrastructure characteristics in these particular clusters.

Additionally, Fig. 7 presents a spatial representation of the clustering results. While the figure offers valuable insights, its
interpretability is somewhat limited. For example, the second cluster is primarily concentrated within Western Europe, such as
Germany, Switzerland, Austria, etc. The fourth cluster is mainly located in Northern Europe. However, the boundaries between
different clusters are not clear. This is due to the fact that the integration ratios of different cities are impacted by various factors,
with location being just one of them. In addition, the uneven distribution of cities across clusters further impacts the visualization’s
meaning. Cluster 1 encompasses merely 4 cities, whereas Cluster 2 comprises over 70 cities. Hence, it is necessary to invest more
effort into delving into the factors impacting the integration ratio in different cities.

5.4. Influences of city-level factors

We model the effects of various city-level factors on RFMT and RLMT using two separate random forest models, where only a
part of variables within Table 3 are selected. We adopt these variables by avoiding the correlation between them, and the two final
models are built with the highest 𝑅2. The predictive performance of the two models is summarized in Table 4. The results show
that the used models have pretty good performance in modeling the effects of city-level factors with a 𝑅2 of around 0.915 for RFMT
and 0.941 for RLMT and thus sufficient to reflect the impacts of different factors on the RFMT and RLMT.
12
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Fig. 7. Spatial representation of clustering results.

Fig. 8 shows the importance of adopted variables that are estimated by using SHapley Additive exPlanations (SHAP) values.
SHAP value is based on the game theory and more details can be found in Lundberg and Lee (2017). Figs. 9, 11, 10, and 12 present
quantitative influences of selected factors on RFMT and RLMT. In each figure, the 𝑥-axis shows the value of a factor and the 𝑦-axis is
the predicted difference in RFMT or RLMT with a unit of % when the factor changes, i.e., the accumulated local effect value (ALE).
The impact of these variables are analyzed and discussed along with the feature importance.

Fig. 9 illustrates the impact of socio-demographic features on RFMT and RLMT. The population density does not show a single
consistent pattern. Compared with the RLMT, the population shows a more significant impact on RFMT. A denser population will lead
to a higher integration ratio for the first mile. For the RFMT, the integration ratio will increase along with population density. When
the population density surpasses 13 thousands per square kilometer, the impact becomes opposite (i.e. decreasing impact), which
may be attributed to a special case in a city. The integration ratio approximately increases with a higher ‘‘Ratio of the native’’ in a
city, which implies the native people contributes to more usage of e-scooter sharing users for connecting to public transit. Fig. 9(c)
shows that a higher ‘‘Ratio of the young’’ is positively related to the integration ratio when the ‘‘Ratio of the young’’ is smaller
than 17.5%. This is reasonable and in line with some prior studies as e-scooter sharing has been indicated to be more prevalent
among young people (Oeschger et al., 2023; Pazzini et al., 2022; Montes et al., 2023; Brussels, 2019). For example, the young
people take up half of all the e-scooter users in Brussels (Brussels, 2019). Montes et al. (2023) found the young preferred to select
shared micro-mobility as the connecting tool. However, after the ‘‘Ratio of the young’’ continues increasing after 0.175, it can be
observed that the integration ratio decreases with the ‘‘Ratio of the young’’. A stronger impact of ‘‘Ratio of the young’’ on the RLMT
than RFMT can be observed. It can be explained from the following perspectives. First, although the young ratio increases, it does
not necessarily mean that more young users use e-scooters to connect to public transport. The users may use e-scooters for other
trip purposes. Second, the ‘‘Ratio of young’’ may be correlated to some other determinants that are not considered in our analysis,
which needs more exploration with more data in future studies. Third, the reason why the impact on RFMT is more pronounced
compared with RLMT may be that the young may focus on the first mile more than the last mile. The public transport has scheduled
timetables, and the passengers need to catch the public transport on time. But for the last-mile trips, the passengers are generally
13
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Fig. 8. Feature importance of adopted factors estimated by SHAP.

Fig. 9. The effects of socio-demographic features on the RFMT and RLMT. The unit of 𝑌 -axis is %. The unit of 𝑋-axis for each figure is within the parentheses
of each sub-figure.

more flexible and do not need to consider the schedules of public transit anymore or strict time constraints, resulting in less urgency
for using e-scooter sharing for quick or on-time last-mile connections than the first-mile trips.

