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Abstract: Despite the growing body of research on ride-hailing travel behaviors in Western countries,
empirical evidence for changes in travel patterns resulting from the use of app-based services in
developing countries remains rare. This study explores factors affecting an Iranian on-demand ride
service called Snapp Taxi by using a comprehensive dataset collected from 22 municipality zones
in metropolitan Tehran (N = 582). Our conceptual framework emphasizes the transportation mode
choice effects of technology adoption, travel mode, ride-sourcing attributes, individual attitudes,
land use measures, residential attributes, and socio-economic characteristics of the respondents.
Results from Structural Equation Models (SEM) show that factors such as cost effectiveness, trip
security, anti-shared mobility, and technology-oriented riders have a significant impact on travel
mode choice and the frequency of ride-hailing trips. This study suggests that individuals who prefer
driving and semi-public transit also have higher numbers of Snapp trips than other demographics.
According to our findings, on-demand ride services could complement or compete with other modes
of transport, especially in areas with limited access to public transit. However, the presence of
ride-hailing services does not necessarily result in fewer car trips if the service operates as a private
(single-party occupancy) vehicle and not as a shared mobility option.

Keywords: on-demand Transportation; ride-hailing; land use; attitudes; travel mode choice

1. Introduction

In recent years, the emergence of new technologies has greatly impacted personal mobility in
various dimensions by modifying and/or overcoming traditional travel barriers and constraints. Mobile
technologies impact the needs of travelers and their preconditions for travel, as well as the spatial
configuration, costs, and benefits of trips [1]. The application of Information and Communications
Technology (ICT) in transportation facilitates the availability of vehicles in real time and in scores of
convenient locations for people by using an online interface, thus reducing one’s need to own a private
vehicle [2]. The extensive use of smartphones by individuals has led innovators to develop app-based
transportation services that efficiently link passengers to drivers within minutes.

One of the most significant applications of ICT in transportation is “ride-hailing” a tech-driven
adaptation of traditional street-hailing. Transportation network companies (TNCs) offer methods of
shared mobility that enable passengers to quickly book a ride directly with a vehicle’s owner using
smartphone applications [3]. TNC’s and Ride-sourcing are distinguished from traditional mobility
options in that they match passengers to the nearest driver using specific algorithms rather than
random selection, which increases the functional and financial efficiency for both passengers and
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drivers [4]. The most widely known ride-hailing companies are Uber, which operates internationally,
Lyft in the U.S., and Didi in China.

Empirical research reveals that after Uber entered the New York taxi market in 2011, the number of
traditional (“Yellow Cab”) taxi rides per hour reduced by 25%, which led to a reduction in fare revenues
for traditional taxis. In addition, the number of taxi passengers per quarter decreased by 16 million
passengers (5.3%) between 2010 and 2016 [5]. In Los Angeles, immediately after the emergence of
ride-hailing options, the total number of taxi trips saw a drop of 2.4 million (30 %) between 2013 and
2016 [6]. San Francisco saw the same reduction in traditional taxi ridership (65%) due to the growing
use of Uber and Lyft in that market from 2012 to 2014 [7]. Developing countries have encountered
similar trends in their taxi industries. According to recent studies in Shenzhen, China, the local taxi
industry is not able to effectively compete with on-demand ride services, and has consequently faced a
significant loss of ridership from 2013 to 2015 [8].

Semi-public transportation such as Taxi services in Iran plays a significant role in urban mobility,
particularly in metropolitan areas. Until recently, there were three main types of taxi services operated
under this classification in Iran: Formal shared-ride taxis, informal shared-ride taxis, and formal
single-party or “closed-door” taxis. Formal taxis, which are authorized by a regulatory authority in
each city, are among the more cost-effective and popular modes of semi-public transportation in Iran.
The vehicles generally have a capacity of four passengers. This kind of regulated taxi, known locally as
a Taxi Khattee, drives on a fixed route between fixed origin and destination points and offers a flexible
schedule so that passengers can board and alight at any point along the route [9]. The second type
of shared-ride taxis, known locally as Shakhsi, are operated by unregulated drivers using personal
automobiles. They do not generally operate on fixed routes. While not officially regulated by the
authorities, this form of shared mobility is very popular in Iranian cities because of its flexibility.
Passengers can hail a Shakhsi at any location, request a ride to the destination of their choice, and
pay a fare that is negotiated between the passenger and the driver. The third type of street-hailing
taxi service, called Darbast in Iran, operates on a single-party or “closed-door” model similar to the
traditional yellow taxis in other countries. These vehicles only serve one paying customer or party at
a time.

Along with advances in both ICT and internet access in Iran, a new transportation option has
emerged: app-based, on-demand ride-hailing services. Among all local transportation network
companies in Iran, Snapp is among the most popular. Snapp was launched in 2014, and has since
revolutionized public transportation in Tehran. Within its first few years of operation, five million
passengers in Tehran and other large Iranian cities created Snapp accounts. It has more than 100,000
drivers, and has provided more than 50 million rides in Iran’s major cities since 2014 [10]. For the
first time in Iran’s transportation system, passengers can request a trip using their smartphone, select
the driver and vehicle, access the drivers’ profile, view the estimated fare, and choose whether to
pay online or in cash. Finally, they can leave feedback after their ride. The Taxi Organization of
Tehran recently reported that the share of Snapp rides within the broader taxi market is approximately
300,000 to 400,000 trips per day. Although Snapp’s ridership does not compete with traditional taxis
as of yet [11], its popularity is rising in part due to the fact that passengers can afford a low-cost
Snapp ride without having to share their taxi with others. The trip cost of Snapp is considerably
less than a comparable Darbast taxi due to the pricing policy of the company, which is designed to
compete at or below the price points of the cheaper, shared-ride taxis. Since the driver is able to
navigate around congested roads with the Snapp app, total travel time is often less than other means
of transportation in Tehran. Its popularity among single riders means that Snapp operates as a kind of
private ride-hailing service, but the company’s vision remains centered on improving the system for
pooled/shared ride-hailing services.

