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As city-level modal splits are outcomes of city functions, it is essential to understand whether and how city
attributes affect modal splits to derive a modal shift toward low-emission travel modes and sustainable mobility
in cities. This study elucidates this relationship between modal splits and city attributes in 46 cities worldwide,
proposing a two-step data mining framework. First, using the K-Means method, we classify cities into private-
vehicle-, public-transit-, and bicycle-dominant groups based on their modal splits. Second, we categorize city
attributes into environmental, socio-demographic, and transportation planning factors and quantify their
interlocked impacts on cities' modal splits via the decision tree method. We observe that the socio-demographic
factor has the highest impact on determining the cities' modal splits. In addition, high population density and
employment rate are positively associated with low-emission travel modes. High gasoline tax and low public
transit and taxi fares often make people reconsider possessing private vehicles. On the other hand, extreme
weather conditions (e.g., hot temperatures) can prevent bicycle usage. Our contribution expands the impact of
introduced city planning and policies for modal shifts toward a real-world paradigm and we present implications

of the proposed framework in developing practical modal shift strategies.

1. Introduction

For decades worldwide, cities have pursued sustainable mobility, an
idea that is intertwined with concerns of climate change, rapid urbani-
zation, and road traffic safety (European Commission, 2013; United
Nations, 1997; United Nations, 2015). With its awakening to the adverse
effects of cities' relying primarily on motorized modes of transport, the
transportation sector has proposed mobility plans and urban planning
policies that focus on sustainability (May, 2015). To deemphasize
automobile dependency, government authorities and related organiza-
tions have introduced policies such as congestion charges and high fuel
taxes (C40 Cities, 2019; European Union, 2019). At the same time, those
authorities have improved service levels of public transit, cycling, and
walking, which has led to a modal shift from conventional private ve-
hicles to low-emission modes (BitiBi.eu, 2017; Buehler et al., 2017).

The modal split - the share of daily trips made by each travel mode —
is a valuable indicator to represent city functions; it involves multiple
variables and their interaction in the city (Pucher, 1988; Vanoutrive,
2015). As a preliminary step toward the modal shift, it is vital to
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understand the characteristics and determinants of modal split and
mode choice. Therefore, existing studies have investigated modal split
and mode preference determinants based on household travel surveys
covering multiple modes and the usage of specific travel modes. Re-
searchers have commonly found that higher population density and
mixed land use are associated with low dependency on automobiles
(Buehler, 2011; Vanoutrive, 2015).

Public transit use tends to rise in dense areas where frequent services
(i.e., short time headways) and high station and line densities are
justified by concentrated demand in the context of economies of scale, i.
e., the Mohring effect (Mohring, 1972; Yang & Zhou, 2020). In other
words, demand is highly related to waiting time and proximity to fa-
cilities (Ha et al., 2020; Paulley et al., 2006). Like public transit, demand
for bicycles (both shared and owned) positively correlates with the
associated infrastructure, such as bike paths and docks close to the
public transit stations (Eren & Uz, 2020). On the other hand, public
transit and bicycles involve more weather dependency than private
vehicles (Bocker et al., 2013; Eren & Uz, 2020; Liu et al., 2015).

In addition, in terms of travel behavior, high trip frequencies and
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long travel distances can lead to more private vehicle use (Scheiner,
2010). From a socio-economic perspective, compared to low- and mid-
income groups, high-income groups use private vehicles more than
other transportation modes (Santos et al., 2013; Sun et al., 2017).

In evaluating the impact of variables on travel mode demand,
existing studies have dominantly used statistical models, such as
regression and logit methods (Buehler, 2011; Ding et al., 2017; Ha et al.,
2020; Liu et al., 2015; Ma et al., 2020; Paulley et al., 2006; Santos et al.,
2013; Scheiner, 2010; Sun et al., 2017). Although these methods attempt
to explicitly frame a simple relationship between variables and mode
preference, they have difficulty reflecting the complexity in mode
preferences, which are determined by multiple interlocking variables. In
addition, only a few modal split studies (Buehler et al., 2017; Klinger
et al., 2013; Liu et al., 2015; McIntosh et al., 2014; Vanoutrive, 2015)
have been conducted in a small number of regions or cities within the
same continent, so it is difficult to expand and apply results to general
problems globally. Therefore, it is necessary to define city archetypes of
modal split and to simplify relationships between these archetypes and
variables for cities worldwide.

This paper aims to elucidate the impact of city attributes on modal
splits of primary and comprehensive intra-city trip modes — private ve-
hicles, public transit, and bicycles — by exploring global city cases. To
this end, we propose a two-step data mining framework as a categorical
approach to understanding city modal splits. We diagnose city arche-
types for trip mode, first by grouping 46 cities based on their similar
modal splits. To derive practical suggestions, we seek to define the
concept of controllability and employ 17 explanatory variables catego-
rized based on that concept into three factors—environmental, socio-
demographic, and planning—that can help decision-makers focus on
actionable schemes within relatively unchangeable conditions. In the
next step, we investigate the impact of the variables on the defined city
modal types. Ultimately, by providing practical suggestions from the
empirical evidence, we support decision-makers and city planners in
achieving their target modal splits (e.g., low share of trips by private
vehicles and high share of public transit or bicycles). We address these
objectives by answering the following research questions:

(i) which variables dominate in determining the current modal split
of a city;
(ii) how do these variables interact with other variables and modal
splits; and.
(iii) which efforts can be potentially made to achieve a city's desired
modal split, different from the current.

