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 A B S T R A C T

The popularity of urban micromobility has steadily grown in cities worldwide. There is a lack of comparative 
studies investigating factors influencing the travel behavior of shared micromobility in Europe. From this, we 
investigate shared bicycle, e-scooter, and e-moped usage in Berlin based on trip data from September 2019 
to March 2022. We incorporate a comprehensive set of spatial, temporal, weather-, fleet size-, and COVID-
19-lockdown-related factors. To account for significant over-dispersion in our hourly resolved panel dataset 
for 542 traffic analysis zones, we employ a functional spatiotemporal regression model to estimate variables 
of trip counts for the three micromobility modes. Our descriptive results reveal spatiotemporal characteristics 
of shared bicycle, e-scooter, and e-moped usage and significant growth of operating fleet sizes in Berlin in 
recent years. We provide evidence that fleet expansion does not lead to a proportional increase in trips, 
implying competitive effects among operators limit potential growth. As urban space is scarce and regulations 
on fleet sizes are lacking, urban planners and service providers use these findings and complementary studies 
to plan fleets and their allocation optimally. Impacts associated with land use vary between modes and 
allow for demand-based planning. Precipitation is the most impactful factor among the weather variables and 
shows a pronounced adverse effect on all three modes. COVID-19-lockdown phases had no significant effect 
on e-mopeds. While bicycles were moderately affected, e-scooter trips decreased significantly. The findings 
can help policymakers and micromobility operators further optimize sharing mobility services and facilitate 
evidence-based strategies for the spatial and temporal design of micromobility.
1. Introduction

Micromobility services have become popular and increasingly rele-
vant in urban transportation in recent years. The term micromobility 
encompasses small vehicles such as electric scooters (e-scooters), bicy-
cles, and electric mopeds (e-mopeds) (Society of Automotive Engineers, 
2019; Santacreu et al., 2021). Shared micromobility services are pro-
posed as a way to complement public transport by providing short-trip 
options that could address the first- or last-mile gap, however, the liter-
ature presents conflicting evidence on their effectiveness (Echeverría-
Su et al., 2023; Cao et al., 2021).

In various studies, transportation research has explored the usage 
patterns of micromobility services across various spatial and temporal 
dimensions, focusing on cities in North America (U.S.) (McKenzie, 
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2019, 2020; Caspi et al., 2020), Southeast and Central Asia (Zhu 
et al., 2020), and Europe (Heumann et al., 2021). These studies have 
examined factors such as the day of the week (McKenzie, 2019; Bai and 
Jiao, 2020a), urban built environment (Bai and Jiao, 2020b), socio-
economic parameters like educational level or average income (Bai 
and Jiao, 2020a), and weather conditions (Noland, 2021; Hosseinzadeh 
et al., 2021a). The findings from these studies are invaluable for 
developing evidence-based policies and measures for urban and trans-
portation planners, policymakers, and micromobility service providers 
(operators), helping improve fleet management, spatial distribution, 
and pricing strategies based on varying conditions.

In comparison to cars and public transit, micromobility services 
could be more sensitive to weather conditions due to the drivers 
unprotected exposure to weather conditions. While several studies have 
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examined the impact of weather and other factors on micromobility ser-
vices in U.S. cities, there remains a need for further research, especially 
in European contexts (Hosseinzadeh et al., 2021b). Noland (2021) em-
phasizes the importance of conducting studies in climates different from 
that of Austin, Texas, to enrich the scientific discourse. Furthermore, 
the expansion of micromobility fleets presents additional challenges to 
urban planning and micromobility operators, like inefficiencies in fleet 
deployment and utilization or blocked sidewalks, which are not yet 
fully understood (Díaz et al., 2024; James et al., 2019). Although Reck 
et al. (2021) observed effects on mode choice due to fleet size in their 
model, they called for further research on the implications of vehicle 
availability and fleet size.

In this study, we focus on the three micromobility modes currently 
operating in Berlin: e-scooters, bicycles, and e-mopeds. These modes are 
shared and free-floating (dockless) but differ significantly. For instance, 
unlike bicycles, e-scooters and e-mopeds are electrically motorized. 
E-scooters can travel up to 20 km∕h without mandatory helmet use, 
whereas e-mopeds can reach speeds of up to 45 km∕h, with helmet use 
being obligatory. The higher speed and greater battery capacity of e-
mopeds enable longer journeys within the city, making it crucial to 
compare them with other micromobility modes. Despite these differ-
ences, joint analyses of all three modes have been limited, particularly 
concerning e-mopeds.

Our analysis is based on data collected from three micromobil-
ity providers operating in Berlin: Tier Mobility GmbH (2024) (e-
scooters), Nextbike GmbH (2024) (bicycles), and emmy Sharing GmbH 
(2024) (e-mopeds). These providers were selected for their extensive 
and long-standing presence in the city. The data were obtained via the 
operators’ APIs.

Our research is motivated by these gaps and focuses on Berlin, 
Germany—one of the most significant micromobility cities in Europe. 
We seek to answer the following research question: How is shared e-
scooter, bicycle, and e-moped use and e-moped use affected spatiotemporally 
by weather, demographic, and fleet size-related variables in Berlin? To 
address this question, we employ the functional hidden dynamic geo-
statistical model (f-HDGM) implemented in D-STEM v2, a sophisticated 
spatiotemporal regression software, which allows us to capture complex 
spatiotemporal interactions in the data (Wang et al., 2021). While f-
HDGM has been successfully applied in environmental sciences, its 
application to micromobility data at this scale is, to our knowledge, 
unprecedented. This methodological approach provides deeper insights 
into the spatiotemporal dynamics of micromobility services, marking a 
step forward in analyzing functional data in this context.

Our contributions to micromobility research are as follows. To 
the best of our knowledge, this is the first study to analyze long-
term effects on three different micromobility services over a period of 
30 months, covering various stages of fleet size, vehicle availability, 
public life restrictions during the COVID-19 pandemic, and all seasons 
with corresponding weather conditions. More importantly, our study 
provides a comparative analysis of the three services, highlighting how 
each service adapts to changing conditions over time. By incorporating 
temporal changes in fleet size and spatiotemporally resolved vehicle 
availability using a sophisticated spatiotemporal regression model, we 
derive practical and research implications regarding the performance, 
resilience, and scalability of micromobility services in dynamic urban 
environments.

The remainder of the paper is structured as follows: First, we review 
key findings from related literature in Section 2. Next, we describe the 
data collection and analysis methods in Section 3. Section 4 presents 
our data analysis results. In Section 5, we discuss the findings, derive 
implications and recommendations, address the research question, and 
acknowledge the limitations of our study. Finally, we present our 
conclusions in Section 6.
2 
2. Literature review

Since the emergence of shared micromobility modes, there has 
been a steadily growing body of data-driven research. The location 
data created during the operation of the modes enables studies on 
spatiotemporal usage patterns, demand influencing factors, or demand 
modeling. In the following, we review related studies investigating 
spatiotemporal, COVID-19, weather, and fleet size-related impacts on 
micromobility travel behavior. Relevant references from a systematic 
review are listed in Table  1. The literature search focused on studies 
that analyzed external effects on at least one of the three micromobility 
modes. Since there are no studies on external impacts on e-moped shar-
ing travel behavior to the authors’ knowledge, three studies analyzing 
the mode of shared e-mopeds are included without focusing on external 
effects. We use the following abbreviations in Table  1: bicycle sharing 
(BS), e-scooter sharing (ESS), or e-moped sharing (EMS).