Despite the dramatic development of on-demand ride services and the increasing need to recognize
the complicated nature of TNC services, there are no empirical data on ride-hailing trends in Iran.
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Moreover, little is known about the determinant factors of ride-hailing demand. Accordingly, this
study aims to address the following questions.

1. What forces shape the demand for ride-hailing services among Iranian consumers?
2. Are ride-hailing trips influenced by differences in land use, contextual attitudes, ride-sourcing

attributes, and socio-economic characteristics?
3. Are ride-hailing trips being used as a substitute for other modes of transportation?

This study addresses these questions by identifying the determinants of an app-based, on-demand
ride-hailing service in the context of a developing country—Iran.

In order to provide new perspectives on using app-based travel modes, we model the frequency
of ride-hailing trips using a rich dataset and employing Structural Equation Model (SEM) to account
for both direct and indirect effects. Utilizing Iran as a case study for this research provides a unique
perspective on ride-hailing trends and travel behaviors. International sanctions have prevented the
entrance of Western ride-hailing companies like Uber into Iran, and have led to the introduction of local
internet-based services. This study is therefore crucial to growing our understanding of the demand
for ride-hailing services in a country with no access to Western ride-hailing companies, inadequate
public transit, inconvenient semi-public transit, and costly private taxi services.

2. Literature Review

2.1. Ride-hailing as an Emerging Mode of Transportation

Ride-hailing is a transportation service that allows passengers to request a ride in a real-time via
smartphone applications that link passengers to nearby drivers [4]. Once a driver accepts the request,
the passenger can evaluate the waiting time and decide whether to accept the ride. Both the passenger
and the driver can use Global Position System (GPS) navigation during the trip, and the application
guides the driver to shortcuts and less-congested roadways. Many terms are used to describe this
emerging transportation mode, including ride-sourcing, ride-hailing, TNC’s, e-hailing, and app-based
on-demand service.

Literature on the benefits and effectiveness of ride-hailing services is mixed. Research points to
several measurable advantages of the services, such as low waiting times and reduced commute-related
stress [12], cost-effectiveness over other modes [13] and congestion mitigation [14] particularly for the
shared-ride options. On the other hand, the advanced technology of e-hailing does not guarantee
success. This is often due to key challenges, such as determining an appropriate local strategy for
an e-hailing platform, and also frequent cancellations by passengers [15]. According to a study by
Jin et al. [16], ride-hailing impacts the efficiency, equity, and sustainability of cities. While ride-hailing
offers economic efficiency in many cases [17], there have been issues reported related to discrimination
and security among riders and drivers. Also, the environmental impacts of ride-hailing remain to be
substantively documented or tracked over time.

2.2. The Comparison of Ride-hailing and Traditional Taxis

The literature points to several potential impacts of e-hailing on the traditional taxi industry. Some
studies have compared ride-hailing and yellow taxis side-by-side, and investigated the ways in which
yellow taxis could compete with ride-hailing services. A recent study in Shenzhen, China, found that
taxis could effectively compete with ride-hailing services in peak periods and in dense areas. It found
that traditional taxis with experienced and professional drivers tended to operate more efficiently
during peak hours and in more congested locations than the often-amateur drivers of ride-hailing
services, many of whom rely heavily on GPS rather than personal knowledge. This line of research
posits that the emergence of ride-hailing is unlikely to eliminate the demand for traditional taxis, and
both services are ultimately required (and desired) in large metropolitan areas [8].
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Another line of research compares the influences of determinant factors on ride-hailing versus
traditional taxi services. Studies indicate that weather conditions may affect Uber and Lyft ridership
more than yellow taxi ridership, likely due to their flexible pricing structure. According to a study
conducted in New York City, the number of Uber and Lyft rides per hour increases dramatically when
it rains [5]. Evidence shows that ridership for yellow taxis is less likely to be influenced by rain.

Another study by Rayle et al. [4] surveyed 380 ride-hailing patrons in San Francisco, and compared
them with a control group of taxi riders in the same city. Findings confirmed that frequent ride-hailing
users were mostly younger, better educated, and more car-dependent than the control group of frequent
taxi riders. Moreover, time efficiency and convenience were found to be the main attractions for
ride-hailing services. Their average wait time was reported to be less than 10 minutes, and ride-hailing
trips documented in the study were generally shorter than the control group’s taxi trips. Finally, a
majority of the ride-hailing trips requested by patrons were for social purposes, indicating a robust
pool of choice riders.

Other studies focused on determinants of traditional taxi demand. For instance, Schaller [18],
found that the number of employees using subway, households with no car ownership and the number
of airport taxi trips accounted for the increasing number of taxi cabs in the US. Another study [19],
linked taxi demand with land use attributes, socio-demographics, and employment factors from 1972’s
Traffic Analysis Zones (TAZs) in Washington DC [20]. Results confirm that land use measures such
as residential density, employment density, average block size, and number of transit stations have
a significant and positive impact on ridership demand for taxis. At the same time, land use mix
negatively correlates with the number of taxi pick-ups in each TAZ. The study concludes by positing
that the demand for taxis is higher in zones that host more workplaces than residences, such as central
business districts (CBD’ s). Among the sociodemographic factors, income was found to be positively
related to taxi demand.

2.3. Determinants of On-Demand Ride-Hailing Ridership

Empirical evidence points to several influential determinants of ride-hailing services, including
socio-economic attributes, the built environment, and trip characteristics. A recent study investigated
the spatial heterogeneity in waiting time for both UberX and Uber Black ride-hailing services in
Atlanta [21]. Findings indicate that UberX is the most popular ride-hailing service in Atlanta (outpacing
traditional taxis in that city), and the study found no evidence that Uber’s accessibility (in terms of
waiting time for riders) is linked to socio-spatial polarization in terms of wealth and race. Moreover,
population density, road network density, and the presence of transit stops were all found to be
positively and significantly related to a reduction in Uber waiting times. In another study, Chen and
colleagues modelled the ride-hailing behavior of passengers in Hangzhou using over one million
trips of different service types. They found that a number of features, including the reservation time,
trip length, cost, weather, travel time, and reliability of origins and destinations are all significantly
associated with ride-splitting [22].

