<@ sustainability

Article

Forecasting Moped Scooter-Sharing Travel Demand Using a
Machine Learning Approach

Tulio Silveira-Santos *(7, Thais Rangel 1>, Juan Gomez

check for
updates

Citation: Silveira-Santos, T.; Rangel,
T.; Gomez, J.; Vassallo, ].M.
Forecasting Moped Scooter-Sharing
Travel Demand Using a Machine
Learning Approach. Sustainability
2024, 16, 5305. https://doi.org/
10.3390/5u16135305

Academic Editor: Zihan Kan

Received: 28 May 2024
Revised: 14 June 2024
Accepted: 19 June 2024
Published: 21 June 2024

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

11 and Jose Manuel Vassallo !

1 Transport Research Center (TRANSyT), Universidad Politécnica de Madrid, 28040 Madrid, Spain;
thais.rangel@upm.es (T.R.); juan.gomez.sanchez@upm.es (J.G.); josemanuel.vassallo@upm.es (J.M.V.)
Department of Organizational Engineering, Business Administration and Statistics,

Universidad Politécnica de Madrid, 28012 Madrid, Spain

Correspondence: tulio.silveira@upm.es

Abstract: The increasing popularity of moped scooter-sharing as a direct and eco-friendly trans-
portation option highlights the need to understand travel demand for effective urban planning and
transportation management. This study explores the use of machine learning techniques to forecast
travel demand for moped scooter-sharing services in Madrid, Spain, based on origin—destination
trip data. A comprehensive dataset was utilized, encompassing sociodemographic characteristics,
travel attraction centers, transportation network attributes, policy-related variables, and distance
impedance. Two supervised machine learning models, linear regression and random forest, were em-
ployed to predict travel demand patterns. The results revealed the effectiveness of ensemble learning
methods, particularly the random forest model, in accurately predicting travel demand and captur-
ing complex feature relationships. The feature scores emphasize the importance of neighborhood
characteristics such as tourist accommodations, public administration centers, regulated parking, and
commercial centers, along with the critical role of trip distance. Users’ preference for short-distance
trips within the city highlights the appeal of these services for urban mobility. The findings have
implications for urban planning and transportation decision-making to better accommodate travel
patterns, improve the overall transportation system, and inform policy recommendations to enhance
intermodal connectivity and sustainable urban mobility.

Keywords: moped scooter-sharing; shared mobility; urban mobility; travel demand; machine learning;
transportation management

1. Introduction

The rise of shared mobility services has become a popular subject in urban transportation
studies in recent years. The emergence of new modes such as carsharing, bike-sharing, and
moped scooter-sharing has transformed how people move around cities. Instead of requiring
vehicle ownership, the notion of “shared mobility” has been defined as providing users
with short-term access to shared automobiles based on their needs and convenience [1]. The
term “micro-mobility” first appeared to refer to shared, low-speed vehicles like mopeds and
kick-style scooters, which are becoming more and more popular [2]. This shift has led to
new challenges and opportunities for city planners, policymakers, and researchers to address
issues such as congestion, emissions, and equitable access to transportation.

Among these shared mobility services, moped scooter-sharing has gained popularity
in many cities worldwide. These services allow users to rent and share motorcycles for
short trips and have the potential to offer an alternative mode of transportation that is
faster, more flexible, and cheaper than traditional modes such as public transit or taxi
services [3]. However, understanding the travel demand patterns of moped scooter-sharing
services is crucial for ensuring their sustainable growth and efficient use of resources
and assessing their potential role within the urban transport system. This study aims
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to bridge this gap by leveraging machine learning techniques to forecast travel demand,
providing a nuanced understanding of travel patterns that can inform urban planning and
transportation policies.

Accurately predicting travel demand for moped scooter-sharing can have significant
policy implications. For urban planners and policymakers, such predictions can inform
infrastructure planning, traffic management, and environmental policies. By understanding
when and where the demand for these services is highest, cities can better allocate resources,
optimize parking regulations, and enhance the integration of moped scooter-sharing with
other public transportation options. This may result in less pollution, fewer traffic jams,
and more fair access to transit for locals. Moreover, from an economic perspective, efficient
deployment of moped scooter-sharing services can support local businesses by increasing
accessibility and foot traffic.

Applications of big data and machine learning techniques are being employed exten-
sively globally in a range of fields [4], offering more comprehensive data on transportation
networks and assisting businesses and government agencies in better organizing and ar-
ranging their operations [5-7]. The use of machine learning techniques has been gaining
traction in the transportation industry due to their ability to analyze and predict travel
demand patterns.

Machine learning techniques have been explored over the last few years to esti-
mate travel demand for a variety of transport modes, such as metro [8], taxi [9,10], ride-
hailing [11], and bike-sharing [12,13]. However, the use of moped scooter-sharing data
has received limited attention, despite its potential to provide valuable insights into travel
demand patterns in urban areas. Moreover, the existing studies have focused primarily on
predicting travel demand for specific periods or events, such as rush hour or major sports
events. In contrast, this study seeks to explore the feasibility of predicting global travel
demand for an origin—destination pair at the neighborhood level on an annual basis, which
could inform long-term planning and decision-making.