2.1. Shared bicycles

Bicycle sharing has the longest history among micromobility modes 
in practice and research, explaining the large share of studies that 
examine the use of shared bicycles in Table  1. In most cases, the station-
based mode of bicycle sharing is examined, given that it was the first 
mode to emerge. The basic approach for analyzing determinants in 
the mode’s usage is generally similar in the literature, where statistical 
regression models are mostly used. In some cases, supervised ensemble 
learning with the Random Forest algorithm is applied (Ashqar et al., 
2019; Noland, 2021). Quach and Malekian (2020) implemented a k-
means clustering to discover clustered patterns in the mobility data 
related to selected features. Except for Campbell et al. (2016), who 
used survey data from 623 participants, all considered studies examine 
hourly or daily aggregated trip data sets over different periods (9 days 
up to 12 months). While docked bicycle-sharing studies vary across 
multiple countries, dockless bicycle and e-scooter sharing are primarily 
investigated in the U.S. (Noland, 2021). We only found a few studies 
from Southeast Asia (Shen et al., 2018; Zhu et al., 2020) and two studies 
from Switzerland (Li et al., 2021; Reck et al., 2021).

2.2. Shared e-scooters

The fast and broad dissemination of shared e-scooters with many op-
erators leads to a growing interest in scientific research on the relatively 
new mode. The number of publications has grown accordingly. Besides 
many spatiotemporal studies on ride patterns, influencing factors also 
profoundly play a significant role in understanding the mode. Using 
Poisson and negative binomial (NB) regression models, Mathew et al. 
(2019) first investigated the impact of weather on the hourly number 
of trips of the new mode of e-scooter sharing. This was followed by 
further studies on the influences on the hourly distribution of dockless 
e-scooter sharing trips (Younes et al., 2020; Hawa et al., 2021; Hossein-
zadeh et al., 2021a; Mehzabin Tuli et al., 2021; Noland, 2021; Orvin 
et al., 2021). In these studies, mostly a NB regression was used (Mathew 
et al., 2019; Younes et al., 2020; Hosseinzadeh et al., 2021a; Mehzabin 
Tuli et al., 2021; Noland, 2021; Orvin et al., 2021). Using the Pearson 
correlation coefficient, the hitherto rather nonstandard mode of station-
based or docked e-scooter sharing was investigated in Singapore by Zhu 
et al. (2020). Due to the complex effects of multivariate regressions, the 
RF Model has also been used by Noland (2021) to assess the influence 
of weather on e-scooter use. The underlying data sets can be divided 
into periods (6 days up to 12 months) of daily and hourly aggregated 
e-scooter-sharing trip counts. Orvin et al. (2021) aggregate their data 
set spatially into 167 dissemination areas and temporally into six daily 
intervals. Apart from Zhu et al. (2020), Reck et al. (2021) and Li et al. 
(2022), all data and studies refer to the U.S.
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Table 1
Reviewed articles analyzing weather and environmental effects on shared micromobility modes.
 Study Vehicles Model Temporal features Weather Environmental features Demographics Public transport Holidays  
 Ashqar et al. (2019) BS NBM and RF Time of Day (−) Humidity (+), Temperature (−)   Caspi et al. (2020) ESS SLM Residential (+), Commercial (+) Income (−) (+)   Institutional (+), Educational (+) Student Ratio (+)   Industrial (+), Recreation (+)   Bikeways (+), Employment Density (+)   Intersection Density (+), Entropy (+)   Distance to City (−)   Caulfield et al. (2017) DBS LRM Rainfall (−), Temperature (+)     Corcoran et al. (2014) BS Poisson model Windspeed (+), Rainfall (−) School (−)  Temperature (+) Public (+)  El-Assi et al. (2017) BS DLM Prev. day lag (+) Humidity (−), Rainfall (−) Educational (+), Employment Density (+) (+)   Temperature (+)   Gebhart and Noland 
(2014)

BS NBM Seasonal (Nov-May) (+) Humidity (−), Windspeed (−) (+)  
 Seasonal (Aug-Dec) (+) Rainfall (−), Temperature (+)   Monthly (Jul) (−)   Hawa et al. (2021) ESS MELM Commercial (−), Educational (−) Income (+) (0)   Leisure (+), Business (+)   Population Density (0**)   Hongwei et al. (2021) BS NBM Humidity (−), Windspeed (+) Residential (+), Commercial (0) (+)   Rainfall (−), Temperature (−) Educational (−), Tourist Attraction (−)   Hosseinzadeh et al. 
(2021b)

BS NBGAM Windspeed (−), Rainfall (−)  
 Temperature (−)   Hosseinzadeh et al. 
(2021b)

ESS NBGAM Windspeed (−), Rainfall (−)  
 Temperature (−)   Hosseinzadeh et al. 
(2021a)

ESS GWR Commercial (+), Entropy (+) Male (+)  
 Age 18–29 (+)   Kim (2018) BS NBM Humidity (−), Windspeed (−) Public (−)  Rainfall (−), Temperature (+)   Kutela and Teng (2019) BS MENBM Rainfall (−), Temperature (+) Public (−)  Lin et al. (2020) BS LLM Monthly (Feb) (−) Humidity (−), Windspeed (−)   Monthly (Sep) (+) Rainfall (−), Warm Weather (+)   Cold Weather (+)   Mathew et al. (2019) ESS NBM Rainfall (−), Cold Weather (−)   Mehzabin Tuli et al. 
(2021)

ESS RENBM Windspeed (−), Rainfall (−) Population Density (+), Entropy (+) Income (+) (+)  
 Temperature (+) Age (+)   Noland (2021) ESS Prais-Winsten Humidity (−), Windspeed (−) Public (−)  Rainfall (−), Temperature (+)   Noland (2021) EBS Prais-Winsten Humidity (−), Windspeed (−) Public (−)  Rainfall (−), Temperature (+)   Noland (2021) DBS Prais-Winsten Humidity (−), Windspeed (−) Public (−)  Rainfall (−), Temperature (+)   Orvin et al. (2021) ESS ZINBM Windspeed (−), Rainfall (−) Employment Density (+), Entropy (+) Age (−)   Windspeed (−), Rainfall (−) Elevation (−)   Reck et al. (2021) ESS Probit model Income (+)   Tokey et al. (2022) ESS NBM Residential (+), Commercial (+) Age 18–29 (+)   Institutional (+), Industrial (+)   Recreation (+), Employment Density (+)   Piter et al. (2022) DBS f-HDGM Temperature (−, no day effect) Elevation (−, stronger in afternoon)   work Precipitation (no effect) Distance to Train (+ morning, - afternoon)   Distance to Metro (+ morning/mid-afternoon)   Piter et al. (2022) DBS f-HDGM Temperature (- day, + night,evening) Elevation (−)   home Precipitation (no effect) Distance to Train (no significant effect)   Distance to Metro (+ morning/mid-afternoon)   Younes et al. (2020) ESS NBM Humidity (−), Windspeed (−)   Rainfall (−), Temperature (+)   Arias-Molinares et al. 
(2023)

DBS SLM Residential (+), Commercial (+) Income (−)  
 Educational (+), Recreation (+)   Educational (+), Recreation (+)   Arias-Molinares et al. 
(2023)

EMS SLM Residential (+), Commercial (+) Income (−)  
 Educational (+), Recreation (+)   Educational (+), Recreation (+)   Arias-Molinares et al. 
(2023)

ESS SLM Residential (+), Commercial (+) Income (+)  
 Educational (+), Recreation (+)   Educational (+), Recreation (+)   Hassam et al. (2024) ESS MGWR Commuting by bike (+), Commercial (+)   Unemployment (−), Cultural POIs (+)   Hassam et al. (2024) DBS MGWR Commuting by bike (+), Commercial (+)  
𝐵𝑆 bike sharing
𝐸𝑆𝑆 electric scooter sharing
𝐷𝐵𝑆 docked bike sharing
𝐸𝑀𝑆 electric moped sharing
𝑁𝐵𝑀 negative binomial model
𝑅𝐹 random forest
𝑆𝐿𝑀 spatial lag model index
𝐿𝑅𝑀 logistic regression model
𝐷𝐿𝑀 distributed lag model
𝑀𝐸𝐿𝑀 mixed effects linear model
𝐺𝑊𝑅 geographically weighted regression
𝑀𝐸𝑁𝐵𝑀 mixed effects negative binomial model
𝑅𝐸𝑁𝐵𝑀 random effects negative binomial model
𝑍𝐼𝑁𝐵𝑀 zero-inflated negative binomial model
𝑀𝐺𝑊𝑅 multiscale geographically weighted regression
𝑁𝐵𝐺𝐴𝑀 negative binomial generalized additive model.
2.3. Shared e-mopeds