The remainder of this paper is organized as follows. We describe a
study sample of 46 cities worldwide and enumerate possible explanatory
variables categorized based on their controllability by decision-makers.
Next, we present an analytic framework consisting of K-Means and de-
cision tree methods to investigate the relationship between the explan-
atory variables and the city-level modal split. Subsequently, we report
analysis results for the selected cities and discuss findings related to key
questions raised, and address the need for further research. Finally, some
concluding remarks are presented.

2. Study site

Based on data availability and credibility, and to reduce regional bias
across countries and continents, we selected 46 cities in 35 countries on
four continents — America, Asia, Europe, and Oceania. Therefore, the
number of cities selected may be uneven for some countries or conti-
nents. The study sites are listed by continent and country (cities), as
follows:

e America: Brazil (Rio de Janeiro, Sao Paulo), Canada (Montreal,
Toronto), Colombia (Bogota), United States (Chicago, Los Angeles,
Miami, New York City)
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e Asia: China (Beijing, Shanghai), India (Delhi, Mumbai), Indonesia
(Jakarta), Israel (Tel Aviv), Japan (Tokyo), Philippines (Manila),
South Korea (Seoul), Taiwan (Taipei)

e Europe: Austria (Vienna), Belgium (Brussels), Czech Republic (Pra-

gue), Denmark (Copenhagen), Estonia (Tallinn), Finland (Helsinki),

France (Paris), Germany (Berlin, Frankfurt, Munich), Greece (Ath-

ens), Hungary (Budapest), Italy (Milan, Rome), Lithuania (Vilnius),

Netherlands (Amsterdam), Norway (Oslo), Poland (Warsaw), Re-

public of Ireland (Dublin), Slovakia (Bratislava), Spain (Barcelona,

Madrid), Sweden (Stockholm), Switzerland (Zurich), United

Kingdom (London)

Oceania: Australia (Sydney), New Zealand (Auckland).

3. Variables and data collection

We first define and use the modal splits as the share of daily trips by
private vehicle, public transit, and bicycles, which are primary intra-city
travel modes. We use 17 variables that describe the city characteristics
and affect the use of modal splits. Then, to derive practical suggestions
for decision-makers involving target modal split, we define the
controllability of variables as to whether changes can be made within
feasible periods (5 to 10 years) by interventions (e.g., government plans
and policies). As shown in Fig. 1, based on controllability, we categorize
the variables into three factors: environmental, socio-demographic, and
planning.

Uncontrollable variables are those that are hard to change by human
forces because they involve existing environmental conditions, such as
climate and natural features (Lee et al., 2017); this is the environmental
factor. The planning factor is close to the controllable side; it covers
variables that change with city planning and policies, contributing to a
city's transformation. The socio-demographic factor is located in the
middle of the spectrum because it takes a long time to change via higher-
level government plans.

Table 1 briefly presents the dependent variables that express the city-
level modal split and the explanatory variables categorized by factor. In
the following subsections, the factors and variables are described in
detail.

3.1. Environmental factor

The environmental factor is the most uncontrollable one. Even if this
factor does not have much room for change, it can represent constraints
or opportunities through interaction with other factors. In addition, the
impact of the environmental factor may appear as an adaptation to
nature, which can influence travel mode choice. This study uses core
land area, population density, average temperature, and annual rainfall
as environmental variables to capture the impact of this most uncon-
trollable factor in the modal split.

The city size enables us to infer the scale of travel distances and trip
frequencies (Schwanen, 2002; Vanoutrive, 2015). Long travel distances
and high trip frequencies are associated with private vehicle use
(Haustein & Nielsen, 2016; Jiang et al., 2021; Kenworthy & Laube,
1999). It can be inferred that city size implicitly affects mode choice.
Therefore, we use the core land area to reflect the impact of the city size
and spatial mobility scale on the city-level modal split. The core land
area represents the functional urban area composed of livable areas in
the city and contiguous regions with similar population density, defined
and calculated by the OECD (2012, 2021); this core land area may be
larger or smaller than the nominal administrative boundaries of the city.

Higher population density leads to a compact built environment and
dense transportation facilities (Buehler, 2011; Giuliano & Narayan,
2003; McIntosh et al., 2014; Vanoutrive, 2015). Like small city size, high
population density can lower dependency on the car by enhancing
proximity to workplaces and communities. In previous studies, popu-
lation density has been found to be an intermediate factor between
environmental and socio-demographic factors because it is affected by
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inhabitants

Socio-demographic factor

« Holistic characteristics of

« Controlled by higher-level policies
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* Designable variables in city
transport
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« Transportation infrastructure and
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City-level modal split

Fig. 1. Categorizing variables influencing city-level modal split based on their controllability: environmental, socio-demographic, and planning factors.

