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Abstract: Smartphone-based mobility apps have created a smartphone-enabled ecosystem of mobility
services in developed countries and are slowly picking up pace in the Global South. Against this
backdrop, this study used Latent Class Cluster Analysis to empirically investigate the impacts of
mobility apps on transport usage patterns in Delhi by classifying users into three latent clusters based
on socioeconomic characteristics, smartphone app usage, attitudes, and transport usage. Cluster 1
consisted of users with low app usage, and higher usage of public transport and intermediate public
transport; Cluster 2 consisted of multimodal users with high app usage; and Cluster 3 consisted of
users with moderate app usage and heavy reliance on private vehicles. Furthermore, the detailed
characteristics of each latent class and factors affecting the individual’s probability of being classified
into these clusters are discussed. It was found that younger users with higher education, more
smartphone experience, medium-to-high household income and lower vehicle ownership had a
very high probability of being classified as a multimodal traveler. Furthermore, the attitudes and
preferences of users belonging to these clusters towards their choice of transport are discussed, along
with a brief policy discussion for encouraging new app-based mobility services such as MaaS.

Keywords: app usage; transport mode usage; Latent Class Cluster Analysis; multimodality

1. Introduction

In the last decade, technological advancements have significantly influenced trans-
port [1], and emerging technologies are changing the means of interaction with others.
Information and Communication Technologies (ICTs), in particular, have become readily
available and are changing mobility patterns through their impacts on day-to-day travel-
related decisions [2]. For instance, ICT makes it easier to reorganize daily tasks by providing
alternatives for both work- and non-work-related activities (such as social networking and
shopping), affecting how people travel daily [3]. ICT makes information easily accessible,
which could potentially alter the nature and extent of daily travel and activity [4]. Smart-
phones have emerged as revolutionary ICT devices offering travel support and solutions
for their users. Useful real-time information such as travel time, available modes, fares,
schedules, etc., are easily accessible through these smartphones. These applications, usually
referred to as “apps”, provide information about nearby eateries, tourist attractions, civic
gatherings, etc., to facilitate various travel-related activities. They also provide users with
alternatives to physical travel through platforms such as social media and messaging apps,
video streaming apps, shopping apps, banking and finance apps, etc. Additionally, apps
provide access to alternative and new transport services, including shared mobility (like
ridesharing and car sharing), which may make it easier for groups to travel.

India already has 748.32 million smartphone users as of 2020 [5]. In 2020, the smart-
phone penetration rate reached 54%, which is tremendous growth considering it was only
23% in the year 2016, and it is estimated to reach 96% by the year 2040 [6]. In 2019, more
than 95% of the revenue from the entire online taxi services market in India was generated
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from the app-only based model of online taxi services [7]. The market for online taxi
services had a value of INR 30.72 billion in 2020 and is projected to increase at a compound
annual growth rate of 12.93% between 2021 and 2025, reaching INR 55.15 billion by 2025 [7].
One of the key drivers currently fueling the market’s growth is the increased use of smart-
phones in India, with high-speed internet connectivity and an increase in investments by
foreign institutional investors (FII) in the country’s online taxi sector [7].

The way people use smartphone apps for travel is constantly evolving. Apps are
becoming important for managing and self-regulating transportation and other systems
in smart cities. Therefore, the rise of the smartphone is associated with a number of
sociotechnical advances that have the potential to permanently reshape physical mobility
networks in the direction of higher sustainability. They may significantly improve the
effectiveness of current systems and deliver much more appealing and practical alternatives
to the use of fossil fuel-powered private cars, such as cycling, conventional urban rail transit,
bus rapid transit, public bike share programs, and “free-floating” car sharing schemes [8,9].
Smartphone users are increasingly using apps for various transportation applications. More
and more people use their smartphones to start a trip, direct a trip, check the departure
time of the next bus, train, or subway, hail a taxi, or use the services of an app-based taxi
aggregator. In developed countries, this has created a smartphone-enabled ecosystem of
mobility services called Mobility-as-a-Service (MaaS), a platform that combines different
transportation modes and services into a single app.

An example of MaaS is “Whim” in Helsinki (Finland), through which travelers can
plan and pay for trips across a variety of modes, including public transport, bike share,
taxis, carpool/car share, etc. The need to toggle between apps is eliminated, and everything
needed for travelling is right there when one opens Whim, making it highly convenient and
easy to use. This single app has driven users towards multimodality, and they are shifting
towards sustainable mobility patterns [10]. Such platforms have either already been de-
ployed or are under trial in many cities across the world such as Whim (in Helsinki, Finland,
as mentioned), ISTmobil (in Weiz, Steiermark, Austria), Moovit (in Canada, United States,
Italy, Israel, etc.), Umo Mobility (in San Diego, CA, USA), Lilium (in Weßling, Germany),
SkedGo (in Sydney, Australia), UbiGo (in Stockholm, Sweden), etc. Even in India, work on
a smartphone-enabled connected mobility platform has already started. The Ministry of
Housing and Urban Affairs (MoHUA) of the Government of India, in collaboration with
industry partners, is working to establish a framework to introduce smartphone-enabled
connected mobility platforms in Indian cities for integrating all forms of shared trans-
portation through a single app with multiple functions, including route/mode choices and
payment gateways [11]. Owing to rapidly increasing internet and smartphone penetration
in all the regions of the country, as a result of the lowering of the costs of data and handsets,
along with other flagship government projects such as “Smart Cities Mission” [12,13] and
“Digital India” [14], it is not going to be long when use cases based on these platforms start
emerging in Indian cities in an attempt to shift users towards sustainable travel options.