Studies on e-moped sharing are less common than bicycle and e-
scooter sharing, despite their prevalence and substantial differences in 
the mode’s characteristics and usage. We identified three studies on this 
micromobility mode. Aguilera-García et al. (2021) investigated citizens’ 
perceptions and users’ behavior of shared e-mopeds with a web-based 
survey conducted in Spain to provide first insights on moped sharing 
3 
demand. The authors derived implications for urban mobility planning 
from their survey results. A spatiotemporal analysis was conducted 
by Arias-Molinares et al. (2021), who used mobility data from e-
moped operators in seven Spanish cities for their analysis. To assess 
the sustainability of the mode, Schelte et al. (2021) conducted a life 
cycle assessment for shared e-mopeds. None of the studies investigated 
the impact of external factors on e-moped sharing. The only study 
investigating factors influencing e-moped sharing comparing it with 
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Fig. 1. Research design and data pipeline. *Official Topographic Cartographic Information System, ATKIS (2021).
other modes is (Arias-Molinares et al., 2023).

2.4. Comparative studies on micromobility modes

Regarding comparative studies on different micromobility modes, 
we found the body of literature to be scarce. Comparisons of weather 
impacts on micromobility modes are generally limited to bicycle shar-
ing and e-scooter sharing. On the one hand, comparisons between 
weather impacts on docked bicycle sharing and dockless e-scooter 
sharing have been conducted (Younes et al., 2020; Hosseinzadeh et al., 
2021a). On the other hand, Zhu et al. (2020) performed a compar-
ative study of dockless bicycle sharing and docked e-scooter sharing 
in Singapore. Noland (2021) compared dockless and docked bicycle 
sharing with dockless e-scooter sharing using daily aggregated trip 
data. One comparative study of micromobility modes in the European 
region investigates dockless bicycle and e-scooter sharing (Reck et al., 
2021). This makes Noland (2021) and Reck et al. (2021) the only 
studies that directly compare dockless modes. We are unaware of any 
study comparing three micromobility modes, i.e., bicycle sharing, e-
scooter sharing, and e-moped sharing, despite significant differences in 
the modes’ characteristics.

3. Data and methodological approach

In this section, we elaborate on our study context, data acquisition, 
processing, and methodological approach to provide a transparent 
foundation for our research design (see Fig.  1).

3.1. Study context

The micromobility location data was collected for Berlin, Germany, 
from September 2019 to March 2022. Berlin is the capital and a 
federal state of Germany. Having approximately 3.7 million inhab-
itants and covering 892 km2, Berlin is both the most populous and 
largest municipality and has the third highest population density in 
Germany with 4,108 inhabitants per km2 (Statistical Office of Berlin-
Brandenburg, 2022). The ratio of rail, bus, bicycle and pedestrian 
traffic to motorized private transport in 2018 was around 74% for rail, 
bus, bicycle, and pedestrian traffic to around 26% motorized private 
transport. Compared to 2013, a positive trend for rail, bus, bicycle, 
and pedestrian traffic can be seen as these modes accounted for only 
70% in 2013 (Gerike et al., 2020). Regarding micromobility traffic in 
Berlin, we highlight the study of Li et al. (2022). They compared 30 
European cities regarding e-scooter sharing mobility. According to their 
data, Berlin has the largest e-scooter fleet and service area.
4 
3.2. Data

3.2.1. Micromobility trip data
The acquisition and processing of location and travel data in Euro-

pean cities differ significantly from U.S. cities. There are legal agree-
ments with operators in several U.S. cities to make micromobility trip 
data publicly available on data portals (El-Assi et al., 2017; Hawa 
et al., 2021; Hosseinzadeh et al., 2021a; Mehzabin Tuli et al., 2021; 
Noland, 2021). Examples include the Dockless Data and Application 
Programming Interface (API) operated by the District Department of 
Transport in Washington D.C., the Dockless Data Explorer tool operated 
by the City of Austin, Texas, or the Louisville Metro Government Open 
Data Platform operated by the City of Louisville, Kentucky. Contrary, in 
most European cities, those regulations do not exist, and operators are 
not obliged to publish trip data. However, some operators enable real-
time location data collection by API access. Those APIs must be queried 
frequently to collect long-term location data. Due to data protection 
laws, actual user trips and corresponding trajectories are not accessible. 
Instead, locations of available vehicles at the time of an API query can 
be obtained from Tier Mobility GmbH (2024), Nextbike GmbH (2024), 
and emmy Sharing GmbH (2024). Each API response at a specific 
timestamp contains information about the location of a vehicle in 
the world geodetic system (WGS84) coordinate latitude and longitude, 
with units in degrees expressed as decimal numbers and a twelve-
digit geohash format. Additionally, each vehicle has a unique ID, the 
name of the operating zone, the vehicle’s manufacturer, maximum 
velocity in [km∕h], battery state of charge (SOC) in [%] (in the case 
of battery-powered vehicles), and the license plate number. Overall, 
this dataset contains all available micromobility vehicles at the time 
of the API query within the operators’ service area. Vehicle location 
data can be processed to trip data based on the unique vehicle IDs 
and changed locations between data queries (i.e., departure and arrival 
locations) (McKenzie, 2019; Noland, 2019). The location of a vehicle 
in use cannot be queried. Therefore, we link the last known location 
to the new location when the vehicle reappears in the dataset. This 
origin and destination pair (OD) creates a trip. The trip duration can be 
derived from the last and first timestamps after a trip. We estimated the 
trip distance using a local implementation of the Open Source Routing 
Machine on the OpenStreetMap (OSM) street network (Luxen and Vetter, 
2011).

The data set employed in this study was acquired through a Python-
based approach that queried the operators’ APIs at five-minute intervals 
between September 2019 and March 2022. Similar API-based data 
acquisition strategies have been implemented in earlier research, for 
example by McKenzie (2019, 2020), Noland (2019), Caspi et al. (2020) 
and others (see Table  1). These previous works similarly utilized 
real-time location and state-of-charge data provided by micromobility 
operators to investigate travel behavior and service availability in 
urban settings.
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Table 2
Descriptive statistics of micromobility trip data collected in Berlin from September 2019 to March 2022.
 Micromobility OD* route distance [m] Speed [km∕h] Average number of trips per hour Total number 
 Mode Mean SD Mean SD Mean SD of trips  
 Shared bicycles 2202 859 7.5 1.9 101 91 2,172,650  
 Shared e-scooters 1662 470 6.8 1.7 227 272 4,897,844  
 Shared e-mopeds 3728 752 9.4 1.7 68 69 1,455,550  
The returned data in our case comprised unique vehicle IDs, geo-
graphical coordinates (in WGS84 latitude and longitude), timestamps, 
and battery SOC for e-scooters, and e-mopeds. By continually recording 
these snapshots over a period of 917 days, we obtained a large data 
set encompassing approximately 22,000 h of vehicle availability and 
movement patterns. The resulting data set was stored and managed 
within an Elastic Stack environment, including Elasticsearch, for efficient 
handling of large data volumes and subsequent integration with routing 
engines for deriving network-based distances (Cecchet et al., 2020; 
Chen et al., 2017; Talas et al., 2017).