Table 1
List of employed variables.
Category Variables Unit Description
Modal split Share of private % Share of private vehicles
vehicles
Share of public % Share of public transit
transit
Share of bicycles % Share of bicycles
Environmental Core land area km? Functional area of city
factor Population Population/ Population density in
density km? metropolitan area
Average °C Annual average
temperature temperature
Average rainfall mm Annual average rainfall
Socio- Elderly rate % Nation-wide value, share
demographic of population aged 65
factor years or over
Young rate % Nation-wide value, share
of population aged under
15 years
Employment rate % Nation-wide value, ratio
of the employed to
working-age population
Hourly earning usD Average hourly earnings
Planning factor Density of metro Station/km? Number of metro
stations stations per city size
Density of metro km/ Length of metro lines per
network population population
Density of bike- Station/km? Number of bike-sharing
sharing stations stations per city size
Density of bike km/ Length of bike lanes per
lanes population population
Number of bike- - Number of bike-sharing
sharing programs programs operated in
city
Density of road km/ Length of road network
network population per population
Tax rate on % Nation-wide value, rate
gasoline of the total gasoline tax
on total price
Public transit fare ~ USD Public transit fare
compared to price level”
Taxi fare USD Taxi fare compared to

price level”

? Note: Price level is relative to New York City (New York = 100).

the city's environment and social interaction (Hawley, 1972). However,
we consider it an environmental variable because it is challenging to
intentionally intervene in factors of both area and population in the
short- to mid-terms. Similar to using the core land area instead of the
nominal city size, we consider urban population density, defined as the

ratio of total population to surface area in the city (OECD, 2021), to
eliminate bias due to significantly low density or the presence of unin-
habitable areas, included in the denominator.

Adverse weather, such as rain, snow, and extreme temperature, is
one of the most important reasons for people not to travel or use specific
travel modes. Regarding exposure time to external environmental con-
ditions by mode, we can readily accept that weather can disturb cyclists
and pedestrians more than public transit passengers and private vehicle
users (Bocker et al., 2013; Liu et al., 2015). As such, we use average
temperature and annual rainfall to focus on long-term effects of city-
specific climate on modal split.

3.2. Socio-demographic factor

The socio-demographic factor usually cannot be controlled by
transportation planning but only by higher-level policies in the mid- to
long-terms. This factor is crucial because it reveals holistic characteris-
tics of people living in the city from various aspects such as age, occu-
pation, and income (Antipova et al., 2011); these characteristics shape
general travel behavior. Therefore, we include elderly rate, young rate,
employment rate, and hourly earning as socio-demographic variables to
explain population types.

The travel behavior and mode choice characteristics are markedly
different by age group. Children have shorter travel boundaries and
limitations to driving ability, so their travel modes are usually affected
by those of their families, who prefer safe and robust travel modes for
their kids (McCarthy et al., 2017). The middle age group has more
ability to afford car ownership and frequently travels more for social
activities than do other age groups, leading them to prefer car ownership
(Ding et al., 2017). Seniors have relatively short travel boundaries and
lower trip frequency due to physical restrictions or fewer activities than
people of more active ages (Alsnih & Hensher, 2003; Moniruzzaman
et al., 2013; Olawole & Aloba, 2014; Rosenbloom, 2001). Seniors' mode
choices are also affected by family situation, income level, physical
capability, and neighborhood environment (Alsnih & Hensher, 2003;
Cheng et al., 2019; Kim & Ulfarsson, 2004; Moniruzzaman et al., 2013).
However, there are conflicting results for mode preference. With pref-
erences for more comfortable modes, the elderly rely more on auto-
mobiles (Alsnih & Hensher, 2003; Rosenbloom, 2001). In contrast,
fewer trips and shorter distances reduce the need for car ownership as
most locations can be reached on foot or by public transit (Cheng et al.,
2019; Olawole & Aloba, 2014; Wong et al., 2018). Overall, among the
various age groups, the elderly and young populations have many re-
strictions on and other factors involved in mode choice. If the portions of
these age groups are considerable, that can significantly influence the
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city-level modal split. We thus use the rates of the population whose ages
are more than 65 or under 15 - the elderly and the young - to study
impacts on modal split.

The employment rate and income level can represent the economic
status of people residing in a city (Foard et al., 2013). The employment
rate reflects job opportunities and employment density and, similar to
population density, can be leveraged to develop further transit infra-
structure and promote mixed land use; this consequently shortens travel
distances (Sun et al., 2017); people in areas with high employment rates
also tend to use low-emission modes. On the other hand, income level
can indicate purchasing power, which is positively related to car
ownership (Ding et al., 2017; Li et al., 2010; Sun et al., 2017; Zhang
et al., 2017). In addition, people with high earnings usually have more
social activities, leading to more trips (Giuliano & Narayan, 2003),
which pushes them to own cars. Therefore, we use the employment rate
and hourly earnings to elucidate the relationship between the city's
economic indicators and the modal split.

3.3. Planning factor

In contrast to the other two factors, the planning factor offers prac-
tical opportunities for control during short- and long-term periods. We
select nine variables in terms of transportation infrastructure, services,
and price.

Improving the service quality and quantity of infrastructure of a
specific travel mode can attract potential users. For example, providing
built environments for public transport services enhances the accessi-
bility to these services and increases demand for public transit (Ding
et al., 2017; Kenworthy & Laube, 1999; Soltani & Allan, 2006; Zhang
et al., 2017). In a similar vein, the supply of road infrastructure drives
car ownership (Li et al., 2010). Therefore, transportation infrastructure
and services are essential to determine the city-level modal split.

Among several transportation service and infrastructure perfor-
mance measures, we focus on accessibility and capability. First, acces-
sibility means the ease of reaching a certain transportation
infrastructure, i.e., opportunities to use transportation in a given area
(Litman, 2017). To quantify the accessibility, we use the densities of
metro stations and bike-sharing stations (if dock-based), defined as the
total number of stations divided by the territorial area. In addition, we
use the number of bike-sharing programs, which provide ease of access
to bicycles, even if people do not own bicycles (Ma et al., 2020).