However, the market for smartphones and their applications is still developing, and it
is unclear how they influence the choice of transport, especially in a developing country
such as India. Thus, the demand for new mobility services in the future is unknown [15].
Therefore, examining the baseline relationship between the usage of smartphone-based
transport apps and transport system usage may provide insights into the potential impact
of smartphone app usage on people’s transport preferences. Such research could aid in
policy development measures for smartphone-related travel enhancements and alternatives,
such as carpooling, shared mobility, etc. [16], further contributing towards a low-carbon
future of urban transport. Modern research has shown that the use of ICT devices has
changed daily activities and travel decisions, such as the time of the activity, start time,
destination selection, selection of transportation mode, selection of route, etc. [2,17,18]. The
versatility of smartphone apps is changing the way people travel every day. People can use
various smartphone apps for work, shopping, banking, etc., instead of physically travelling.
Smartphone apps can also become a popular source of information about various places
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and attractions, local festivals, and community events, leading to taking trips to new places
and attending social gatherings. Smartphone users can use reviews and ratings for new
places to decide whether to visit them. Users may even get encouraged to participate in
community events due to readily available information about local activities [16]. Basically,
with the advent of mobility apps, users now also have various transport options to cater to
these new mobility requirements.

Since smartphone app usage is growing and affecting how people move, it is important
to concentrate on gaining a better understanding of how smartphone app usage affects
people’s everyday transport choices. However, the use of these apps and how they affect
users’ mobility choices may differ across smartphone users, depending on their level
of technology ownership, generational diversity, sociodemographic characteristics and
preferences [19]. By examining how smartphone app usage affects people’s daily transport
choices in a developing country, this study adds to the body of existing work. In this
context, the study explores the following research questions: (1) What are the factors that
significantly influence different transport choices of individuals due to their smartphone
app usage? (2) What variations exist across the transport choices of different user groups?
To address these questions, this study makes use of Latent Class Cluster Analysis (LCCA)
to probabilistically classify smartphone users into groups with similar transport usage
patterns, using a rich set of covariates, including socioeconomic characteristics, smartphone
app usage patterns, and attitudes and preferences, while maximizing the diversity of these
patterns between groups. Furthermore, the mentioned covariates have been discussed as
factors affecting individuals’ probabilities of belonging to the latent clusters.

2. Literature Review

With an average of 40 apps downloaded per person each month, India has emerged
as one of the largest markets for mobile apps [20]. Since Apple released its iOS app store
in 2008, enabling other mobile companies to publish mobile applications by establishing
standards, mobile apps have come a long way. These standardized apps were used to surf
websites by customers on their smartphones. The few earliest mobile apps were meant
for purposes such as e-mail, managing contacts, calendars, weather reports, etc., and were
later followed by apps meant for mobile gaming, banking and ticketing. The six primary
categories of mobile apps include lifestyle apps, utility apps, apps for social networking
services, entertainment apps, productivity apps and news information apps [21]. In India,
transport-related apps are the seventh-most popular smartphone app category. The use
of transportation apps can help with traffic-related issues, and make commuting more
convenient, sustainable and enjoyable. Until recently, only navigation and location-based
features were available on transport apps. Today, however, there is already a wide range
of applications for transportation, including ones for logistics, parking, route planning,
navigation, shared mobility, payments, etc. An interesting study found that using a smart-
phone app might change commuters’ behaviour to be more environmentally friendly [22].
Similarly, research using two end-user mobile applications and no external infrastructure
confirmed the viability of the apps for transportation needs [23].

There is a plethora of studies, particularly in industrialized nations, on how ICT-
enabled applications affect travel. Numerous research investigated the impact of sociode-
mographic variables on ICT use, and found that the majority of internet users are students
and people in their 20 s and 30 s [24]. Most mobile phone users [25] and smartphone
users [18] are likewise in the same age groups. Men are more likely than women to uti-
lize the internet [24]. However, the use of smartphones was found to be gender-neutral,
according to a US poll of St. Louis metro passengers [18]. With increase in income, the
online activity of users has also increases [24]. The likelihood of possessing a cell phone
also increases with income [25,26]. However, a different study discovered that money was
a less important predictor of smartphone ownership [18]. A poll of US travelers found that
the online booking and purchasing of travel-related products and services, such as accom-
modations and tickets, significantly increased [27]. San Francisco Bay Area researchers
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investigated the use of the internet for virtual activities such online banking, maintenance
and discretionary spending [24], and found that even though using the internet shortened
commutes, maintenance chores and trip frequency increased.

Aiding decision makers and other stakeholders in creating policies that promote more
sustainable travel is one of the main goals of research on travel behavior [28,29]. This
includes, among other things, limiting the use of automobiles, and promoting the use
of bicycles and public transportation. ICT-based applications such as smartphone apps
facilitate intermodal and multimodal travel [30]. Users can select the form of transportation
that best suits their needs, as well as their own time and financial budget [31]. It is getting
less desirable to possess a car, as smartphones and new kinds of transportation become
more widespread [30]. There is currently an increasing interest in examining the variability
of behavior within individuals, whereas historically, research has focused on explaining
differences in behavior between individuals [32–36]. Finding out whether or not passengers
constantly utilize the same mode, or if they switch between modes—that is, their extent
of multimodality—is of particular importance. In contrast to a habitual traveler who
utilizes a single mode exclusively regardless of context, multimodality can be seen as
a reflection of the conscious choice process of a traveler who selects a mode based on
context [37]. Understanding the characteristics of the multimodal group is crucial from a
policy standpoint in order to encourage more of this type of behavior. There is evidence
that suggests multi-mode users are more likely than single-mode users to change their
behavioral profiles over time [38].