Despite the findings of these studies, there is little evidence on the role of consumer attitudes on the
demand for ride-hailing services. A comprehensive study in California explored ride-hailing activity
by Millennials in that state, controlling for attitudinal factors [23,24]. The study’s authors conclude that
young adults with "pro-environmental,” “technology-embracing,” and/or “variety-seeking” attitudes
are more likely to use Uber and Lyft. In a recent study by Lavier and Bhat [25], ride-hailing adoption
and usage were investigated through the lens of unobserved attitudes and lifestyles. The study was
based on two individual-level and trip-level models. The results indicate that individuals with a
“tech-savvy” attitude and a “variety-seeking” lifestyle have a considerable inclination toward taking
ride-hailing trips in both the private (UberX) format and shared (Uber Pool) model. According to
the Technology Continuance Theory, perceived risks and subjective norms may predict the usage
of app-based, on-demand ride-hailing services. Using a sample of 480 citizens in Kuala Lumpur,
Weng et al. [26] examined people’s perceptions and willingness to continue using taxis. The findings
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support the effects of subjective variables, such as perceived usefulness and service satisfaction, on
users’ broader preference for taxis. Using a binary logit model, another study identified age, gender,
and level of education as key sociodemographic characteristics; travel time and commuting length
as key trip attributes; and convenience, affordability, and security as key trip preferences affecting
ride-hailing service adoption [27].

Studies on ride-hailing travel behavior have employed various approaches for data collection.
Some studies have used random neighborhoods as their unit of analysis [21], while others have
employed intercept survey conducted in locations with significant ride-hailing ridership [4], or
locations that generate a significant number of trips, such as parks [26] The majority of these studies
investigated the determinants of ride-hailing demand within a given TAZ [8,20,22] and extracted
point-to-point GPS data [28].

Employing GPS data is a common approach to investigating the travel behavior of ride-hailing
consumers [29], the spatial distribution of pick-ups and drop-offs in trips [30], and the effects of
urban form on travel behavior [31]. However, most of these studies have focused on developed
economies in the West [4,5]. Little attention has been paid to ride-hailing travel behavior in developing
countries [8,22,26,30].

Significant portions of the emerging literature on ride-hailing have focused on comparing specific
elements of traditional taxicabs and the emerging forms of ride-hailing – for example, investigating
prices and consumer demand through a lens of marketing. However, the literature suffers from
a lack of theoretical and practical knowledge related to determinant factors of ride-hailing trips.
In addition, existing studies have mostly emphasized aggregated trip information derived from
GPS data, rather than individual-level data that might help scholars to investigate the influences of
individuals’ attitudes and perceptions on the broader demand for ride-hailing services. This study
seeks to address these gaps in the literature. We provide an empirical examination of ride-hailing
ridership and its socio-demographic, built environment, and attitudinal determinants in Tehran, the
capital city of Iran. Our analysis accounts for both subjective and objective factors shaping the demand
for ride-hailing services. Previous studies have mostly emphasized the objective determinants of
ride-hailing, such as demographic characteristics, land use attributes, accessibility, and the availability
of other transit modes. Little research has been done on the key role of attitudinal and behavioral
factors that influence individuals’ demand for ride-hailing services. The main goal of this study is to
develop a comprehensive dataset that synergizes the full array of factors shaping ride-hailing demand
and usage in a developing-world city such as Tehran. This study aims to expand the conceptual
framework originated in previous literature, as well as update and expand it to cover subjective,
objective, and contextual variables. These factors include the adoption of technology, ride-sourcing
attributes, user attitudes, land use attributes, and socio-economic characteristics. Attitudes are defined
and shaped according to the specific context of Iranian culture.

3. Data and Methodology

3.1. Study Area and Survey

Most of the previous studies took advantage of large GPS datasets derived from service platforms
such as Uber, Lyft, and DiDi in analyzing ride-hailing trips [20,22]. In this study, access to the Snapp
platform was not possible due to the security concerns of Snapp as a private company. Instead, we
designed an intercept survey, conducted in Tehran from April to May of 2018, to collect data on
ride-hailing users and trips.

Tehran is the capital of Iran, as well as its most populous urbanized area. It has an area of
730 square kilometers, and a population of approximately 8.6 million, making it the second-largest
metropolitan area in the Middle East [32]. According to the Comprehensive Plan of Transportation and
Traffic of Tehran (2008), approximately three million daily trips (or roughly 24% of all daily trips) in
Tehran are made using the three types of semi-public taxis described earlier in this paper. Of the 24%,
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around 16% are made by formal Khattee taxis on fixed routes, 4.5% are made by Shakhsi taxis, and the
remaining 3.5% are made by the Darbast taxis.

Tehran is divided into 22 municipality zones and 603 TAZ’s [33]. Due to the lack of reliable GPS
data on trips’ origin and destination points in the TAZ’s, we elected to collect survey data based on the
22 municipality zones. We used random sampling to select adult ride-hailing passengers based on a
representative sample of daily Snapp customers. Out of more than 700,000 Snapp rides provided each
day in Iran, about 60% (or 420,000 total rides) are booked by residents of Tehran. We calculated the
sample size for daily riders based on Cochran’s formula, with an a priori alpha level of 0.05 (error of
5%) or a minimum of 542 respondents.

We administered the survey over the Internet, collecting a comprehensive set of data on passengers
and ride-hailing trips. The first question of the survey was a binary (yes/no) question asking whether
the participant lived in Tehran. This ensured our survey only collected data from Tehran residents.
Overall, we gathered a total of 582 completed questionnaires—a response rate of 65%. The body
of the survey consisted of questions covering socio-economic characteristics, travel behavior, one’s
adoption of technology, ride-sourcing attributes, attitudes, residential attributes, and one’s frequency
of ride-hailing (Snapp) trips.