Second, we use the metro, bike lanes, and road network densities to
quantify the capability. The network density is obtained by transport
infrastructure length per population, which means the maximum
infrastructure capacity for current and potential users (Dingil et al.,
2018). It also implies the level of investment in the transport network
according to the number of inhabitants.

Taxation on car usage and subsidies for public transit represent
existing push and pull measures against car dependency. As a frequently
mentioned push measure for reducing automobile dependency, we first
use tax rates on gasoline averaged by country (OECD, 2020; Santos et al.,
2013). Second, we use public transit fares, for which subsidies can
reduce trip burden and, as a pull measure, induce a modal shift away
from private vehicles (Batty et al., 2015; Buehler et al., 2017). Taxi fares
are also used because taxis compete with public transit and their fares
indirectly affect the demand for public transit (Wong et al., 2018). To
understand the value of a city's transportation among the city's overall
goods and services, we normalize public transit and taxi fares by price
level.

3.4. Data collection

We obtain modal split values for each city from official governments
and research institutes. Data for explanatory variables mainly originate
from official reports for each city and from international organizations;
in cases in which it was challenging to obtain city-level data, these data
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are replaced with national-level values. If it is not possible to obtain
national-level values, we refer to news articles. The data we collected is
shared in an external repository.'

4. Methodology

This paper proposes a categorical approach to understand the impact
of city conditions on modal splits. Existing studies analyzed the impact
of influential variables on the modal split and mode choice by using
conventional statistical methods such as the linear regression and logit
models (Buehler, 2011; Ding et al., 2017; Ha et al., 2020; Liu et al., 2015;
Ma et al., 2020; Paulley et al., 2006; Santos et al., 2013; Scheiner, 2010;
Sun et al., 2017).

Those studies explicitly showed the relationship between quantifi-
able mode choice indices and explanatory variables based on their
linearity. However, first, it is difficult to explain the exact values of
multiple cities' modal splits because a modal split reflects city-specific
features such as history, culture, land use, industries, and relationships
with other cities or adjacent countries. Second, cities' explanatory var-
iables interact with each other, which leads to interlocking relationships
that determine the modal split. In this process, a hierarchical relation-
ship between explanatory variables may exist, which is fundamentally
accompanied by nonlinearity in determining the modal split (Yang &
Zhou, 2020).

To overcome the above-mentioned limitations of using linear
models, we propose two-step data mining techniques, as shown in Fig. 2.
To overcome the first limitation, we classify cities with similar modal
splits by the K-Means method and define the city type with their cor-
responding trip mode in the first step. To overcome the second limita-
tion, we adopt a decision tree method in the next step, which evaluates
the impact of determinants on the modal group classification and cap-
tures the hierarchical and conditional relationships between explana-
tory variables and modal groups.

4.1. City clusters based on modal split by K-Means method

We use the K-Means method to categorize similar cities based on
their modal splits. The K-Means method is a clustering algorithm that
groups objects into K clusters based on the similarity between the objects
in the input data (Lloyd, 1982). Each object refers to a city and contains
its citywide modal split information, i.e., the share of using private ve-
hicles, public transit, and bicycles. The K-Means method forms city
clusters grouped based on the similarity of modal splits — modal groups.
To measure the similarity of modal splits between cities, we use the
Euclidean distance, which is the most commonly used distance function.

We set the number of clusters to three (K = 3) because we intend to
classify city types into three modal groups of private vehicle, public
transit, and bicycle, with groups named according to the dominant
travel mode between clusters. To utilize this method, we use the K-
Means function in the fpc package in R software.

4.2. Hierarchical structure of explanatory variables by decision tree
method

In the second step, we use a decision tree method to measure the
impact of the explanatory variables on the modal groups determined in
the first step. The decision tree method recursively finds the optimal
explanatory variable and its value, classifying data into subgroups with
identical values of the dependent variable. As a result, this model

! Data for the study sites are shared via this link (https://docs.google.com/
spreadsheets/d/1CfKN3Q5Z0RWOOCJID-j1jW42PRloiYnSB_Bk-tXU3zTs/edit?
usp=sharing). It includes the values of modal splits and explanatory variables
described in Table 1. It also contains outcomes for cities clustered by their
modal splits, which will be presented in the Results section.


https://docs.google.com/spreadsheets/d/1CfKN3Q5Z0RWOOCJD-j1jW42PRloiYnSB_Bk-tXU3zTs/edit?usp=sharing
https://docs.google.com/spreadsheets/d/1CfKN3Q5Z0RWOOCJD-j1jW42PRloiYnSB_Bk-tXU3zTs/edit?usp=sharing
https://docs.google.com/spreadsheets/d/1CfKN3Q5Z0RWOOCJD-j1jW42PRloiYnSB_Bk-tXU3zTs/edit?usp=sharing

S. Lee et al.

Step 1. Define city type for modal split by grouping cities
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City-level modal split = F

Step 2. Evaluate impact of variables on modal groups

Explanatory variables

Environmental variables

Socio-demographic variables

Planning variables

K-Means method — Modal groups
Dependent variable ------------------ooooooo
Importance of variables
on modal groups
Decision tree method
Modal group

classification tree

Fig. 2. Two-step methodology framework for evaluating impact of environmental, socio-demographic, and planning variables on city-level modal split.

generates combined conditions using multiple explanatory variables to
explain the dependent variable (Yang & Zhou, 2020).