As aforementioned, the operators’ APIs do not directly provide trip 
information. To address this, trips were reconstructed by linking the 
last observed location of a vehicle, identified by vehicle ID, before the 
vehicle location changes by at least 100m. The 100m threshold aims to 
prevent including data arising from GPS tracking errors. This approach 
follows methods used in prior studies, for instance by McKenzie (2019, 
2020), Jiao and Bai (2020), and Younes et al. (2020), who similarly 
inferred trips from location changes of available vehicles.

Following trip generation, a data cleaning procedure was conducted 
to address data-related issues. Errors included implausibly long trips, 
unrealistic speeds caused by misuse, GPS tracking errors, and trips 
associated with operator activities like vehicle relocation rather than 
user trips. To achieve transparent data cleaning, we considered pa-
rameters commonly applied in related research, such as minimum and 
maximum trip distance, duration, and velocity thresholds (Heumann 
et al., 2021). The parameters have been previously employed by, for 
instance, McKenzie (2019), Noland (2019), Almannaa et al. (2020), Zou 
et al. (2020), or Heumann et al. (2021) for identifying and removing 
outliers, non-user trips, and location errors.

All trips with network distances exceeding city-scale ranges (50 km) 
or with detour factors outside a plausible range (100–300) were re-
moved as outliers, since such extreme values suggest data inaccuracies 
or GPS tracking errors (Cubukcu and Taha, 2016). Trips undertaken 
at speeds exceeding the legally mandated maximum speed (and a 
tolerance of 3 km∕h) of 23 km∕h for e-scooters and 50 km∕h for e-
mopeds in Germany were excluded from the data as non-user trip data. 
For e-scooters and e-mopeds, the battery changes further enabled the 
identification of charging or maintenance events. Trips that showed 
a non-negative SOC change were classified as charging or mainte-
nance events performed by the operator, preventing the inclusion of 
non-user trips. These filtering steps follow established practices and 
thresholds reported by several studies (Noland, 2019; McKenzie, 2019; 
Hosseinzadeh et al., 2021b; Heumann et al., 2021).

Mean and standard deviation values for key metrics such as origin–
destination route distance, speed, and the hourly number of trips are 
presented in Table  2. This table also reports the total number of valid 
user trips retained for each micromobility mode.

3.2.2. Longitudinal data
We enriched the temporally resolved trip data with spatial, demo-

graphic, land use-related, and additional features. For this, we used 
data from 542 traffic analysis zones (TAZs) provided by the Senate 
Department for Urban Development, Building, and Living of Berlin. 
Based on the location information of our hourly-resolved micromobility 
trip data, we assigned the origins and destinations to the TAZs. This 
resulted in three longitudinal datasets that include the accumulated 
hourly origins and destinations in each TAZ for each micromobility 
5 
mode. Each TAZ is associated with time-varying (e.g., hourly vehicle 
density) and constant features (e.g., land use shares), which we also 
added to our dataset. We group and describe all explanatory variable 
candidates in Table  3. Moreover, we outline each explanatory variable’s 
unit, mean, standard deviation (SD), minimum, and maximum value.

The structural variables refer to factors of the urban environment 
and characteristics of the considered micromobility modes. Regarding 
the urban environment, we included standard land prices, land use 
entropy and land use shares, mean daily car traffic, the number of 
tourists per year, the TAZs’ area, values of the annual CO2 Pollution, 
and the topography. Regarding the latter, we calculated the mean SD 
of the elevation of all 150m street segments in a TAZ. To represent the 
spatial diversity of possible activities in a TAZ, we calculated the land 
use entropy index: 

𝐿𝑎𝑛𝑑 𝑢𝑠𝑒 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝑖𝑛𝑑𝑒𝑥 =
−
(

∑𝑘
𝑗=1 𝑃

𝑗 ln
(

𝑃 𝑗)
)

ln (𝑘)
, (1)

where 𝑘 indicates the number of land use types and 𝑃 𝑗 the percentage 
of land use 𝑗 in the respective TAZ (Hosseinzadeh et al., 2021b; Kutela 
and Teng, 2019). In terms of micromobility mode characteristics, we 
included fleet size and vehicle density in a TAZ. Based on the number of 
unique vehicle IDs available in Berlin, we estimated the operators’ daily 
fleet sizes and the density of operating vehicles per hour in every TAZ, 
incorporating these variables into our dataset (see Fig.  3). A vehicle 
was counted as part of the daily fleet size if it was available at least 
once during the day, regardless of whether it was used for any trips by 
users or remained stationary, providing an accurate representation of 
the available fleet on a given day in the operational area. To estimate 
the effects of growing fleet sizes on the system level, we calculated 
fleet size quintiles based on the number of available vehicle IDs per 
day for each micromobility mode (e-scooters, bicycles, and e-mopeds) 
and included them as categorical variables in our model (see Fig.  3. For 
vehicle density, we counted all unique vehicle IDs available per hour 
in each of the 542 TAZs over the entire observation period to reflect 
the hourly density of operational vehicles in a TAZ (see Fig.  4(b)). This 
distinction allows us to capture both the fleet size at a daily level on 
the city scale and the intensity of vehicle availability within smaller 
temporal and spatial units.

Demographics include data on population density, tourists per day, 
gender, and age distribution in a TAZ. We also incorporated the share 
of social welfare recipients per TAZ. Creating the five weather-related 
variables, we accessed time series from the open data server of the 
German Meteorological Service (DWD) and retrieved weather data at 
10min resolution (German Weather Service (DWD), 2022), including 
air temperature, sunshine duration, humidity, precipitation, and wind 
speed. To resolve weather effects spatially, we queried four weather 
stations in Berlin. We matched the weather data with micromobility 
trips based on the smallest distance between the weather station and 
the vehicle at departure time. Due to the large amount of trip data 
and the computational capacity required, we did not interpolate the 
weather data for each trip. However, we matched the trips using 
Voronoi polygons around the weather stations (Aurenhammer, 1991). 
In this way, trip origins are linked to the closest weather station. 
Further, we incorporated the day of the week, hour of the day, month, 
dominant land use type, and times of federal COVID-19-related restric-
tions (e.g., lockdowns) as categorical variables in our dataset (Federal 
Ministry of Health Germany (BMG), 2022).
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Table 3
List of explanatory variable candidates and descriptive statistics.
 Explanatory variables Unit Description Mean SD Min Max  
 Discrete
 Structural
   Land use entropy – Index representing land use diversity in a TAZ (cf. Eq. (1)) 0.4 0.1 0 0.7  
   Land price [ 1000∗e

m2 ] For real estate determined standard land prices of a TAZ 3.0 4.5 0.03 15.6  
   Mean daily traffic [ 1000∗vehicles