This study aims to explore the use of machine learning techniques to forecast travel demand
patterns in Madrid, Spain, based on historical data from the moped scooter-sharing service
provided by a private mobility operator. Data have been collected by the company Acciona,
with approximately 1.5 million moped scooter-sharing trips registered in the city in 2022.

To achieve this objective, this paper explores machine learning techniques to develop
predictive models that can estimate the travel demand of moped scooter-sharing among
origin and destination pairs in each neighborhood of the city of Madrid. These models have
been based on a combination of travel demand data and additional explanatory variables,
including (i) sociodemographic characteristics of the neighborhood, (ii) travel attraction
centers, (iii) transportation network attributes, (iv) policy-related variables (such as the
application of low-emission zones—LEZs—and regulated on-street parking areas), and
(v) the distance impedance variable.

Using the scikit-learn open-source machine learning toolkit, two supervised machine
learning models (such as random forest and linear regression) were employed to forecast
travel demand trends. The former was used to visualize feature coefficients, and the latter
was used to visualize feature importance scores. The findings could inform policy decisions
related to transportation planning and infrastructure investment, as well as provide insights
into the behavior of travelers in urban areas.

The paper is divided into seven sections in addition to this introduction. Background
and literature review are provided in Section 2. Section 3 provides an overview of the study
context, and Section 4 provides a thorough description of the data. Section 5 provides an
overview of the methodology used to obtain the research results. Section 6 presents the
results, and Section 7 offers a discussion that follows. Conclusions and policy recommen-
dations are presented in Section 8 at the end.
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2. Background and Literature Review

The scientific literature on travel demand prediction using machine learning has
seen significant growth in recent years, driven by advancements in machine learning
techniques [14] and the availability of large-scale datasets [15]. Traditional time series
models, such as the auto-regressive integrated moving average (ARIMA), have long been
used for travel demand forecasting [16-18]. However, these models have limitations
in capturing complex nonlinear relationships and managing large datasets. In contrast,
machine learning models, given their ability to capture complex interrelationships and
nonlinearities, have shown superior predictive accuracy and model fit in travel demand
estimates for various modes of transportation [15], including metro [8], bus [19], taxi [9,10],
ride-hailing [11,20], bike-sharing [12,13], and scooter sharing [21].

For instance, Ma et al. [8] proposed a deep neural network architecture combining con-
volutional neural networks (CNNs) and bi-directional long short-term memory (BLSTM)
to predict travel demand in the Beijing metro system. Their model outperformed tradi-
tional and deep-learning-based models in terms of accuracy. For buses, Zhao et al. [19]
enhanced short-term bus trip demand prediction using an experiment in Shenzhen, China,
by proposing a graph-deep-learning-based technique coupling with the spatiotemporal
influence of the built environment (GDLBE). In the case of taxis, Liu et al. [9] demonstrated
the superior predictive ability of a context-aware convolutional recurrent neural network
(CACRNN) in forecasting taxi demand in New York City, incorporating spatio-temporal
variables and outperforming traditional methods like historical average (HA) and ARIMA.
Yao et al. [10] also developed a prediction model for taxi demand using a large-scale dataset
from Guangzhou, China, and found that their dynamic multivariate spatio-temporal neural
network (DMVST-Net) outperformed traditional time series and deep learning models.

Predicting travel demand for ride-hailing services has also demonstrated potential using
machine learning approaches. Chen et al. [11] compared the performance of an ARIMA
model with three different deep-learning models, finding that a hybrid CNN-LSTM model
achieved better accuracy in capturing spatiotemporal patterns of ride-hailing demand. To
perform intelligent prediction effectively and economically, Qiao et al. [20] presented ERPM,
a three-in-one multi-agent reinforcement-learning-based online algorithm for ride-hailing
demand prediction.

In the realm of bike-sharing, Lin et al. [12] proposed a graph convolutional neural
network with a data-driven graph filter (GCNN-DDGF) for demand prediction at the station
level in New York City, outperforming other models. For the city level, Giot and Cherrier [13]
exploited data from individual trips in Washington, D.C., and found that Ridge Regression
and Adaboost Regression were the most effective models for city-level demand prediction. In
the case of scooter-sharing, Xu et al. [21] proposed a novel deep learning architecture named
spatio-temporal multi-graph transformer (STMGT) to forecast the real-time spatiotemporal
dockless scooter-sharing demand. The proposed approach was assessed for two real-world
case studies, one in Austin, Texas, and the other in Washington, D.C. The findings indicate
that STMGT significantly exceeds all of the chosen benchmark models for both case studies.

Despite the growing interest in machine learning for travel demand estimation across
various travel modes, there is a notable research gap in predicting travel demand for moped
scooter-sharing using machine learning techniques. Existing studies on shared mopeds
have focused on accident analysis [22,23], user characteristics and preferences [3,24,25],
and the spatiotemporal dynamics of mopeds [26], but not on predicting travel demand
using machine learning.

Furthermore, there is ample evidence about the impact of the built environment and
land use features on travel demand. For instance, Jun et al. [27] examined the land use
features of the pedestrian catchment areas of Seoul subway stations and how they affected
ridership at the station level. They discovered that intermodal connectivity, a diverse mix
of land uses, and high employment and population densities all had a positive effect on
subway ridership. Similarly, Wang et al. [28] explored the spatially varying relationships
between the built environment and subway trips in Chengdu, highlighting the significant
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impact of factors such as residential, commercial, and transport infrastructure on trip
origins and destinations.