In studies of travel behavior, multimodality is generally ignored, in part because
it is challenging to obtain the necessary data and create more complicated models [39].
However, recently, a small but expanding body of study looked into characteristics linked
to multimodal travel behavior. Multimodality was observed to be disproportionately high
in adolescents, the elderly and persons living in population centers [40]. Additionally, it
was observed that lower-income Americans exhibit less multimodality [41]. In Germany,
it was observed that a rise in multimodality among people between the ages of 18 and
29 was accompanied by a decrease in car use among the same cohort, which contributes
to the flattening trend of car use overall [42]. Some investigations were based on mod-
elling approaches and estimate latent class choice models [43]. They showed that various
multimodal travel behaviors are related to the sensitivity to journey times and long-term
decisions about travel. Additionally, several researchers claim that people who consistently
utilize the same method of transportation may have an incomplete understanding about
other modes. People who only use their cars, for example, frequently underestimate the
amount of time it takes to commute by public transportation. In this context, it was ob-
served that, on average, the perception of car travelers about travel time by public transport
exceeded actual values by 46% [44]. In contrast, passengers who also utilized other modes
of transportation got familiar with them and may have somewhat overestimated or un-
derestimated their performance. For example, it is theorized that strong automobile users
who also utilize public transportation (PT) could have different attitudes towards public
transport than strong car users who just use cars [45,46]. The nature of various multimodal
clusters was also studied [45], but the analysis was limited to a few socioeconomic factors.
The multimodality orientation for a given journey was captured via a latent variable that
Diana (2010) used as an explanatory variable for the decision to switch transport modes
for a hypothetical future trip of the same kind [47]. Mode-specific cognitive and affective
attitudes were included in the model as additional explanatory factors; however, there was
no direct correlation between the attitudinal variables and the multimodality orientation.

Thus, some research is conducted on multimodality and the factors affecting it. How-
ever, a very limited number of studies investigated the effects of the use of ICT-based
systems such as smartphone apps on the usage of various modes of transport and multi-
modality. A study conducted in California, USA, found that millennials are significantly
more multimodal, and that they appear to adapt more readily to modern technological
innovations and to the use of smartphones in particular. They also seem to use the internet
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and/or smartphone apps more frequently to identify potential destinations (such as restau-
rants, cafés and other places), learn how to get to new places, and decide which modes
of transportation, or combinations of multiple modes, to use for a trip [48]. Additionally,
they claim to use their smartphones more frequently when travelling and accept new
smartphone-based mobility services more frequently than Gen Xers, particularly in urban
areas. [49]. According to some studies, smartphone-enabled mobility services such as MaaS
may encourage modal shifts away from the use of private vehicles and towards public
transportation [50], while they also contribute to the increase in the travel satisfaction of
users [51]. MaaS has consequently received a lot of attention recently, to the point that it is
anticipated to fuel a mobility revolution equivalent to the invention of the private car in the
20th century [52,53]. However, a self-selection effect has been observed among individuals
participating in the research associated with early pilots of MaaS [54]. It is unclear if the
general population will follow the mode shifts shown by individuals in these MaaS pilots
and whether public transportation will play a larger part in urban MaaS schemes than
on-demand services.

From this review of the literature, it was observed that a comprehensive understanding
of the effects of app usage patterns by various user groups, with differing socioeconomic
characteristics, attitudes and preferences, on multimodality is lacking, and it is unclear
what kind of users would be willing to shift to new mobility services such as MaaS. As far
as the authors are aware, no equivalent research was ever conducted in Indian cities.

3. Materials and Methods
3.1. Study Area

Delhi’s National Capital Territory (NCT) was chosen as the study area. It has strong
arguments for being considered as a case study, including its operation of nearly all
platforms and aggregators, presence of important policymakers and their ministries, and
variety of travel options, including the metro, rails, public buses, private buses, auto-
rickshaws and informal three-wheelers. As per the Census of India (2011), more than
18.9 million people [55] live in 1483 sq. km (11,320 persons/sq. km) and are mostly urban
(97.5%). The per capita income is relatively higher in Delhi (INR 401,982) compared to
other Indian cities, and ranks third after the provinces of Sikkim and Goa [56]. It also has a
literacy rate of 86.2%. The telecommunications network is well-established in Delhi. It has
high teledensity, with 52.4 million wireless subscribers [57]. This makes this city the perfect
location for introducing smartphone apps for various travel requirements such as deciding
when to depart, mode choice online shopping, etc. [58], and the city currently has several
such platforms (Table 1).

3.2. Data and Variables

The primary data used in this study were collected through an online survey of
smartphone users. The survey was conducted between September 2021 and December
2021, and a sample of 530 people, representative of the sociodemographic structure of the
NCT of Delhi as per the Census of India (2011) [55], was collected. The following were the
components of the questionnaire:

• Transport Usage: As previously mentioned, Delhi has a variety of travel options, but
the four main types of systems considered in this study were private vehicles (includ-
ing four- and two-wheeled motor vehicles), public transport (including bus and metro
services), intermediate public transport or “IPT” services (including autorickshaws
and battery-powered rickshaws) and app-based shared mobility services. Respon-
dents were asked questions about their propensity to use the aforementioned modes
of transport on a Likert scale, with the responses of “Never”, “Rarely”, “Sometimes”,
“Often” and “Always”.

• Socioeconomic Data: Personal-level details, such as gender, age group (users below
18 years of age were considered in this study), educational qualifications and years
of smartphone use, and household-level details, including household composition



Sustainability 2022, 14, 13768 6 of 20

(with or without children below 18 years of age), monthly household income, four-
wheeler ownership and two-wheeler ownership, were recorded. The personal and
household-level socioeconomic information was recorded as categorical choices.