d
] Average daily traffic density measured in passing  

   Volume in 2019 Vehicles at counting stations in a TAZ 18.6 7.3 4.7 65.3  
   Tourists [10000∕a] Absolute number of tourists per year in a TAZ 88.9 76.2 4.3 211.9  
   Area [ha] Area of a TAZ 164.4 276.2 13.4 2373.5 
   Topography [m] Mean SD of elevation per 150 m street segments in a TAZ 0.5 0.3 0.1 2.2  
   Mean annual CO2 pollution [g/(m/d)] Mean annual traffic-related CO2 pollution in a TAZ 3.5 1.6 0.4 10.9  
   Shared bicycle vehicle density [vehicles∕TAZ] Hourly size of operating shared bicycle fleet in a TAZ 12.9 17.2 0.0 335  
   Shared e-scooter vehicle density [vehicles∕TAZ] Hourly size of operating shared e-scooter fleet in a TAZ 19.6 24.7 0.0 505  
   Shared e-moped vehicle density [vehicles∕TAZ] Hourly size of operating shared e-moped fleet in a TAZ 4.1 4.5 0.0 104  
 Demographicsa
   Population density [inhabitants∕ha] Yearly population density in a TAZ 243.9 117.7 0.2 571.1  
   Social welfare recipients [%] Share of social welfare recipients 15.6 8.2 2.4 33.9  
   Female [%] Share of female inhabitants in a TAZ 50.2 3.5 32 56  
   Male [%] Share of male inhabitants in a TAZ 49.8 3.5 44 68  
   Age under 15 [%] Share of inhabitants under 15 in a TAZ 13.7 2.9 0.0 28.2  
   Age 15–17 [%] Share of inhabitants between 15 and 17 in a TAZ 2.4 0.8 0.0 9.4  
   Age 18–24 [%] Share of inhabitants between 18 and 24 in a TAZ 7.1 2.6 3.6 50  
   Age 25–34 [%] Share of inhabitants between 25 and 34 in a TAZ 16.1 6.2 0.0 40.5  
   Age 35–44 [%] Share of inhabitants between 35 and 44 in a TAZ 14.9 3.7 0.0 26.7  
   Age 45–54 [%] Share of inhabitants between 45 and 54 in a TAZ 13.0 2.3 0.0 22.6  
   Age 55–64 [%] Share of inhabitants between 55 and 64 in a TAZ 13.4 3.4 4.9 50  
   Age 65–74 [%] Share of inhabitants between 65 and 74 in a TAZ 9.2 3.2 0.0 17.6  
   Age 75–84 [%] Share of inhabitants between 75 and 84 in a TAZ 7.8 3.8 0.0 21.2  
   Age 85–94 [%] Share of inhabitants between 85 and 94 in a TAZ 2.3 1.3 0.0 7.6  
   Age >94 [%] Share of inhabitants above 94 in a TAZ 0.2 0.2 0.0 2.0  
 Land use sharesa
   Construction site [%] Construction sites in a TAZ 0.2 1.2 0 18.4  
   Cemetery [%] Cemeteries in a TAZ 1.8 5.4 0 45.7  
   Special use [%] Areas of public and special use in a TAZ 7.7 8.5 0 54.7  
   Industry [%] Industrial land use in a TAZ 6.5 11.7 0 70.5  
   Water [%] Waterways and other waters in a TAZ 2.6 7 0 61.7  
   Core area [%] Commercial enterprises, central institutions of 1.3 4.9 0 59.7  
 the economy, administration and culture in a TAZ  
   Allotment garden [%] Area of allotment gardens in a TAZ 3.3 7.4 0 69.9  
   Mixed use [%] Areas of mixed commercial and residential use in a TAZ 7.1 10.7 0 71.3  
   Parks [%] Park areas in a TAZ 8.6 12.1 0 81.1  
   Forest and green fields [%] Areas with forests and green fields in a TAZ 7.9 16.1 0 100  
   Sports [%] Areas with sport facilities in a TAZ 2.5 4.9 0 44.3  
   Promenade [%] City squares and promenades in a TAZ 0.3 1.1 0 11.9  
   Waste [%] Areas of waste disposal in a TAZ 0.8 2.9 0 29.2  
   Traffic [%] Traffic area (excluding roads) 2.1 4.7 0 52.8  
   Cottage [%] Areas with cottages in a TAZ 0.6 2.5 0 33.9  
   Residential [%] Areas of residential land use in a TAZ 45.6 23.7 0 99.7  
 Weather
   Air temperature [◦C] Hourly mean temperature in a TAZ 14.8 7.9 −13.8 37.7  
   Sunshine duration [ 10∗min

60∗min
] Hourly mean of 10min sunshine duration per hour in a TAZ 1.9 2.6 0 6  

   Humidity [%] Hourly mean humidity in a TAZ 73 18 63 100  
   Precipitation [ mm

10∗min
] Hourly mean precipitation in a TAZ 0.01 0.1 0 17.5  

   Wind speed [m∕s] Hourly mean wind speed in a TAZ 3.7 1.8 0 17.9  
 (continued on next page)
3.3. D-STEM v2 spatiotemporal functional model

In functional data analysis, we explore the characteristics of a 
function-based random variable, 𝑌 (ℎ), which in our study represents 
the number of bicycles, e-scooters, or e-mopeds available at any given 
time ℎ ∈ 𝐻 . This variable is continuous over a defined range 𝐻 , 
e.g., days or weeks, making it possible to examine the dynamics of 
micromobility. Observations across the functional domain can occur 
at fixed intervals or at random points, leading to a series of discrete 
6 
measurements 𝑦𝑖,1,… , 𝑦𝑖,𝑞 for each observed function 𝑖, with 𝑖 varying 
from 1 to 𝑚. The number of measurements, 𝑞, may differ for each obser-
vation. To achieve a continuous representation of these observations, 
we reconstruct the function using techniques such as basis function 
expansion. This method combines 𝐾 predetermined basis functions (𝜙𝑘) 
and their coefficients (𝑐𝑘) to model 𝑦(ℎ) as follows: 

𝑦(ℎ) =
𝐾
∑

𝜙𝑘(ℎ)𝑐𝑘 = 𝝓𝑇 (ℎ)𝒄, (2)

𝑘=1
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Table 3 (continued).
 Categorical
   Day of week 6 variables with reference Monday  
   Hour of day 23 variables with reference 0  
   Month 11 variables with reference January  
   Dominant land use share 16 variables with reference Waste  
   COVID-19 lockdown Binary variable with reference no COVID-19 lockdown  
   Daily fleet sizeb 3 variables for tertiles of the micromobility operators  
  daily fleet sizes with lowest tertile as reference  
TAZ data was acquired from the Berlin Open Data platform: https://daten.berlin.de/, and TAZ shapes from: https://www.berlin.de/sen/sbw/stadtdaten/
stadtwissen/sozialraumorientierte-planungsgrundlagen/lebensweltlich-orientierte-raeume/.
a As of 2021.
b Separately for each of the three micromobility modes.
𝜎

where 𝝓 is the vector of entries of the 𝑘th basis function at point ℎ and 𝒄
is a vector of unknown coefficients, which will be estimated based on 
the observed curves 𝑦(ℎ). To ensure regular seasonal patterns (which 
is needed because we later assume that each functional observation 
is followed by the next functional observation in time, i.e., day/week 
one is followed by day/week two, etc.), 15 Fourier splines are chosen 
for their flexibility and computational efficiency, characterized by their 
polynomial segments and breakpoints, which adapt easily to varying 
data patterns (Ramsay et al., 1997).

Moreover, let the number of available vehicles in a TAZ be described 
by a functional space–time random variable 𝑌 (𝑠, 𝑡, ℎ), and let 𝑦(𝑠, 𝑡, ℎ)
be the observed functions from ℎ ∈ 𝐻 = [0, 24] ⊂ R to R at day 𝑡
and station 𝑠 ∈ 𝐷, with 𝐷 ⊂ S2 and S2 being a sphere in R3 (surface 
of the Earth). For this application, we consider that 𝐷 is a discrete 
set of 𝑁 TAZ regions. Even though the curvature of the Earth might 
be negligible in this case because of the small extent of the city of 
Berlin, we have used spherical coordinates. Thus, all distance measures 
reported below correspond to great-circle distances (in meters).

Time is assumed to be discrete, with 𝑡 ∈ {1,… , 𝑇 }. Furthermore, 
the actual observations of 𝑌 (𝑠, 𝑡, ℎ) are made at 𝑞 discrete points along 
the dimension of the function 𝑦(𝑠, 𝑡, ℎ), meaning, in the course of the 
day. More precisely, the number of available bicycles, e-scooters, and 
mopeds is recorded at 5-min intervals. Hence, the observation at (𝑠, 𝑡) is 
the 𝑞-dimensional vector 𝑦𝑠,𝑡 = (𝑦1(𝑠, 𝑡),… , 𝑦𝑞(𝑠, 𝑡))𝑇 , where 𝑞 equals 288 
5-min intervals within 24 h. In this paper, we do not explicitly account 
for integer-valued observations of 𝑌 (𝑠, 𝑡, ℎ), because this would result 
in non-smooth functions over the day, but we consider the number of 
available vehicles in a TAZ as a continuous variable. The sample size 𝑚
of the dataset is then given by the number of functional observations 
𝑚 = 𝑁𝑇 ≈ 11,924,000 (each consisting of 288 5-min measurements) 
with 𝑁 = 542 being the number of stations and 𝑇 ≈ 22,000 the number 
of days. The spatiotemporal functional variable 𝑌 (𝑠, 𝑡, ℎ) is assumed to 
be first-order stationary (i.e., the mean of the spatiotemporal process 
does not depend on the location).