The purpose of this study is to fill this gap in understanding the patterns of travel
demand patterns concerning moped scooter-sharing services.

3. Study Context

The study was carried out in Madrid, Spain, one of the most populated cities in the
European Union with a variety of public and private transportation options. According to
the last Madrid Mobility Survey [29], the average number of trips made in the city on a
working day is 7.9 million. They are distributed among several means, with walking and
bicycling accounting for the majority (34.6%), followed by public transportation (33.4%)
and private vehicles/motorcycles (28.6%). Less than 3.4% of all shared modes are made up
of taxis, moped scooters, and other vehicles.

Spanish city centers are typically distinguished by old, historic urban structures with
narrow streets and ongoing traffic issues, which may favorably affect the use of shared
mopeds. Regardless of the cause, the country has one of the largest fleets of shared mopeds
in Europe, which results in about 9000 motorcycles [3,30].

In Spain, companies rent out basic electric mopeds with swappable batteries that do
not require moving the vehicle. These moped scooter-sharing services can accommodate
one or two people and run on a free-floating system. Through a mobile application, their
users can book the service and find out where the nearest accessible mopeds are located.
In Spain, anyone with a motorbike or moped driver’s license or one who has owned a car
license for longer than three years is permitted to drive this type of vehicle [25].

The city of Madrid has several moped scooter-sharing operators (such as Acciona,
eCooltra, Movo, and Cabify). Acciona plays an important role as a shared mobility operator
in Europe [26], with an important presence in Spain. Moreover, there are no restrictions
on these services in Madrid because local agencies and operators work closely together to
regulate them [31]. Acciona contributed to the dataset used for this study, which contains
all travel to Madrid in 2022, as described in the data description (see Section 4).

Acciona launched its moped scooter-sharing business in 2018 and intends to accelerate
the adoption and use of light electric vehicles to decarbonize urban centers, making it a
relevant player in urban mobility, especially when the average distance traveled is less than
10 km per trip [32]. In Spain, Acciona has the largest market share, reaching 36.4% in 2022,
surpassing its main competitor, eCooltra, which has a market share of over 30% [33]. The
Acciona moped scooter-sharing service allows speeds of up to 50 km/h for city driving
and offers flexible pricing options in Madrid, with EUR 0.33/min being the standard
rate [34]. This competitive pricing makes it an appealing choice for users seeking efficient
and convenient transportation in Madrid, making moped scooter-sharing a cost-effective
alternative for short-distance trips, especially within urban areas.

Electric vehicles, including shared modes, are allowed to park anywhere in a city
center in Spain and are typically granted free on-street parking. This makes them a
desirable alternative for commuting within inner city districts, such as Madrid’s M-30
highway, which is part of the first ring road [3]. It should be noted that in Madrid, a
policy to promote sustainable mobility was implemented in 2003, called the Regulated
Parking Service (SER by its Spanish acronym), which is explained in more detail in the
data description (see Section 4). To rationalize and balance the use of public space and the
parking of private automobiles, this SER policy is in charge of administering, regulating,
and controlling vehicle parking on public roadways in the city’s major areas [35]. Since
Acciona (the dataset provider) only operates electric mopeds, its vehicles are immune from
these regulations and enjoy free on-street parking throughout the city.

The introduction of low-emission zones (LEZs) is another significant legislative move in
Madrid intended to promote sustainable mobility. These LEZs, which are further described in
the data description (see Section 4), encourage the use of electric or low-emission vehicles by
preventing high-pollution vehicles from entering areas of the city center.
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4. Data Description

The dataset used in this study includes information gathered by GPS units mounted on
Acciona moped scooters. Acciona’s data collection processes adhere to industry standards,
ensuring high reliability and accuracy. Every trip made in Madrid in 2022 was included in
the CVS format of data, which also included the following details:

Id_trip: an identification number for every trip;

Id_user: an identification number for every user;

Id_vehicle: a unique number assigned to every motorcycle;

Start_time: the timestamp of the trip’s beginning (yy-mm-dd hh:mm:ss);

End_time: the timestamp of the trip’s conclusion (yy-mm-dd hh:mm:ss);
Start_latitude and longitude: the location in xy coordinates where the motorcycle was
picked up;

e  End latitude and longitude: the location in xy coordinates where the motorcycle was dropped.

The dataset provided by Acciona included all trips in the entire metropolitan area
of Madrid in 2022, with a total of 1,532,088 entries. Based on the information about the
geographic coordinates, it was noted that 1,453,433 trips have their origin and destination
within the city of Madrid (94.87% of the original dataset). This last dataset was used in this
paper to estimate travel demand among origin and destination pairs in each neighborhood
of the city, which is the dependent variable of this study.

Using feature engineering approaches, further exogenous factors were included, such
as journey time and distance, origin and destination district, and origin and destination
neighborhood. The city of Madrid has a total of 21 districts and 131 neighborhoods [36].
Data cleaning was performed in cases in which the travel time variable had a value less
than or equal to zero. Following the data cleaning procedure, 1,453,395 entries (with 99.99%
representativeness) were found in the final dataset.