Among several decision tree algorithms, we use the classification and
regression tree (CART) method of Breiman et al. (1984). Because it is
applicable to both categorical and numeric variables, CART is suitable
for our study with its categorical dependent variables of private vehicle,
public transit, or bicycle groups. The 17 explanatory variables, catego-
rized into environmental, socio-demographic, and planning factors, are
employed to explain the city conditions that determine the modal
groups. As a result, we obtain a hierarchical structure representing the
relationship between explanatory variables and modal groups and the
importance of each variable. The impact of each variable, called the
variable importance, is quantified by summing all potential contribu-
tions to splitting data with the same class (e.g., cities belonging to the
same modal group) into the same partition. Even if a variable is not
directly used to split the data, its potential contributions might be re-
flected when it is used as a surrogate variable for missing values or is
highly correlated with a split variable.

Using the rpart package for CART in R software (Atkinson & Ther-
neau, 2000), we iteratively run the function by changing significant
parameters within certain ranges. The minimum numbers of cases (cit-
ies) for the parent node and the child node range from 1 to 4 and 1 to 10,
respectively. The maximum tree depth is set from 3 to 10, and the
complexity parameter has a value between 0 and 0.1. Controlling pa-
rameters, we take a decision tree with ease of explanation and higher
accuracy, measured by the number of correctly classified objects divided
by the total number of objects.
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5. Results
5.1. Cities by modal split cluster

For 46 cities, we implement the K-Means method with the city-level
modal splits and group the cities into three clusters. Fig. 3(a) shows that
each cluster has a higher share than other clusters in specific modes.
Cluster 1 had more than twice as much share of private vehicles as did
other clusters; Cluster 1 is called the “Private vehicle group.” Cluster 2
has the highest share of public transit among all clusters. Cluster 2 is
considered the “Public transit group.” Cluster 3 has ranges similar to
those of Cluster 2 in the share of private vehicles. However, a distinct
difference can be found in the share of bicycles: cities in Cluster 3 have a
higher rate of mode share for bicycles; we call Cluster 3 the “Bicycle
group.”

Fig. 3(b) shows that the public transit group has the largest share
among the modal groups, followed by the private vehicle group and the
bicycle group.

Fig. 4 shows the regional dependency, especially in certain cities in
the private vehicle and bicycle groups. All cities in the USA are cate-
gorized into the private vehicle group, reflecting the high automobile
dependency in the USA (Buehler, 2011; Kenworthy & Laube, 1999).
Most cities in the bicycle group are in Europe. Amsterdam and Copen-
hagen are especially well-known for beginning bike-sharing programs
(DeMaio, 2009). On the other hand, Beijing is an Asian city within the
bicycle group, and China, where Beijing is located, is known for its vast
bike-sharing market (Eren & Uz, 2020).

Private vehicle
group
26.1%

Bicycle group
17.4%

80.0

60.0

40.0

Public fransit group
56.5%

Cluster 3

‘ 7] Share of private vehicles =] Share of public transit

Share of bicycles

(a) Average mode share by clusters

(b) Proportion of cities by modal group

Fig. 3. (a) Average mode share and (b) proportion of cities by modal groups.
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Fig. 4. Geographical distribution of cities by modal groups — private vehicle, public transit, and bicycle groups.

5.2. Hierarchical structure of factors affecting city-level modal splits

To understand the integrated influences determining the modal
group, we use the decision tree method to draw a hierarchical structure
with all variables from the three factors. Fig. 5 shows the importance of
variables after quantifying their contributions to the modal group
classification.

This figure shows that the socio-demographic variables, especially
the elderly and young rates, have the largest impacts on modal split.
Among the three factors, the socio-demographic factor is most closely
related to human behaviors. Because public parties consider the general
attributes of residents as they attempt to make appropriate city plans, it
makes sense that the planning factor, such as bicycle- and metro-related
variables, follows the socio-demographic factor.
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The environmental factor is shown to be less important than other
factors. Although its quantified importance is relatively insignificant, we
cannot regard it as meaningless overall. People behave and plan by
adapting to their given environmental conditions, and it can be revealed
in terms of lifestyle, which also connects to two other factors. Therefore,
we can analogize the indirect effects of the environmental factor on the
modal split.

The decision tree in Fig. 6 shows with 95.65 % accuracy the nested
conditions of the modal group. It classifies the cities using six variables:
tax rate on gasoline, elderly rate, number of bike-sharing programs,
average temperature, population density, and bike lane network density
by population. Two variables shown to be important in Fig. 5, core land
area and young rate, are not included because they are strongly corre-
lated with population density and elderly rate, respectively, which are

10.80
. 676 650 .04
439 421 5,6
1.67
0.00

B Environmental variables

B Socio-demographic variables

Planning variables

Fig. 5. Importance of variables in determining modal groups.
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Fig. 6. Modal group classification tree with variables for three factors.

already included in the tree.

In the root node (Node 1), the tax rate on gasoline is first used to
classify the cities. Of the cities where the tax rate on gasoline is lower
than 47 %, 60 % are in the private vehicle group (Node 2); only 10 % of
cities with higher gasoline taxes are in the private vehicle group (Node
3). This implies that taxes on vehicle fuel can determine whether a city is
associated with high private vehicle share or not. In addition, notable
differences have been observed among regions. The USA applies lower
gasoline tax rates, while most European countries have high gasoline tax
rates.

As the next factor splitting low gasoline tax cities, the elderly rate is
used. The results show that cities with elderly population rates of more
than 12 %—mainly cities in the USA and Canada—are entirely classified
as private vehicle group (Node 4).