• Smartphone App Usage: Responses were collected from smartphone users concerning
their frequency of use of smartphone apps for activities associated with trip planning,
such as deciding the departure time for a trip, deciding on destinations, selecting
the transportation mode, performing essential tasks online instead of traveling to a
designated location and, communicating and coordinating, and other travel-impacting
purposes, such as navigation, checking the schedule of public transport, online shop-
ping, etc. Information was collected on a Likert scale, with the responses of “Never”,
“Rarely”, “Sometimes”, “Often” and “Always”.

• Attitude: The dataset included respondents’ degrees of agreement with 12 state-
ments about their attitudes and preferences on a Likert-type scale, with the responses
of “Strongly Disagree”, “Slightly Disagree”, “Neutral”, “Slightly Agree” and
“Strongly Agree”.

Table 1. Types of Smartphone Apps available in Delhi for Travel Needs.

App Type Travel Requirements Examples

Travel Apps for Trip
Planning Activities

Deciding Departure Time Map services (Google, Apple, etc.)

Deciding Trip Destination BookMyShow, Zomato, etc.

Selecting Mode of Transport Map services (Google, Apple, etc.), One Delhi App, etc.

Selection of Route Map services (Google, Apple, etc.)

Communicating and Coordinating Social networking services, chat services, etc.

Online Tasks e-Tickets (IRCTC, BookmyShow, PayTM, etc.), smartcard
recharging (Paytm, Phonepay, etc.)

Travel Apps for Other
Travel-Impacting
Purposes

Reserving Taxis/Cabs Ola, Uber, Rapido, Zoomcar, Volar, etc.

Checking Bus/Metro Schedules Map services (Google, Apple, etc.), One Delhi App, etc.

Navigation Map services (Google, Apple, etc.)

Online Shopping Shopping (Amazon, Myntra, etc.), food delivery (Swiggy,
Zomato, etc.) and quick grocery delivery (Swiggy, Instamart)

Virtual Activities Banking (UPI, internet banking, etc.), education (EdX, Byjus,
Unacademy, etc.) and utilities (Urban Company)

Scheduling Meetups Social networking services, chat services, video conferencing
(Facebook, WhatsApp, Zoom, etc.)

Source: Authors.

3.3. Methods
3.3.1. Chi-Square Test of Association

A chi-square test was performed to assess the association between the socioeconomic
parameters and usage frequency of the transport modes. An SPSS software package was to
perform this analysis, and apart from gender (Table 2), all the personal-level and household-
level variables showed a strong association with the frequency of use of transport modes.

Apart from the frequency of use of public transport, gender had a significant rela-
tionship (p < 0.01) with the frequency of use of the modes. Cramér’s V, a measure of
the effect size for the chi-square test of independence, was used to assess the strength of
association between gender and the frequency of use of transport systems for the signifi-
cant relationships; that is, it measures the degree to which the two categorical fields are
associated [59]. Here, the measurement of effect size in each significant relationship was
close to 0.2, which means that although the results are statistically significant, the fields are
only weakly associated [60].
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Table 2. Chi-Square test for Gender and Frequency of Use of Transport Systems.

Transport System Assessed
for Frequency of Use

Gender

Pearson’s Chi-Square:
Asymptotic Significance (Two-Sided) Cramér’s V

Private vehicle Less than 0.01 0.234
Public transport 0.874 -
Intermediate public transport Less than 0.01 0.214
App-based cab services Less than 0.01 0.168

3.3.2. Exploratory Factor Analysis (EFA)

EFA has been used as a variable reduction technique for the statements recording
attitudes and preferences, and accounts for the common variance among them [61]. An
SPSS software package was used to perform this analysis. Statements having low value
of factor loading (less than 0.4 in this study) were considered statistically significant [62].
Table 3 shows the statements along with the estimated factor loadings.

Table 3. Statements for assessing the Attitudes of Smartphone Users towards their Choice of Transport.

Statements Factor
Loadings

1. It does not matter what type of mode I use, if it is suitable for my travel needs. 0.4

2. I often compare various travel options and modes of transportation before
starting a trip. 0.7

3. To improve transport, it is essential to be able to easily combine different
modes of transport, such as buses, cars, bicycles or car sharing. 0.6

4. I am ready to try new ways and systems to travel. 0.6
5. It is uncomfortable to ride public transport with strangers. 0.6
6. Public transport lacks in cleanliness. 0.5
7. Use of public transport is important to preserve the environment. 0.5
8. I prefer to use public transport and/or share my rides for reducing travel costs. 0.8
9. I would prefer to enjoy the convenience of a car without owning it. 0.6
10. I like privacy offered by a private car or bike. 0.7
11. People like me only use privately owned cars and/or bikes. 0.6
12. If there was a cheaper alternative, I would reduce my private vehicle usage. 0.6

It was observed that none of the statements had a factor loading of less than 0.4 and
could be considered for further analysis. The data suitability for EFA was investigated using
Kaiser–Meyer–Olkin (KMO) model fit measures, along with Bartlett’s test of sphericity [62].
A KMO of 0.936 has been obtained, showing good sample adequacy [63], and the result of
Bartlett’s testing was less than 0.001, indicating a good relationship between the indicators
for the EFA.

3.3.3. Latent Class Cluster Analysis (LCCA)

LCCA has been used to probabilistically classify smartphone app users into traveler
groups, each characterized by somewhat similar patterns of mode use, while also maximiz-
ing their heterogeneity across groups. The model classifies individuals in different clusters
based on unobserved (latent) variables that describe their responses for a set of observed
indicators [64]. Compared to more simple techniques, this analytical approach has several
advantages for identifying multimodal travel behaviors. As travel multimodality cannot
simply be reduced to a one-dimensional measure such as HHI or Shannon’s Entropy, LCCA
aims to quantify multimodality as a whole rather than creating a single (composite) index.
Instead, it classifies individuals into latent classes on the basis of multiple indicators that
reflect each class’s unique mode usage patterns. Second, this method evaluates an individ-
ual’s probability of being classified into various latent classes, in contrast to deterministic
classification approaches. Each of these classes displays a unique profile which includes
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the average frequency of use for the various modes. In particular, this is the mean of a set
of sample-wide probability-weighted indicator variables [65].