The final dataset includes moped scooter-sharing trip data in Madrid, Spain, classified
as inter-neighborhood (95%) and intra-neighborhood (5%) trips. On average, the distance
covered is 2.89 km, with an average travel time of 13.52 min. The statistics underscore the
dominance of short trips. Figure 1 illustrates the origin and destination trip heatmaps on
an annual basis, with the intensity of travel represented by the heatmap color gradient.

N N

A A

Legend Legend
Madrid City Madrid City
Trip Origin Heatmap Trip Destination Heatmap
P 15477 0 25,5 75m M 15118 0 25.-5" 75mm
- 0 — — - 0 — —
(a). Trip origin heatmap (b). Trip destination heatmap

Figure 1. Origin and destination trip heatmaps on an annual basis.
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The heatmaps of the origin and destination trips are almost identical, verifying that
the highest concentration of origin and destination points (highlighted in red) of the trips
occurs in the central area of Madrid, inside the M-30 highway (see Figure 2a). There
are high-demand areas in this zone, especially at the Atocha and Chamartin multimodal
stations. These stations serve as major hubs for various modes of transportation, including
buses, metros, and trains, making them significant nodes in the city’s transport network.

N N

A A

Legend

Madrid Districts
Desire Lines

0-20

20 - 1165
0 25 5 7.5km = 1165 - 20528 0 25 5 7.5km
——— w— 20528 - 371030

Legend
Low Emission Zone
Regulated Parking Zone
Madrid City

— M-30 Highway

(a). Madrid city zones and neighborhoods (b). Trip desire lines by district

Figure 2. Madrid city zones and desire lines.

In the next step, trip data by district and neighborhood of Madrid were aggregated
to calculate the total number of trips to and from each location, as illustrated by the trip
desire lines by district (see Figure 2b). The areas of Madrid with the greatest travel demand
are found in the downtown region (along the M-30 highway) and the regulated parking
zone, particularly in the higher-income neighborhoods (see Appendix A).

The districts with the highest travel demand are in the central area of Madrid (within
the M-30 highway) and within the regulated parking zone, especially in the higher-income
areas (see Appendix A).

Moving forward, the analysis focuses on aggregating travel data per neighborhood
across the 131 neighborhoods in Madrid. The analysis focuses on the yearly number of trips
for every pair of origin and destination, and in 2022, the city recorded almost 1.5 million
moped scooter-sharing trips. Figure 3 presents a histogram and a kernel density estimate
(KDE) of travel demand between origin—destination neighborhoods throughout the analysis
period. KDE is a non-parametric method utilized to estimate the probability density
function of a random variable, providing a smoothed representation of the distribution of
travel demand between neighborhoods. As can be observed, the histogram and KDE of
the travel demand between origin—destination neighborhoods in the period have skewed
distributions and contain many zero values.
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Figure 3. Travel demand between origin—destination neighborhoods in the period. The blue line
represents KDE.

Additional explanatory variables were combined with travel demand data, includ-
ing (i) sociodemographic characteristics of the neighborhood, (ii) travel attraction centers,
(iii) transportation network attributes, and (iv) policy-related variables, such as the applica-
tion of low-emission zones and regulated on-street parking areas. The values of all these
attributes, which will be explained in greater detail below, as well as the travel demand
data, are referred to in the year 2022.

The dataset with the sociodemographic characteristics of the neighborhood was col-
lected on the website of the Open Data Portal of the City of Madrid through the panel of
indicators of districts and neighborhoods in Madrid [36]. Data were provided in XLSX
format, from the year 2022, and the following neighborhood indicators were used:

Pop_Density: population density (inhabitant/Ha.);

Pop_Avg_Age: population average age;

Income: average annual net income of households;

Unemployment: number of unemployed people (registered in February 2022).

Data on travel attraction centers were collected from the website of the Spanish
Institute of Statistics [37]. The data collected only include the specific locations of these
travel attraction centers, rather than their sizes or areas. The data were provided in SHP
format, and a GIS tool was used to extract the magnitude of each variable by neighborhood
in Madrid, namely:

e  Public_ Admin: points of interest of public administration, including (i) administration
of justice; (ii) tax agency; (iii) city councils and ministries; (iv) embassies and consulates;
(v) employment workshops; and (vi) social security;

e Commercial_Centers: commercial points of interest, including (i) shopping centers;
(ii) food galleries; (iii) large, specialized areas; (iv) hypermarkets and markets;
(v) supply markets; and (vi) banks;

e  Education_Centers: education points of interest, including (i) university campuses;
(ii) non-university educational centers—private and public centers; and (iii) non-university
educational centers—educational services;

e  Health_Centers: health points of interest, including (i) comprehensive care centers
for drug addicts; (ii) specialty centers; (iii) health centers; (iv) health consultation;
(v) district mental health service; and (vi) pharmacies;

e  Cultural_Services: points of interest for cultural, recreational, and personal services,
including (i) theaters; (ii) cinemas; (iii) museums; (iv) theme parks; (v) parishes;
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(vi) bullrings; (vii) historic bridges; (viii) cemeteries; (ix) libraries; and (x) parks
and gardens;

o  Tourist_Accom: tourist points of interest, including (i) hotels (ii) hostels; (iii) rural
accommodation; (iv) tourist apartments; (v) camping; and (vi) other tourist offices.