Table 1 showcases the socio-economic characteristics of the sample. In general, respondents were
mostly young adults (over 44% were 25-29 years old), and more than 80% of them reported having a
university education or higher, which is consistent with Tehran’s socio-economic patterns. However,
this does not mean that our sample is skewed toward well-educated young respondents. Iran has one
of the world’s largest populations of university students [34] with about 4.5 million Iranians attending
a university in 2015. Because of the proliferation of higher education among Iranian citizens, we
expected to have a high number of advanced degrees among survey respondents. Moreover, according
to a statistical census of Iran in 2016, the population between 25 to 29 years old has the highest level of
distribution compared to other age cohorts [35]. The population distribution for the cohorts of 25–29
and 30–34 years old were respectively 12.63% and 14.57% in 2016 [36]. Although the proportion of
young adults in our sample is larger than the general population in Tehran, still it is compatible with
the findings from previous studies. The users of on-demand ride services tend to be younger, better
educated, and with higher income, and they are less diverse than the general population [37]. Since we
administrated an online survey to understand the ride-hailing behavior of people, having fewer senior
adults in our sample can be explained by the difficulty in the adoption of technology in this age cohort.
Moreover, respondents’ monthly income was roughly the same as the median household income in
Tehran, which is 3000–4500 Toman (approximately $600–$900 US Dollars) per month [32]. Most of the
respondents were full-time employees and had at least one vehicle in their household.

3.2. Key Variables

The dependent variable in this analysis is the frequency of ride-hailing (Snapp) trips per month
obtained from the survey. The question was written as follows: “How often do you usually use
Snapp in order to travel to various destinations in a typical month?” Respondents could choose from
seven frequency options ranging from “rarely” to “more than three times per week.” About 32.5%
of respondents reported using Snapp once or twice per month, and another 50% took one or more
Snapp trips per week, making them frequent ride-hailing users. Approximately 1.5% reported that
they rarely used Snapp.

Our first set of independent variables derived from the survey involve socio-demographic
attributes. As shown in Table 1, we included seven socioeconomic variables to control for gender as
a binary variable (female = 1), age and monthly income as ordinal variables, level of education in
different nominal categories, size of the household and the household’s car ownership.

To identify the variation in frequency of ride-hailing trips, we classify the key explanatory
variables used in our final model into seven main categories including “socio-economic characteristics”,
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“adoption of technology”, “most frequent travel mode”, “ridesourcing attributes”, “attitudes”, “land
use attributes at origins” and “residential attributes”.

Table 1. Socio-Economic Characteristics of the Sample (N = 582).

Description of Variable Frequency Percent

Socio-demographic Characteristics
Gender Male 273 46.9

Female 309 53.1
Age 18–24 108 18.5

25–29 258 44.3
30–34 111 19.1
35–39 69 11.9
40–44 15 2.6
45–49 6 1
50–54 12 2.1
55–59 3 0.5
60+ 0 0

Monthly income (in US Dollars) Less than $ 300 39 6.7
$300–$600 201 34.5
$600–$900 156 26.8
$900–$1200 57 9.8
$1200–$1500 66 11.3
$1500–$1800 36 6.2
$1800–$2100 12 2.1
More than $2100 15 2.6

Level of Education Under diploma 18 3.1
Diploma (12 years) 66 11.3
Advanced diploma 30 5.2
Bachelor degree (4 yeas) 231 39.7
Master’s degree 216 37.1
PhD degree 21 3.6

Employment Status Full-time employee 309 53.1
Part-time employee 114 19.6
Student 120 20.6
Retired 3 0.5
Homemaker 36 6.2

Mean SD
Household Size Continuous variable 3.3 1.22
Households’ Car Ownership Continuous variable 1.41 0.76

The survey asked respondents about their willingness to adopt and use information and
communication technologies. The general inclination toward technology adoption is recognized
as one of the most significant determinants of individuals’ decision-making [38]. Respondents were
asked about their familiarity with app-based taxis and Google Maps software (two binary variables;
“no” = 0, “yes” = 1). As a filter question, we also asked respondents if they have ever used the Snapp
app to make a trip. Approximately, 98% of the respondents are familiar with Snapp and Google Maps,
while only 0.5% of the respondents have never used Snapp for travel. We eliminated the data of
non-Snapp users from the final model.

Our model also controls for respondents’ most frequent travel mode choice, including private
vehicles, public transit, semi-public transit, and active travel (walking/cycling). Driving was the most
common travel mode for people in our sample (57%), followed by semi-public transit (27%) and public
transit (16%). Only 0.5% of the respondents chose active travel modes (walking/cycling) as their most
frequent mode.

Another set of independent variables in this analysis accounts for ride-sourcing attributes,
including the most frequent trip purpose and the most frequent origins and destinations for ride-hailing
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trips. The trip purpose variable divided trips into the following categories: Work, educational,
recreational, shopping, and service trips. Work trips were the most common Snapp trip purpose (52%),
followed by recreational (23%) and service-related (16%) trips. The shares of educational and shopping
trips were relatively lower. We also asked respondents about the most frequent origin and destination
points of their ride-hailing trips, using the 22 municipality zones of Tehran as the unit of analysis.
Residents of Tehran are widely familiar with these zones, as city officials and area businesses note their
locations and boundaries for a variety of purposes.

The literature suggests that the diversity of urban form, in terms of compactness/sprawl measures
considerably affects the transportation outcomes [39–41]. Thus, we considered the effects of urban
form in trip origins/destinations on ride-hailing frequencies. Figure 1 show the spatial distribution of
the most common origin and destination points for ride-hailing trips among our sample. The four
most popular zones for trip origins are in zones 5, 2, 6 and 1, while the four most popular destinations
are in zones 12, 2, 5 and 3. Zone 5 has a high residential density, while zone 2 has a high employment
density, being occupied mostly by shopping malls, retail outlets, and offices. Zone 6 is the educational
hub of Tehran, and is dominated by the University of Tehran and its associated facilities. Zone 1, in
the far north part of the city, is one of the most affluent districts in Tehran and hosts several popular
recreational centers. Zone 12 is the historic core of Tehran, in which the iconic Grand Bazaar is located.
Finally, zone 3 features a mix of uses, including parks, malls, and famous commercial centers.
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Figure 1. Spatial Distribution of the Most Frequent Origins and Destinations of the Sample in
Metropolitan Tehran. Note: The figures represent the densities of the most frequent origin (pick-up)
and destination (drop-off) points (#/sq. mi.). Darker shades indicate a higher concentration of
pick-up/drop-off points in the regions.
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One of the contributions of this study to the ride-hailing literature is the way in which we control
for attitudinal factors. We asked respondents a set of 12 statements about their attitudes toward
travel, technology, and the environment, with an emphasis on ride-hailing trips. Responses were
given on a five-point Likert-type scale (where 1= “strongly disagree” and 5 = “strongly agree”). We
employed factor analysis to reduce the statements and identify the latent factors (maximum likelihood,
66% variance explained, KMO = 0.674). Through this process, we identified five main attitudes:
(1) “Technology-oriented”, (2) “Cost Effective”, (3) “Trip Security”, (4) “Anti-Shared Mobility”,and
(5) “Pro-Environment”. Table 2 explains these five in greater detail.