The model includes two sub-models which are simultaneously estimated. A multino-
mial logit model is used in one sub-model to estimate the probability that the individual i
(with the covariates xi) belongs to the latent class c. The other sub-model estimates specific
means and standard deviations for J indicators for each class, yij (j = 1, 2, 3, . . . , J), or
arrayed into the vector yi that is the monthly frequencies of transport mode usage, and also
assumes that the indicators will have a normal distribution. The equation below represents
the entire model [66].

P(yi|xi) =
C

∑
c=1

P(c|xi)
J

∏
j=1

P(yij|c) (1)

The results include two sets of estimations for the parameter: the active covariate
coefficients specific to the class; and, the averages and standard deviations of the indicators
specific to the class. The statistical significance of a given covariate in a multinomial
logit model setting determines whether it accounts for the probability of a commuter’s
membership in a particular class. The relationships between the indicators, the active and
inactive variables, and the latent structure of mobility styles are shown in Figure 1.

Figure 1. A representation of the LCCA with covariates and indicators.

The LCCA was performed using the Latent GOLD software package, which performs
this analysis within an interactive graphics environment [67]. Gender was considered
an inactive covariate because of its weak association with the frequency of use of trans-
port systems. Moreover, the value of the factor loading for the first statement, “It does
not matter what type of mode I use if it is suitable for my travel needs”, was approxi-
mately 0.4, and it was also considered an inactive covariate. These covariates were coded
such that they did not directly contribute to the LCCA model but were still used as
analysis parameters.

4. Results

The model was executed in Latent GOLD, with a different number of specified latent
classes, and the best among those models was determined by information criteria. The
software reports useful criteria (Table 4) such as the Akaike Information Criterion (AIC)
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and the Bayesian Information Criterion (BIC) (for formulas, see [68,69]). A better model fit
is associated with low values for these criteria.

Table 4. Evaluation of the information criteria for models with a different number of classes.

Number of Classes 1 2 3 4

AIC 36,005 35,562 35,245 35,553
BIC 38,120 37,677 37,360 37,668

The three-class solution was chosen as the best, after analyzing several alternatives,
based on the lower AIC and BIC information criterion values. Out of all the samples, 41%
were classified in Cluster 1, 34% in Cluster 2 and the remaining 25% in Cluster 3 (Figure 2).

Figure 2. Percentages of samples classified into various clusters by the LCCA model.

4.1. Cluster-Wise Transport Mode Usage

Figure 3 shows the frequency profiles for using various modes of transport considered
in the study for the respondents clustered into the three latent class clusters. The darker
shades represent higher usage of transport modes.

Figure 3. Cluster-wise Transport Mode Usage Patterns.

It was observed that the respondents classified in Cluster 1 showed a very high reliance
on public and intermediate public transport, less dependence on private vehicles and no
usage of app-based cabs/taxis. In contrast, the ones classified in Cluster 2 show a significant
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dependence on all modes of transport. Finally, respondents in Cluster 3 show a higher
reliance on private vehicles. Thus, the three latent classes can be named as follows:

• Cluster 1 PT and IPT Users;
• Cluster 2 Multimodal Travelers;
• Cluster 3 Private Vehicle Users.

All the active and inactive covariates were then classified under these latent classes as
per the LCCA model.

4.2. Cluster Profiles for App Usage

Figure 4 shows the profiles for the frequency of smartphone app usage for trip plan-
ning activities by the respondents clustered into the three latent classes. Although most
respondents reported a very high dependence on app usage for communication and coordi-
nation, respondents who stated “Never” to “Sometimes” for all the trip planning purposes
had a high probability of being classified as PT and IPT users. On the other hand, those
who stated “Often” to “Always” for all purposes had a high probability of being classified
as multimodal travelers. The respondents classified as private vehicle users stated varied
responses between “Rarely” and “Often”.

Figure 4. Cluster probabilities of respondents based on their Usage of Trip Planning Activities.

The following are the cluster-wise app usage patterns for trip planning purposes:

• PT and IPT Users: As stated, respondents showed a high dependence on commu-
nication and coordination, as most stated that they “Always” or “Often” use them.
Most respondents stated that they never used smartphone apps to decide when to
depart, choose a mode of transport, make route selections and perform tasks online.
In comparison, a relatively higher proportion of users stated that they used apps to
decide trip destinations on rare occasions.

• Multimodal Travelers: Respondents showed a very high dependence on communica-
tion and coordination, as all of them stated that they “Always” use them. To decide
trip destinations, choose a mode of transport, make route selections and perform tasks
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online, most respondents stated that they “Often” or “Always” used smartphone apps.
For deciding when to depart, the largest share of respondents stated that they used
apps sometimes.

• Private Vehicle Users: Respondents showed a high dependence on apps for communi-
cation and coordination. To decide when to depart, choose a mode of transport and
perform tasks online, most users showed medium dependence on app usage, and a
large proportion reported “Rarely” to “Sometimes”. For deciding trip destinations, a
majority of respondents stated that they used apps “Sometimes” or “Often”.

Figure 5 shows the profiles for the frequency of smartphone app usage for other travel-
impacting purposes by the respondents clustered into the three latent classes. Although
most respondents reported a very high dependence on app usage for scheduling meetups
using social networking apps, respondents who stated “Never” to “Sometimes” had a
higher probability of getting classified as PT and IPT users for all the trip planning purposes.
On the other hand, those who stated “Often” to “Always” had a high probability of being
classified as multimodal travelers. The respondents classified as private vehicle users had
varied responses between “Rarely” and “Often”.