Data on transportation network attributes were collected from the Open Data website
of the Madrid Regional Transport Authority [38]. The data were provided in SHP format,
and a GIS tool was used to extract the magnitude of each variable at the neighborhood
level in Madrid, namely:

e  Bus_Stop: Madrid Urban Bus Network (EMT by its Spanish acronym) bus stops;
e  Metro_Station: Madrid Metro Network metro stations.

Data on policy-related variables were collected from the Madrid City Hall Geoportal
website [39]. Data were provided in SHP format (see Figure 2a), namely:

e Low_Emission_Zone: as part of its Madrid 360 Environmental Sustainability Strategy,
the local government established a low-emission zone (LEZ) in the “Central District”
to improve air quality and lessen the harmful effects of motorized traffic, thereby
protecting human health and the urban environment. For a detailed description
of this low-emission zone, the reader is referred to reports such as Geoportal del
Ayuntamiento de Madrid [39] and Gonzalez et al. [35];

e  Regulated_Parking: paid map service encompassing designated on-street parking
areas, subdivided into neighborhoods, and differentiated zones.

In addition, a crucial impedance variable was introduced to the dataset. The distance
between the centroids of the origin and destination pairs of neighborhoods in Madrid is
represented by this variable. Since it sheds light on the spatial interactions across neigh-
borhoods, the inclusion of this impedance component is crucial. The distance matrix,
containing the distances between the centroids of all neighborhoods in Madrid, was ob-
tained using a GIS tool. Employing the centroid-to-centroid distance metric provides
a pragmatic approximation for capturing travel distances within the urban context, en-
suring consideration of spatial accessibility between neighborhoods while minimizing
computational complexity.

Table 1 shows the descriptive statistics of the additional explanatory variables con-
sidered in this research, concerning the 131 neighborhoods of Madrid. The appendix
illustrates the geographical distribution of the sociodemographic characteristics, travel
attraction centers, and transportation network attributes across neighborhoods.

Table 1. Summary statistics of explanatory variables, concerning the 131 neighborhoods of Madrid.

Attribute Variable (Units) Typology Summary Statistics
Sociodemographic Pop_Density Continuous Mean 187.26
characteristics of (inhabitant/Ha.) Max. 462.90
the neighborhood Min. 0.19
SD 123.65
Pop_AVg_Age Continuous Mean 44.05
(years) Max. 49.77
Min. 32.57
SD 3.46
Income Continuous Mean 44,275.59
(EUR) Max. 91,933.00
Min. 21,070.67
SD 17,192.94
Unemployment Continuous Mean 1195.79
(No. of unemployed people) Max. 3579.00
Min. 35.00
SD 852.52
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Table 1. Cont.

Attribute Variable (Units) Typology Summary Statistics
Travel Public_Admin Continuous Mean 3.11
attraction (No. of public administrations or offices) Max. 36.00
centers Min. 0.00
SD 6.56
Commercial_Centers Continuous Mean 10.55
(No. of commercial centers or establishments) Max. 51.00
Min. 0.00
SD 8.53
Education_Centers Continuous Mean 15.50
(No. of education centers or schools) Max. 168.00
Min. 0.00
SD 16.62
Health_Centers Continuous Mean 15.47
(No. of healthcare facilities) Max. 41.00
Min. 1.00
SD 8.66
Cultural_Services Continuous Mean 9.41
(No. of cultural facilities or services) Max. 55.00
Min. 0.00
SD 9.43
Tourist_Accom Continuous Mean 95.02
(No. of tourist accommodations) Max. 1752.00
Min. 0.00
SD 268.84
Transportation Bus_Stop Continuous Mean 35.99
network (No. of bus stops) Max. 134.00
attributes Min. 2.00
SD 21.96
Metro_Station Continuous Mean 1.82
(No. of metro stations) Max. 8.00
Min. 0.00
SD 1.79
Policy-related Low_Emission_Zone Categorical 1 (Yes) 6
variables (Binary) 0 (No) 125
Regulated_Parking Categorical 1 (Yes) 55
(Binary) 0 (No) 76
Impedance Distance * Continuous Mean 7.38
variable (km) Max. 26.24
Min. 0.44
SD 3.99

* Distance between the centroids of the origin and destination pairs of Madrid neighborhoods.

5. Methodology

This section presents the methodology employed in this study, outlined in four main
steps. The flowchart in Figure 4 provides an overview of the methodology.

Data Collection and . . Machine Learning Results and Policy
. Feature Engineering . .
Preprocessing Modeling Recommendations

Figure 4. Methodological framework.
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The first step of data collection and preprocessing involved gathering a comprehensive
dataset of moped scooter-sharing trips in Madrid, Spain, and preparing the data for analysis.
The second step of feature engineering involved extracting and constructing relevant
features from the dataset. These first two steps have already been presented in the data
description (see Section 4).