Table 2. Results from Factor Cluster Analysis of Individuals’ Attitudes.

Component “To What Extent do You Agree or Disagree with the Following
Statements?” Loadings

Technology-oriented
The Internet and smartphones make life easier and more interesting 0.806
Social networks make me more aware of the world around me 0.797
The Internet helps me to be informed about new goods and new trends 0.797

Cost Effective

Trip costs of on-demand ride-hailing services are cheaper than driving a
private car or riding in traditional taxis 0.669

In-vehicle time of on-demand ride-hailing services is less than
traditional taxis due to their use of less congested routes given to
drivers by the app

0.685

The wait time for on-demand ride-hailing services is less than for
similar transport modes 0.748

Trip Security

By using Snapp, I can travel without worry at any time of day 0.813
Access to my driver’s identification before pick-up helps me to feel
safer about my trip 0.683

I usually feel nervous when using ride-hailing services because I fear
the driver may have a history of criminal activity −0.612

Anti-Shared Mobility I do not feel comfortable when I travel with others by public transit 0.831

Pro-Environment

An increase in the price of fuel is needed in order to limit car use by
people in Iran 0.789

I am ready to limit my car use in order to decrease traffic congestion
and air pollution 0.676

The “Technology-oriented” attitude refers to one’s preference for using information and
communication technologies to improve one’s quality of life, while the “Cost Effective” attitude
refers to one’s preference for using on-demand ride-hailing services such as Snapp due to their lower
travel costs in terms of both time and fares. “Trip Security” as an attitude refers to concerns one might
have about safety during ride-hailing trips, as exemplified by riders who place value on having access
to drivers’ identification before booking a Snapp trip. The “Anti-Shared Mobility” attitude refers to a
negative preference one might have regarding the use of public transit due to a lack of physical or
personal comfort. Finally, the “Pro-Environment” attitude demonstrates one’s travel preferences being
linked to environmental concerns [42,43].

Another set of variables included in our modelling control for land use attributes in different
zones. Due to the lack of access to address-level data at the trips’ origins and destinations in TAZs,
we computed four land use measures for the most frequent origin of ride-hailing trips using the 22
municipality zones as the unit of analysis. We calculated two density measures related to each zone’s
residential and employment density. Moreover, using ArcGIS, we also derived the number of bus
stops and number of metro stations in each zone to identify the overall access to transit. The data were
obtained from the Detailed Plan of Tehran [44].

Finally, our model accounts for residential attributes as a proxy for the built environment for
home-based trips. We asked respondents to identify the distance from their home to the nearest bus
stop and metro station, in order to explore their accessibility to public transportation (“distance to
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transit”). In addition, the survey asked respondents about the distance from their home to the closest
intersection. In Iran, intersections are frequently used as taxi stops, so the distance from one’s home to
the nearest intersection could be used as a proxy for one’s access to semi-public transit. Table 3 shows
the descriptive statistics of these key variables.

Table 3. Descriptive Statistics of Key Variables.

Variables Description
of Variables Frequency Percent Mean SD Skew Kurtosis

Adoption of Technology

Familiar with on-demand ride services
0 = No 12 2.1
1 = Yes 570 97.9

Familiar with Google Maps 0 = No 12 2.1
1 = Yes 570 97.9

Used Snapp at least once 0 = No 3 0.5
1 = Yes 579 99.5

Most frequent travel mode

Private vehicle 330 56.7
Public transit 93 16

Semi-public transit 156 26.8
Active travel

(walking/biking) 3 0.5

Ride-sourcing Attributes

Most frequent trip purpose in
ride-hailing trips

Working trips 303 52.1
Educational trips 33 5.7
Recreational trips 132 22.7

Shopping trips 21 3.6
Service trips 93 16

Most frequent trip origin (based on the
4 most declared zones form 22 zones)

Zone 5 129 22
Zone 2 87 15
Zone 6 57 10
Zone 1 51 9

Most frequent trip destination (based
on the 4 most declared zones from 22
zones)

Zone 12 84 15
Zone 2 81 14
Zone 5 69 12
Zone 3 60 10

Attitudes
Technology-oriented Normalized factor −0.67 −0.24
Cost Effective Normalized factor −0.57 1.08
Trip Security Normalized factor −0.49 −0.01
Anti-Shared Mobility Normalized factor 0.29 −0.057
Pro-Environment Normalized factor 0.02 −1.22

Land Use Attributes (at origins)
Number of bus stops Continuous 51.44 11.24 −0.46 −0.86
Number of metro stations Continuous 5.04 2.02 −0.82 0.54
Residential density Continuous 243.64 46.70 −0.68 −0.74
Employment density Continuous 92.33 1.52 −0.05 −0.90

Residential Attributes (at
respondents’ home location)
Distance from home to bus stop From 1 = 5–10 min

to 6 = More than 30
minutes

1.30 0.98
Distance from home to metro stop 3.2 2.09
Distance from home to closest
intersection 1.57 0.89

Dependent Variable
Frequency of ride-hailing (Snapp) trips
Rarely 9 1.5
Less than once per month 135 23.2
Once per month 159 27.3
Once every two weeks 30 5.2
Once per week 108 18.6
2–3 times per week 72 12.4
More than 3 times per week 69 11.9

Note: Due to the lack of space, we only mentioned to the descriptive statistics from four most frequent trip origins
and destinations and disregarded pointing out to the other zones in Table 3. However, we considered trips from all
22 zones in our final analysis.
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3.3. Analytical Methods