A geostatistical mixed model is used to model the mean spatiotem-
poral functional process and its variation by splitting up the total un-
certainty into separate components. For multivariate data, the model is 
commonly known as the hidden dynamic geostatistical model (HDGM, 
see Calculli et al. (2015), Wang et al. (2021)). The general model is 
given by Eq.  (3)

𝑦(𝑠, 𝑡, ℎ) = 𝜇(𝑠, 𝑡, ℎ) + 𝜔(𝑠, 𝑡, ℎ) + 𝜀(𝑠, 𝑡, ℎ), (3)

where 𝜇(𝑠, 𝑡, ℎ) are fixed effects, and 𝜔(𝑠, 𝑡, ℎ) are spatially and tempo-
rally correlated random effects. The model errors 𝜀(𝑠, 𝑡, ℎ) are assumed 
to be from independent Gaussian white noise processes with a con-
stant variance that is allowed to vary over the functional domain (see 
Wang et al., 2016; Ndongo, 2017, for theoretical details and practical 
examples). More precisely, 

𝜀(𝑠, 𝑡, ℎ) ∼  (0, 𝜎̃2(ℎ)), (4)
7 
with 

̃ 2(ℎ) = 𝝓𝑇
𝜀 (ℎ)𝜎

2
𝜀 . (5)

It is important to note that the spline basis functions could be chosen 
differently for each term. Hence, the basis functions 𝝓𝑇

𝑎 (ℎ) and their 
dimension 𝑝𝑎 are denoted by the subscript corresponding to the terms 
𝑎 ∈ {𝜇, 𝜔, 𝜀} of the hierarchical model given above.

The fixed-effect model 

𝜇(𝑠, 𝑡, ℎ) =
𝑑
∑

𝑖=1
𝑥𝜇,𝑖(𝑠, 𝑡, ℎ)𝝓𝑇

𝜇 (ℎ)𝛽𝑖 (6)

consists of 𝑑 space–time varying functional covariates 𝑥𝜇,𝑖(𝑠, 𝑡, ℎ), where 
the unknown coefficients 𝛽𝑖 must be estimated. It is worth noting that 
these covariates could also be constant across space or time and/or in 
the functional dimension (Wang et al., 2016).

The random effect model 𝜔(𝑠, 𝑡, ℎ) can be expressed as: 

𝜔(𝑠, 𝑡, ℎ) = 𝝓𝑇
𝜔(ℎ)𝑧(𝑠, 𝑡), (7)

where 

𝑧(𝑠, 𝑡) = 𝐺𝑧(𝑠, 𝑡 − 1) + 𝜂(𝑠, 𝑡), (8)

with 𝑧(𝑠, 𝑡) being a purely temporal component and 𝜂(𝑠, 𝑡) representing 
innovations from a Gaussian process. The degree of dependence from 
the previous time step is specified by the transition matrix 𝐺, which is 
assumed to be stable. Here, 𝐺 is a diagonal matrix 𝐺 = diag(𝑔1,… , 𝑔𝑝𝜔 ), 
and accordingly, the latent components 𝑧(𝑠, 𝑡) are not cross-correlated 
across the functional dimension (Calculli et al., 2015). For each day 𝑡, 
an innovation 𝜂(𝑡) is sampled from the following spatially dependent 
Gaussian process: 

𝜂(𝑡) ∼  (0, 𝑉 ⊗ 𝜌(‖𝑠 − 𝑠′‖; 𝜃, 𝜈)). (9)

In Eq.  (9) ⊗ stands for the Kronecker product and vec is the vector-
ization operator. While the cross-covariance matrix 𝑉  describes the 
correlation between all components, the spatial covariance function 
𝜌(‖𝑠 − 𝑠′‖; 𝜃, 𝜈) captures the correlation across space. For instance, this 
function could be a Matérn covariance function, which is an isotropic 
covariance function depending on the distance ‖𝑠− 𝑠′‖ between spatial 
locations only. The range of the spatial dependence is described by 
the coefficients 𝜃 and 𝜈 cover potential further parameters. More-
over, the variance of the random effects is given by the matrix 𝑉 =
diag(𝜎2𝜂1 ,… , 𝜎2𝜂𝑝𝜔

). It is worth noting that the cross-covariance matrix 
𝑉  is restricted to a diagonal matrix to reduce computational effort and, 
hence, it acts as a scaling matrix of the random effects. To estimate the 
parameters, we follow the maximum likelihood approach using an EM 
algorithm implemented in D-STEM v2 (Wang et al., 2021), which uses 
a functional hierarchical model called the f-HDGM model (Wang et al., 
2021; Calculli et al., 2015; Fassò and Finazzi, 2011).

https://daten.berlin.de/
https://www.berlin.de/sen/sbw/stadtdaten/stadtwissen/sozialraumorientierte-planungsgrundlagen/lebensweltlich-orientierte-raeume/
https://www.berlin.de/sen/sbw/stadtdaten/stadtwissen/sozialraumorientierte-planungsgrundlagen/lebensweltlich-orientierte-raeume/
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Fig. 2. Hourly aggregated and normalized trip counts for saturdays and sundays and mondays to fridays.
Fig. 3. Estimated daily fleet sizes (lines) and normalized daily fleet sizes (dashed lines) of the considered micromobility operators.
4. Results

4.1. Descriptive analysis

The temporal usage patterns give more in-depth insights into our 
trip dataset. The min–max normalized hourly trip counts, aggregated 
into Monday to Friday and Saturday to Sunday, are visualized in Fig.  2. 
It shows that shared bicycle, e-scooter, and e-moped modes are similar 
in their temporal usage patterns. In particular, shared bicycles and e-
mopeds are remarkably similar from Mondays to Fridays. Both modes 
have significant peaks at commuting times in the morning from Monday 
to Friday. In contrast, shared e-scooter trip counts proceed slightly 
differently in time. While commuter trips in the morning have a less 
significant amplitude from Monday to Friday, the proportion of trips 
at night is significantly higher on Saturdays and Sundays compared to 
the other modes. In addition, an increased share in the afternoon can 
be observed.

We depict the absolute and relative fleet sizes over time in Fig.  3, 
which shows that operators steadily expanded their fleets. The fleet 
size of e-mopeds increases moderately over time. For shared bicycles, 
the fleet size increases sharply in 2020, drops in 2021, and then rises 
moderately. Overall, there is a growing trend in the bicycle fleet size. 
The e-scooter fleet size is subject to the most substantial volatility. It in-
creased substantially in September 2020 and July 2021. The significant 
changes in operators’ fleet sizes provide evidence that integrating these 
variables is essential for trip count regression. Based on observations 
from Fig.  3, we have divided the development of fleet sizes over time 
into five quintiles for each micromobility mode and included these in 
our regression. The quintiles have the following lower and upper limits:

• For shared e-scooters, the upper limit of the 15  quintile is 1197 
vehicles, the 25  quintile is 2324 vehicles, the 

3
5  quintile is 3992 

vehicles, and the 4  quintile is 9256 vehicles.
5
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• For shared e-mopeds, the upper limit of the 1
5  quintile is 422 

vehicles, the 2
5  quintile is 612 vehicles, the 

3
5  quintile is 1108 

vehicles, and the 45  quintile is 1212 vehicles.
• For shared bicycles, the upper limit of the 1

5  quintile is 3035 
vehicles, the 25  quintile is 3220 vehicles, the 

3
5  quintile is 3606 

vehicles, and the 45  quintile is 3891 vehicles.