The third step of machine learning modeling shows the methods used to investigate
travel demand patterns for moped scooter-sharing services. Machine learning techniques
were employed to develop predictive models to estimate travel demand among origin and
destination pairs in each neighborhood of Madrid.

To predict origin—destination, two supervised machine learning models were used: random
forest and linear regression. Both models have strengths and are widely applicable for regression
purposes, that is, to predict a continuous-value attribute associated with an object.

Ordinary Least Squares Linear Regression, or simply linear regression, fits a linear
model with coefficients w = (wl, een, wp) to minimize the residual sum of squares between
the observed targets in the dataset, and the targets predicted by the linear approximation.
It is a widely used, straightforward statistical model. Additionally, it is among the simplest
machine learning algorithms [40,41].

A Random Forest regressor, or simply random forest, is a meta-estimator that fits
many classifying decision trees on various sub-samples of the dataset and uses averaging
to improve predictive accuracy and control over-fitting [42]. Its key benefits include
robustness, minimum hyper-parameter adjustment, short training time, and the ability
to reduce overfitting without increasing bias-related error. It is one of the most accurate
general-purpose machine learning techniques [43].

The models were based on a combination of travel demand data and additional
explanatory variables (see Table 1). These various input features were standardized and
used to train a model with travel demand. All models were compared using random data
split into training and testing sets (adopted Train/Test equal to 80/20).

In terms of performance metrics, the models’ predictive power can be validated. As
can be seen in Figure 3, the study’s target variable has a skewed distribution and contains
zero values, making the Root Mean Squared Error (RMSE) and Mean Squared Error (MSE)
two metrics that are frequently used to assess the accuracy of prediction models [44].

Firstly, the Root Mean Square Error (RMSE) quantifies the discrepancy between actual
and expected values. The standard deviation of the prediction errors is used to compute
the difference, or residuals (see Equation (1)). The dependent unit used in this metric is
the same. In this study, the number of annual trips between origin and destination pairs in
each Madrid neighborhood serves as the dependent unit.

Actual; — Predicted;)
RMSE:\/Z?;( ctual; Nre icted;) 1)

Secondly, the average of the squares of the errors is measured by the Mean Squared Error
(MSE). Equation (2) shows that the MSE is expressed in squared units of the dependent unit.

MSE = % Zil(Actuuli — Predict‘edi)2 )

Notice that the formulas are nearly identical. The RMSE is just the square root of the
MSE. When assessing how well a model fits a dataset, the RMSE is more often used because
it is measured in the same units as the response variable.

It is important to note that random forest is a tree-based ensemble machine learning
method that does not have a direct notion of coefficient signs (positive or negative) of the
relationship between the features and the dependent variable, unlike the linear regression
model, in which the coefficients indicate the direction and strength of the relationship.

However, random forest models calculate feature importance based on how much
a feature reduces the impurity of the nodes it splits in the decision trees. The feature
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importance value captures the relative importance of features by measuring how much the
performance of the model decreases when that feature is not available in the data.

Results and policy recommendations derived from machine learning models are discussed
in the following sections (see Sections 6-8). These results include model performance, feature
importance scores, and implications for urban planning and transportation policy.

6. Results

This section shows the use of machine learning approaches in the development of
predictive models able to estimate travel demand patterns among origin and destination
pairs in each area of Madrid for moped scooter-sharing services.

Travel demand patterns were predicted using two supervised machine learning mod-
els: random forest and linear regression. The models were based on a combination of travel
demand data and additional explanatory variables (see Section 4). These variables were
assigned to each origin and destination pair using the suffixes ‘_Origin” and ‘_Destination’.
Additionally, the dataset includes a distance impedance variable, representing the distance
between the centroids of the origin and destination pairs of Madrid neighborhoods. Unlike
the other variables, the distance impedance is not assigned using suffixes; rather, it cap-
tures the spatial relationship between neighborhoods and provides essential geographic
information for the predictive capabilities of the models.

These various input features have been standardized to ensure they are on a similar scale.
This can prevent certain features from dominating the model and improve its performance.
The two machine learning models’ default hyperparameters were applied in this investigation.
Subsequently, they were employed to train a model where the target variable was travel
demand. Every additional variable shown in Table 1 was employed as a feature (i.e., the
sociodemographic characteristics of the neighborhood, travel attraction centers, transportation
network attributes, policy-related variables, and the distance impedance variable).

Notably, for comparison, all models employed the same random data split of the training
and testing sets (i.e., Train/Test equal to 80/20). The number of trips made annually between
origin and destination pairs in each Madrid neighborhood is taken into consideration when
evaluating and comparing the predictive accuracy of each model (see Table 2).

Table 2. Comparison of the models” indicators of performance.

Performance Metrics

Model

RMSE MSE
Linear Regression 0.060 0.004
Random Forest 0.026 0.001

While the linear regression model provides valuable insights between independent
variables and the dependent variable, its predictive accuracy falls short compared to
the random forest model. The higher RMSE and MSE values associated with the linear
regression model indicate greater disparity between predicted and actual values. This
discrepancy underscores the limitations of the model in capturing the complex and non-
linear relationships inherent in the dataset.

On the other hand, the random forest model outperformed the linear regression in
terms of forecasting trip demand. The random forest model captured the variability of the
target variable with a higher degree of precision due to its lower RMSE and MSE values.
By considering interactions and non-linear relationships among the features, the random
forest model outperformed the linear regression model.