In order to explore the determinants of ride-hailing trips, we developed a conceptual framework
that accounts for short-term, medium-term, and long-term travel determinants (see Figure 2).
According to Circella and Mokhtarian [2], the impacts of technology on travel behavior depend
on longer-term decisions (such as changing residence), medium-term decisions (such as car ownership
and subsequent travel mode choices), and short-term decisions affected by immediate daily activities.
Our conceptual framework classifies factors such as technology adoption, attitudes, and residential
attributes as long-term determinants (dark grey in Figure 2), and one’s most frequent travel mode
as a medium-term determinant (light grey in Figure 2) of ride hailing trip frequencies. In addition,
ride-sourcing and land use attributes at the most common trip origin points are key factors in
our framework that are influenced by short-term decisions (colored white in Figure 2). Due to
the economic sanctions and the high rate of inflation in Iran, we assumed that in our conceptual
framework that socioeconomic characteristics would be a factor that influences travel behavior from
the top of the hierarchy of decision-making [42]. In essence, this conceptualization means that
socioeconomic characteristics ultimately influence all independent variables related to the frequency of
ride-hailing trips due to one’s socioeconomic standing playing a vital role in decision-making. Finally,
in our conceptual framework visualized in Figure 2, solid arrows represent the expected direction
of relationships among key variables according to the literature, and dotted arrows represent the
additional feedback mechanism that we seek to explore in the model.
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Utilizing path analysis in Structural Equation Modeling (SEM), this study accounts for direct and
indirect interrelations of key variables and total effects on ride-hailing trip frequencies. Utilizing from
SEM is prevalent in transportation studies [45–47].

SEM has several advantages, such as the possibility of simultaneous modeling of direct,
indirect, and total effects of exogenous variables on endogenous variables, while also evaluating
the interrelationships of the independent variables that cannot be identified in regression models.
SEM is traditionally based on constructing the measurement models for exogenous or endogenous
variables through related observed and latent indicators; additionally, it evaluates the structures
between measurement models. In this study, the measurement models for attitudes are based on the
aforementioned factor analysis. We explain them as observed indicators. Other observed variables
include land use measures, adoption of technology, ride-sourcing behavior, usual travel mode, and
socioeconomic characteristics. We conducted the path analysis in order to identify the effects of
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technology adoption, attitudes, residential attributes and income (long-term variables) on the most
frequent travel mode (medium-term variable) while also investigating the influences of all key variables
on the frequency of ride-hailing trips (endogenous variable). Since income is the primary driver of
travel mode choice [48,49], we considered the effects from individuals’ income on the most frequent
travel mode as well. Figure 2 illustrates the conceptual framework of the model used for exploring the
association between exogenous and endogenous variables. In order to increase the validity and fitness
of the model, we removed the variables with the fewest observations (e.g., active travel from the most
frequent travel mode).

SEM utilizes one of the most established estimation methods, Maximum Likelihood (ML), which
requires a normal distribution of the endogenous variables [50]. To reduce the analytical limitations,
we used the variance-adjusted Weighted Least Squares parameter estimator (WLSMV) as the second
estimation method. Moreover, we tested the models’ goodness-of-fit using χ2 values divided by the
model’s degrees of freedom (df), normed fit index (NFI), comparative fit index (CFI), and root-mean
square error of approximation (RMSEA). The models’ goodness-of-fit indicators generally compare
well to the widely accepted standard values (shown in Table 4). The literature recommends the mean of
the χ2/df to be less than two, the NFI mean value and the CFI mean value to exceed 0.95, and the mean
of the RMSEA value to be less than 0.1. The sections below explain the results of our path analysis,
identifying the key variables with respect to ride-hailing behavior.

Table 4. Standardized Total Effects on Individuals’ Travel Mode.

Variables Most Frequent Travel Mode

Adoption of technology Private vehicle Public transit Semi-public transit
Familiar with on-demand ride services 0.174 *** −0.054 −0.151 ***
Familiar with Google Maps −0.074 ** −0.080 ** 0.141 ***
Used Snapp at least once −0.106 *** 0.039 0.088 ***

Attitudes
Technology-oriented −0.086 *** 0.72 ** 0.047
Cost Effective −0.117 *** 0.088 ** 0.070 **
Trip Security 0.061 −0.083 * −0.003
Anti-Shared Mobility 0.189 *** −0.222 *** −0.008
Pro-Environment −0.074 * 0.060 0.062

Residential attributes (at respondents’
home location)
Distance from home to the bus stop 0.040 0.117 *** −0.134 ***
Distance from home to the metro stop −0.037 −0.155 *** 0.153 ***
Distance from home to the closest intersection 0.120 *** −0.038 −0.092 **

Socioeconomic characteristics
Monthly income ($) 0.145 *** −0.181 *** −0.015

Note: * significant at α = 0.1; ** significant at α = 0.05; *** significant at α = 0.01.

4. Results

4.1. Total Effects on Individulas’ Travel Mode

Table 5 shows the interrelations between the key variables for the best fitted model. The first
set of interactions explain the relationship between the adoption of technology, attitudes, residential
attributes, and the most frequent travel mode of individuals.

According to Table 5, adoption of technology is significantly associated with travel mode choice.
Individuals who are familiar with app-based, on-demand ride-hailing services are more likely to rely
on private vehicles and less likely to take semi-public transit. On the other hand, being familiar with
Google Maps is associated with a reduced tendency toward driving a private car and taking public
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transit and a greater tendency towards using semi-public transit options. Respondents who had used
Snapp before were generally less car-dependent and more likely to be semi-public transit users.

Table 5. Standardized Total Effects and Direct Effects on Frequency of Ride-hailing Trips.