Figure 5. Cluster probabilities of respondents based on their Usage of other Travel-Impacting Purposes.

The following are the cluster-wise app usage patterns for other travel-impacting purposes:

• PT and IPT User: The respondents in this cluster stated that they never used apps
for reserving taxis/cabs. As stated, the respondents showed a high dependence on
scheduling meetups, as most stated that they “Always” or “Often” used them. Most
respondents said they never used smartphone apps for navigation and online banking.
In comparison, a relatively higher proportion of users stated that they used apps for
online shopping on rare occasions. The respondents showed the least dependence on
the purpose of checking PT schedules.

• Multimodal Traveler: Respondents showed a very high dependence on scheduling
meetups as they all stated that they “Always” used them. For reserving taxis/cabs,
most respondents stated that they sometimes used smartphone apps. Less dependence
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on apps was observed for checking PT schedules, but it was still more than the
other clusters. For navigation, online shopping and online banking, a large share of
respondents stated a high reliance on apps.

• Private Vehicle User: Most respondents showed a limited dependence on apps for
reserving taxis/cabs, which was more than Cluster 1. To decide when to depart, choose
a mode of transport and perform tasks online, most users showed a medium depen-
dence on app usage, and a large proportion reported “Rarely” to “Sometimes”. For
deciding trip destinations, most respondents stated that they used apps “Sometimes”
or “Often”.

From the analysis of app usage patterns for both types of purposes, it was inferred
that users with a lower dependence on apps had a high probability of getting classified
in Cluster 1 as PT and IPT users, ones with a higher dependence on apps had a high
probability of getting classified in Cluster 2 as multimodal travelers, and ones with a
medium dependence on apps had a high probability of getting classified in Cluster 3 as
private vehicle users.

4.3. Class Memberships

In addition to depicting the three latent class clusters of travelers, an attempt was made
to analyze the mentioned covariates as factors which affect the probabilities of individuals
to belong to these clusters.

4.3.1. Socioeconomic Characteristics

Table 5 shows the probabilities of respondents being classified in a cluster depending
upon their socioeconomic characteristics.

Table 5. Cluster probabilities of respondents based on socioeconomic characteristics.

Socioeconomic Characteristics

Latent Classes (Clusters)

Cluster 1:
PT and IPT

Users

Cluster 2:
Multimodal

Travelers

Cluster 3:
Private Vehicle

Users

Gender <Inactive>

Male 41.5% 33.8% 24.7%
Female 41.6% 33.7% 24.7%

Age Group

18 to 24 Years 40% 60% 0%
25 to 34 Years 40% 60% 0.0%
35 to 44 Years 40% 20% 40%
45 to 54 Years 40% 0% 60%
55 to 64 Years 44% 0% 56%
65 Years and above 60% 0% 40%

Educational Qualification

High (undergraduate degree or more) 4.4% 71.7% 23.9%
Medium (high school education) 27.7% 36.5% 35.8%
Low (less than high school education) 81.7% 0% 18.3%

Experience with Smartphone Use

Less than 1 Year 100% 0% 0%
1 to 3 Years 100% 0% 0%
3 to 5 Years 86.9% 13.1% 0%
More than 5 Years 14.2% 47.9% 37.9%
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Table 5. Cont.

Socioeconomic Characteristics

Latent Classes (Clusters)

Cluster 1:
PT and IPT

Users

Cluster 2:
Multimodal

Travelers

Cluster 3:
Private Vehicle

Users

Household Composition

With Children below 18 Years 35.9% 36.3% 27.9%
Without Children below 18 Years 46.6% 31.5% 21.9%

Monthly Household Income

Less than INR 5000 100% 0% 0%
INR 5000 to 20,000 100% 0% 0%
INR 20,000 to 50,000 7.5% 49.1% 43.4%
INR 50,000 to 100,000 0% 49.1% 50.9%
More than INR 100,000 0% 70.8% 29.2%

Four-Wheeler Ownership

None 91.8% 0% 8.2%
One 3.5% 47.6% 48.9%
Two 0% 38.2% 61.8%
Three or More 0% 26.3% 73.7%

Two-Wheeler Ownership

None 89.6% 0% 10.4%
One 25% 36.1% 38.9%
Two or More 2.3% 40.2% 57.6%

The bold values represent the highest value for each row.

The following are the characteristic-wise cluster probabilities:

• Gender: It was observed that for both male and female respondents, the probability of
getting classified as a PT and IPT user (41.5% and 41.6%, respectively) was slightly
higher than multimodal travelers and significantly higher than private vehicle users.

• Age Group: Younger users (18 to 34 years) had a higher probability (60%) of getting
classified as a multimodal traveler and no probability of getting classified as private ve-
hicle users. The respondents of the 35 to 44 years age group had equal probability (40%
each) of getting classified as PT and IPT users or private vehicle users. Respondents of
older age groups, of 45 to 54 years and 55 to 64 years, had a higher probability (60%
and 56%, respectively) of getting classified as private vehicle users, and respondents
of age 65 years and above had a high probability (60%) of getting classified as PT and
IPT users.

• Educational Qualification: Respondents with higher educational qualifications had a
high probability (71.7%) of getting classified as a multimodal travelers, and conversely,
those with lesser educational qualifications had a high probability (81.7%) of getting
classified as PT and IPT users.