At Node 5, the cities in the public transit group are dominant; in
these, both gasoline tax and the elderly rate are low. However, if they
have average temperatures higher than 28 °C, they are classified one
step further into the private vehicle group, not the public transit group
(Node 10). This shows that high temperatures can be an obstacle to the
use of public transit.

Among cities with higher gasoline taxes, the number of bike-sharing
programs determines whether the city belongs to the bicycle group or
the public transit group (Node 3). If there are more than three bike-
sharing programs, the cities are in the bicycle group (Node 6). In this
case, bike-sharing programs can either induce additional bike trips or be
facilitated by high bicycle demand. Either or both are possible.
Furthermore, as shown in Node 12, lower population density might
cause a lower density of transportation infrastructure, but can
strengthen the conditions for forming a bicycle group if the gasoline tax
is too high. Conversely, higher population density and sufficient bike-
sharing programs characterize the public transit group (Node 13), in

which bike-sharing programs act as feeders for public transit.

In general, cycling is the travel mode that is most vulnerable to hot
weather conditions (Bocker et al., 2013). In alignment with this, the
average temperature of cities in the bicycle group is around 12 °C; this is
the lowest among the modal groups. However, outcomes partitioned
from Node 13 show an exceptional case in which Tel Aviv, where the
average temperature is higher than 19 °C, is in the bicycle group.
Considering that annual rainfall of about 530 mm places Tel Aviv in the
lowest level, this exceptional case may be due to a minor effect between
temperature and precipitation.

Transportation infrastructure for a certain travel mode can affect
demand for other modes. Of cities with high gasoline tax but few bike-
sharing programs, 81 % belong to the public transit group, as in Node
7. However, in this case, if bike lane network is insufficient, cities will
belong to the private vehicle group, not the public transit group, as in
Node 14; Rome and Madrid are examples. This is because, in a city that
is not bike-friendly, accessibility of public transit by bicycles is low, so
the use of public transit is also hindered.

Node 15 shows that cities with elderly rates higher than 14 % are in
the public transit group. The cities in Node 31 are mainly located in
Eastern and Western Europe and Eastern Asia; especially in Europe,
public transit use for people over 75 years of age has grown (Alsnih &
Hensher, 2003). Across Node 2 and Node 15, it is observed that the
elderly rate has different impacts in car-friendly cities and public transit-
friendly cities; this means a non-linear relationship between the elderly
rate and the modal split.

Figs. 5 and 6 show which variables or factors are the most critical
among all factors in determining city-level modal splits. However, some
variables identified as important in Fig. 5, such as the public transit fare,
are not shown in Fig. 6 because the tree depth is insufficient. If a good
quantity of city data is available, we can increase the tree depth to unveil
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the effects of such hidden variables. To investigate the impact of the
explanatory variables that are statistically significant but not included in
Fig. 6 due to the limited tree depth and overlapping impact of other
variables on modal splits, we apply the decision tree method to the
variables included in each factor category to reduce the total number of
explanatory variables in each tree; this allows us to show more the most
important variables in each factor.

5.3. Effects of environmental variables on modal groups

In Fig. 7, the decision tree uses all environmental variables: core land
area, population density, average temperature, and average rainfall.
Excluding the impact of socio-demographic and planning factors, it also
explains how core land area and rainfall, not shown in Fig. 6, affect
modal groups.

The first split variable is the core land area, representing the size of
the functional region of the city. Comparing the proportions of cities in
the public transit group, Node 2 for cities with 1237 km? or more of core
land area characterizes the public transit group less well than does Node
3 with relatively small cities. In addition, the proportion of the private
vehicle group is much higher in Node 2. The travel time and distance,
especially for commuting, are generally proportional to the size of the
city, even if these can vary with city forms (e.g., monocentric or poly-
centric) (Schwanen, 2002; Vanoutrive, 2015). Longer travel distances
can make people rely on automobiles (Jiang et al., 2021; Scheiner, 2010;
Xiao et al., 2021a; Zhang et al., 2017). This effect can be intensified by
low population density (Node 4).

Similar to the role of population density, shown in Fig. 6, lower-
density areas might mean low development density, which can be
linked to insufficient public transit infrastructure. Suppose a city's con-
dition is not amenable to public transit development or usage. In such a

Cities 131 (2022) 103902

case, it may make sense to choose a private vehicle, especially in cities
with large functional areas where people make more long-distance trips.
In terms of economies of scale, dense cities with sufficient demand for
trips can guarantee revenue from investment in public transit. In addi-
tion, considering the Mohring effect, high population density can
contribute to positive interaction of supply of and demand for public
transit. On the other hand, in small living areas (Node 3), high popu-
lation density might play a role in shortening travel distances rather
than guaranteeing demand on public transit compared to investment.
The difference in the proportion of bicycle groups in Node 3 and Node 7
implies that high population density in a small area can make cycling
more prevalent.

Even if the city size or population density is appropriate for specific
modes, weather can be a barrier. Regardless of other preliminary con-
ditions, general temperature distribution in modal groups proves that
private vehicles are more practical and robust against extreme weather
conditions such as high temperature and frequent rain. However, Node
5 classifies high-temperature cities as a public transit group, which may
be due to the regional dependence of southern Europe. Node 10 explains
the impact of rain on modal groups. Furthermore, adequate weather
conditions for cycling are observed at Node 6 and Node 12. In small and
compact cities, people tend to enjoy cycling at moderate temperatures of
around 10 °C. If we can consider additional cities in cold regions with
lower temperatures, not grouped in the bicycle groups, it will be possible
to show that extremely low temperature negatively affects bicycle use,
which is not addressed in the above decision tree.