Variables Standardized
Total Effects

Standardized
Direct Effects

Standardized
Indirect Effects

Adoption of technology
Familiar with on-demand ride services −0.003 0.027 −0.030
Familiar with Google Maps 0.097 * 0.055 0.041
Used Snapp at least once −0.042 −0.058 0.016

Most frequent travel mode
Private vehicle 0.208 *** 0.208
Public transit 0.037 0.037
Semi-public transit 0.422 *** 0.422

Ridesourcing attribute
Working trips 0.091 *** 0.091
Educational trips 0.046 0.046
Recreational trips 0.009 0.009
Shopping trips 0.033 0.033

Attitudes
Technology-oriented 0.063 * 0.058 0.005
Cost Effective 0.076 ** 0.067 0.008
Trip Security 0.091*** 0.083 0.008
Anti-Shared Mobility −0.066 *** −0.094 0.028
Environment-oriented 0.037 0.024 0.013

Land use attributes (at the origins)
Number of bus stops −0.056 * −0.056
Number of metro stations 0.050 * 0.050
Residential density 0.059 * 0.059
Employment density 0.190 *** −0.191

Residential attributes (at respondents’ home location)
Distance from home to the bus stop −0.229 *** −0.185 −0.044
Distance from home to the metro stop 0.118 ** 0.067 0.051
Distance from home to closest intersection 0.061 ** 0.076 −0.015

Socio-demographic characteristics
Gender (female) 0.241 *** 0.241
Age 0.040 0.040
Monthly income ($) 0.140 *** 0.123 0.017
Level of education 0.159 *** 0.159
Household size −0.135 *** −0.135
Number of private cars in the family −0.012 −0.012
Model fit
χ2/df (<2) 1.92
NFI (>0.95) 0.96
CFI (>0.95) 0.96
RMSEA (<0.1) 0.10

Note: * significant at α = 0.1; ** significant at α = 0.05; *** significant at α = 0.01.

Moreover, individuals’ attitudes and preferences significantly influence their travel modes. People
with technology-oriented attitudes, who generally held positive inclinations toward the impacts of ICT
and the Internet on daily life, had less of a tendency to drive a private vehicle and more of a tendency to
use public transit. Similarly, respondents with a preference for “cost effective” transportation options
were less likely to drive a private vehicle and more likely to use public transit and semi-public transit
as their main mode for daily trips. In other words, individuals who believed that using app-based
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taxi services are more economical and time-efficient are ultimately more interested in public and
semi-public transit options. On the other hand, the preference for “trip security” is positively but
indirectly associated with taking public transit or semi-public transit options as the main mode of daily
transportation. People concerned with the safety and security of ride-hailing services are less likely
to use app-based transportation options. As expected, negative attitude towards “shared mobility”
results in more driving and less use of public transit. Finally, “pro-environment” attitudes significantly
reduce the likelihood of driving a private vehicle.

As one would expect, proximity of one’s residence to metro stations increases the likelihood of
taking public transport and decreases the likelihood of using semi-public transit. Distance from one’s
home to the closest intersection positively affects the choice of driving private vehicles, and negatively
impacts semi-public transit usage as the main travel Finally, results from the effects of income on travel
mode choices reveals that as we were expected higher income respondents are more likely to use
private car and they are less interested to ride public transit. This finding reveals that higher income
respondents have higher purchasing power, and are more probable to own a private vehicle.

4.2. Direct, Indirect and Total Effects on Ride-hailing Trip Frequencies

The main goal of this study was to identify the determinant factors of ride-hailing trip frequencies
in the Tehran Metropolitan Area. Table 4 presents the standardized total effects, direct, and indirect
effects of key variables on the frequency of ride-hailing trips for the best fitted model.

Our analysis confirms that familiarity with Google Maps as an indicator of technology adoption
significantly increases the likelihood of ride-hailing trip frequencies. As shown in Table 4, the other two
indicators of technology adoption are not significantly associated with the ride-hailing trip frequencies.

The individual’s most frequent travel mode, on the other hand, is significantly related to the
number of ride-hailing trips. Individuals who prefer driving as their main travel mode are more
frequent Snapp users. As one would expect, individuals who choose semi-public transit as their main
travel mode are also frequent Snapp users.

One’s trip purpose is also significantly associated with the number of ride-hailing trips taken.
The frequency of using Snapp is significantly higher for work-related trips than for other purposes,
indicating that individuals who mostly use on-demand services for commuting are more likely to use
Snapp to commute to work.

Turning to the independent variable of attitudes, we found that individuals with attitudes focused
on “Trip Security” were more frequent Snapp riders. This group believe that app-based on-demand
options such as Snapp enhance trip security by facilitating real-time access to drivers’ identification.
The “Cost-Effective” attitude, which represents the notion that ride-hailing services are more time
efficient and cost-effective compared with other modes of mobility, is associated with a higher number
of ride-hailing trips. As expected, individuals with negative perceptions toward shared mobility take
fewer ride-hailing trips. Finally, individuals with technology-oriented attitudes take more ride-hailing
trips than their tech-averse peers.

We found residential attributes to be significantly associated with the frequency of ride-hailing
trips. Respondents who live in residential neighborhoods in proximity to bus stops generally take more
trips via Snapp. They likely substitute other public transport modes, such as the metro or bus, as their
most frequent mode of transport. As the distance from one’s home to the closest metro station increases,
people report taking more ride-hailing trips in a given month. People who live a greater distance from
major intersections take significantly more trips via Snapp. We also evaluated the relationship between
land use measures at the most common trip origins and the number of ride-hailing trips originating
there. The results show that employment density at the trip origin positively contributes to the number
of ride-hailing trips. Similarly, results indicate a positive association between residential density and
frequency of ride-hailing trips, while the number of metro stations and bus stops in the area have only
a slight effect on the frequency of ride-hailing trips. It is worth noting that while the number of metro
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stations positively increase the demand for ride-hailing trips, regions with more access to bus stations
seem to have less Snap trips.

Finally, our analysis confirms the role of socioeconomic characteristics as significant determinants
of Snapp usage. According to our results, women were significantly more likely to be frequent
Snapp riders. We theoretically postulate that this is due in part to the perception that ride-hailing
services are generally safer for women passengers than traditional taxis. Similarly, respondents with
higher incomes and more advanced formal education reported taking a greater number of ride-hailing
trips per month. Finally, household size is significantly and negatively associated with ride-hailing
trip frequencies.