• Number of Years of Smartphone Use: Experience with smartphone usage was a major
contributor to app usage, and all users with less than three years of experience were
PT and IPT users. Although users with 3 to 5 years of experience with smartphone
use also had a high probability (86.9%) of getting classified as PT and IPT users, there
was also some probability (13.1%) of getting classified as a multimodal traveler. Users
with more than five years of smartphone use experience had a 47.9% probability of
getting classified as a multimodal users, 37.9% probability of getting classified as
private vehicle users, and still had a 14.2% probability of getting classified as PT and
IPT users.

• Household Composition: Respondents with children below 18 years of age had a
slightly higher probability (36.3%) of being classified as multimodal travelers, and
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those with children below 18 had a higher probability (46.6%) of being classified as PT
and IPT users.

• Monthly Household Income: Respondents with a monthly income of less than INR
20,000 were classified as PT and IPT users. Those earning INR 20,000 to 50,000 were
highly likely (49.1%) to be classified as multimodal travelers. Among the high-income
households, those belonging to ones with an income of INR 50,000 to 100,000 had a
slightly higher probability of being classified as private vehicle users (50.9%) than
multimodal travelers (49.1%). Interestingly though, there was a significantly high
probability (70.8%) for respondents belonging to households earning more than INR
100,000 monthly to be classified as multimodal travelers.

• Vehicle Ownership: Respondents belonging to households with no four-wheeler
or two-wheeler vehicle ownership had a very high probability (91.8% and 89.6%,
respectively) of being classified as PT and IPT users. However, the ownership of even
a single four-wheeler or two-wheeler ensured that they had a high probability (48.9%
and 38.9%, respectively) of being classified as private vehicle users and a significant
probability (47.6% and 36.1%, respectively) of being classified as multimodal users.
Respondents belonging to households with more than two vehicles had a very high
probability of being classified as private vehicle users.

4.3.2. Attitudes and Preferences

The associations of respondents’ attitudes and preferences with class membership
were also studied separately. Figure 6 shows the latent class cluster-wise weighted mean
exploratory factor analysis scores for statements relating to the choice of travel. Statements
excluded from the LCCA were also included in the radar graphs for a more comprehensive
overview of all the studied aspects.

Figure 6. Weighted mean EFA scores for choice of travel.
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Respondents who compared travel options, chose the mode of transport per their
travel needs and were willing to try new travel modes had a very high probability of
being clustered as multimodal travelers who also highly rated multimodality. As per
the responses, these users had a high probability of being pro-environment, felt a little
uncomfortable riding with strangers and were most likely to reduce their car dependence
if a cheaper alternative was provided, preferably something that could provide the conve-
nience of a car without owning one. They gave some consideration to reducing trip costs by
using public transport and shared mobility services. However, if a respondent was highly
cost-sensitive, there was a high probability of being classified as a PT and IPT user who had
the most stated disagreement with all the statements. The users who were more inclined
towards vehicle ownership, less comfortable with public transport and moderately willing
to try new services, had a high probability of getting classified as private vehicle users.

5. Discussion

In this section, the key findings of the study are discussed, and some policy recom-
mendations for each cluster are also provided:

• The PT and IPT Users cluster included respondents who were primarily dependent on
the usage of public transport and intermediate public transport. It comprised either
younger or very old users with lower educational qualifications and belonging to
low-income households. They had less experience using smartphones and showed
less dependence on app usage for transport needs. These users were susceptible to
the cost of travel which made them captive to their choice of transport, and they
were not willing to make different mobility choices unless they were technologically
accessible to them and cheaper than the existing system of their choice. Thus, their
choices were not based on other concerns such as comfort, cleanliness, privacy or
environmental friendliness. They strongly preferred traditional transit over other new
modes. Previous studies have shown that people who utilize public transportation
are less likely to switch from using fixed public transportation to using pooled on-
demand options [70], or to adopt services such as MaaS [71], which is in line with
the observations for the “PT and IPT Users” made in this study. This may be a
result of lower-income people often using public transportation more often [72,73],
for whom the new mobility services may be perceived as potentially expensive. In
fact, of the three identified groups, “Multimodal Travelers” had the greatest average
willingness-to-pay score, while “PT and IPT Users” had the lowest desire to pay.

• The Multimodal Travelers cluster included respondents who chose to travel with var-
ious transport modes depending upon their requirements. It primarily comprised
highly educated younger users belonging to medium- and high-income households.
They had extensive experience with the use of smartphones and showed a very high
dependence on app usage for their transport needs. They often compared the differ-
ent travel options available to them, including the combination of modes for their
trips, and were even willing to try new mobility choices. Even though they were
slightly uncomfortable with the prospect of riding with strangers and the cleanliness
of public transport was a concern to them, they acknowledged that the use of public
transport was essential for preserving the environment and were very open to the
idea of shared mobility where they could get the convenience of a private vehicle
without the need to own them. These socioeconomic traits have also been observed
among early adopters of shared forms of transportation [49,74–76], as well as generally
among multimodal individuals. Additionally, it was observed that individuals in this
cluster more frequently chose their mode of transportation based on trip information
rather than just their preferred or regular means of transportation. As a matter of fact,
some research shows that multimodal individuals have more complex strategies for
choosing transport options, and they possess weaker travel habits [77]. In turn, this
makes it easier to implement innovative mobility solutions such as MaaS.
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• The Private Vehicle Users cluster included respondents dependent on private modes
of transport. It comprised medium- to old-age users primarily belonging to medium-
and high-income households. They had moderate experience with using smartphones
and showed a medium dependence on app usage depending on specific purposes.
The existing literature identifies two main barriers to the potential adoption of new
mobility services such as MaaS: (a) high private vehicle ownership and (b) low tech-
nology adoption [78]. This is somewhat in line with the findings of this paper, with the
caveat that moderate technology adoption was observed among private vehicle users
for smartphone-based online activities such as shopping, banking and scheduling
meetups. They also showed moderate usage of navigation services. Additionally,
a strong sense of ownership, as well as low environmental and financial sensitivity,
have also been found in the literature as important variables that deter individu-
als from moving away from car-centric behavior and into adopting new mobility
solutions [79–83]. In this study, however, although private vehicle users also showed
the mentioned strong sense of ownership, they somewhat also acknowledged the im-
portance of public transport for improving the environment. They were less inclined
to try new mobility options compared to multimodal users due to their high degree
of discomfort in riding with strangers. Previous research suggests that new mobility
options for these users should be promoted as an alternative only in the absence of
private transport rather than as a complete replacement of vehicles [82]. However, as
per the findings of this study, although they were more inclined towards owning a
vehicle, they were moderately more willing to try new services such as MaaS. So, there
is a possibility for some shift.