In terms of land use features, the ratios of commercial, industrial, residential, and retail area are analyzed. According to Fig. 8,
the ratio of residential area has the lowest impact on RFMT and RLMT. Thus, we focus on the remaining three land use variables,
whose impact on RFMT and RLMT are shown in Fig. 10. Within the three variables, the impacts of ‘‘Commercial ratio’’ and ‘‘Retail
ratio’’ on RFMT and RLMT have similar patterns. RFMT and RLMT increase along with the ‘‘Commercial ratio’’ and ‘‘Retail ratio’’,
which means a city with more commercial and retail activities has higher integration ratio of e-scooters with public transit. However,
the ‘‘Industrial ratio’’ will negatively relate to RFMT and RLMT as demonstrated in Fig. 10(a). A potential explanation is the area
with industrial purpose is far away from the city center and generally are not well connected with public transit. Thus, the short
distance micro-mobility service for connecting to public transit is not prevalent.

The road network variables and public transit variables are together shown in Fig. 11. As for road network variables, only
‘‘Density of branch road’’ (Fig. 11(a)) shows noticeable impacts, though not as significant as other factors. RFMT and RLMT decrease
at the beginning and then keep stable with an increase in ‘‘Density of branch roads’’ (Fig. 11(a)). The potential reason is that more
branch roads are facilitators of using e-scooter sharing for various travel purposes (e.g., entertainment), rather than the usage of
e-scooter sharing to public transit stations, which indirectly results in decreases in RFMT and RLMT. However, the decreasing trend
ends after a certain threshold. ‘‘Station density’’ has obvious effects on RFMT and RLMT (Fig. 11(b)). The larger the density of public
transit stations is in a city, the higher the RFMT and RLMT. The findings are reasonable as more public transit stations in a city
14
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Fig. 10. The effects of land use features on the RFMT and RLMT. The unit of 𝑌 -axis is %. The unit of 𝑋-axis for each figure is within the parentheses of each
sub-figure.

Fig. 11. The effects of Road network and Public transit features on the RFMT and RLMT. The unit of 𝑌 -axis is %. The unit of 𝑋-axis for each figure is within
the parentheses of each sub-figure.

mean higher accessibility to different places using public transit, which is beneficial for increasing the usage of e-scooter sharing
as the feeder to public transit. It should be noted that when the station density is over a threshold (about 15), its effects on RFMT
and RLMT are not noticeable anymore. Although ‘‘Number of PT trips’’ does not have a significant impact on RFMT and RLMT as
the previous two factors, the impact curves still show obvious patterns. The integration ratio will increase along with the number
of public transport trips, which means the promotion of the public transit’s accessibility can promote the usage of e-scooter sharing.

The relation of ‘‘Density of e-scooters’’ (i.e., the supply) is shown in Fig. 12(a). When ‘‘Density of e-scooters’’ is very small,
the values of RFMT and RLMT increase sharply with ‘‘Density of e-scooters’’, implying that increasing the supply can enhance the
integration ratio of e-scooter sharing and public transit. However, when ‘‘Density of e-scooters’’ exceeds 250, this variable’s impact
becomes stable, meaning the supply can satisfy the demand of e-scooters. According to Fig. 12(b), it is found that RFMT and RLMT
increase with the size of the service area of e-scooter sharing. However, when the service area is over a threshold (about 100 km2),
it does not show further effects, as displayed in Fig. 12(b). A potential explanation is that the first-and-last mile problem is more
serious in larger cities so the e-scooter sharing will be more useful as the integration tool. Figs. 12(c) and 12(d) show the impact
of cities’ locations on RFMT and RLMT. According to Fig. 12(c), RFMT and RLMT decrease along with Longitude. Although there
is an increase after about 15, the increase could be ignored. It means along with the east–west direction, the RFMT and RLMT
become smaller. Similarly, the Latitude also has a negative impact on RFMT and RLMT (Fig. 12(d)), meaning the city with high
latitude tends to have a smaller RFMT and RLMT. It can be easily found that the findings based on the location variables match with
the spatial patterns shown in Fig. 3. Based on Figs. 12(e) and 12(f), the impact both variables on RFMT and RLMT show opposite
patterns. Compared with ‘‘Is Workday’’, the ‘‘Periods of a day’’ has more significant impacts on RFMT and RLMT based on Fig. 8.
From the first period (3:00–9:00) to the fourth period (21:00–3:00), the value of RFMT reduces, indicating a lower percentage of
e-scooter sharing trips as an integration tool. The finding is in line with the temporal tendency in Fig. 5. The value of RFMT in the
first period is higher. This is probably because more people commute to their workplaces or schools in the morning peaking hours,
where e-scooter sharing is an expedient option to go to public transit stations. In comparison, the value of RLMT in the first period
is lower than that in the third and fourth periods. This may be attributed to the increased demand for using e-scooters as egress
mode from public transit stations for entertainment or other trips after work and in the evening. The effects of ‘‘Workday’’ on RFMT
and RLMT present contrary directions as well (Fig. 12(f)).
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Fig. 12. The effects of other features on the RFMT and RLMT. The unit of 𝑌 -axis is %. The unit of 𝑋-axis for each figure is within the parentheses of each
sub-figure.