5. Discussion and Conclusions

Determinant factors of on-demand transportation services have rarely been studied. This study
addresses this gap, and investigates ride-hailing mode choice and frequency by developing a
comprehensive conceptual framework that accounts for socio-demographics, travel behavior, land use
attributes, and attitudinal factors. Using a path analysis of SEM, our model takes into account both
direct and indirect effects of determinant factors on ride-hailing (Snapp) trip frequencies and mode
choice in Iran.

The findings support the effects of attitudes on the demand for app-based taxis in Iran. Trip
security, cost-effectiveness, Anti-shared mobility, and technology-oriented attitudes have a direct effect
on the frequency of ride-hailing trips [25]. Individuals with strong and positive preferences towards
technology are more likely to use an app-based taxi [23]. Our findings align with the literature that
suggests trip security is an essential element of public and semi-public transit mode choices [26]. This is
particularly true for taxi services in Iran, where passengers often contend with a lack of security and
personal safety in shared taxis and informal taxis. Having real-time access to drivers’ identification in
on-demand ride services could improve the riders’ satisfaction and willingness to ride, encouraging
them to use on-demand ride services more frequently.

Our findings reveal that people who value time efficiency and affordability in their travel mode
choices are more frequent Snapp riders, due to that mode’s likelihood of offering shorter travel times
(in-vehicle time and waiting time) compared with traditional public transit options such as buses,
subways, and yellow taxis. These findings are aligned with previous research on the time-saving role
of ride-hailing services [4]. While the fares for options such as Snapp are generally higher than the fares
for traditional public transit modes (but still lower than the fares for informal taxis) [9], the findings
suggest that people prefer ride-hailing options because they offer more flexibility, more affordability
(relative to traditional taxis), and are significantly more time-efficient. In other words, our findings
suggest the necessity of healthy competition in the taxi market in order to balance travel costs in
traditional taxis, which are now competing with Snapp and app-based taxi services. Hence, pricing
policy plays an important role on maintaining equilibrium in the taxi market, and could substantially
influence the travel costs, mode choice, and ridership among the various modes.

Our findings also confirm the significant role of land use features at the zone level on the demand
for ride-sourcing. We found a robust and significant relationship between both employment and
population densities and e-hailing trip frequencies. While previous research shows the positive
impact of retail density on demand for traditional taxi trips [20], it offers mixed results for app-based
ride-hailing services. According to previous studies, unlike taxi trips that usually begin in downtown
areas, ride-hailing trips often originate in outlying suburban neighborhoods [4]. Previous studies
recommend on-demand ride services as a more feasible and cost-efficient substitute to traditional
fixed-route transit options in low density neighborhoods [16]. However, previous studies have not
particularly differentiated the impacts of employment density and residential density on ride-sourcing
trips. Moreover, the Tehran metropolitan area is home to approximately 8.6 million people, and is
uniquely positioned as the most compact urbanized area in Iran, with substantially high residential
and employment density. As a result, the dynamics of app-based, on-demand ridership are different
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from a typical urban context. It could be concluded that residents of Tehran are more likely to
demand ride-sourcing from areas with higher densities than would otherwise be expected based on
the existing literature.

While on-demand ride services are growing extensively in Iran without careful monitoring
from urban transport managers or policymakers, e-hailing is already competing with fixed-route
public transit modes in high-density areas. This is especially true in areas with inadequate public
transportation, in terms of both quality and level of service. The model also indicates that ride-hailing
trips are more frequent in zones with more metro stations, but lower in places with more bus stops.
These results are in line with research focusing on the taxi industry stating that ride-hailing could play
a complementary role for rail transit, but a competing role for bus services [20]. In other words, it can
be concluded that on-demand ride-hailing services either stimulates or eliminates additional travel
demand by traditional public transit, depending on the specific mode of transit service [38].

This study suggests that individuals who prefer driving and semi-public transit as their main
travel mode also take more ride-hailing trips. At the same time, the interrelation effects in Table 5
indicate that car users are mostly people who have a negative perception of shared-mobility modes,
while semi-public transit users are among those respondents who believe in the cost efficiency of
ride-hailing services. We also found that even though, according to the literature, social-related trips
(e.g., travel to bars, restaurants and concerts) are more likely to be made by e-hailing services [4],
Tehrani travelers mostly use ride-hailing services for commuting to work.

This study is one of the first comprehensive investigations on determinants of ride-hailing
travel behavior in a developing country such as Iran. It is also one of the first that controls for both
subjective determinants (such as attitudinal factors) and objective determinants (such as land use
attributes, socio-demographics and travel attributes), while also accounting for both direct and indirect
associations. The major limitation of this study has to do with our land use attributes. Our land use
variables at trip origins are aggregated at the zone level due to the lack of data availability at the
disaggregated (address) level. More research is needed to explore the role of micro-scale urban form
on ride-hailing travel. Because our sample mostly includes highly-educated and young respondents,
more studies are needed to improve the generalizability of these findings by utilizing a sample with a
variety of socio-economic attributes. Adoption of app-based transportation modes may be a burden to
senior adults due to the lack of access and familiarity with smartphone applications. Further research
is needed to examine travel burdens of ride-hailing adoptions by seniors and provide alternative
recommendations to overcomes these barriers.

All around the world, the transportation sector is undergoing its largest technological revolution
in a century, with new forms of on-demand transportation capitalizing on innovations like GPS chips
to develop app-based, on-demand transportation that quickly and reliably connects riders and drivers.
Accordingly, a growing number of cities are considering whether they could shed the high costs of
running fixed-route transit services by converting mobility networks to app-based, on-demand systems.
The magnitude of this transition in Iran could be even higher, considering the financial hardship the
country is facing due to the current economic sanctions. This study suggests that individuals’ attitudes
and preferences have a significant direct impact on travel mode choice as the mediating influence
on demand for ride-hailing and, thus, affect ride-hailing trip frequencies both directly and indirectly.
In the Tehran metropolitan area, more than 35% of 25.2 million daily trips are taken by automobile.
Educating residents and improving the existing on-demand ride services can reduce the need for
auto ownership, and ultimately lead to transformative environmental and socioeconomic change in
Iranian cities.
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