As mentioned before, the linear regression model was used to visualize feature co-
efficients, and the random forest model was used to visualize feature importance scores.
Figure 5 illustrates the feature coefficients of the linear regression model. The feature
coefficients represent the relative importance of each feature in predicting travel demand.
Positive coefficients (in blue color) indicate that an increase in the corresponding feature
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value is associated with an increase in travel demand, while negative coefficients (in red
color) suggest the opposite effect.

Distance

-0.125 -0.100 -0.075 -0.050 -0.025 0.000 0.025 0.050 0.075
Feature Coefficient

Figure 5. Feature coefficients of the linear regression model. Blue has a positive effect on motorcycle
travel demand, and red has a negative effect.

Relevant features in the linear regression model include the presence of cultural
services, tourist accommodations, commercial centers, and public administration centers
in both the origin and destination neighborhoods. These features play crucial roles in
attracting travel demand because they represent key points of interest and activities in the
neighborhoods. Cultural services, such as museums and theaters, attract both residents
and tourists, leading to increased travel demand. Tourist accommodations and commercial
centers contribute to higher mobility as people move to and from these locations for
leisure, shopping, and other activities. The importance of commercial areas in explaining
the demand for moped scooter sharing is consistent with the analysis of spatiotemporal
travel patterns of micromobility services (including shared mopeds) conducted by Arias-
Molinares [45] in Madrid.

Similarly, public administration centers serve as hubs for administrative activities
and services, attracting a significant number of people to the area. Likewise, the presence
of health centers also contributes to increasing travel demand. This strong relationship
between the demand for moped scooter sharing and the location of health centers has also
been concluded by Arias-Molinares et al. [46].

As for transport-related variables, the number of metro stations also increases the
volume of moped-sharing demand. Proximity to metro stations enhances accessibility and
connectivity, encouraging people to travel more frequently. Moped scooter-sharing users
may take advantage of that service to connect with metro stations for long-distance trips.

On the other hand, the results for the variables related to the presence of low-emission
zones, unemployment, and the average age of the population indicate that these factors
may have a limiting effect on the volume of travel demand. The presence of low-emission
zones can have a negative effect on motorcycle travel demand, which can be attributed
to the limited availability of spaces for parking in the area and the high supply of pub-
lic transportation services. Higher unemployment rates can lead to reduced disposable
income, which can prevent individuals from using motorcycles, which are much more
expensive than public transportation. Likewise, areas with older populations are expected
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to have a lower demand for motorcycles, as older individuals would rather choose other
transportation options due to comfort or mobility restrictions.

The distance between the centroids of the origin and destination pairs of Madrid
neighborhoods emerged as a significant negative factor, indicating that reasonably longer
travel distances tend to decrease travel demand for moped scooter-sharing. This suggests
that users prefer these services for short-distance trips within the city or to connect with
other public transportation means, making them more appealing for urban mobility.

Figure 6 illustrates the feature importance scores of the random forest model. These scores
indicate the relative importance of each feature in predicting travel demand. Higher scores
show a stronger influence of the corresponding feature on the forecast of travel demand.

Distance

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Feature Importance Score

Figure 6. Feature importance scores of the random forest model.

The most influential feature in predicting travel demand is the distance between the
centroids of the origin and destination pairs of Madrid neighborhoods, which accounts
for approximately 31.7% of the model’s prediction accuracy. This highlights the critical
role of travel distance in shaping travel demand, also for moped scooter-sharing services.
Users seem to prefer these services for shorter trips within the city or to connect with
other public transportation means. Additionally, features related to the presence of tourist
accommodations, public administration centers, commercial centers, and regulated parking
also have notable importance in influencing travel demand.

On the other hand, features related to low-emission zones have negligible importance
in the forecast of travel demand. This suggests that moped scooter-sharing services are
not primarily being utilized as an alternative transport mode to access low-emission zones,
potentially due to existing restrictions for car use or other preferences in those areas.

7. Discussion

The analysis of travel demand prediction for moped scooter-sharing services using
both linear regression and random forest models provided valuable insights into the factors
influencing travel demand in Madrid’s neighborhoods.

The influence of sociodemographic characteristics on travel demand is a complex
interplay of various factors. Variables such as the average age of the population and the
number of unemployed individuals show limited impact on travel demand, primarily
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due to their concentration in neighborhoods far away from the downtown area of the city
(see Appendix A). The results also suggest that income has varying degrees of influence
on travel patterns. Although this variable is less significant in the linear regression model,
it gains more importance in the random forest model. This result highlights the nuanced
relationship between sociodemographic factors and travel behavior, emphasizing the need
to consider spatial variations and urban dynamics when formulating effective transport
policies and interventions.

Travel attraction centers play a crucial role in shaping travel demand, influencing both
the origin and destination neighborhoods in the analyzed models (see Figures 5 and 6).
Notably, tourist accommodations, cultural services, public administration centers, and
commercial centers emerge as key attributes driving travel patterns. These features are
concentrated in the central areas of the city (see Appendix A), underscoring their potential
impact on travel behavior and the significance of considering their spatial distribution in
urban planning and transportation policies.