5.4. Effects of socio-demographic variables on modal groups

The decision tree in Fig. 8 uses three socio-demographic variables:
hourly earnings, employment rate, and elderly rate. The elderly rate
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Fig. 7. Modal group classification tree with environmental variables.
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Fig. 8. Modal group classification tree with socio-demographic variables.

frequently appears, but the young rate is not shown in the tree. Because
the young rate negatively correlates with the elderly rate but is less
critical, the tree primarily chooses the elderly rate when both variables
compete for use in the split.

At the top of the tree, the category of hourly earning separates the
private vehicle and public transit groups. Cities with more than 20 USD
hourly earnings are likely to be in the private vehicle group. This implies
that high income, representing purchasing power, affects car ownership
and car usage.

Interestingly, the employment rate has a different effect, although it
is similar to hourly earnings in that it is a labor-related variable. In
branches from Node 2, we observe that cities with employment rates
higher than 74 % are in the bicycle group or the public transit group; on
the other hand, cities with low employment rates belong to the private
vehicle group. There is also, however, a regional dependency in the city
distributions: Node 4 mainly consists of Northern and Western Euro-
pean cities, while half of the cities in Node 5 are in the USA and Canada.
Considering that socio-demographic factors can be similar for neigh-
boring cities and countries, outcomes from Node 2 can imply that
commuters living in dense areas with good labor and job opportunities
easily reach their workplaces by public transit or bicycle. On the other
hand, commuters living in areas with low employment density seem to
be forced to prefer private vehicles for long-distance travel to work.

The nonlinearity in the elderly rate, caused by the abovementioned
conditions — hourly earning and employment rate — is observed across
Node 3, Node 4, and Node 6. Node 4, including cities with high-earning
and high employment rates, includes most cities with elderly rates
higher than 19 %, such as Amsterdam and cities in Germany, into the
bicycle group. However, in relatively low-earning cities, elderly rates of
more than 13 % push cities into the public transit group in Node 7. On
the other hand, cities in which the elderly rate is between 10 % and 13 %
belong to the bicycle group in Node 12.

5.5. Effects of planning variables on modal groups

Among planning variables, gasoline taxes, number of bike-sharing
programs, public transit fares, taxi fares, bike lane network density,

bike-sharing station density, and metro station density are identified as
meaningful to explain modal splits.

At the first split of the tree in Fig. 9, it is inferred that dependency on
automobiles can increase with a lower gasoline tax, consistent with the
tree in Fig. 6. In addition, Node 4, partitioned from Node 2, demon-
strates that the high public transit fares can induce automobile depen-
dence in cities with low gasoline taxes. Therefore, considering this
finding and the modal group distribution in Node 5, we suggest that
lower public transit fares can be a strategy to overcome lower gasoline
taxes. In addition, in Node 11, the taxi fare, which has a positive cor-
relation with public transit fares, shows a similar effect.

The relationship between transport facilities and modal group is
mainly covered in the right subtree from Node 1. It can be seen that
whether a city is in the bicycle group or the public transit group relies on
the facilities corresponding to each mode. The number of bike-sharing
programs is positively related to high demand for bicycle use, as
observed over partitions from Node 3 (and Node 5 in the left subtree).
Moreover, Node 6 and Node 15 indicate that developing bike-related
infrastructure, such as bike lanes and bike-sharing stations, pushes cit-
ies into the bicycle group. Interestingly, Node 13 shows that cycling is
attractive even in areas with insufficient bike paths if there is low
accessibility to the metro. This demonstrates that cycling, when it
cannot act as a feeder for public transit, can be a competitor.

6. Discussion

Developing strategies or policies for modal shift from high-emission
modes is vital for forming sustainable mobility infrastructure at the city
level. However, modal splits result from complex inter-relations among
environmental conditions, people, and resources in cities (Pucher,
1988), so it is essential to understand the city conditions and how they
affect modal splits. Extending existing efforts, which are limited to travel
mode- and city-specific cases, this paper aims to understand the hier-
archical relationship among city attributes that determine the city-level
modal split (private vehicle, public transit, and bicycle) by investigating
46 global city cases. Our research led us to answer the first two research
questions in the Results section. This section answers the last question by
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Fig. 9. Modal group classification tree with planning variables.

providing practical insight (recommendations) focusing on important
variables from the results and addresses the need for future research.

6.1. Recommendations

As for general recommendations, decision-makers should first
consider what a city has before planning a strategy to manage the modal
split. Even a city with strategies or policies suitable for a particular trip
mode may be induced into unintended modal groups by other critical
variables. In Fig. 6, it can be seen that the gasoline tax rate significantly
influences private vehicle dependency, as existing studies have already
shown (Santos et al., 2013). Even with this push measure, private ve-
hicles might be preferred to other modes due to direct and indirect ef-
fects of other variables such as the elderly rate. In addition, consistency
is necessary when implementing modal shift strategies. Increasing the
gasoline tax can be a meaningless strategy if the facilities for other
modes — bicycles and public transit — are insufficient for any potential
demand shifted from private vehicles.

With the nonlinearity in the elderly, the most important variable to
determine the modal split, we can consider different options for each
city condition to address the mobility of the elderly population to induce
a modal shift.