If a trip occurs within one quintile, the respective binary variable takes 
the value 1; otherwise, it takes the value 0.

The applied f-HDGM regression model tries to explain the spatial 
and temporal trip volumes with a set of selected parameters. Trip 
counts and vehicle density in Fig.  4(a) and (b) show a similar spatial 
concentration toward the city center whereas differences are apparent. 
Considering the spatial distribution of the dependent variable in Fig. 
4(a), above-average frequented areas outside the city core and below-
average frequented areas close to the city core are noticeable. This 
suggests that trip count cannot be explained by an isolated assessment 
of the available vehicles. Instead, we considered a set of potential 
spatiotemporal influencing factors in our regression analysis to examine 
their effects on micromobility trip counts (see Table  3. However, due to 
the high computational effort for the model combined with the amount 
of data considered, it was necessary to limit the parameters examined 
in the regression.

The spatiotemporal functional model required substantial compu-
tational resources due to the large spatial–temporal dataset, basis ex-
pansions, and covariance matrix calculations. The computations were 
performed on a system with an AMD Ryzen 9 5950X 16-Core Processor 
(3.40 GHz), 128 GB of memory, and 10.4 TB of virtual memory. 
The total runtime was approximately three weeks. The primary lim-
iting factor was the memory required to handle high-dimensional data 
and covariance structures. We selected weekdays, temperature, wind 
speeds, precipitation, land price, topography, land-use entropy, the 
share of welfare recipients, vehicle density, and fleet size quintiles. 
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Fig. 4. Spatial distribution of selected regression variables across 542 TAZs in Berlin. Note: Map layer OpenStreetMap. TAZ shapes from daten.berlin.de.
Fig. 5. Estimated functional intercepts of 𝛽(ℎ) values for e-mopeds, bicycles, and e-scooters.
This set of variables aligns with those commonly used in the literature, 
augmented by the novel inclusion of vehicle density and daily fleet 
sizes that, to our knowledge, have not yet been investigated in a similar 
long-term study (see Table  1).

4.2. Regression analysis

4.2.1. Fixed effects
The three intercepts and their confidence intervals corresponding 

to e-mopeds, bicycles, and e-scooters are shown in Fig.  5. All three 
modes have hourly trip counts near zero during the day. At night, the 
mean curves indicate around two trips for e-mopeds and bicycles and 
approximately four trips for e-scooters. The confidence intervals are the 
widest where the expected numbers peak, suggesting greater variability 
during these hours.

The intercepts in Fig.  5 represent the baseline level of hourly trip 
counts when all other covariates (e.g., time of day, weather, day of 
week) are set to their reference values. Thus, these curves do not 
directly reflect actual daytime peaks or overall usage patterns. Rather, 
real-world peak usage typically arises from additional model terms 
(for example, those capturing time-of-day effects), which add to (or 
subtract from) these baseline intercepts. Consequently, these intercept 
curves must be interpreted in combination with the regressive effects. 
Nevertheless, they offer a baseline view of how the three shared mi-
cromobility modes differ in their daily usage patterns, with e-scooters 
showing the highest nighttime intercept and bicycles and e-mopeds 
sharing a similar, lower intercept.

The regression analysis conducted in this study demonstrates that 
the considered factors significantly influence the usage of shared mi-
cromobility services in Berlin. The influence of temporal variables, 
depicted in Fig.  6, emphasizes the relationship between micromobility 
usage and time of day and day of the week. Bicycles and e-mopeds 
exhibit clear usage peaks during the morning and evening rush hours 
9 
on weekdays. Conversely, e-scooters display a different temporal us-
age pattern, showing higher usage in the evenings and on weekends, 
particularly on Saturday nights.

Looking at the Lockdown variable estimating usage during COVID-
19 lockdown periods all micromobility modes show a significant de-
cline.

Weather-related variables shown in Fig.  7 play a critical role, with 
precipitation exerting the strongest negative impact on all three modes 
bicycles, e-scooters, and e-mopeds. This finding aligns with previous 
literature, confirming that rainy weather discourages the use of micro-
mobility services (see Table  1). In contrast, temperature has a generally 
positive effect on usage, though the strength of this effect varies across 
different modes. As expected, warmer temperatures are associated with 
increased usage, which is consistent with existing research suggesting 
that favorable weather promotes the use of these services. Wind speed, 
on the other hand, negatively affects usage across all modes, with the 
strongest impact observed for e-scooters.

Environmental and demographic factors, illustrated in Fig.  8, ex-
hibit different effects across the micromobility modes. Higher land 
prices are associated with increased usage for all three modes, espe-
cially in areas that combine residential, commercial, and recreational 
land uses. Bicycles and e-scooters show strong influences of land use 
entropy and a high mix of different land use types between 5 a.m. and 
8 a.m. and 3p.m. and 6p.m.. E-scooters also show a moderate impact of 
land use mix in the late evening until 1 a.m.. E-mopeds, in contrast, are 
less sensitive to land use variations compared to bicycles and e-scooters 
but show a notable negative effect in areas with a higher proportion of 
social welfare recipients.

Topography reveals a notable contrast between the modes, as shown 
in Fig.  8. For bicycles, the negative impact of steeper terrain is ex-
pected, as non-motorized vehicles are more difficult to use in hilly 
areas. This finding is consistent with observations from other cities like 
Helsinki, where topography similarly affected bicycle usage. E-mopeds 

https://daten.berlin.de/
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Fig. 6. Estimated functional influences of 𝛽𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙(ℎ) values for temporal variables.

Fig. 7. Estimated functional influences of 𝛽𝑤𝑒𝑎𝑡ℎ𝑒𝑟(ℎ) values for weather variables.
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Fig. 8. Estimated functional influences of 𝛽𝑒𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡(ℎ) values for environmental and demographic variables.
also show a negative relationship with topography, although the effect 
is weaker than for bicycles. E-scooters, in contrast, exhibit a slight 
positive effect from topography, although this effect is not statistically 
significant, suggesting that terrain may have little to no impact on 
e-scooter usage.

Fleet size and vehicle availability, shown in Fig.  9, also significantly 
influence the number of trips made using micromobility services. How-
ever, the relationship between fleet size and trip numbers is not pro-
portional, suggesting that simply expanding the fleet does not directly 
lead to a corresponding increase in trips. Higher vehicle availability 
per hour in a given area tends to drive more trips, especially in the late 
afternoon, likely due to an increase in leisure-related trips. E-scooters 
benefit from larger fleet sizes, showing a steady increase in the positive 
effect on trip count comparing the 40%–100% quintiles. For bicycles 
and e-mopeds, however, the relationship is more complex. Initially, a 
larger fleet size leads to increased usage, but after a certain threshold, 
this effect begins to reverse, eventually turning negative.

4.2.2. Random effects
The analysis of random effects reveals spatial and temporal autocor-

relation in the residuals.
The range parameter 𝜃 (Fig.  10) indicates substantial spatial depen-

dence for all three modes, often spanning tens of kilometers or more. 
E-mopeds show the highest values (around 15 km–80 km), followed 
by bicycles (roughly 10 km–60 km) and e-scooters (about 5 km–40 
km), though all remain relatively large. One explanation is that many 
peripheral TAZ share similarly low trip counts, creating noticeable 
spatial correlations even at greater distances, which could inflate 𝜃.