6. Conclusions

In this research, latent class analysis was to probabilistically classify smartphone users
into three traveler groups (or clusters) in the National Capital Territory of Delhi, each
characterized by similar usage, whilst maximizing the heterogeneity between the groups.
It was observed that respondents categorized in Cluster 1 showed a very high reliance on
public transport and intermediate public transport, very low reliance on private vehicles,
and no use of taxis/app-based taxis. On the other hand, those classified in Cluster 2 showed
a significant dependence on all modes of transport. Finally, Cluster 3 respondents showed
a greater reliance on private vehicles. From the analysis of app usage patterns for trip
planning activities and other travel-impacting purposes, it was concluded that users with
lower app dependency had a high probability of getting classified in Cluster 1, as PT and
IPT users. Users with a higher app dependency had a high probability of getting classified
in Cluster 2 as multimodal travelers, and those with a moderate app dependency were
most likely to be classified in Cluster 3 as private vehicle users.

In addition to depicting the three latent class clusters of travelers, an attempt was made
to analyze the mentioned covariates as factors which affect the probabilities of individuals
to belong to these clusters, especially for the multimodal users with high app usage. It
was observed that male and female respondents were relatively less likely to be classified
as multimodal travelers than PT and IPT users. Younger respondents were more likely
to be classified as multimodal travelers and less likely to be classified as private vehicle
users. In addition, respondents with a higher education were highly likely to be classified
as multimodal travelers. Smartphone usage experience is a major contributor to app usage,
and users with more than five years of smartphone usage experience were very likely to be
classified as multimodal users. Respondents who belonged to households with children
under 18 years of age were slightly more likely to be classified as multimodal travelers. The
respondents who earned INR 20,000 to INR 50,000 had a greater chance of being classified
as multimodal travelers. Among the families with a high income, those who belonged to
households with an income between INR 50,000 and INR 100,000 had a slightly higher
possibility of being classified as a user of private vehicles than as multimodal travelers. It
is interesting, however, that there was a considerably high possibility that the respondents
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belonging to households who earned more than INR 100,000 monthly would be classified
as multimodal travelers. The ownership of four-wheeled or two-wheeled vehicles ensured
that respondents had a high possibility of being classified as a user of private vehicles
and a strong possibility of being classified as a multimodal user too. Multimodal travelers
compared travel options, chose the mode of transport per their travel needs and were
willing to try new travel methods. As per the responses, these users were pro-environment,
felt a little uncomfortable riding with strangers and were most likely to reduce their car
dependence if a cheaper alternative was provided, preferably something that could provide
the convenience of private transport modes such as cars and bikes without owning them.

These results can potentially aid in the introduction of new app-based mobility con-
cepts, such as MaaS, for providing efficient mobility solutions tailored to the requirements
of various user groups. Although environmental awareness is not a necessity for the
adoption of these services, it can be argued that these platforms can bring value to users by
boosting reliability, lowering prices and facilitating multimodal travel. They also have the
potential to create more sustainable transport systems by making public transport more
attractive and helping stimulate modal transfers. They can also facilitate more inclusivity
by addressing the potential needs of neighboring and adjacent areas that do not have
sufficient access to public transport. Based on these insights, the results of the study can
also help policymakers in making effective policies for the adoption of these services.

For PT and IPT users, policymakers should ensure that the traditional forms of public
transport and IPT are not compromised while introducing a smartphone-oriented mobility
ecosystem, and the new systems must be integrated around the existing transit options as
an additional choice for the users. Given incentives, coupled with an increasing familiarity
with smartphones and cost-saving alternatives, these users may even be willing to shift to
the newer travel platforms. For multimodal travelers, cost is also not a big issue, and they
can become early adopters and significant users of the new smartphone-based mobility
platforms while reducing the private vehicle use of other modes. Furthermore, given their
attitudes towards traditional transport, we can expect them to (slightly) reduce their usage
of public transport by shifting to app-based on-demand services. Focusing on practical
benefits that services such as MaaS offer, awareness campaigns can help this group shift
away from private transport while also avoiding substantial departures from the usage of
public transport based on environmental sensitivity. Although cost is not a problem for
private vehicle users as well, inducing a behavioral shift is very difficult with this group,
and MaaS-like services would have to be pitched to them as an alternative to some travel
purposes, coupled with incentives.

At present, however, the scope of the study is limited to the context of a huge mega-
lopolis such as the NCT of Delhi. Due to the nationwide push towards digitalization,
smartphone penetration is increasing in all parts of the country, especially in large- and
medium-sized cities. App-based shared mobility services are already available in most
of these cities. So, as a future scope of work, assessing the factors impacting transport
usage of mobility app users in those metropolises and cities, along with assessing other
megalopolises such as Mumbai, Kolkata, Bengaluru, etc., would provide more compre-
hensive results and help in making better policies for aiding in the adoption of new
mobility services.
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