Among cities with low gasoline taxes, those cities that have higher
elderly rates are likely to be categorized into the private vehicle group
(Node 4 in Fig. 6). Existing studies observed that car use by the elderly
gradually increases (Rosenbloom, 2001). Elderly car owners do not
easily change their travel modes even when public transit services are
improved by reducing walking distances and transfers (Ha et al., 2020).
Also, it is known that daily mobility significantly influences aging peo-
ple's overall quality of life and well-being (van Hoven & Meijering,
2019). Therefore, it may be practical to focus on improving such persons'
driving safety on the road, for example by reinforcing good driving
habits, instead of attempting to change their mode from private vehicles
to low-emission modes. For example, developing policies and guidelines
that regularly examine the driving capabilities of the aging population

should be implemented, together with preventive measures for situa-
tions in which the elderly are prone to unintended accidents.

In cities with well-developed facilities for low-emission modes, a
higher elderly rate can push a city to be included in the public transit
group (Node 31 in Fig. 6). Considering the current and potential de-
mand for public transit by the elderly in such cities, it is necessary to
improve those facilities by inclusive design and elderly-conscious
implementation. We recommend enhancing serviceability for those
elderly residents using public transit by reducing stairs during transfer
and promoting reserved seat availability in vehicles (Cheng et al., 2019;
Wong et al., 2018). Furthermore, if more demand-responsive transit
services are to be introduced, it is important that these services offer a
seamless travel experience and are made available for non-digital trav-
elers (such as but not limited to the elderly) to enhance travel sponta-
neity and afford smooth and uninterrupted travel for all (Sampimon,
2020; van Hoven & Meijering, 2019).

Among planning-related variables, bicycle-related facilities,
including bike-sharing programs, their stations, and public bicycle
paths, are mainly used to identify modal groups. In Figs. 6 and 9, it can
be seen that cities with more bicycle facilities belong to the bicycle or
public transit groups. Installing bicycle-related facilities can be one
strategy to increase public transit demand rates because bicycles can
improve accessibility to public transit by assisting in first and last mile
travels.

6.2. Future work

In our study, the consistency of temporal scope among the variables
is of concern due to the hurdles involved in data gathering for worldwide
cities. Considering inertia, as well as plans that current cities have, our
results are explanatory, but it is necessary to clarify the causal effects of
planning variables on the modal split. Therefore, as future research di-
rections, we will first evaluate via longitudinal study practical policies
and transportation plans to induce modal shifts from high-emission
modes (private vehicles) to low-emission modes (public transit,

10



S. Lee et al.

cycling, and walking). This study does not employ absolute values to
define target modal splits but three categories of it. To make this study
more actionable, decision-makers can set their target modal splits from
the current using exact values, such as from car 60 %, public transit 30
%, and bicycle 10 % to car 40 %, public transit 40 %, and bicycle 20 %,
and we can recommend types and intensities of short-term (related to
planning variables) and long-term (related to socio-demographic vari-
ables) policies that may be needed under given uncontrollable factors.
Furthermore, to bring emerging transportation concepts, such as
Mobility as a Service (MaaS), micro-mobility, and mobility-sharing
programs to the marketplace, we need to more clearly define aspects
that cause modal shifts by focusing on holistic travel behaviors and
unique user experiences (Huang et al., 2020; Xiao et al., 2020; Xiao
et al., 2021b). This will help us contrive strategies to consider a given
city's conditions and attract target users to emerging modes that pro-
mote sustainability. As such, the revealed underlying factors that in-
fluence the modal shift will be used for the creation of city-level
characteristics or personas.

7. Conclusions

Before planning a strategy for a target modal split, such as low
automobile dependency or a switch to public transportation use,
decision-makers should pay special attention to what a city has and how
city attributes affect the modal split within its system boundary. In
addition, for practical suggestions, the city attributes should be
considered as to their controllability. In this context, this study eluci-
dated the impact of city attributes, categorized into environmental,
socio-demographic, and planning realms, on the modal split at the city
level. With data drawn from 46 global city cases, we employed a two-
step data mining framework, composed of K-Means and decision tree
methods, to obtain an interpretable model for a city-level modal split.

As for findings for the environmental variables, it was demonstrated
that a city with a dense population is highly associated with low-
emission modes; among socio-demographic variables, a similar rela-
tionship was observed for employment rate. Cycling is the travel mode
most vulnerable to hot weather conditions. This study found that the
socio-demographic variables, especially the elderly and young rates, are
most important in determining the modal split. In cities with high hourly
earnings, the share of private vehicles is high, similar to the effect of
income level on car ownership (Ding et al., 2017; Sun et al., 2017; Zhang
et al., 2017). Among planning variables, bicycle-related facilities,
especially the number of bike-sharing programs within a city, can be a
solid indicator of cities with lower dependency on motorized modes. In
addition, a high gasoline tax and low public transit fares are positively
associated with low automobile dependency.

This study also revealed several important discussion points and
allowed us to use them for recommendations for a target modal split. As
a broad recommendation, because of the interlocking relationships
among variables involved in the modal split, what cities have should be
studied in terms of multiple factors before planning a modal shift
strategy at the city level. Notably, facilities and policies for specific
modes can, directly and indirectly, affect demand for other modes;
consistency in the overall city plan to achieve the targeted modal split is
necessary. In the practical discussion of the results, modal shift strategies
for the elderly population should consider that population's travel be-
haviors and safety: depending on the city archetype, different plans for
the elderly will be necessary. Lastly, improving bicycle-related infra-
structure is recommended to reduce usage of high-emission modes
(Shaheen et al., 2013) and increase general public transit demand.
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