The temporal autoregressive dependence is estimated with the di-
agonal components of the transition matrix 𝐺̂. The median estimates 
in Fig.  11 show higher dependence at night times between 1 a.m. and 
5 a.m. with values of up to around 0.85 and consistently lower depen-
dency during daytime for all three modes varying between roughly 
between 0.2 and 0.4. This indicates that up to 85% of the random 
variations observed during nighttime, and only 20% to 40% during 
daytime, are influenced by data from the previous day.
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5. Discussion

This study highlights several factors that influence the use of shared 
micromobility services and offers insights for policymakers, operators, 
and urban planners. First, as operators continue to expand their fleets in 
a competitive market, cities face increasing problems such as crowded 
sidewalks and abandoned vehicles (Twisse, 2021; Kröfges, 2021; James 
et al., 2019). To address these challenges, policymakers might consider 
regulations that limit fleet expansion, designate parking zones, and 
enforce rules that keep public spaces safe and accessible.

Our results also underline the importance of weather conditions, 
supporting previous studies (Noland, 2021; Mehzabin Tuli et al., 2021). 
While wind speed and precipitation negatively impact all modes, e-
scooters are particularly vulnerable, likely because they are lighter 
and have less protection for riders compared to e-mopeds. Bicycles 
and e-mopeds experience higher usage during weekday commuting 
hours. E-scooters, in contrast, exhibit increased usage during evenings 
and on weekends, particularly on Saturday nights, suggesting a more 
leisure-oriented user base. While not directly shown by our data, the 
studies Federal Statistical Office of Germany (Destatis) (2022, 2024), 
Janikian et al. (2024) show that a certain share of these nighttime 
leisure trips, across all micromobility modes, may involve alcohol 
consumption, motivating both operators and legislators to consider 
stricter safety measures. In practice, this could take the form of en-
hanced guidelines, dedicated parking near nightlife venues, or even 
restrictions on vehicle activation at certain times to prevent accidents 
and injuries (Brauner et al., 2022; Janikian et al., 2024).

Although less severe than in related studies (Li et al., 2021), another 
notable result is the decline in micromobility use during COVID-19 
lockdowns, possibly showing how reduced commuting and leisure ac-
tivities affected demand. Environmental and demographic factors also 
play a role, especially in vibrant urban areas. Shared vehicles are 
most popular where housing, businesses, and recreational venues are 
in close proximity. While bicycles and e-scooters particularly benefit 
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Fig. 9. Estimated functional influences of 𝛽𝑓𝑙𝑒𝑒𝑡(ℎ) values for vehicle density and global fleet size variables.
Fig. 10. Estimated degree of temporal autoregressive dependence 𝜃̂ for e-mopeds, bicycles, and e-scooters (in km)
from mixed-use neighborhoods, e-mopeds appear less sensitive to land-
use variations but their use is negatively influenced by areas with 
higher proportions of social welfare recipients. This could be related 
to the higher cost and driver’s license requirement. Targeted subsidies 
or special pricing for lower-income groups could help ensure that all 
residents benefit from e-moped services.

The impact of topography varies across modes. For bicycles, the 
negative impact of steeper terrain is expected, as non-motorized vehi-
cles are more difficult to use in hilly areas. This finding is consistent 
with observations from other cities like Helsinki, where topography 
similarly affected bicycle usage (Piter et al., 2022). E-mopeds also show 
a negative relationship with topography, although the effect is weaker 
than for bicycles. The slightly negative effect of topography variations 
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on e-mopeds might be due to restrictions on motorized vehicles in 
park areas or protected landscapes, which are often located in more 
topographically varied regions in Berlin (e.g. Teufelsberg or Volkspark 
Humboldthain).

Fleet size and vehicle availability also significantly influence trip 
numbers, though the relationship is not strictly proportional. E-scooter 
usage tends to rise as more vehicles appear on the streets, but for 
bicycles and e-mopeds, the number of trips stagnates as the fleet 
size grows. This finding could be related to the competition between 
micromobility modes, with the comparatively large e-scooter fleet (see 
Fig.  3) possibly attracting users of bicycles and e-mopeds, supporting 
the findings of Reck et al. (2021) and Shah et al. (2023) who also found 
competitive advantages for operators with large fleets. In response, 
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Fig. 11. Estimated degree of temporal autoregressive dependence 𝐺̂ for e-mopeds, bicycles, and e-scooters.
operators could aim for a balanced and optimized fleet when deploying 
vehicles. Loyalty programs already employed by some operators (Wa-
terworth, 2023) could encourage users to try different micromobility 
modes, ensuring more even usage across fleets. Local officials could 
consider regulating e-scooter fleets to curb oversupply and prevent 
these vehicles from dominating the market, as planned for Berlin until 
March 2025 (for Urban Development and Housing, 2023).

Despite the insights gained, certain limitations must be addressed. 
Our results are context-specific and may not fully translate to cities 
with different climates or policies. Although the negative impact of rain 
on micromobility use aligns with findings from other regions (Noland, 
2021), the extent of weather-related effects could vary elsewhere. 
Moreover, our 30-month study window overlapped heavily with the 
COVID-19 pandemic, potentially skewing some travel behaviors de-
spite our inclusion of a lockdown variable. Data-related constraints 
also exist: we relied on a five-minute temporal resolution for tracking 
vehicle availability, which can over- or underestimate short trips, and 
even with thorough data cleaning and route validation, some mis-
classifications are possible. Another limitation arises from our data 
cleaning and filtering process. Unlike for shared e-mopeds and shared 
e-scooters, for the non-electric Nextbike bicycles we were not able to use 
negative SOC changes to identify charging, maintenance, or relocation 
activities by the operators. Lastly, we only analyzed data from one 
operator per micromobility mode in Berlin, which may limit how 
well our findings capture the broader competitive landscape. Future 
research would benefit from incorporating multiple operators’ data. A 
centralized data platform could help streamline these efforts, improving 
both the reliability and comparability of micromobility studies.

In sum, our work shows that micromobility usage is shaped by a 
mix of environmental factors, user demographics, and market compe-
tition among different vehicle types. By managing fleet sizes wisely, 
addressing affordability concerns, and creating policies that encourage 
safe and responsible use, cities and operators can build a more efficient 
and inclusive micromobility ecosystem.

6. Conclusions

This study aimed to deepen our understanding of how weather, 
COVID-19, fleet size, and the built environment influence micromobil-
ity use. Drawing on a 30-month longitudinal dataset, we investigated 
how urban environment, weather, COVID-19 lockdowns, and grow-
ing fleet sizes influence trip volumes of three micromobility modes. 
In doing so, we addressed identified research gaps by incorporat-
ing temporal, spatial, demographic, and structural variables into our 
analyses.

Our findings confirm that larger fleet sizes do not automatically 
yield proportional increases in trip volumes. Instead, vehicle density 
and rebalancing practices emerge as critical considerations for optimiz-
ing usage. Operators should not merely expand their fleets; rather, they 
should focus on strategic allocation and dynamic fleet management. 
This observation supports earlier suggestions (Reck et al., 2021) and 
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aligns with calls for regulating fleet sizes to prevent oversupply (Eu-
rocities.eu, 2020).

Weather, particularly precipitation, poses a negative influence on 
all micromobility modes and usage shows distinct temporal patterns for 
each micromobility mode. These insights could inform targeted service 
availability and pricing models with specific time windows.

Social factors also influence micromobility adoption, as evidenced 
by lower e-moped usage in areas with higher proportions of social 
welfare recipients. Here, affordability considerations and the need for 
a driver’s license may pose barriers. Targeted subsidies or discounted 
subscription plans can help promote social equity, particularly for 
costlier modes like e-mopeds.

While lockdowns due to COVID-19 significantly reduced overall 
micromobility usage, the effect was less pronounced than in some 
related studies (Li et al., 2021), suggesting a partial substitution of 
public transit trips with shared micromobility. Due to limited data 
access for other operators, we restricted our dataset to three providers. 
In line with Foissaud et al. (2022), we therefore encourage future 
studies to include data from all active micromobility operators for a 
more comprehensive assessment of competitive dynamics. Data shar-
ing among operators is key to evidence-based research, which would 
greatly benefit from a centralized data platform in Germany.
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