The analysis of transportation network attributes reveals distinct patterns for bus
stops and metro stations. Bus stops are notably concentrated around the city center
(see Appendix A), and while their influence on travel demand is evident, it appears
relatively limiting, as suggested by the linear regression model. On the contrary, metro
stations also exhibit a concentration in the city center (see Appendix A) and emerge as influ-
ential factors in predicting travel demand. These results highlight the multifaceted nature
of transportation choices in Madrid. While bus stops impact travel demand, metro stations
play a more pronounced role, likely due to the increased accessibility they provide for moped
scooter-sharing users. This demonstrates that the proximity and ease of connecting to metro
stations can significantly influence travel behavior, especially for longer-distance journeys.

The examination of policy-related variables uncovers distinctive trends concerning
regulated parking zones and low-emission zones in Madrid (see Figure 2a). The im-
plementation of on-street parking regulations has played a pivotal role in influencing
travel patterns. This policy has successfully contributed to reducing car ownership rates
among households situated within the designated areas and promoting the use of greener
cars [35,47]. Notably, the absence of parking fees for mopeds within regulated parking
zones highlights the importance of effective parking regulations when estimating travel
demand in the central neighborhoods of Madrid. However, it is worth noting that the
low-emission zone has little impact on travel demand prediction, which can be attributed
to the limited availability of spaces for parking in the area and the high supply of public
transportation services. These findings shed light on the multifaceted interplay between
policy measures and travel behavior, underscoring the need for a comprehensive and
integrated approach to urban mobility planning.

All these findings suggest that neighborhood characteristics and amenities are crucial
in explaining travel demand. Understanding these relationships can inform urban plan-
ners and decision-makers to better accommodate travel patterns and improve the overall
transportation system.

8. Conclusions and Policy Recommendations

This study aimed to investigate travel demand for moped scooter-sharing between
neighborhoods in Madrid, Spain, using machine learning techniques. Through the analysis
of various features and the application of machine learning models, valuable insights were
obtained regarding the factors explaining travel demand in the city.

From the point of view of the methodology employed, the random forest model sur-
passed the linear regression model in predicting travel demand for moped scooter-sharing
services, showcasing its effectiveness in capturing the complex relationships among the
features. The superior performance of the random forest model emphasizes the importance
of considering non-linear relationships and interactions in travel demand analysis.

The insights gained from this research can inform broader discussions on how to
promote sustainable and efficient mobility options in cities. Notably, the distance between
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the centroids of the origin and destination pairs of Madrid neighborhoods emerged as
a significant factor, with longer travel distances negatively impacting moped scooter-
sharing demand. This highlights the preference of users for these services on short-distance
trips within the city, making them an attractive option for urban mobility. The presence
of metro stations remains a crucial explanatory factor, emphasizing the importance of
fostering intermodal connectivity between moped scooter-sharing services and public
transportation. By encouraging seamless integration, cities can promote multimodal travel
behavior, reducing reliance on private vehicles and contributing to a more sustainable
urban transport landscape. Furthermore, the identified neighborhood characteristics that
increase the demand for shared mopeds, such as the availability of tourist accommodations
and commercial centers, can guide urban planners in creating vibrant and accessible
neighborhoods that cater to diverse travel demands.

The findings from this study have important implications for urban planning, trans-
portation management, and various stakeholders involved in the development of sustain-
able and efficient transportation systems. Based on the results, several policy recommen-
dations can be made to different stakeholders (e.g., urban planners and policymakers,
transportation authorities, and moped scooter-sharing service providers).

Urban planners and policymakers can (i) consider the identified important features
such as tourist accommodations, public administration centers, and commercial centers
when designing land use and zoning plans; (ii) encourage mixed land use development to
create vibrant and diverse neighborhoods that can cater to different travel demands; and
(iii) focus on enhancing accessibility to public services like health and education centers,
which can positively impact travel behavior.

Transportation authorities can (i) use the insights from the Random Forest model to
prioritize investment in public transportation infrastructure, particularly in areas with
high importance scores for features such as metro stations and bus stops, and (ii) improve
connectivity and integration between different modes of transportation to provide seamless
and convenient travel options for residents.

Moped scooter-sharing service providers can (i) utilize the predictions of travel de-
mand to optimize fleet allocation and ensure adequate availability of vehicles in high-
demand neighborhoods and (ii) collaborate with local authorities to identify potential areas
for expanding the service based on the identified features and travel patterns.

Overall, this study illustrated the potential of machine learning techniques to pre-
dict travel demand and provide valuable insights for urban planning and transportation
decision-making. Accurate predictions of travel demand at the neighborhood level can
inform infrastructure planning, optimize public transportation services, and support sus-
tainable urban development. The insights gained from the random forest model can guide
policymakers and stakeholders in making informed decisions to address transportation
challenges and enhance the overall quality of life in Madrid. Future research can expand
these findings by exploring additional variables, incorporating new models, considering
the varying attraction capacities of different travel points, conducting comparative stud-
ies across different locations, and utilizing extensive travel databases where some user
characteristics are known to increase the accuracy and applicability of the findings.
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Appendix A

Sociodemographic characteristics of the neighborhood.
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