6. Conclusion

This study provides a large-scale analysis of how e-scooter sharing is integrated with public transit for the first-and-last-mile
problem. Specifically, the spatial and temporal patterns of integration ratios of e-scooter sharing with public transit in 124 European
cities are analyzed and compared. Meanwhile, we investigate the non-linear effects of city-level factors on the integration ratio of
e-scooter sharing with public transit using machine learning and a model-agnostic interpretation method. The main findings of this
study are summarized as follows.

First, the integration ratio of e-scooter sharing with the public transit system shows large variations among different cities. The
integration ratios among 124 European cities range from 5.59% to 51.40% with a standard deviation of 8.47%. For instance, in
cities like Corby, e-scooter sharing shows poor integration as a feeder mode for public transit. In addition, the integration ratio of
e-scooter sharing with public transit presents obvious spatial dependency. The cities with high RIT are mainly located in central
Europe and the UK. The cities within Northern Europe generally have a lower integration ratio.

Second, we analyze the temporal patterns of RFMT and RLMT in different cities. Different cities are divided into four clusters
using a hierarchical clustering method (Fig. 5). The temporal patterns of RFMT and RLMT show an opposite trend. The increasing
tendency of RFMT generally coexists with a decrease in RLMT. More importantly, the temporal patterns in different cities are
obviously and significantly divergent in terms of range, fluctuation patterns, and magnitude, which are extensively discussed.

Third, we explore the non-linear impacts of various city-level factors, such as socio-economic, road network, and public transit
factors, on RFMT and RLMT values, offering insights into enhancing integration. Several factors have noticeable influences on RFMT
and RLMT. For example, public station density is positively associated with both RFMT and RLMT. Compared to ‘‘Workday’’, ‘‘Periods
of a day’’ has a larger impact on the integrated usage of e-scooter sharing and public transit. Higher ratios in the young are positively
related to the value of RFMT and RLMT.

Overall, the findings are useful for city planners and policymakers to develop evidence-based policies regarding the implementa-
tion of micro-mobility in different city contexts. However, it is important to acknowledge some limitations that need to be addressed.
First, we identify the integration relationship between e-scooter sharing and public transit only depending on the spatial relationship,
i.e., the Euclidean distance, between trip origin/destination and their nearby public transit stations. Although the method has
been implemented in many studies, it is still coarse. Additional information, including trip distance, origin and destination times,
timetables of public transit and the distribution of Points of Interest (POIs) around trip endpoints, could be utilized for more accurate
integration analysis of shared micro-mobility and public transit (Kong et al., 2020; Luo et al., 2021). In the future, we will focus on
an analysis of fewer cities and develop a more robust method to identify the integration trip at the trip level using both passively
16
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collected data and actively collected data from questionnaires. Second, there are some potential influencing factors that we ignored
due to data limitations such as education level and income. These factors could potentially relate to user behavior and thus the
integration of e-scooter sharing with public transit. It is rather interesting to investigate the impacts of these factors if more data
resources are available. Another important point to mention is that the relations of factors in the models are statistical correlations,
Third, this study does not distinguish the integration of e-scooter sharing with different public transit modes. This is because public
transit modes significantly differ across cities. For instance, cities such as Milan and Paris have extensive metro systems, while Zurich
does not have metro systems. However, the interaction between e-scooter sharing and different types of public transit may vary.
The limitation presents an intriguing research opportunity to concentrate on cities with similar public transit modes and investigate
the nuances in their interplay. Moreover, we only focused on how the e-scooter sharing integrated with the public transit system,
i.e., the complementary role of e-scooter sharing, while the e-scooter sharing could also compete with existing transport services.
For example, the e-scooter sharing, as a shared micro-mobility service, can substitute the public transit system as well (Li et al.,
2021a; Ziedan et al., 2021; Guo et al., 2023). Therefore, it will present a more comprehensive picture of the impacts of e-scooter
sharing on public transport by considering both the complementary and substitution roles. Unraveling the substitutions of e-scooter
sharing to other transport modes in multiple cities is a promising direction for future work.
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